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ABSTRACT

Accurate segmentation of ventricular structures and the myocardium from Cardiac
Magnetic Resonance (CMR) images is essential for the diagnosis and management
of cardiovascular diseases. This study presents a comprehensive approach to cardiac
MRI segmentation by developing and evaluating six U-Net variants: Original U-Net,
Residual U-Net, Attention U-Net, Feature Pyramid U-Net, Feedback Residual U-Net,
and Transformer-Based U-Net, each incorporating architectural enhancements tailored
to address specific challenges in segmenting complex cardiac anatomy. These archi-
tectures incorporate advanced enhancements such as deeper encoder levels, attention
mechanisms, residual connections, multi-scale feature fusion, transformer modules,
and feedback mechanisms. To improve segmentation robustness, a novel hybrid loss
function, combining Dice Loss and Cross-Entropy Loss, was proposed to effectively
manage class imbalance and improve segmentation precision. Among the evaluated
models, the Feature Pyramid U-Net achieved the highest performance, with Dice coef-
ficients of 0.9388 (Left Ventricle), 0.8759 (Right Ventricle), and 0.8426 (Myocardium),
demonstrating its superior ability to capture multi-scale contextual information. To
bridge the gap between research and clinical application, an interactive web applica-
tion was developed and deployed, enabling real-time inference, visual inspection of
annotated segmentations, and region-specific descriptions through a user-friendly in-
terface. This work not only advances the design of deep learning architectures for
medical image segmentation, but also demonstrates a practical pathway for integrating
these models into clinical workflows.

Keywords: Cardiac MRI, Segmentation, U-Net
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CHAPTER 1
INTRODUCTION

Medical image segmentation constitutes a fundamental process in medical imaging, fa-
cilitating the extraction of clinically relevant information from complex datasets. The
primary objective of medical image segmentation is to partition an image into distinct
and semantically meaningful regions, thereby facilitating the identification and delin-
eation of specific anatomical structures or pathological regions. This process is impor-
tant for numerous medical applications, including diagnosis, treatment planning, and
image-guided interventions. Accurate segmentation is particularly challenging in med-
ical images due to inherent variability, noise, and anatomical complexities. Various
segmentation techniques, ranging from traditional methods to advanced deep learning
approaches, have been employed to address these challenges.

Cardiac Magnetic Resonance (CMR) Imaging has emerged as a powerful and non-
invasive modality for assessing the cardiovascular morphology and its function [17].
The segmentation of ventricular structures and myocardium from the CMR images is
vital for understanding the cardiac physiology and aiding in the diagnosis and treat-
ment of cardiovascular diseases. This research focuses on the segmentation of Cardiac
Magnetic Resonance Imaging (CMRI) scans using a U-Net based architecture, specif-
ically tailored for the segmentation of ventricular structures and myocardium.

1.1 Background

In the recent times, cardiovascular diseases have been recognized as one of the primary
contributors to global mortality. In order to effectively diagnose the cardiovascular
diseases and reduce the number of deaths, numerous researches have been conducted
over the years for the accurate segmentation of the cardiac.

The diagnosis of cardiovascular diseases can be facilitated by examining three sig-
nificant regions within the anatomical structure of the cardiac, as shown in Figure 1.1.
They are the Right Ventricle (RV) , the Left Ventricle (LV) and the Myocardium
(MYO) . Extracting various quantitative measures such as RV and LV volume, ejec-
tion fraction, wall thickness, and myocardial mass becomes possible by segmenting
the cardiac into these anatomically significant regions [13].

Due to the paramount importance of understanding the cardiac physiology, various
imaging modalities are being used such as Computed Tomography (CT), Magnetic
Resonance Imaging (MRI) and Ultra Sound (US) [18], for the non-invasive evaluation
of the cardiovascular functions. Among those techniques, CMRI is considered as the
Gold Standard [1, 18], mainly due to possessing an effective spatial resolution which
is crucial for assessing structures of small size [19]. Example applications of the above
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Fig. 1.1: 3D anatomical structure of the cardiac

3 image modalities are depicted in Figure 1.2.

1.2 Research Problem

Accurate segmentation of the Left Ventricle (LV), Right ventricle (RV), and Left Ven-
tricular Myocardium (LVM) in a cardiac short-axis image stack is crucial for the pre-
cise computation of quantitative metrics such as myocardial thickness, LV mass, LV
and RV Ejection Fractions (EF), and Stroke Volumes (SV). Achieving accurate seg-
mentation during End Diastolic (ED) and End Systolic (ES) phases is therefore es-
sential, involving the precise delineation of the Left Ventricle (LV) endocardium and
epicardium, along with the Right Ventricle (RV) endocardium.

The manual labeling process conducted by skilled cardiologists in clinical labora-
tories is a laborious task. Therefore, in clinical settings, semi-automatic segmentation
remains a common practice due to the fully-automatic cardiac segmentation methods
having a low accuracy, and the monotonous and time-consuming nature of the manual
segmentation process. However, these semi-automated methods are time-consuming,
and they are susceptible to variability that can arise both within individual observers
(intra-observer variability) and among different observers (inter-observer variability).
Therefore, there is a need for a convenient, rapid, reusable, and fully-automated tech-



Main Segmentation Applications

Bi-ventricle (LV+RV) Left Atrium Myocardial Scar

(LV+LA) in 2D vVin3D

Fig. 1.2: Applications of imaging modalities. Adapted from [1]

nique to segment cardiac regions, facilitating the diagnosis of cardiovascular diseases.
On the other hand, automated segmentation of cardiac MRI scans poses challenges
due to below reasons.

* The contrast between the myocardium and surrounding structures is insufficient,
characterized by a high contrast between myocardium and blood [18].

» Heterogeneities in brightness within the LV/ RV cavities occur due to variations
in blood flow [18].

* The presence of papillary muscles and trabeculae with intensities resembling
that of the myocardium [18].

* Non-uniform partial volume effects arise as a result of limited CMR resolution
along the long-axis [18].

* Inherent noise is introduced due to motion artifacts and the dynamic nature of
the heart [18].

* There is variability in both intensity and shape of heart structures across different
pathologies and patients [18].

* The existence of a banding artifact is observed [18].
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Despite having these challenges, existing literature suggests the utilization of con-
ventional image segmentation techniques [20] and Deep Learning (DL) techniques
[18] for CMRI segmentation. However, the conventional image-processing techniques
require either minimal or great user intervention, and the precision of segmentation is
significantly influenced by the choice of the training dataset used, which requires sig-
nificant feature engineering or prior knowledge to obtain better results. On the other
hand, DL techniques such as Convolutional Neural Network (CNN) based methods
have widely been used for the CMRI segmentation, and have demonstrated accept-
able results when dealing with loosely related CMRI slices. However, they tend to
encounter challenges such as under/ over segmentation of cardiac structures when the
slices are closely connected [21]. Additionally, these conventional image segmentation
and DL methods lack the ability to generalize without the need for fine-tuning, when
tested on other datasets.

1.3 Motivation and Novelty

Cardiovascular diseases remain a leading cause of mortality worldwide, with accurate
diagnosis and treatment playing pivotal roles in improving patient outcomes. Non-
invasive imaging techniques, such as Cardiac Magnetic Resonance Imaging (MRI),
have emerged as essential tools for assessing cardiac structures and functions. How-
ever, the complexity and variability of the heart’s anatomy pose significant challenges
for automated segmentation, necessitating advanced methodologies.

The primary motivation for this research stems from the need to enhance the pre-
cision and efficiency of cardiac MRI segmentation, particularly focusing on ventricu-
lar structures and myocardium. Accurate segmentation of these regions is crucial for
diagnosing various cardiac conditions, including myocardial infarction, hypertrophic
cardiomyopathy, and heart failure. Traditional segmentation methods often fall short
in handling the intricate details of cardiac structures, prompting the exploration of deep
learning-based approaches.

The novelty of this study lies in the application of U-Net-based variants, a class
of convolutional neural networks renowned for their effectiveness in medical image
segmentation tasks. By leveraging the inherent capabilities of U-Net architecture, the
proposed variants aim to address the challenges associated with cardiac MRI segmenta-
tion, providing a more robust and accurate solution. Furthermore, the research explores
modifications and improvements to the U-Net model, tailoring it specifically to the in-
tricacies of ventricular structures and myocardial segmentation. The novel adaptations
and refinements introduced in this study contribute to advancing the state-of-the-art in
cardiac MRI segmentation, offering a promising avenue for improved clinical diagnos-
tics and patient care.



1.4 Research Objectives

The main objectives of this study are as follows.

Propose U-Net-based architectures for the accurate CMRI segmentation of ven-
tricular structures and myocardium.

Enhance the accuracy in delineating the boundaries of cardiac structures.

Compare the performance of the proposed architecture with the existing methods
for CMRI segmentation.

Develop a web application that can be used with real-world clinical settings.

1.5 Research Statement

A robust and accurate system can be developed for the segmentation of ventricular
structures and myocardium in Cardiac MRI using U-Net-based architectures, enhanc-
ing boundary delineation and improving clinical decision-making. By systematically
evaluating multiple U-Net variants within a consistent training pipeline, this study pro-
vides a comprehensive comparison of their segmentation performance. Furthermore,
the development of a web application ensures the practical applicability of the pro-
posed models in real-world clinical settings, facilitating efficient and reliable cardiac
assessment.

1.6 Research Questions
Following research questions are addressed in this study.

* How can accurate segmentation of ventricular structures and myocardium in
Cardiac MRI be achieved using U-Net based architectures?

* What techniques can be applied to enhance the accuracy of boundary delineation
in cardiac structure segmentation?

* How does the proposed U-Net-based architectures compare with existing meth-
ods for Cardiac MRI segmentation in terms of accuracy and efficiency?

* How can the CMRI segmentation model be used for inferencing in clinical set-
tings?



1.7 Thesis Structure

This thesis consists of four main chapters including the Introduction chapter. Chapter 2
will focus on the Literature Review, starting with an overview of CMRI segmentation
its importance. It will then review the current clinical practices for CMRI segmen-
tation, followed by a discussion of the available public image datasets and the data
pre-processing techniques used for CMRI segmentation studies. The chapter will also
explore the various conventional image segmentation techniques and DL-based CMRI
segmentation methods. Thresholding, region-growing, pixel classification, deformable
methods, atlas-based and Statistical Shape Model (SSM) based methods are discussed
in details under the traditional CMRI segmentation methods. Under DL-based meth-
ods, CNN, Fully Convolutional Neural Network (FCN), Recurrent Neural Network
(RNN), Genarative Adversarial Network (GAN), U-Net and Attention based methods
will be discussed in details. A results comparison of the related studies, and widely
used evaluation metrics for CMRI segmentation are explained in next two sub-sections.
The chapter will conclude by discussing the limitations and challenges in the existing
studies.

Chapter 3 presents the detailed Methodology employed for CMRI segmentation
using U-Net-based models. It begins by outlining the overall process flow and describ-
ing the datasets used in the experiments. The chapter further delves into the data pre-
processing techniques applied to enhance model performance. Following this, various
U-Net variants, including Original U-Net, Residual U-Net, Attention U-Net, Feature
Pyramid U-Net, Feedback Residual U-Net, and Transformer-Based U-Net, are dis-
cussed in detail. Additionally, the chapter explains the loss function utilized for model
optimization, the experimental setup, including training configurations and evaluation
protocols, and concludes with a detailed explanation about the web application devel-
oped for model inferencing.

Chapter 4 presents the results of the CMRI segmentation experiments. It begins
by describing the evaluation metrics employed to assess model performance. Sub-
sequently, the chapter highlights the performance of the models on the ACDC test
set, providing insights into their effectiveness. A detailed analysis of segmentation
results is provided, showcasing qualitative and quantitative outcomes. Additionally,
Dice score and loss graphs are discussed to illustrate the model’s learning dynamics
and its ability to generalize effectively.

Chapter 5 focuses on discussing the implications of the results and their relevance
to the research objectives. It starts by highlighting the contributions of the study, em-
phasizing how the findings address the proposed research questions. A comparison
with existing studies is conducted to situate the research within the broader academic
context. The chapter also examines challenges and limitations encountered during
the study, such as computational resource constraints, platform dependencies, changes



in external infrastructure, and complexities in model training. Finally, this chapter
outlines potential directions for future work to extend and enhance the scope of this
research.

Chapter 6 concludes the thesis by summarizing the key findings and their signifi-
cance. It reflects on how the proposed methodology and results contribute to advancing
CMRI segmentation research. The chapter reiterates the study’s impact, acknowledges
its limitations, and emphasizes future opportunities for exploration and improvement,
aiming to inspire further advancements in the field.



CHAPTER 2
LITERATURE REVIEW

Before the Deep Learning (DL) era, traditional image processing and machine learn-
ing methods such as model-based, atlas-based and pixel classification approaches were
successful in CMRI segmentation; however, those methods often required extensive
feature engineering [19]. In contrast, DL algorithms excel in automatically extract-
ing intricate features for object detection and segmentation, by directly learning from
the data in an end-to-end fashion [1]. This adaptability allows DL algorithms to be
seamlessly applied to diverse image analysis tasks. With the advancements in com-
puter hardware and increased training data availability [13], DL-based segmentation
has outperformed traditional methods, particularly evident in the substantial rise of
DL-based researches on CMRI segmentation.

This chapter focuses on the Literature Review, beginning with an overview of Car-
diac Magnetic Resonance Imaging (CMRI) segmentation and its significance. The
chapter proceeds to examine current clinical practices for CMRI segmentation, explor-
ing available public image datasets and the associated data pre-processing techniques
in CMRI segmentation studies. Additionally, the chapter delves into a discussion of
conventional image segmentation techniques and presents an in-depth exploration of
Deep Learning (DL)-based CMRI segmentation methods. The chapter concludes with
a comprehensive comparison of results from related studies, discusses widely used
evaluation metrics for CMRI segmentation, and provides insights into limitations and
challenges inherent in existing research studies.

2.1 Overview of CMRI Image Segmentation

Prior to the rise of Deep Learning (DL), conventional image processing and Machine
Learning (ML) techniques, such as atlas-based and model-based approaches, demon-
strated commendable performance in CMRI segmentation [1]. Nonetheless, to obtain
satisfactory results, these techniques often required substantial feature engineering or
prior knowledge, along with minimal or greater user intervention [5, 22].

In contrast to traditional methods, algorithms based on DL demonstrate a superior
ability to independently discover features from data. The DL models extracts and lever-
ages meaningful patterns directly from the input data, utilizing an end-to-end approach
that eliminates the need for hand-crafted features [23, 24]. This inherent capability of
DL-based algorithms could effortlessly be applicable to diverse set of image analysis
tasks. With the advent of advanced computer hardware, including Graphical Process-
ing Units (GPUs) and Tensor Processing Units (TPUs) [1, 13], coupled with the avail-
ability of large volumes of data for training, DL-based segmentation algorithms have



progressively surpassed the performance of earlier state-of-the-art traditional methods,
obtaining more popularity in CMRI segmentation researches. This observable shift
is shown in Figure 2.1, which depicts a substantial increase in the amount of Deep
Learning based papers dedicated to CMRI segmentation in recent years. PubMed [25]
search engine was used to query these publications using keywords such as (“‘cardiac”
AND “segmentation”) AND (“deep learning” OR “convolutional”). Notably, the vol-
ume of publications pertaining to MR image segmentation surpasses that of the other
two domains, in all six years.

Number of DL-Based Publications on Cardiac MR, CT and
Ultrasound

2019 2020 2021 2022 2023 2024

Year

Number of Publications
N WSS U N
o O o o o o o

o

EMR mCT mUIltrasound

Fig. 2.1: Number of DL-based papers published from January 1, 2019 to December
31, 2024, related to Cardiac MR, CT and US segmentation.

2.2 Current Clinical Practices

Cardiac MRI segmentation is a crucial step in analyzing cardiac images to extract
information about the structure and function of the heart. In clinical diagnosis, iden-
tification of diastolic and systolic phases, and delineating different regions of interest
within the images, such as the LV, RV, myocardium, endocardium, and epicardium is
done by medical practitioners [19]. Radiologists and cardiologists play crucial roles
in this process, and their interpretation is integral to making accurate diagnoses and
treatment decisions.

During cardiovascular MRI, a patient is positioned within the strong magnetic field
of a superconducting magnet [26, 27]. Given that heart movement during the car-
diac cycle or respiration significantly influences image quality, the electrocardiogram
(ECQG) is employed to synchronize image acquisition with cardiac-cycle phases, a pro-
cess known as gating [27, 28]. Typically, images are captured during brief periods of



10 to 20 seconds of breath-holding [28]. To enhance visibility, specialized sequences
are applied to manipulate the appearance of blood relative to the myocardium [28],
resulting in the creation of static (‘“dark-blood” or “bright-blood”) or dynamic (cine-
“bright-blood”) images.

These images are typically obtained in various planes, such as short-axis, long-
axis, and four-chamber views, to capture different aspects of the heart’s anatomy and
function [19]. Images may be acquired using different MRI sequences, such as cine
imaging for functional assessment, Late Gadolinium Enhancement (LGE) for scar tis-
sue identification, and others [29]. Before the segmentation, pre-processing steps are
often applied to enhance image quality and facilitate accurate segmentation.

In clinical settings, below steps are involved in manual segmentation:

» Image loading and pre-processing: The MRI images are loaded into a special-
ized software program such as CMRtools, Heart IT, etc. [29] and pre-processed
to remove noise and artifacts.

* Contouring: An expert radiologist or cardiologist carefully traces the bound-
aries of each structure slice by slice, ensuring accuracy and consistency [30].

* Quality control: The segmentation results are reviewed and edited if necessary
to ensure accurate representation of the cardiac structures [30].

* Clinical Interpretation: The final segmented regions, such as the myocardium,
endocardium, and epicardium, are used for quantitative analysis. This may in-
volve calculating volumes, ejection fraction, and other functional parameters,
depending on the clinical goals [29].

* Integration with Clinical Workflow: The segmented results are integrated
into the overall clinical workflow, providing valuable information for diagno-
sis, treatment planning, and monitoring of cardiac conditions.

As highlighted in the aforementioned steps, this process can take hours for a single
patient study (i.e. time-consuming and laborious), leading to delays in diagnosis and
treatment [13, 21]. Moreover, different experts may segment the same image differ-
ently (subjective), leading to inconsistencies in results [21].

Due to the aforementioned challenges, the adoption of automated Cardiac Mag-
netic Resonance Imaging (CMRI) Segmentation using Deep Learning (DL) is on the
rise in clinical practice. This approach offers several advantages, including enhanced
accuracy and reproducibility [23]. Additionally, it contributes to increased efficiency
by reducing the analysis time and workload for medical practitioners.
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2.3 Publicly Available Datasets

Public datasets play a crucial role in advancing research on Cardiac Magnetic Reso-
nance Imaging (CMRI) segmentation. By providing a standardized and diverse set of
data, these datasets offer researchers a common ground for developing and evaluating
algorithms. This standardized approach contributes to the creation of more accurate
and robust models, as researchers can test their methods on a shared benchmark.

Moreover, the use of public datasets promotes fairness and transparency in research
practices. It allows the scientific community to validate findings and compare results
across different studies, fostering a more open and collaborative environment. Ad-
ditionally, relying on public datasets enhances the reproducibility of research, as the
same dataset is accessible to multiple researchers, enabling them to verify and build
upon each other’s work.

Table 2.1, adapted from [1], summarizes the publicly available datasets are avail-
able for CMRI segmentation studies.

TABLE 2.1: PUBLIC DATASETS FOR CARDIAC MAGNETIC RESONANCE
IMAGING (CMRI) SEGMENTATION.

Dataset Year # of Target(s) Related

Subjects Studies

York [31] 2008 33 LV,MYO [32-35]

Sunnybrook [36] 2009 45 LV, MYO [37-40]
LVSC [41] 2011 200 LV, MYO [13,42,43]

RVSC [44] 2012 48 RV [45-48]
ACDC [18] 2017 150 LV,MYO, [4,5,9,12,
RV 14, 15, 21,

49, 50]

This study will be mainly conducted using the Automated Cardiac Diagnosis Chal-
lenge (ACDC) dataset [18]. The Automated Cardiac Diagnosis Challenge originally
took place at the MICCAI 2017 conference, as a two-fold contest: assess the effective-
ness of automated methods in accurately segmenting the left ventricular endocardium,
epicardium, and the right ventricular endocardium during both ED and ES phases, and
evaluate the efficacy of automated methods in classifying examinations into five dis-
tinct categories (dilated cardiomyopathy, heart failure with infarction, abnormal RV,
hypertrophic cardiomyopathy, and healthy case) [18].

2.4 Data Pre-Processing Techniques

Data pre-processing plays a crucial role in both deep learning and non-deep learning
methods for Cardiac MRI segmentation. It enhances the quality of the data, making it
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easier for the segmentation algorithms to extract accurate and meaningful information.
Below discussed are some commonly used data pre-processing techniques.

* Image Re-Sampling: Resizing images to a standard size ensures consistent in-
put for the algorithms [5, 14, 21, 51]. It essentially involves changing the resolu-
tion of an image, either up-scaling (increasing) or down-scaling (decreasing) the
number of pixels. The choice of re-sampling technique impacts the accuracy and
quality of the processed image; hence, it’s important to understand the common
options available.

— Nearest Neighbor: The value of each pixel in the resized image is assigned
to the nearest pixel in the original image [51]. It is computationally ef-
ficient, but can lead to blocky artifacts and loss of detail, especially for
up-scaling.

— Bilinear Interpolation: This technique uses the weighted average of the
four nearest neighbors in the original image to determine the value of each
pixel in the resized image [51]. It produces smoother results than nearest
neighbor, but can still introduce some blurring, particularly for large up-
scaling factors.

— Bicubic Interpolation: This more sophisticated technique uses a polyno-
mial function to estimate the value of each pixel in the resized image based
on the surrounding 16 pixels in the original image [10]. It offers a good
balance between sharpness and smoothness, making it a popular choice for
both up-scaling and down-scaling.

* Intensity Normalization: Standardizing the intensity range across images im-
proves segmentation accuracy, especially for deep learning models sensitive to
intensity variations. This can involve histogram normalization, scaling, or bias
field correction. In DL-based methods, specific transformations like Z-score
[22, 51] or min-max scaling, are done to further improve model performance
[10].

* Data Augmentation: Random transformations such as rotations and transla-
tions, and elastic deformations can be applied to augment the dataset and im-
prove model generalization [5, 14, 21, 22, 51]. These methods are widely used
in DL-based Cardiac MRI segmentation researches, due to lack of training data
available in public datasets to train the models.

* Region of Interest (ROI) Cropping: ROI cropping focuses the model on
relevant areas, reducing computational complexity. Most of the multi-staged
networks proposes a ROI localization network, prior to the main segmentation
task [1, 22].
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Effective data pre-processing is essential for accurate and reliable CMRI segmen-
tation. By understanding the available techniques and their impact on different al-
gorithms, researchers have optimized their pipelines for specific tasks and datasets,
ultimately improving the quality of their segmentation results.

2.5 Traditional CMRI Segmentation Methods

Cardiac MRI segmentation can be tackled through two main approaches: image-driven
and model-driven [18, 29]. Image-driven approaches leverage techniques such as
thresholding, dynamic programming, region growing, pixel classification, graph-cuts
and deformable methods, which involve weak prior information [18, 29]. On the other
hand, model-driven approaches, involving strong prior, leverage powerful Statistical
Shape Models (SSMs) and cardiac atlases extracted from labeled training data, captur-
ing average shapes and variations, to guide the segmentation process [18, 29]. In the
following subsections, each of these techniques are discussed with their related studies.

2.5.1 Thresholding

Thresholding is a simple tool that uses intensity histograms to analyze the distribution
of pixel intensities in CMR image [29]. It looks for prominent modes in the histogram
to identify the thresholds. These represent clusters of intensities corresponding to dif-
ferent ROIs. Then, an intensity value (threshold) that separates these modes is chosen
for the segmentation [29]. While this approach is straightforward to implement and
effective for rapid segmentation, it does have limitations. These include sensitivity to
noise and difficulties in accurately delineating ROIs when there are overlaps in inten-
sity. Hence, this technique is often used as an initial step to isolate the ROI [29], before
applying any other segmentation technique.

Thresholding is often used with other techniques such as region-growing [29]. The
method proposed by Huang et al. [52] involves the use of thresholding to differentiate
between the blood pool and myocardium. Following this, they apply radial region-
growing and utilize convex hulling to identify the boundaries of the endocardium and
epicardium. In a similar approach, Lu et al. [2] utilize thresholding to convert a ROI
into a binary image, facilitating LV localization and the detection of endocardial con-
tours (refer to Figure 2.2). Subsequently, they employ region-growing to achieve the
segmentation of the LV epicardium.

2.5.2 Region-Growing

Region-growing is another fundamental image segmentation technique, offering a dis-
tinct approach compared to thresholding. Instead of relying solely on intensity values,
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Fig. 2.2: An application of thresholding for LV endocardium segmentation. Adapted
from [2]

it leverages spatial connectivity and homogeneity to identify and segment desired re-
gions (such as the myocardium or ventricles) in the CMR images [29].

The region-growing process is started by selecting one or more seed points that
initiates the growth process, with its neighbors examined for intensity similarity [29].
Neighbors meeting predefined criteria, called growth conditions, are incorporated into
the region, becoming new parent pixels for further exploration. This iterative cycle
continues until no neighboring pixels satisfy the homogeneity requirements, resulting
in the final segmented region [29].

Lee et al. [53] and Codella et al. [54] both rely on region-growing to identify the
complete left ventricle (LV) filled with blood. Their approach starts by automatically
pinpointing a seed point within the blood pool. To achieve this, they analyze each pixel
inside a window as it moves across the image slices and select the one with the lowest
energy as the starting point for region-growing. This ensures that the growth begins
within the darkest, most confident area of the blood pool.

2.5.3 Pixel Classification

CMRI segmentation often employs pixel or voxel classification to group individual
units in feature space [18, 29]. This feature space can capture information like pixel
intensity or texture patterns. Two main approaches exist: unsupervised and supervised.

Unsupervised clustering does not require any manually labeled training data.
Techniques like K-means and Expectation-Maximization (EM) automatically group
pixels based on similarities in their features. K-means chooses initial cluster centers
and assigns pixels to the closest center, then refines the centers based on the assigned
pixels [29]. This process iterates until the centers stabilize. EM, on the other hand,
statistically models the data, often using Gaussian Mixture Models (GMMs) for car-
diac segmentation [29]. Each pixel is assigned to the tissue class that best explains its
features.

Supervised classifiers, such as Random Forests and K-Nearest Neighbor (KNN)
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leverage manually labeled training data [29]. They learn from these examples to assign
classes to new pixels. During training, the classifier adjusts its parameters to minimize
misclassification on the training data. Once trained, it can classify new pixels based on
what it learned. Annotating training data is, however, laborious and costly, and these
methods depend heavily on the quality of the data. Additionally, spatial relationships
between pixels are often disregarded, potentially leading to inaccuracies.

Jolly [3] and Hu et al. [55] have explored utilizing classification-based methods
for cardiac structures. Their techniques rely on Expectation-Maximization (EM) and a
Gaussian Mixture Model (GMM) with 3 components, trained on intensity histograms
to differentiate tissues. As depicted in Figure 2.3 for Jolly’s work [3], this approach
can effectively separate the muscle, blood, air, and fat.

Blood + Fat

Fig. 2.3: Pixel classification using GMM: (a) the input image; (b) GMM with 3
components; (¢) the output image with pixel classification. Adapted from [3]

While KNN classifiers have proven its ability at segmenting cardiac structures
like the LV cavity and myocardium against the background, Folkesson er al. [56]
demonstrated their effectiveness can be further enhanced through feature selection.
This method identifies the most influential features for the classifier, enhancing com-
putational efficiency without compromising accuracy. Nonetheless, Bai ef al. [57]
discovered a potentially superior approach for label fusion within multi-atlas cardiac
segmentation frameworks: Support Vector Machines (SVMs). Their findings suggest
that SVMs may outperform KNN in terms of accuracy, particularly when navigating
complex tissue segmentation landscapes, offering a promising avenue for further ex-
ploration.

2.5.4 Deformable Methods

In the realm of CMRI segmentation, deformable methods like active contours and
level sets offer a distinct approach, guided by explicit models and evolving contours to
precisely delineate cardiac structures [18, 19, 29].

Active contours (snakes) iteratively deform to match the object boundaries under
the influence of internal smoothness forces and external image-based forces [29]. Key
strengths of this method include adaptability to complex shapes, handling of topo-
logical changes, and incorporation of prior shape knowledge. However, this method
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depends on the initialization of the contour, which may need some level of user inter-
action [29].

Level sets, an improved method of active contour, represent the evolving contour
as an implicit surface within the image domain, governed by a level set function and
evolution equation [29]. They excel in handling topological changes, capturing sharp
details, and exhibiting reduced sensitivity to initialization.

2.5.5 Atlas-Based Methods

Atlas-based segmentation method, which relies on prior information, uses pre-existing
atlases of labeled cardiac structures to guide the segmentation of new images [18,
19, 29]. By borrowing anatomical knowledge from these atlases, atlas-based methods
works as follows.

» Atlas Selection: An atlas with similar anatomical characteristics to the target
image is chosen from a pre-built library [19, 29].

» Atlas Registration: The atlas is warped (deformed) to match the target image
using registration algorithms [19, 29]. This ensures close alignment of corre-
sponding anatomical landmarks between the two images.

» Label Transfer: Once the atlas is aligned, the segmentation labels from the
atlas are transferred to the target image [19]. This assigns each pixel in the
target image with the corresponding tissue label from the atlas.

* Refinement and Correction: The transferred labels might require further re-
finement or correction, especially in regions with poor registration or significant
anatomical differences. This can involve manual adjustments or incorporating
other segmentation techniques [19].

Multi-atlas segmentation has made significant strides in tackling complex struc-
tures like the RV. In their work, Bai et al. [57] leveraged this approach to effectively
delineate both the internal and external boundaries of the RV. To optimize cost and
accuracy, they employed two key strategies: atlas selection, which identifies the most
relevant atlases for a specific image to reduce the search space, and locally-weighted
label fusion, which prioritizes atlas labels based on their spatial proximity to the target
image, ensuring a contextually-aware segmentation.

2.5.6 Statistical Shape Models (SSM)

In CMRI segmentation, Statistical Shape Models (SSMs) offer a unique approach by
leveraging prior information such as statistical information about anatomical shapes
and variations, to guide the segmentation [20, 29].
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A diverse set of CMR images with manually labeled anatomical structures (e.g.
ventricles, myocardium) is collected, and key anatomical landmarks are identified on
each image to capture shape outlines [19]. Then, these landmark coordinates are an-
alyzed to extract the mean shape and shape modes. Mean shape refers to the average
shape representing the typical structure and shape modes refer to key variations that de-
scribe how the shape commonly deviates from the mean [19, 29]. Then these landmark
points are aligned across all images using Procrustes analysis, ensuring a common co-
ordinate system. Then, Principal Component Analysis (PCA) is applied to this aligned
dataset to identify the most significant modes of shape variation [19]. Then the shape
model is constructed using the mean shape and Principal Components (PCs), defining
a shape space that encompasses typical anatomical variations.

In CMRI segmentation, two model-based approaches stand out for their frequent
use: Active Shape Models (ASMs) and Active Appearance Models (AAMs) [19]. The
Active Shape Model (ASM) operates as a local search algorithm utilizing a Point Dis-
tribution Model (PDM) [19]. Whereas the ASM specializes in capturing the geometric
structure of the data, the Active Appearance Model (AAM) adopts a generative ap-
proach, capable of synthesizing realistic representations of the modeled object [19].
This is achieved by incorporating a comprehensive texture model that includes the
mean and primary variation modes alongside the shape model [19].

Ordas et al. [58] propose a feature vector that remains consistent even under spa-
tial transformations, making it suitable for the ASM framework. Mitchell et al. [59]
combine the strengths of ASM and AAM in a hybrid approach. They first utilize AAM
to fit the object in the image, then leverage the shape information from ASM to escape
potential local minimums encountered during tracking. Finally, AAM is reapplied for
refined fitting. Similarly, Zhang et al. [60] present a combined AAM-ASM model
that incorporates temporal features to capture object motion. This combination proves
advantageous as it overcomes the limitations of using either ASM or AAM alone.

2.6 Deep Learning Based CMRI Segmentation Methods

DL-based methods have emerged as powerful tools in medical image analysis, partic-
ularly in tasks such as cardiac MRI segmentation. CMRI segmentation involves the
precise identification and delineation of anatomical structures within the heart, includ-
ing the LV, RV, myocardium, endocardium, and epicardium [1]. Traditional CMRI
segmentation methods often struggled with the complexity and variability of cardiac
structures [5, 23], leading to the adoption of DL techniques. These methods leverage
Convolutional Neural Networks (CNNs) and other deep architectures to automatically
learn hierarchical features from cardiac MRI data, enabling accurate and efficient seg-
mentation.
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2.6.1

Convolutional Neural Network (CNN) Based Methods

CNNs are a class of deep learning models that have proven to be highly effective in

image analysis tasks, including medical image classification, object localization and

detection, and segmentation tasks.

Main components of a CNN include convolutional layers, activation functions,

pooling layers and fully connected layers [1, 24]. The architecture diagram of a CNN

is shown in Figure 2.4.
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Fig. 2.4: Architecture of a CNN. Adapted from [1]

An explanation of the key components used in a CNN is provided below.

Convolutional Layers: These layers apply convolutional operations to the input
image, allowing the network to learn local patterns and features. In cardiac MRI,
these patterns could represent edges, textures, or specific structures [1, 24].

Activation Functions: Introduce non-linearities to the network, enabling it to
learn complex mappings [1]. Non-linear activation functions such as ReLU and
Sigmoid help the network model the intricate relationships between image fea-
tures, enhancing its ability to accurately segment cardiac structures.

Pooling Layers: Pooling layers downsample the spatial dimensions of the input,
reducing computational complexity and focusing on the most essential features.
It helps the network maintain translational invariance and reduces sensitivity
to small changes in spatial location, making it more robust for cardiac MRI
segmentation [1, 24].

Fully Connected (Dense) Layers: These layers establish connections between
every neuron in one layer and every neuron in the next layer, capturing global
relationships within the data [1]. Fully connected layers at the end of the network
map extracted features to the final output, providing a holistic understanding of
the input image.
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Even though CNNs are widely adopted in image classification tasks, its use can
extend to image segmentation applications with minimal adjustments to the network
architecture as shown in Figure 2.5. However, this involves dividing each image into
patches and training the CNN to predict the class label of the central pixel for each
patch [1, 24]. A drawback of this patch-based approach is the need to deploy the
network individually for each patch during inference, leading to inefficiency due to
redundancy from overlapping patches. In the context of CMRI segmentation, CNNs
with fully connected layers are primarily applied for object localization, estimating
the bounding box of the target object to reduce computational costs. For more effi-
cient end-to-end pixel-wise segmentation, Fully Convolutional Neural Network (FCN)
based approaches are commonly preferred, as discussed in the following subsection.
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Fig. 2.5: CNN for patch-based segmentation. Adapted from [1]

2.6.2 Fully Convolutional Neural Network (FCN) Based Methods

FCNs are a type of neural network architecture specifically designed for pixel-wise
segmentation tasks [61]. Unlike traditional CNNs, FCNs do not have fully connected
layers at the end. Instead, they use convolutional layers to directly produce a spatial
output, which makes them suitable for tasks such as image segmentation [24].

Figure 2.6 illustrates the encoder-decoder structure of a FCN which enables it to
handle input images of arbitrary sizes and generate outputs of the same size. The en-
coder transforms the input into a high-level feature representation, and the decoder
interprets these feature maps, restoring spatial details through a series of upsampling
and convolution operations to achieve pixel-wise predictions. Upsampling is accom-
plished using techniques such as transposed convolutions, unpooling layers, or upsam-
pling layers [1, 24]. Unlike patch-based CNNs, FCNs are trained and applied to entire
images, eliminating the need for patch selection.

The simple encoder-decoder structure in Figure 2.6 may have limitations in captur-
ing detailed context information due to potential feature elimination by pooling layers
in the encoder [1]. To address this issue, various FCN variants have been proposed,
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with the U-Net [6] being a prominent example.
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Fig. 2.6: Architecture diagram of a Fully Convolutional Neural Network (FCN).
Adapted from [1]

I. F. S. da Silva et al. introduced a cascading strategy for the segmentation of
CMRI. The initial segmentation of cardiac structures employed a modified FCN, uti-
lizing ROIs extracted from a U-Net during the ROI extraction stage [4]. The FCN
architecture, resembling a U-Net, includes contraction and expansion paths along with
skip connections, as illustrated in Figure 2.7. In the contraction path, features are ex-
tracted using an EfficientNet B3. The expansion path incorporates five convolutional
blocks known as Decoder Blocks, each employing the Attention mechanism to gener-
ate segmentation masks for the objects of interest.

(160,160)
(160,160) 1

80,80
<14040i< 64 )
(20,20) 128
' (10,10) 256
7 (5.5) 512
1392

Efficient-Net B3 » — Decoder Blocks

‘ MBConv

LvC

Myo

preprocessed 1 RV
input Jj_'_‘ : [ N ¥
(160,160) P P output
channels = 3 : Block

output

Fig. 2.7: Proposed FCN architecture for initial segmentation. Adapted from [4]

2.6.3 Recurrent Neural Network Based Methods

Recurrent Neural Network (RNN) offer a unique perspective for CMRI segmentation
tasks due to its ability to handle sequences by capturing the temporal dynamics of the
heart, making it a valuable tool in this specialized domain [1]. Unlike static images,
Cardiac MRIs often involve sequences, like cine MRIs capturing the heart’s beating.
RNNSs excel at processing such sequences, utilizing their memory to learn dependen-
cies between consecutive frames [5].

Long Short-Term Memory (LSTM) is a common RNN architecture used for effec-
tively capturing the long-range dependencies of the full cardiac cycle [5, 24]. More-
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over, Gated Recurrent Unit (GRU) , which is simpler than LSTMs, is another type of
RNN architecture used for capturing short-range dependencies.

C. Yutian et al. in their study, proposed a Temporal Consistency Network (TCN),
which is based on a Residual U-Net [5]. The TCN comprises of hierarchical ConvL-
STMs which are bi-directional. The network structure of the TCN is shown in Fig-
ure 2.8. In the ACDC dataset [18], the frames in the CMR image exhibit a strong cor-
relation between consecutive frames, leading to the potential propagation of prediction
errors from the first frame, particularly due to brightness heterogeneity, to subsequent
frames in the CMR sequence. To address this issue, [5] implemented a bi-directional
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Fig. 2.8: The architecture of TCN. Adapted from [5]
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In conclusion, RNNs offer a promising approach for CMRI segmentation, leverag-
ing their unique ability to handle temporal dynamics.

2.6.4 Generative Adversarial Network Based Methods

While CNNs are the workhorses of image segmentation, Generative Adversarial Net-
works (GANSs) offer a unique and exciting approach for Cardiac MRI segmentation.
By harnessing the power of synthetic data generation, GANs can address critical chal-
lenges and improve segmentation accuracy [1, 62]. A GAN architecture used for CMRI
segmentation is shown in Figure 2.9.

While the Generator in GANs (i.e. segmentation network in Figure 2.9) aims to
generate realistic and anatomically accurate Cardiac MRI images [62], often condi-
tioned on existing segmentation masks or other relevant information, the Discrimi-
nator acts as a critic, trying to distinguish real images from those generated by the
generator [1, 62]. The Adversarial Training of GANs refers to a cat-and-mouse game.
The generator improves its ability to fool the discriminator by creating more realistic
images, while the discriminator becomes sharper at identifying fakes. Over time, both
networks become better at their tasks.
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Fig. 2.9: The architecture of GAN. Adapted from [1]

One of the main benefits of GANs for CMRI segmentation is the ability to gen-
erate large amounts of realistic synthetic data, addressing the scarcity of high-quality
labeled Cardiac MRI data. This can improve model generalizability and robustness to
variations in image characteristics [63].

Overall, GANs hold significant promise for revolutionizing Cardiac MRI segmen-
tation. By addressing data scarcity and improved model training, GANs can contribute
to more accurate diagnoses and personalized treatment options in cardiology [63—65].

2.6.5 U-Net Based Methods

U-Net and its variants [24, 66—68] are popular CNN architectures widely used in med-
ical image segmentation tasks, including cardiac MRI segmentation. The original U-
Net architecture [6] was introduced by Ronneberger ef al. in 2015, and has since been
adapted and extended to address specific challenges in medical image analysis.

The U-Net architecture consists of a contracting path (encoder), a bottleneck, and
an expansive path (decoder) [6] as shown in Figure 2.10. In the contracting path,
the input image is processed through a series of convolutional layers (3 x 3 unpadded
convolutions), each followed by a rectified linear unit (ReLLU) activation [6, 24]. More-
over, 2 X 2 max-pooling layers are used to downsample the spatial resolution [6]. At
the end of the contracting path, the bottleneck contains a set of convolutional layers,
providing a high-level representation of the input image [6]. The expansive path, also
known as decoder path, involves upsampling the feature maps using transposed convo-
lutions (also known as deconvolutions or fractionally strided convolutions) [6]. Each
block in the expansive path consists of convolutional layers, and ReLU activation [6].
At the final layer, 1 x 1 convolution is performed to produce segmentation masks,
typically with softmax activation for multi-class segmentation [6, 24].

One of the key features of U-Net is that it has skip connections from the contract-
ing path, which concatenates the feature maps from that path to help preserve spatial
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information, which might loose from the pooling operations [6].
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Fig. 2.10: The U-Net architecture. Adapted from [6]

Due to its advantages over the CNN or FCN based methods, various studies have
proposed a plethora of variants of U-Net to address specific challenges in CMRI seg-
mentation. Shibuya et al. [7] has proposed a Feedback U-Net architecture that uses
convolutional LSTM and a softmax cross-entropy loss function and tested its per-
formance on Mouse cell image and Drosophila cell image datasets. Their proposed
method utilizes the features acquired during the first round for the second round, and
they have used convolutional LSTM layers instead of the convoutional layers [7]. The
architecture of the proposed Feedback U-Net is shown in Figure 2.11.

In order to tackle the problems associated with LV segmentation in CMR images,
Wu et al. [8] proposed a composite model comprises of a CNN and a U-Net. The
workflow of the proposed method is depicted in Figure 2.12. The CNN model used
in the proposed composite model first locates the ROI, to prevent the inclusion of
irrelevant regions with similar gray values in the U-Net [8]. Once the ROl is located, a
U-Net model is used to segment the left ventricle [8].

In their study to segment the myocardial in MRI sequences by leveraging temporal
information between CMRI sequences, Chen et al. [5] proposed an initial segmen-
tation network called Res U-Net which is based on the U-Net architecture, as shown
in Figure 2.13. It uses a single-channel image as the input and adds a single residual
block between each level in the Res U-Net architecture to mitigate the vanishing or ex-
ploding gradient problems [5]. In addition to that, instead of concatenating the feature
maps from the encoder and decoder, point-wise addition is performed to combine the
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Fig. 2.11: The Feedback U-Net architecture. Adapted from [7]

results of each layer.

A cascaded approach was proposed by da Silva et al. [4] for CMRI segmentation,
and the U-Net architecture has been used twice in their method. Initially, a U-Net is
used for the location and extraction of ROI with the purpose of reduce the scope of the
image for processing [4]. Then a FCN is used for the initial segmentation of cardiac
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Fig. 2.12: The proposed workflow for CNN + U-Net based composite model.
Adapted from [8]
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Fig. 2.13: The proposed initial segmentation network: Res U-Net. Adapted from [5]
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structures, and finally, a U-Net-based mask reconstruction module is used to further
refine the initial segmentation [4].

The public MyoPS 2020 challenge dataset was used by Hengfei ef al. [51] for
the segmentation of abnormal tissues in the Myocardium. Their proposed method
comprises of a deep U-Net architecture having 6 layers, as the backbone of the seg-
mentation. Moreover, to explore the performance improvement, 3 additional modules
named: Direction Field Module (DFM), Channel self-Attention Module (CAM) and
Selective Kernal Module (SKM) have been used, and multiple loss functions and data
augmentation methods have been explored [51].

In their seminal work, Ren ef al. [9] proposed a milti-task learning based U-Net
called MTL-UNet, for CMRI segmentation using the ACDC dataset [18]. As shown
in Figure 2.14, the model consists of an Edge Extraction (EE) module to extract edge
features at various spatial sizes within the encoder path [9]. This addition serves to
capture context information in the spatial domain. Furthermore, a fusion-based module
is implemented to integrate the extracted edge features obtained from the EE module
with both the low and high-level features derived from the original U-Net [9].
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Fig. 2.14: The architecture of the proposed MTL-UNet. Adapted from [9]

Sharan et al. [15] proposed an encoder modified U-Net model for the CMRI seg-
mentation of LV, RV and MYO. Different encoders such as DenseNet, ResNet and
VGG have been explored in their study, and the U-Net with VGG-based encoder has
performed well compared to others [15].

In order to diagnose diseases such as persistent Microvascular Obstruction (MVO)
and Myocardial Infarction (MI), different model architectures such as conventional U-
Net, U-Net with VGG16, SegNet and Res-U-Net have been explored by Mugahed et
al. [10] for effective segmentation of MI. An end-to-end Al-based framework (refer
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Figure 2.15) is proposed in this study which utilizes the top performing Res U-Net
model with CLAHE pre-processing [10].
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Fig. 2.15: The end-to-end workflow of the Al-based framework. Adapted from [10]

By combining the U-Net architecture with Cross Stage Partial (CSP) method, Chen
et al. [22] proposed a U-Net-CSP model for CMRI segmentation of LV, RV and aorta
structures. The usage of CSP module in the architecture has provided the feature reuse
capability and has reduced overfitting [22].

In summary, U-Net and its variants [24] provide powerful tools for cardiac MRI
segmentation, enabling accurate and efficient extraction of anatomical structures and
abnormalities from medical images. The choice of a specific variant depends on the
characteristics of the data and the goals of the segmentation task.

2.6.6 Attention Based Methods

Attention mechanisms in CNNs enable the network to focus on informative regions of
the input while suppressing irrelevant ones [11, 24, 69, 70]. This selective attention
leads to improved segmentation accuracy, especially for complex structures such as
the LV, RV and myocardium.

Oktay et al. [11], in 2018, proposed a novel self-attention gating module that
can be used with CNN-based models for standard image analysis tasks. They have
proposed a grid-based gating mechanism to enhance the specificity of attention co-
efficients towards local regions [11]. Furthermore, by incorporating a soft-attention
technique [24], they have extended its application to medical imaging tasks, integrat-
ing it seamlessly with a feed-forward CNN model [11]. As illustrated in Figure 2.16,
the authors have expanded upon the conventional U-Net model to introduce the At-
tention U-Net model, and conducted a performance evaluation on the CT pancreas
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segmentation problem [11].
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Fig. 2.16: The Attention U-Net model. Adapted from [11]

Robustness of a model and its ability to interpret the results [12] have also been
trending research studies associated with CMRI segmentation recently. Trainable at-
tention modules, which have trainable parameters, have been used in the models for
interpretability in computer vision tasks [12]. In their seminal work, Sun et al. [12]
proposed a Shape Attentive U-Net (SAUNet) model which comprises of a standard U-
Net-based texture stream, and an additional shape stream to capture shape-dependent
information (refer Figure 2.17). The output of the secondary shape stream, which pro-
duces a shape attentive map, can be used for interpreting the results of the model [12].
The decoder module integrates feature maps from the encoder through skip connec-
tions, combining them with the feature maps from lower-resolution decoder blocks that
capture additional spatial and contextual information [12]. To enhance interpretability
and performance transparency, they have introduced the dual attention decoder block
as in Figure 2.17 [12]. This block incorporates two novel components following the
standard normalized 3 X 3 convolution on the concatenated feature maps. These com-
ponents consist of a channel-wise attention path for enhanced performance, and a spa-
tial attention path for interpretability [12].

In order to create a generalizable DL-based model, Kong ef al. [62] has utilized the
Attention U-Net developed by Oktay et al. [11] along with a data augmentation strat-
egy. For the unlabeled data, they have proposed two augmentation methods: create
different style of images using a CycleGAN and exchanging low-frequency features
among images sourced from various vendors [62]. For the labeled data, spatial aug-
mentation is applied [62].

Hengfei ef al. [13] have also used the Attention U-Net model [11] with an Input
image pyramid and Deep supervised output layers (AID) to propose a multi-scale at-
tention guided U-Net for CMRI segmentation. The proposed architecture is shown in
Figure 2.18. By introducing an input image pyramid before each max pooling layer
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in the encoder, they have addressed the variation in class details and accessibility at
different scales [13]. Moreover, it has produced better intermediate feature maps than
the conventional U-Net [13].
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Fig. 2.18: The Attention U-Net model with input image pyramid and deep supervised
output layers. Adapted from [13]

For the same objective pursued by Kong ez al. [62], Kamal et al. [14] introduced an
attention-guided residual W-Net to improve model generalizability without requiring
fine-tuning. As shown in Figure 2.19, the proposed ARW-Net uses multiple attention
modules at the decoding path to allow the network to focus on specific components in
MR images [14]. Moreover, to effectively address the challenge of vanishing gradients
and facilitate feature reuse, ARW-Net adopts a deeply supervised approach by imple-
menting a second path alongside the decoder. Through skip connections, the decoder
collects features computed by the encoder [14]. The deep supervision path is con-
structed by pixel-wise summation of the outputs from each dimension of the feature
map in the decoder [14]. This strategy significantly mitigates the vanishing gradi-

28



ent issue and promotes feature reuse throughout the network. Furthermore, various
data augmentation strategies have been employed to enhance the generalizability of
the model. As a result, the proposed model has demonstrated improved segmentation
performance across multiple datasets without the need for any fine-tuning [14].
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Fig. 2.19: The architecture of the 2D ARW-Net model. Adapted from [14]

2.6.7 State-of-the-Art Model

In their seminal work, Sharan et al. [15] introduced two segmentation models for
CMRI segmentation based on the ACDC dataset: an encoder-modified Feature Pyra-
mid Network (FPN) and U-Net architectures. The encoder modifications incorpo-
rated networks such as VGG, ResNet, and DenseNet. Transfer learning was employed
in their study, leveraging pre-trained DenseNet, VGG, and ResNet encoders trained
on the ImageNet dataset. This research represents the State-of-the-Art approach for
CMRI segmentation using the ACDC dataset.

The first type of model which is the FPN, leveraged a convolutional network’s
hierarchical feature representation to construct a feature pyramid with high-level se-
mantics across different scales. It processed images of any size while maintaining
consistent feature map dimensions. FPN was independent of the backbone architec-
ture and integrated various networks, such as ResNet, DenseNet, InceptionNet, and
VGG, as encoders. The architecture of the FPN is shown in Figure 2.20.

FPN consisted of two pathways: bottom-up and top-down. The bottom-up pathway
was a feed-forward convolutional network that extracted features at multiple scales
with a scaling factor of 2. As it progressed upward, spatial resolution decreased while
higher-level features became more abstract. At the top of this pathway, a 1x1 convolu-
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Fig. 2.20: The architecture of the FPN. Adapted from [15]

tion reduced channel depth, followed by two 3x3 convolutions that generated the first
segmentation feature map.

In the top-down pathway, feature maps from the bottom-up path were upsampled
by a factor of 2 using nearest-neighbor interpolation. A 1x1 convolution was then ap-
plied to align feature maps, followed by element-wise addition. Two 3x3 convolutions
refined the output before final segmentation. Ultimately, all feature maps (each with
128 channels) were concatenated into a 512-channel representation. A 3x3 convolu-
tion with batch normalization and ReLU activation was applied, followed by a final
Ix1 convolution to produce the final feature map.

The second type of model which is the U-Net architecture developed by Ron-
neberger et al. [6] was also used with multiple encoders such as VGG, DenseNet
and ResNet. The architecture consisted of a contracting path and an expansive path.
The contracting path applied two 3x3 convolutions, each followed by a rectified linear
unit (ReLLU) activation, and a 2x2 max pooling operation with a stride of 2 for down-
sampling. The number of feature channels doubled after each downsampling step. In
the expansive path, upsampling was performed at each stage, followed by a 2x2 con-
volution that reduced the number of feature channels by half. The upsampled feature
maps were then concatenated with the corresponding cropped feature maps from the
contracting path. This was followed by two 3x3 convolutional layers with ReLLU ac-
tivation. Cropping was necessary due to the loss of border pixels during convolution.
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At the final output layer, a 1x1 convolution mapped each 64-component feature map
to the desired class. The network contained a total of 23 convolutional layers. Dense
layers were avoided to ensure that the model could process images of any size.

The data pre-processing had included Region of Interest (ROI) cropping, Contrast-
Limited Adaptive Histogram Equalization (CLAHE), and pixel resizing. The dataset
had then been divided into training, validation, and test sets in a 60:20:20 ratio. To
enhance the training process, data augmentation techniques had been applied to the
training set, increasing both the number and variability of images.

Following pre-processing, model-specific adjustments had been applied before train-
ing. Once trained, the models had been evaluated on the test dataset, and performance
metrics such as the Dice score and Jaccard Coefficient had been calculated to assess
segmentation accuracy.

The mean Dice scores obtained were 0.958, 0.914, and 93.4 for LV, MYO, and
RV, respectively. Additionally, the Hausdorff distances for the proposed method were
recorded as 1.69, 2.28, and 1.90 for LV, MYO, and RV, respectively. The p-value
for these results was found to be less than 0.05 (=0.0313), indicating the statistical
significance of the proposed method.

This automatic, end-to-end trainable computer-based approach required fewer re-
sources and less time while achieving superior results compared to state-of-the-art
methods. By improving efficiency, it had the potential to assist medical practitioners in
analyzing cardiac diseases more effectively. Given its high performance and statistical
significance, this model stands as the current state-of-the-art (SOTA) for cardiac MRI
segmentation.

2.7 Comparison of Related Studies

Both traditional image processing/ ML and deep learning approaches have been used
for cardiac MRI segmentation of ventricular structures and myocardium, each with its
own strengths and weaknesses. This section discusses the strengths and weaknesses of
those methods in detail.

2.7.1 Traditional Methods vs. Deep Learning Methods

The evolution of cardiac MRI segmentation techniques can broadly be categorized into
two main paradigms: traditional image processing and machine learning (ML)-based
methods, and contemporary deep learning (DL)-based approaches. Each paradigm
offers a distinct set of advantages and limitations, and their comparative evaluation
provides valuable insight into the progression and current state of medical image anal-
ysis.

Traditional methods in medical image segmentation typically rely on handcrafted
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features derived from domain knowledge, combined with classical image processing
techniques or shallow learning algorithms such as support vector machines (SVMs),
random forests, or k-nearest neighbors (KNN). These approaches are often appreci-
ated for their interpretability, as the decision-making process can be traced back to
specific features and heuristics explicitly engineered by researchers or clinicians [29].
Furthermore, these methods are generally computationally efficient, requiring signif-
icantly less memory and processing power compared to deep neural networks, which
makes them suitable for deployment in low-resource settings [29]. Another notewor-
thy strength lies in their reduced dependency on large datasets, since the reliance on
explicit feature extraction allows effective model training even with limited annotated
data [20].

Despite these advantages, traditional approaches exhibit several limitations. The
manual feature engineering process is inherently time-consuming and requires deep
domain expertise, which can restrict scalability and adaptability [5, 22]. Additionally,
the generalizability of these methods is often limited. When applied to datasets from
different sources, scanners, or imaging protocols, significant reconfiguration of the
feature extraction pipeline is often necessary [15]. Moreover, traditional techniques
frequently struggle to capture the complex anatomical variations present in cardiac
structures, particularly in cases involving congenital defects, severe pathology, or mo-
tion artifacts [5, 23, 71].

In contrast, deep learning-based methods, particularly convolutional neural net-
works (CNNs), have revolutionized the field by offering end-to-end learning frame-
works capable of automatically learning hierarchical representations from raw im-
age data. These models have demonstrated state-of-the-art performance across a
wide range of segmentation benchmarks, including cardiac MRI segmentation, of-
ten surpassing traditional approaches in both accuracy and robustness [23]. One of
the most significant advantages of DL methods is their ability to automatically ex-
tract multi-scale features without manual intervention [22, 23], reducing the need for
handcrafted pipelines and enabling consistent performance across heterogeneous
datasets [15, 62]. Moreover, their capacity to model complex spatial relationships
allows them to effectively capture subtle structural variations, making them particu-
larly suitable for segmenting intricate anatomical regions such as the myocardium and
cardiac chambers [24].

However, the deployment of deep learning models is not without challenges. These
models typically require large volumes of labeled training data, which can be scarce
in medical imaging due to the need for expert annotations and data privacy constraints
[22]. Furthermore, DL models are often criticized for their lack of interpretability.
The "black-box" nature of neural networks raises concerns in clinical contexts, where
explainability is critical for decision support and regulatory approval [72]. Addition-
ally, the computational demands of training and deploying DL models can be sub-
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stantial, necessitating specialized hardware such as GPUs or TPUs and considerable
training time [24].

In summary, while traditional methods offer advantages in interpretability, effi-
ciency, and low data requirements, they fall short in handling the complexity and vari-
ability inherent in medical imaging tasks. Deep learning methods, despite their higher
resource demands and interpretability concerns, provide a more powerful and scal-
able solution, particularly when dealing with large and diverse datasets. The ongoing
research efforts aim to bridge the gap between these paradigms by incorporating inter-
pretability, efficiency, and data-efficiency into deep models, ultimately enhancing their
clinical usability and reliability.

2.7.2 Comparison of Techniques Used for CMRI Segmentation

Various segmentation methods, spanning from no or weak prior approaches to those
with strong priors, were employed for cardiac MRI segmentation tasks before the ad-
vent of deep learning. Table 2.2, adapted from [20, 29], summarizes the techniques
associated with various studies that have used the traditional image processing or ML
based methods for CMRI segmentation.

Due to the limitations discussed in Subsection 2.7.1 of the traditional methods, DL-
based methods have emerged as powerful tools in Cardiac MRI segmentation tasks. A
summary of the findings from previous studies related to CMRI segmentation using
DL-based methods is presented in Appendices A.

2.7.3 Comparison of State-of-the-Art Segmentation Methods Evaluated on ACDC
Dataset

The performances of the SOTA segmentation methods that were evaluated on the
ACDC dataset [18] are summarized in Table 2.3.

Based on the comparison presented in Table 2.4, solution proposed by Chowdary
et al. [21] demonstrates notable advancements over other existing state-of-the-art
(SOTA) methods in cardiac MRI segmentation. While all compared SOTA methods
have successfully segmented all three cardiac regions (Left Ventricle, Right Ventri-
cle, and Myocardium) and utilized labeled ACDC data for supervised training, their
proposed method distinguishes itself through enhanced generalizability, and superior
performance in terms of segmentation accuracy.

2.8 Evaluation Metrics

Accurate segmentation of cardiac structures from CMR images relies on effective loss
functions in deep learning models. The choice of a specific loss function depends
on the characteristics of the segmentation task and the desired properties of the model
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TABLE 2.2: COMPARISON OF TRADITIONAL METHODS USED FOR CMRI

SEGMENTATION.
Reference | Category Technique(s) Target(s) | Accuracy
[52] Image-based | Thresholding + edge LV DC(epi): 0.93 +
detection + radial re- 0.02, DC(endo):
gion growth 0.89 £ 0.04
[2] Image-based | Optimal thresholding LV DC(epi):  0.94,
+ FFT + multiple DC(endo): 0.90
seeds region growth
[53] Image- Region growth with LV -
based + | iterative thresholding
Deformable | + active contours
Method
[54] Image-based | Region growth + LV -
seeds propagation
[3] Pixel Classi- | LV  localisation + LV -
fication EM-based classifica-
tion + active contours
[55] Pixel Classi- | GMM (EM) + region LV DC(epi):0.94 =+
fication restricted  dynamic 0.02, DC(endo):
programming 0.89 £+ 0.03
[56] Pixel Classi- | Geodesic active MYO DC: 0.79 £ 0.07
fication region + statistical
KNN classifier
[57] Pixel Clas- | Multi-atlas + aug- LVM DC: 0.807
sification + | mented feature +
Atlas-based | SVM classification
[73] Deformable | Level sets + overlap LV DC: 0.93 £ 0.02
Method priors
[58] Model- ASM + invariant opti- | LV, RV | -
based mal features
[59] Model- Hybrid ASM/ AAM LV,RV | -
based
[60] Model- ASM + AAM LV,RV | -
based

output. Some of the common loss functions used in cardiac MRI segmentation is stated

below.

* Dice Coefficient (DC): This is a widely used metric to quantify the similarity

between the ground truth mask and the predicted mask. It measures the overlap

between the two sets, and its values span from O to 1, with a perfect agreement

indicated by a score of 1 [19, 22]. The mathematical expression for the Dice

coefficient in Equation 2.1 is defined as follows, where P and G denote the sets
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TABLE 2.3: SEGMENTATION ACCURACY (DICE) OF SOTA METHODS
EVALUATED ON ACDC DATASET.

Reference

Method

LV

MYO

RV

Isensee et al. [74]
Lietal. [75]

Sun et al. [12]
Chowdary et al
[21]

Yutian et al. [5]

Ensemble model comprising of a
2D and 3D U-Nets

ROI detection and segmentation us-
ing 2 FCNs

SAUNet - Shape Attentive U-Net
Multi-Modal Cardiac  Network
(MMC-Net)

Res U-Net as the initial segmen-

0.950

0.944

0.938
0.963

0.855

0.911

0911

0.887
0.963

0.746

0.923

0.926

0914
0.953

0.761

da Silva et al. [4]

Ren et al. [9]
Sharan et al. [15]

Kamal et al. [14]

tation network and a hierarchical
ConvLSTM based recurrent net-
work as the temporal consistency
network

Cascaded approach: UNet for ROI
extraction, FCN for initial segmen-
tation, and a U-Net model for re-
finement

Multi-Task Learning based U-Net
(MTLUNET)

U-Net with VGG encoder and Fea-
ture Pyramid Network
Attention-guided Residual W-Net
(ARW-Net)

0.938 | 0.900 | 0.880

0.881 | 0.807 | 0.724

0.958 | 0.914 | 0.934

0.953 | 0914 | 0.923

of pixels contained within the predicted and ground-truth masks, respectively.

21 P
po(p.G) = H P0G

= — 2.1
EEE D

Jaccard Coefficient (JC): This is commonly known as the Jaccard similarity
coefficient and it functions as a metric for gauging the similarity of two sets of
pixels. It also measures the extent of overlap between the predicted and ground-
truth masks [19, 22]. An elevated Jaccard coefficient value indicates a stronger
resemblance between the predicted and ground-truth contours. Calculating the
Jaccard coefficients involves a comparison of the sets of pixels encompassed by
the predicted (P) and ground-truth (G) label contours, as shown in Equation 2.2.

jopc) = L0¢

= TFUG| 2.2)

Hausdorff Distance (HD): It measures the degree of mismatch between two
sets of points, commonly used to evaluate the spatial accuracy of image segmen-
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TABLE 2.4: FEATURE COMPARISON OF THE SOTA METHODS USING ACDC

DATASET

Study Method All3 Test Set Real-time

Regions Generaliz- Prediction

Segmented? ability

Isensee et al. | Ensemble 2D and v X X
[74] 3D U-Nets
Li et al. [75] FCNs v X X
Sun et al. [12] | SAUNet v X X
Chowdary et | MMC-Net v v X
al. [21]
Yutian et al. | Temporal Consis- v X X
[5] tency Network
da Silva et al. | Cascaded U-Nets v X X
[4]
Renetal [9] | MTLUNET v X X
Sharan et al. | VGG  encoder- v X X
[15] based U-Net
Kamal er al. | ARW-Net v v X
[14]

tation results. It is defined as the maximum distance between any point in one
set and its nearest point in the other set, considering both directions [19, 22].
A lower HD implies smaller difference between the ground truth and predicted
masks. Equation 2.3 shows the HD metric where d(x, y) denotes the Euclidean
distance between x and y.

HD = max{max{min[d(z, y)|}, max{min[d(y, z)|}} (2.3)
TEL; YEP; yEP; TEL,;

* Mean Intersection over Union (MIoU): This method also involves assessing
the similarity between the specified ground truth mask and the segmentation
result. As shown in Equation 2.4, 1., represents the number of classes, n;;
signifies the number of pixels classified as class j but originally belonging to
classi,and t; = ), n;; denotes the total number of pixels in class i. This method
aids in determining the extent of similarity by considering the distribution of
pixels across different classes and their origin [10].

> i

MIoU =
Nelass X (tz + Zj(nji - nii))

(2.4)
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2.9 Limitations and Challenges in Existing Methods

CMRI segmentation of ventricular structures and myocardium is a complex task that
involves various challenges and limitations across different segmentation techniques.
Both traditional and DL-based segmentation techniques have their own set of chal-
lenges in the context of CMRI segmentation.

Many traditional techniques, such as thresholding and region growing, often re-
quire manual parameter tuning or user interaction [29, 71]. This subjectivity can lead
to variations and may not be suitable for large-scale applications. Moreover, these
methods methods may struggle with noisy images or variations in image intensity.

When considering the deformable methods such as active contour and level sets,
their performance may heavily depend on the quality of the initial segmentation [18,
29]. These methods may also require user interaction for parameter tuning and guiding
the deformable model [19].

The accuracy of atlas-based methods, may depend on the effectiveness of image
registration, which may be challenging in the presence of anatomical variations [19,
29]. Also, this method may struggle with abnormal or pathological cases that deviate
significantly from the atlas.

The model-based segmentation methods such as SSM, heavily depends on the
training data, as the accuracy of SSMs relies on the representativeness and diversity of
the training dataset [19]. Unsupervised or supervised techniques, which come under
pixel classification methods, also require large amount of training data, and depends on
the variations in the input data [19]. Furthermore, the feture engineering can be com-
plex and specific to the image data, and these techniques might struggle with small
structures or ambiguous tissue boundaries [29].

Due to above limitations with traditional CMRI segmentation techniques, DL-
based techniques have been explored in recent studies; however, those DL-based mod-
els require large amounts of labeled data for training, which can be expensive and
time-consuming [8, 10, 13]. Moreover, DL models often act as black boxes, making
it challenging to understand their decisions [1]. In addition to that, DL-based methods
may struggle with generalizing to data outside the training distribution, especially in
the presence of domain shifts [10, 14]. Moreover, some of the proposed DL-based ar-
chitectures are highly customized to specific segmentation task, and might generalize
well in other domains [4, 14].

In summary, both traditional and DL-based segmentation techniques face chal-
lenges in cardiac MRI segmentation. While traditional methods may struggle with
variability and manual parameter tuning, deep learning methods require careful con-
sideration of data annotation challenges, interpretability, and generalization across dif-
ferent datasets. Hybrid approaches that combine the strengths of both techniques may
be a promising avenue for addressing these challenges in cardiac MRI segmentation.
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CHAPTER 3
METHODOLOGY

U-Net, introduced by Ronneberger et al. in 2015 [6], became a popular architecture
for semantic segmentation tasks, particularly in medical image analysis. It has over 98
thousand citations, by the end of 2024. Due to its symmetric and modular design, nu-
merous studies have explored possible modifications that could be done to the original
U-Net to improve its performance in segmentation tasks.

Azad et al. [24], in their detailed review of medical image segmentation using
U-Net variants, have proposed a taxonomy which categorizes the enhancements of the
U-Net architecture into six categories such as skip connection enhancements, backbone
design enhancements, bottleneck enhancements, transformers, rich representation en-
hancements and probabilistic design [24].

This study mainly focuses on developing U-Net-based architectures for CMRI seg-
mentation, by combining the ideas and concepts discussed in [24].

3.1 Process Flow

The overall process of cardiac MRI segmentation of ventricular structures and the my-
ocardium consists of data pre-processing, data augmentation, model training and eval-
uation as depicted in Figure 3.1. The process begins with data pre-processing, where
the cardiac MRI images are resized to a uniform resolution to ensure consistency across
the dataset. The images are then normalized to standardize intensity values, improving
the stability of model training. Additionally, de-noising techniques are applied to sup-
press noise artifacts, enhancing the clarity of the input data for segmentation. Follow-
ing pre-processing, data augmentation techniques are applied to expand the variability
within the dataset and improve the model’s generalization capabilities. Augmentation
operations include rotation, affine transformations, flipping, deformation, and blurring,
which mimics real-world variations in imaging conditions and patient anatomy. The
pre-processed and augmented data are then fed into the training phase, where U-Net
variants are trained using a standardized pipeline. The final step involves model eval-
uation using the dice coefficient as the primary metric.

A detailed description of each of these steps will be provided in the upcoming
sections.

3.2 Dataset

The Automated Cardiac Diagnosis Challenge (ACDC) dataset, which comprises of
cardiac cine MR images, has been compiled using clinical exams conducted at the
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Fig. 3.1: Overall Process of Cardiac MRI Segmentation.

University Hospital of Dijon, France [18]. The Cine Magnetic Resonance (MR) im-

ages have been obtained during breath-holding using either retrospective or prospective

gating, employing a steady-state free precession (SSFP) sequence in a short-axis orien-

tation [18]. This dataset will be mainly used in this study to develop the U-Net variant

for CMRI segmentation of ventricular structures and myocardium.

The ACDC dataset comprises of 150 exams from 150 different patients, and it is

divided into 5 balanced subgroups as stated in Table 3.1.

TABLE 3.1: SUMMARY OF THE STUDY POPULATION IN ACDC DATASET

Group Subgroup # of Subjects | Label
Subjects with myocardial infarction 30 MINF
Pathelogical Subjects with dilated cardiomyopathy 30 DCM
Subjects with hypertrophic cardiomyopathy 30 HCM

Subjects with abnormal right ventricle 30 RV
Healthy Normal subjects 30 NOR

The dataset offers the segmentation ground truths, annotated by clinical experts,

for each scan of the LV and RV endocardium and epicardium at both end-diastolic and
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end-systolic phases. A sample 2D CMRI image and its ground truth is depicted in
Figure 3.2. In this study, we are classifiying each pixel in the input image into one of
the 4 classes: Background, LV, RV, or MYO. Every subgroup was distinctly delineated
based on physiological parameters, including the LV mass, the local contraction of the
LV, left or right diastolic volume or ejection fraction, and the maximum thickness of
the myocardium.

Left Ventricle

Myocardium

Right Ventricle

Fig. 3.2: 2D CMR image and its ground truth from the ACDC dataset.

In addition to that, for each scan, the dataset offers additional information about
the subject such as age, weight, height and diastolic-systolic phase instants that could
be used for further analysis.

The training dataset consists of 100 subjects, with 20 subjects included from each
subgroup. Similarly, the test dataset comprises 50 subjects, with 10 subjects from each
subgroup.

The structure of the ACDC dataset is shown in Figure 3.3. A description of each
of the file present in a patient directory is given below.

Info.cfg: A configuration file comprising the metadata of a patient such as the
label (pathology).

patientXXX_4d.nii: The complete MRI sequence in NIfTI format.

patientXXX_frameXX.nii: ED or ES frame in NIfTI format.

patientXXX frameXX gt.nii: Annotation at the pixel level for either the ES
or ED frame in NIfTI format. The frames are annotated for 3 semantic classes:
the left ventricular cavity, the RV, and the Myocardium (MYO) of the LV.
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acdc_root

|

|----- patienteel

| |----- Info.cfg

| [----- patiente@l 4d.nii

| |o==e= patient@0l1 frame®l.nii

| |----- patiento0l frame@l gt.nii

| [----- patientool framel2.nii

| |o==e= patient0el framel2 gt.nii
|

|----- patientXXX

| | ----- Info.cfg

| |----- patientXXX_4d.nii

| [----- patientXXX_frameXX.nii

| [----- patientXXX_frameXX_ gt.nii
| |o==e= patientXXX_frameXX.nii

| |----- patientXXX_framexXX gt.nii
|

Fig. 3.3: The structure of the ACDC dataset.

3.3 Data Pre-Processing

The data preparation and pre-processing steps that are followed are listed below.

* Data Preparation and Formatting: The ACDC dataset comprises of ED or

ES frames in NIfTI format. 2D image slices are extracted from these NIfTI

files, as the study is conducted using 2D images. The 3D images, which are in

LPS orientation, were first transformed to RAS orientation. Then, the 2D slices

were extracted and stored. The processed repository ACDC directory structure

is shown in Figure 3.4. The images directory contains the cardiac MRI 2D slices
in “.png” format. The subjectXXX, frameXX and sliceXX indicates the subject
number, ED or ES frame number, and the 2D slice number in each frame respec-

tively. Moreover, the masks directory comprises of binary segmentation masks
of LV, RV and MYO in “.png” format. The labels directory contains the label

(pathology) class of each corresponding subject.

* Image Resizing: In order to facilitate the batch processing during model train-

ing, images are resized to 224 x 224 to ensure consistent dimensions across

all images and masks. Moreover, the original image anatomical structure was

preserved, to avoid distorting anatomical structures.

* Intensity Normalization: To enhance the model convergence and stability, pixel

values are scaled to a standard range, typically between O and 1. This step is

crucial as MRI images often have varying intensity ranges. In this study, Z-score

normalization was used with 0 mean and a standard deviation of 1.
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* Data Augmentation: To enhance the model’s generalization and robustness ca-
pabilities, data augmentation was designed and conducted on the original ACDC
3D images, rather than on 2D slices extracted from them. This approach pre-
served the spatial relationships within the volumetric data and ensured mean-
ingful variations in the augmented dataset. Augmentation techniques including
random rotations, horizontal and vertical flipping, motion blur, affine transfor-
mations, and elastic deformations, were applied in a controlled manner. The
number of augmented samples was kept within reasonable bounds to avoid gen-
erating excessive variations that could lead to incorrect results or overfitting.
Furthermore, we conducted experiments to validate the effectiveness of the aug-
mentation strategy by comparing model performance with and without aug-
mented data, ensuring that the augmentation task contributed positively to model
learning. Figure 3.5 provides an output of each augmentation technique applied
to a sample image.

 Data Splitting: The original dataset comprises of training and test datasets with
100 and 50 subjects in each dataset. We have split the total 150 subjects to
80:10:10 ratio and used 120 subjects as training, 15 subjects as validation, and
15 subjects as test data. The 2D image slices extracted from these subjects were
used for model training while preserving the 80:10:10 ratio.

* Noise Reduction: Image de-noising techniques are considered if the images
exhibit significant noise. Median filtering and Gaussian blur were used as noise
reduction techniques.

A summary of the image counts for training, validation and test sets before and
after applying data augmentation is provided in Table 3.2.

TABLE 3.2: DATASET DISTRIBUTIONS

Dataset Training | Validation | Test
Original 2160 270 270
After Augmentation 16000 2000 2000

3.4 U-Net Based Variants

The U-Net framework, introduced by Ronneberger et al. in 2015 [6], proves to be
a robust solution for the segmentation of medical images. In various recent studies,
researchers have extensively employed it, adapting its structure to address specific ob-
jectives, such as the segmentation of cardiac MRI.

The original U-Net comprises an encoder (contracting) path for extracting features,
a decoder (expanding) path for spatial localization and skip connections between the
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processed_acdc_root

|----- train

| |----- subjecte®l frame@l slice®2.png
| |----- subjecte@l_framel2 slice®2.png
|
|

|----- subject8®l frame@l slice®2 LV.png
|----- subjecte@l frame@l slice@2 MYOQ.png
|----- subjecte®l frame@l slice®2 RV.png
————— subjecte@l framel2 slice®2 LV.png
|----- subjecte®l framel2 slice®2 MYO.png
|----- subjecte@l_framel2 slice®2_RV.png

|----- labels.json

|-—--- <dataset>

| |----- subjectXXX_frameXX_ sliceXX.png

| |----- subjectXXX_frameXX_sliceXX LV.png
| |----- subjectXXX_frameXX_sliceXX MYO.png
| |----- subjectX¥X_frameXX_sliceXX RV.png
|

|

| |-=--- labels.json

Fig. 3.4: The structure of the processed ACDC dataset.

encoder and the decoder levels to bridge the gap between high-level semantic features
and low-level spatial details [6].

This study involved making adjustments mentioned below to the original U-Net
architecture, and the performance of the modified variants were assessed in the context
of segmenting ventricular structures and myocardium in Cardiac MRI.

* Encoder Enhancements: Add more encoder levels (i.e. deeper architectures)
for effective feature extraction, integrate attention mechanisms to focus on rel-
evant features for specific structures, or introduce residual connections with en-
coder blocks for improved information flow and gradient propagation [24].

 Skip Connection Enhancements: Use attention mechanism to process the fea-
ture maps within the skip connections.

¢ Bottleneck Enhancements: Use attention mechanism in the bottleneck of the
U-Net.

* Transformers: Develop a customized and hybrid design Transformer model
which includes patch embedding and multi-head self-attention mechanism [76,
77].
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* Rich Representation Enhancements: Use multi-scale (pyramid method) in the
encoder path, which resizes the input image and into a set of decreasing spatial
resolution images [24] and fuse those as inputs at different encoder levels.

* Feedback Mechanism: Incorporate feedback of the decoder output to the en-
coder input to iteratively refine the segmentation output [7].

In the following sub-sections, the U-Net variants that were developed are discussed
in detail.

3.4.1 Original U-Net (O-UN)

The Original U-Net (O-UN) architecture proposed by Ronneberger et al. [6] is the
baseline model used in this study to compare the performances of U-Net variants. It
follows a symmetric encoder-decoder structure with skip connections, which preserve
spatial data lost during downsampling. The encoder extracts features via a series of
convolutional and max-pooling layers (refer Equation 3.1 and Equation 3.2), while the
decoder performs upsampling to reconstruct the segmented output. In Equation 3.1 x
denotes convolution, x is the input feature map, W is the kernel, b is bias, and f is the
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activation function (e.g., ReLU). Skip connections directly pass feature maps from the
encoder to the corresponding decoder layers, enabling precise localization and efficient
feature reuse as provided in Equation 3.3.

y=f(Wxx+0) 3.1)
;= MaX  Tmn 3.2
Yirg (m,n)eN (i,7) ’ ( )
Z = Tencoder P Ldecoder (33)

The U-Net architecture is composed of two main parts as shown in Figure 3.6.

16464 28 64 64 4
Input Output
Image Segmentation

N Map
| ’ ‘ ‘ ‘

l 128 128 256 128

224 x 224
224 x 224

256 256 512 256

>
>

1024 512 —> Conv 3x3, ReLu

512 512
[ —_— I ] -l ] —)»  Copyand Crop
—o i Max Pool 2x2

Fig. 3.6: The Original U-Net Architecture.

The contracting path (encoder) follows the structure of a typical convolutional
neural network. It consists of repeated blocks of two 3 x 3 convolutional layers (each
followed by a ReL.U activation function) and a 2 x 2 max-pooling layer for downsam-
pling. Each downsampling step doubles the number of feature channels, allowing the
network to learn more complex features as the spatial dimensions reduce. The encoder
captures high-level features and context information about the input image.

On the other hand, the expansive path (decoder) performs upsampling and feature
reconstruction. Each upsampling step is achieved using a 2 X 2 transposed convolution
(or deconvolution) layer, which halves the number of feature channels while increasing
spatial resolution. The upsampled feature map is concatenated with the corresponding
feature map from the contracting path using skip connections. These skip connections
provide fine-grained spatial details from earlier layers, helping to recover lost spatial
information due to downsampling. After concatenation, the features are passed through
two 3 x 3 convolutional layers with ReLLU activations.

The final output layer is a 1 x 1 convolution that maps the features to the desired
number of classes for segmentation, which is 4 in our study. This produces a pixel-wise
classification of the input image.
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3.4.2 Residual U-Net (Res-UN)

The Residual U-Net (Res-UN) , also known as ResU-Net, adapted from [16], com-
bines the strengths of U-Net for segmentation tasks with the benefits of residual learn-
ing, which helps in training deep networks by addressing vanishing gradient issues.
The 5 key components of the architecture, as depicted in Figure 3.7 are: residual con-
volutional block, encoder, bottleneck, decoder and the output layer.

Each residual convolutional block in this architecture uses two convolutional lay-
ers with kernel size 3 and padding 1 for spatial consistency. The batch normalization
normalizes the input features across the batch dimension for each channel, while the
ReLu activation function is used for introducing non-linearity. The residual connection
F(x), as in Equation 3.4, bypasses the main path using either an identity mapping or a
1 x 1 convolution (if input and output channel dimensions differ) [16]. This connection
allows the network to learn modifications to the input rather than entirely new repre-
sentations, improving gradient flow during training [16]. x and y in Equation 3.4 refers
to input and output tensors while o refers to ReLu activation. Conv; and Conv, refer
to 3 x 3 convolution operations, while BN; and BN, refer to Batch Normalization.

y = o (BN, (Conv, (o (BN; (Conv,(x)))))) + F(x) (3.4)

While the original ResU-Net architecture uses 3 consecutive residual blocks [16],
a fourth residual block was added to the encoder to deepen the architecture and as a
novelty as shown in Figure 3.7. Therefore, the encoder composes of four consecutive
residual blocks, progressively increasing the number of channels from 64 to 512. Each
block is followed by a max-pooling layer for spatial down-sampling, reducing the input
size and extracting hierarchical features.

As the bottleneck layer, another residual block is used with 1024 channels. It acts
as a feature aggregation layer, capturing the most abstract and high-level representa-
tions of the input [16].

Each decoder level consists of an upsampling operation to restore the spatial res-
olution, skip connections from the corresponding encoder level, implemented using
concatenation, and a residual block for further feature refinement as in Figure 3.7.
This design ensures that the high-resolution features from the encoder are reused, en-
hancing spatial detail preservation [16].

At last, the output layer comprises of a convolutional layer that reduces the num-
ber of channels to the required number of output classes, which is 4 in our study. This
produces the segmentation map for the input image.
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3.4.3 Attention U-Net (Atn-UN)

The Attention U-Net (Atn-UN) developed in this study is an advanced version of the
conventional U-Net, which introduces attention mechanisms to improve the segmenta-
tion performance by focusing on the most relevant spatial features [11]. The attention
block used in this architecture refines the features passed between the encoder and de-
coder paths. This block calculates attention coefficients to suppress irrelevant regions
and highlight salient features. As shown in Figure 3.8, the attention block comprises
of below components.

* Gating and Linear Transformations: Separate linear transformations are ap-
plied to the input feature maps g and the skip connection feature maps ', reduc-
ing their dimensions for computational efficiency (refer Equation 3.5). W, and
W, are the learnable weights (1 x 1 x 1 convolutions)

* Additive Combination: The outputs from these transformations are added, fol-
lowed by a ReLU activation (refer Equation 3.6). o, refers to ReLu activation
while f denotes the intermediate feature map.

 Sigmoid Attention Map: The combined output is passed through a Sigmoid
function to generate the attention weights (refer Equation 3.7). ) is another
1 x 1 x 1 convolution and o5 is the Sigmoid activation. « denotes the attention
coefficient map.

* Feature Recalibration: The skip connection features are multiplied by the at-
tention weights to emphasize relevant areas (refer Equation 3.8). © refers to
element-wise multiplication (resampling or gating).

0, =W,xa!, ¢,=W,xg (3.5)
f=0100: + ¢g) (3.6)
a=oy (¢ *f) (3.7)
i=aod (3.8)

In addition to that, each decoder and encoder block uses a double convolution block
with batch normalization and ReLLU activations, which extracts hierarchical features
efficiently. Figure 3.9 shows the proposed novel Attention U-Net architecture with an
additional encoder layer.
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Fig. 3.8: The Attention Block. Adapted from [11].
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Fig. 3.9: The Attetion U-Net Architecture

In the input and encoder path, the input image first passes through multiple en-
coder blocks, where each block consists of two convolutional layers followed by a
pooling operation. Feature maps are progressively downsampled, capturing high-level
semantic information.

At the bottleneck, which is the deepest layer in the U-Net structure, it aggregates
global features. Attention is applied at the bottleneck to focus on the most significant
global features before passing them to the decoder.

The decoder path consists of upsampling layers followed by concatenation with
corresponding encoder features. Before concatenation, attention blocks refine the en-
coder features to include only the most relevant spatial information. Moreover, it uses
double convolution blocks which refines the upsampled features.

The skip connections used in the architecture are not directly concatenated. In-

stead, they are first processed through attention blocks to remove redundant or less
important features.

3.4.4 Feature Pyramid U-Net (FP-UN)

The Feature Pyramid U-Net (FP-UN) is a modified version of the U-Net architecture
designed to enhance feature extraction and multi-scale information integration through
its novel Feature Pyramid Block. The architecture diagram of the proposed FP-UN is
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depicted in Figure 3.10.
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Fig. 3.10: The Feature Pyramid U-Net Architecture

In the encoder path, the encoder blocks reduce the spatial dimensions of the input
while increasing the number of feature channels. This is achieved through sequential
convolutional blocks and pooling operations. Each convolutional block consists of two
2D convolutional layers with a kernel size of 3 x 3 followed by Batch Normalization
and ReLu activation. These blocks learn hierarchical features at increasing levels of
abstraction. After each convolutional block, a max-pooling operation down-samples
the feature map by a factor of 2, reducing spatial dimensions while retaining key fea-
tures.

The Feature Pyramid Block (FPB) is the unique component of this architecture,
enabling multi-scale feature learning to capture context at various spatial resolutions.
It comprises of below components as shown in Figure 3.11.
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4 = {>[ Fax1x1xD5 ] [ F5x1x1xD5 ] [ F5 X Hs x W5 x Dg e G
x e)
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@ Concatenation

Fig. 3.11: The Feature Pyramid Block

* Input Transformation: A 1 x 1 convolution reduces the input feature map into

a lower-dimensional space for computational efficiency (refer Equation 3.9). W,
is the learnable kernel.

* Multi-Scale Feature Extraction: The FPB uses adaptive average pooling to
create smaller feature maps at three scales: 1 x 1 pooling captures global infor-
mation by compressing the entire feature map into a single value per channel,
2 x 2 pooling extracts medium-scale context, and 4 x 4 pooling focuses on finer
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details while maintaining spatial coherence. Each pooled feature map undergoes

a1 x 1 convolution to learn new representations (refer Equations 3.10 - 3.12).

« Upsampling: The pooled feature maps are upsampled back to the original spa-

tial dimensions using bilinear interpolation. This ensures that the multi-scale

features align spatially with the original feature map (refer Equations 3.13 -

3.15).

* Concatenation: The upsampled feature maps from all scales, along with the

original transformed feature map, are concatenated along the channel dimension

to create a rich, multi-scale representation (refer Equation 3.16).

X,:W1*X

P; = Convy ;1 (AvgPool,, (X))
Py = Convy 1 (AvgPool,, (X))
P3 = Convy 1 (AvgPool,, ,(X"))

U, = Upsample( P, size = H x W)
U, = Upsample(Ps, size = H x W)
Us = Upsample(Ps, size = H x W)

Fiy, = Concat(X', Uy, Uy, Us)

(3.9)

(3.10)
(3.11)
(3.12)

(3.13)
(3.14)
(3.15)

(3.16)

In the decoder path, the decoder reconstructs the image from the compressed

multi-scale feature representation produced by the FPB. It progressively restores spa-

tial resolution using transposed convolutions and integrates fine details from the en-

coder via skip connections. The upsampling and decoding involves transposed con-

volutions where each decoding step doubles the spatial dimensions. These upsampled

feature maps are then concatenated with corresponding encoder feature maps. This

preserves spatial details lost during downsampling. After concatenation, another con-

volutional block (similar to the encoder’s convolution block) processes the combined

feature maps.

Finally, the output layer uses 1 x 1 convolution layer reduces the channel count

of the final feature map to match the number of target classes, which is 4 in our study.

This produces pixel-wise class probabilities for segmentation.
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3.4.5 Feedback Residual U-Net (Feed-Res-UN)

The Feedback Residual U-Net (Feed-Res-UN) proposed in this study is an enhanced
version of the standard U-Net, which incorporates feedback mechanisms into its de-
sign. This architecture, as shown in Figure 3.12, is particularly useful in segmentation
tasks, such as medical image segmentation, where preserving fine details and incorpo-
rating previous output into the learning process can improve the overall model perfor-
mance [7].

Similar to the Residual U-Net, Feed-Res-UN comprises of Residual Blocks, which
are the core building blocks of the network. They incorporate residual connections to
help the model learn residual mappings. This improves the gradient flow and aids in
training deep networks by mitigating vanishing gradient problems. Each residual block
consists of two convolutional layers with batch normalization. A skip connection is
included to match the input and output dimensions when the number of channels in the
residual connection differs from the current block.

The encoder in the Feed-Res-UN consists of a series of residual blocks that pro-
gressively downsample the input image. The encoder reduces the spatial dimensions
while increasing the depth of the feature maps. The first four residual blocks are used
for downsampling, and after each block, a max pooling operation is applied to reduce
the spatial dimensions.

The bottleneck consists of a Residual Block with a large number of output chan-
nels (1024 in our case), which enables the network to capture complex features from
the downsampled representation before upsampling begins.

The decoder consists of a series of upsampling operations (using transposed con-
volutions) to progressively reconstruct the original spatial dimensions of the input im-
age. Each upsampling operation is followed by a concatenation with the corresponding
encoder feature map, which is a key part of the standard U-Net architecture. This skip
connection ensures that the decoder has access to high-resolution features from the
encoder, helping the network recover fine-grained details. After each concatenation, a
residual block processes the combined feature maps.

A unique feature of the Feedback Residual U-Net is its feedback mechanism,
which introduces the output of the first round of processing back into the network as
additional input. After the first forward pass, the output is passed through a 1 x 1
convolution to adjust its channel dimensions to match the input. The adjusted output
is then added to the original input image, creating a feedback loop. The modified input
(now including the feedback from the first pass) is processed through the network
again in a second round. The whole feedback process is defined in Equations 3.17 -
3.20. The X denotes the original input and F'(.) denotes the U-Net processing function
as a whole. Y(!) denotes the output after the first forward pass, where ¢(.) is 1 x 1
convolution to match the input dimensions. This feedback helps refine the model’s
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predictions by incorporating previous output into the current learning step.

Yyl = F(X) (3.17)
X=X+ (3.18)
Y® = F(X) (3.19)
Y = (Y1) (3.20)

After the second round of processing, a final 1 x 1 convolution is applied to produce
the output segmentation map. This segmentation map corresponds to the predicted
labels for each pixel, which represents the classes such as background, LV, RV and
MYO.

3.4.6 Transformer-Based U-Net (Trans-UN)

Combining the ideas present in TransUNet [77] and ViT [76] studies, a novel transformer-
based architecture was developed and trained in this study. The architecture diagram
of the proposed model is shown in Figure 3.13.

Input
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Fig. 3.13: The Transformer-Based U-Net Architecture

The architecture comprises of 3 main parts: patch embedding module, transformer
encoder and the U-Net decoder. In the Patch Embedding module, the input image
is divided into fixed-size patches and each patch is embedded into a high-dimensional
vector. This is done using the initial convolution layer, and each generated patch is
then projected into a feature space of specified embedding dimension. A positional
embedding is added to the patch embeddings to retain spatial information lost during
patch tokenization.

The Transformer Encoder extracts global context and dependencies across the
entire image, as the next step. The transformer encoder comprises of below key com-
ponents.
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Multi-Head Attention: Captures interactions between all patch embeddings.

Feed-Forward Network (FFN): Enhances feature transformation via a two-
layer Multi-Layer Perceptron (MLP) .

Layer Normalization: Ensures stability and faster convergence during training.

Dropout: Adds regularization to prevent overfitting.

Stacked Layers: Multiple encoder blocks are stacked to increase the represen-
tation power.

The U-Net Decoder reconstructs the spatial resolution and refines the segmentation
details. It comprises of convolutional blocks that include two convolutional layers
followed by ReL.U activation in each block and upsaling layers that uses transpose
convolutions that progressively upscale the feature maps.

3.5 Loss Function

A custom hybrid loss function was employed in this study, as another contribution
of this study, to effectively optimize the segmentation of ventricular structures and
myocardium in cardiac MRI images. The custom loss combines two complementary
components: Cross-Entropy Loss and Dice Loss.

The Cross-Entropy Loss (L¢g), provided in Equation 3.21, is a widely used loss
function for multi-class classification tasks. It measures the difference between the
predicted probability distribution (softmax outputs) and the ground-truth labels.

N C
1 A
Lop == DD Yiclog(iic) (3.21)

i=1 c=1
The Dice Loss (Lp;..), is specifically designed for segmentation tasks to address
class imbalance and focus on overlapping regions between the predicted and ground-
truth masks. The dice loss calculates a soft dice coefficient between the predicted
softmax probabilities and the one-hot encoded ground truth labels. This metric is par-
ticularly effective for capturing the similarity between the segmented output and the
target, especially in cases where certain classes occupy a small fraction of the image.
For multi-class segmentation, the dice loss is computed as given in Equation 3.22.

_ 2 Zf:l Zf\;l gi7cyi,c (3 22)
ZCCZI Zi\il (@ZC + yz%c) .

In Equation 3.21, N refers to total number of pixels, and C' refers to the number of

*CDice =1

classes, which is four in our study including the background. ¢; . in Equation 3.21 and
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Equation 3.22 refers to the predicted probability for pixel ¢ and class ¢, and y; . refers
to the ground truth (one-hot encoded) for pixel 7 and class c.

To leverage the strengths of both loss functions, a weighted combination of Cross-
Entropy Loss and Dice Loss was employed, with the weights 0.6 and 0.4 determined
experimentally to achieve optimal performance, as provided in Equation 3.23.

Lcustom = 0.6 - Log+ 0.4 Lpice (3.23)

3.6 Experimental Setup

The following tools and libraries were employed to facilitate the preparation and pre-
processing of cardiac MRI data, ensuring compatibility with the implemented machine
learning models and robust handling of medical imaging data:

* TorchIQO: TorchlO was employed in this study to handle 3D cardiac MRI data
efficiently, enabling advanced pre-processing and augmentation. Its capabilities
include spatial transformations like resampling and cropping, intensity standard-
ization through normalization and histogram matching, and augmentations such
as random flipping, rotation, and elastic deformations. TorchlO’s focus on volu-
metric data ensured the effective preparation of high-dimensional MRI datasets
while enhancing the generalizability of the models through robust augmentation
techniques.

* NiBabel: NiBabel is a dedicated library for handling neuroimaging file formats
like NIfTI, widely used for medical imaging. It was used in this study for reading
cardiac MRI 3D images, and extrcting 2D images slices from them.

* Albumentations: Albumentations is a fast and flexible library for image aug-
mentation, widely used in computer vision tasks to improve model generaliza-
tion. In this study, Albumentations was employed to augment 2D slices extracted
from 3D cardiac MRI data, enriching the training dataset with a diverse range
of variations. Its powerful augmentation techniques, including geometric trans-
formations (flipping, rotation, scaling), intensity modifications (brightness and
contrast adjustments), and noise addition, were instrumental in simulating real-
world variability.

The model training process was configured with a robust setup to ensure optimal
performance and generalization. The model was trained using PyTorch 2.2.1 frame-
work on an NVIDIA GeForce RTX 2080 Super GPU, with a batch size of 16 to bal-
ance memory efficiency and gradient stability. An initial learning rate of Se-4 was
employed, with dynamic adjustments managed by the ReduceLROnPlateau scheduler,
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which reduces the learning rate when the validation loss plateaus, facilitating fine-
tuned optimization during later stages of training.

The optimization process utilized the AdamW optimizer, an improved variant of
Adam that includes decoupled weight decay regularization, which mitigates overfit-
ting and ensures better generalization by separately penalizing large weights. Train-
ing was conducted for a maximum of 50 epochs, with early stopping implemented
to halt training when the validation performance ceased to improve, reducing the risk
of overfitting. This setup ensured a computationally efficient training process while
preserving model accuracy.

3.7 Web Application Development

To enhance the accessibility and usability of the cardiac MRI segmentation model,
a web-based application was developed and deployed on the Hugging Face Spaces
platform. The primary objective of this web app is to bridge the gap between com-
plex deep learning models and clinical or educational use by providing an intuitive
interface for real-time image analysis. Such an application has the potential to signif-
icantly benefit clinicians, radiologists, and medical researchers who may not have the
technical expertise or computational resources to run segmentation algorithms locally.
The application is publicly hosted and accessible at the following Hugging Face URL:
cmri-segmentation-web-app.

Built using the Gradio framework, this web application integrates a trained seg-
mentation model, specifically the best performing Feature Pyramid UNet in this study,
to automatically identify and highlight critical anatomical structures in cardiac MRI
slices, including the Left Ventricle, Right Ventricle, and Myocardium. Users can sim-
ply upload a cardiac MRI image, trigger the segmentation with a single click, and
instantly receive an overlaid output highlighting the segmented regions.

Figure 3.14 and Figure 3.15 illustrate the user interface of the developed web ap-
plication for cardiac MRI segmentation. Figure 3.14 presents the initial state of the in-
terface, where the user is prompted to upload a cardiac MRI image via drag-and-drop
or file selection. The layout is clean and logically divided into functional sections:
the left panel is reserved for the input image, while the right panel displays the seg-
mented output. The interface also features “Submit” and “Download Output” buttons
for processing and retrieving results, along with a “Region Description” textbox that
dynamically updates based on user interaction. Below these, a set of example images
is made available for instant testing of the application without the need for external
uploads. Moreover, a “Clear” button is used to reset inputs and outputs of the web
application.

Figure 3.15 demonstrates the application in action following the segmentation of a
sample cardiac MRI. The output image visually highlights the segmented heart struc-
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Fig. 3.14: The Web Application

tures: Left Ventricle (red), Right Ventricle (blue), and Myocardium (green), super-
imposed on the original grayscale scan. This visual distinction allows for immediate
anatomical interpretation. Additionally, upon selecting a segmented region, the ‘“Re-
gion Description” field populates with a concise explanation of the selected anatomical
structure, thereby enhancing the educational and clinical value of the tool. In the ex-
ample shown, the Left Ventricle has been selected, and its functional description is
displayed. This contextual annotation offers clinicians a quick reference, which can be
particularly helpful for trainees or interdisciplinary teams.
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Fig. 3.15: Sample Image Segmented Using the Web Application

This web-based deployment underscores the growing need for Al-assisted tools
that are not only powerful, but also readily deployable in real-world medical envi-
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ronments. By offering a plug-and-play solution that can be used on any device with
a browser, this application represents a significant step towards integrating machine
learning-driven diagnostic support tools into routine clinical workflows. Such tools
have the potential to accelerate diagnosis, reduce human error, and support a more
standardized interpretation of cardiac imaging data.
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CHAPTER 4
RESULTS

This chapter presents the results obtained in the Cardiac MRI segmentation experi-
ments conducted using different U-Net variants.

4.1 Evaluation Metrics

The Dice Coefficient (DC) in Equation 4.1, was used as the primary evaluation metric
to assess the performance of different U-Net variants. This metric is commonly used
in medical image analysis, including tasks like cardiac MRI segmentation, because
it provides a quantitative measure of how closely the predicted segmentation aligns
with the ground truth. It measures the overlap between the two sets, and its values
span from O to 1, with a perfect agreement indicated by a score of 1. P and G in
Equation 4.1 denote the sets of pixels contained within the predicted and ground-truth
masks, respectively.
2| PNG |
DC(P,G) e 4.1)
The Jaccard Coefficient (JC) in Equation 4.2 was used as the secondary met-
ric to evaluate the performance of the U-Net variants. This metric, also known as the
Intersection over Union (IoU), is also widely utilized in medical image analysis, partic-
ularly in segmentation tasks such as cardiac MRI segmentation. It offers a quantitative
measure of the similarity between the predicted segmentation and the ground truth by
calculating the ratio of the intersection to the union of the predicted and actual masks.
The Jaccard Index ranges from O to 1, where a value of 1 indicates perfect agreement
between the predicted and ground-truth segmentations. In Equation 4.2, P and G rep-
resent the sets of pixels in the predicted and ground-truth masks, respectively.
|P NG|

JC(P,G) = UG (4.2)

4.2 ACDC Test Set Performance

The Dice Scores obtained by each U-Net model for the LV, RV and MYO regions in
the test set are summarized in Table 4.1. All six models have shown better results in
segmenting ventricular structures and myocardium in CMRI images.

The results in Table 4.1 indicate following key insights:

* The Original U-Net (O-UN) showed robust performance across all categories.
It achieved a Dice score of 0.9411 for the Left Ventricle (LV), 0.8911 for the
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TABLE 4.1: EVALUATION OF U-NET VARIANTS USING TEST SET DICE

SCORES

Model LV RV MYO
Original U-Net (O-UN) 0.9411 | 0.8911 | 0.8511
Residual U-Net (Res-UN) 0.9219 | 0.8449 | 0.8204
Attention U-Net (Atn-UN) 0.9374 | 0.8810 | 0.8403
Feature Pyramid U-Net (FP-UN) 0.9445 | 0.8883 | 0.8513
Feedback Residual U-Net (Feed-Res-UN) 0.9389 | 0.8896 | 0.8455
Transformer-Based U-Net (Trans-UN) 0.8679 | 0.8013 | 0.7191

Right Ventricle (RV), and 0.8511 for the Myocardium (MYO). Notably, it recorded
the highest Dice score for RV segmentation among all tested models, highlight-
ing its robustness in capturing the complex structure of the right ventricle. De-
spite the emergence of advanced architectures, the Original U-Net remained
highly competitive, providing a strong baseline for comparison with other en-
hanced variants.

* The Residual U-Net (Res-UN), which incorporated residual connections to fa-
cilitate better gradient flow, underperformed compared to the Original U-Net
across all regions. It achieved Dice scores of 0.9219 for LV, 0.8449 for RV,
and 0.8204 for MYO. These results suggest that while residual learning can be
beneficial in deeper networks, in this case, it may have introduced unnecessary
complexity without significant gains in segmentation accuracy. Consequently,
the Residual U-Net did not offer substantial improvement over the baseline for
cardiac MRI segmentation.

* The Attention U-Net (Atn-UN) demonstrated moderate improvements over the
Residual U-Net, achieving Dice scores of 0.9374 for LV, 0.8810 for RV, and
0.8403 for MYO. The integration of attention gates helped the model focus on
relevant features during segmentation, leading to better performance, particu-
larly for RV and MYO, compared to the residual variant. However, the Attention
U-Net still fell slightly short of the Original U-Net’s performance, indicating that
while attention mechanisms were helpful, they were not sufficient on their own
to outperform the baseline model in this task.

* The Feature Pyramid U-Net (FP-UN) emerged as the best-performing variant
overall, delivering Dice scores of 0.9445 for LV, 0.8883 for RV, and 0.8513 for
MYO. It achieved the highest scores for both LV and MYO segmentation tasks
and demonstrated strong competitive performance for RV as well. By integrating
multi-scale feature extraction through a feature pyramid structure, the model
effectively captured the varying anatomical sizes and complexities present in
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cardiac structures. This enhanced ability to manage spatial hierarchies made
FP-UN particularly suitable for cardiac MRI segmentation.

* The Feedback Residual U-Net (Feed-Res-UN) improved upon the standard
Residual U-Net by incorporating feedback mechanisms from the decoder to the
encoder, resulting in Dice scores of 0.9389 for LV, 0.8896 for RV, and 0.8455
for MYO. The model demonstrated competitive performance, especially in RV
segmentation, closely trailing the Original U-Net and Feature Pyramid U-Net.
The feedback connections appeared to help refine the feature representations,
leading to better segmentation results than the plain residual design, although it
still did not surpass the best-performing models.

* The Transformer-Based U-Net (Trans-UN) exhibited the weakest performance
among all evaluated models, with Dice scores of 0.8679 for LV, 0.8013 for RV,
and 0.7191 for MYO. Although transformer components offer powerful global
feature modeling, their integration into the U-Net framework without extensive
optimization led to suboptimal results for this task. The relatively poor perfor-
mance suggests that the model may have suffered from overfitting or insuffi-
cient training data for fine-grained medical image segmentation. As a result, the
Transformer-Based U-Net was less effective in accurately segmenting cardiac
structures. While not explicitly used in this model as shown in Figure 3.13, the
traditional U-Net often includes skip connections to combine encoder and de-
coder features. Utilizing skip connections in the Trans-UN could improve the
model performance. In contrast to CNN-based U-Nets, which can learn effec-
tively even with limited data, transformers require more extensive datasets to
learn spatial relationships from scratch. Since the transformer components in
this model were trained from scratch without pretraining, the performance may
have been hindered.

The Jaccard Coefficients obtained by each U-Net model for the LV, RV, and MYO
regions in the test set are presented in Table 4.2. All six U-Net variants demonstrated
moderate to strong segmentation capabilities across different cardiac structures, though
with notable variations in performance across models and anatomical regions.

The results in Table 4.2 highlight several key observations:

* The Original U-Net (O-UN) performed consistently well, achieving strong Jac-
card scores across all three regions, particularly for the LV (0.8161) and MYO
(0.6835). Its performance closely aligns with that of more advanced variants,
indicating that despite its simpler architecture, O-UN is capable of reliable seg-
mentation. The relatively balanced performance across all structures makes it a
strong baseline model.
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TABLE 4.2: EVALUATION OF U-NET VARIANTS USING TEST SET JACCARD

COEFFICIENTS

Model LV RV MYO
Original U-Net (O-UN) 0.8161 | 0.6739 | 0.6835
Residual U-Net (Res-UN) 0.7603 | 0.6194 | 0.6165
Attention U-Net (Atn-UN) 0.8081 | 0.6629 | 0.6712
Feature Pyramid U-Net (FP-UN) 0.8279 | 0.6684 | 0.6852
Feedback Residual U-Net (Feed-Res-UN) 0.8115 | 0.6777 | 0.6832
Transformer-Based U-Net (Trans-UN) 0.6849 | 0.5224 | 0.5016

* The Residual U-Net (Res-UN) showed a decline in performance compared to
O-UN, especially in the MYO region (0.6165), where it recorded the lowest
score among the non-Transformer variants. Although residual connections can
theoretically enhance feature propagation and learning depth, their implemen-
tation in this model appears to under-perform, possibly due to increased model
complexity or overfitting. Despite this, it achieves a moderate score for RV
(0.6194), but overall results suggest room for improvement.

* The Attention U-Net (Atn-UN) demonstrated competitive results in LV (0.8081)
and MYO (0.6712) segmentation, outperforming Res-UN in all three regions.
The attention mechanism likely improved the model’s ability to focus on salient
regions, although its performance in RV segmentation (0.6629) remains slightly
behind other high-performing models. These results indicate that spatial atten-
tion contributes positively, though it may not be sufficient alone to fully capture
complex cardiac boundaries.

* The Feature Pyramid U-Net (FP-UN) achieved the highest Jaccard scores for
both LV (0.8279) and MYO (0.6852), confirming its superior capability in cap-
turing diverse spatial features through multi-scale representations. This suggests
that the feature pyramid mechanism allows the model to effectively integrate
fine and coarse contextual information, which is especially advantageous in seg-
menting intricate structures like the myocardium. While its RV score (0.6684)
is not the highest, its overall performance is consistently strong.

* The Feedback Residual U-Net (Feed-Res-UN) performed best in RV segmen-
tation (0.6777), marginally surpassing all other models. This indicates the bene-
fit of incorporating feedback loops in refining the segmentation of smaller or less
defined structures. Its scores for LV (0.8115) and MYO (0.6832) are also among
the top performers, suggesting that the feedback mechanism may enhance spa-
tial refinement when effectively integrated. Nonetheless, the improvements over
O-UN and FP-UN are relatively modest.
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* The Transformer-Based U-Net (Trans-UN) recorded the lowest Jaccard coef-
ficients across all three regions, with notably poor performance in RV (0.5224)
and MYO (0.5016). These results highlight the limitations of Transformer-based
models in small medical imaging datasets, where the lack of inductive biases and
need for large-scale training data can severely impact effectiveness. The model’s
limited performance indicates that, without additional architectural improve-
ments or access to larger training datasets, it may not be well-suited for detailed
segmentation tasks such as cardiac MRI. This is largely due to the higher param-
eter count in transformer-based architectures compared to other U-Net variants,
which increases the likelihood of overfitting when trained on smaller datasets.

Overall, the results from the Jaccard evaluation corroborate the Dice Score find-
ings, emphasizing the robustness of multi-scale feature extraction in FP-UN and the
challenges faced by Transformer-based models in limited-data settings. These insights
underline the importance of architectural choices in achieving high-quality segmenta-
tion in complex medical imaging tasks.

4.3 Segmentation Results Analysis

This section analyzes the segmentation results of the U-Net variants for 4 different
image samples.

The original image depicts a slice from a cardiac MRI scan, showcasing the heart’s
anatomical structures, including the left ventricle (LV), right ventricle (RV), and my-
ocardium (MYO). The gray-scale intensity variations highlight tissue contrast, en-
abling the distinction of these regions from the surrounding structures. This serves
as the input for segmentation models.

The ground truth mask represents the manually annotated segmentation of the im-
age, where the LV, RV, and MYO are distinctly labeled. Each region is assigned a
specific intensity value to indicate its boundaries and areas accurately. The ground
truth serves as a benchmark for evaluating the performance of segmentation models,
ensuring their predictions align with expert annotations. It highlights the complexity
of the task, especially in delineating thin and irregular regions like the myocardium.

In the first sample image (Figure 4.1), the Original U-Net captures the main struc-
ture of the LV, RV, and MYO, but minor discrepancies are visible along the borders.
The segmentation is slightly blurred, with some overlap errors between regions (e.g.,
the boundary of the myocardium is not perfectly aligned with the ground truth). While
effective as a baseline model, the Original U-Net struggles to capture sharp edges and
fine details of the myocardium, leading to slight under-segmentation of the thin re-
gions. This is consistent with its moderate Dice score for MYO.

The ResU-Net, on the other hand, demonstrates improved boundary alignment
compared to the Original U-Net. The contours of the LV and RV are sharper and more
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Fig. 4.1: Model Predictions for Sample Image - I

consistent with the ground truth, with fewer false positive regions. However, slight
over-segmentation is noticeable at the boundaries of the myocardium. The residual
connections appear to help the model capture the complex structures of the RV, as ev-
idenced by its superior Dice score for this region. The segmentation for MYO shows
modest improvement, but still lacks complete precision in thinner regions.

The Attention U-Net achieves a sharper focus on relevant regions, showing better
boundary alignment for the LV and RV compared to the Original U-Net. However, the
model appears to slightly under-segment the myocardium, leading to gaps or missing
regions compared to the ground truth. The attention mechanism helps focus on larger
structures like the LV, but it might struggle with fine-grained details, particularly for
the MYO. The under-segmentation of MYO aligns with its slightly lower Dice score
in this region.

The Feature Pyramid U-Net achieves excellent boundary alignment and segmenta-
tion across all regions. The model captures the fine details of the myocardium more
effectively than the other variants, with minimal overlap errors or missing regions.
The segmentation closely matches the ground truth, particularly for the thin myocar-
dial structure. The use of multi-scale feature extraction allows FP-UN to perform best
for LV and MYO, as evidenced by its Dice scores. It represents the most balanced and
accurate segmentation among all models.

The Feedback ResU-Net produces segmentation similar to the Original U-Net, with
visible blurring and slight misalignment at the boundaries of the LV and RV. The my-
ocardium segmentation is incomplete, with some regions missing or under-segmented.
The feedback mechanism does not significantly enhance feature learning, as the model
struggles with finer details and thinner regions. Its performance is slightly better than
the baseline for RV but does not surpass other advanced variants.

The Transformer-Based U-Net significantly underperforms, producing incomplete
and irregular segmentation for all regions. Large portions of the myocardium are ei-
ther missed or poorly segmented, and the boundaries of the LV and RV are less defined.
This model’s reliance on large datasets and global attention mechanisms seems to hin-
der its ability to generalize for small, detailed datasets like this cardiac MRI. Its poor
performance is reflected in the much lower Dice scores across all regions.

Now let’s analyze the second sample image in Figure 4.2.

The second sample image illustrates the segmentation outputs for various U-Net
variants compared to the ground truth mask for a different slice of cardiac MRI. The
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Fig. 4.2: Model Predictions for Sample Image - 11

ground truth mask accurately delineates the left ventricle (LV), right ventricle (RV),
and myocardium (MYO), with clear boundaries reflecting the regions of interest. The
Original U-Net provides a reasonable segmentation but struggles with the precision of
the myocardial boundary, showing slight overlap errors and boundary misalignment.
The ResU-Net demonstrates improved performance with sharper contours, particularly
for the LV and RV, but there is still minor over-segmentation around the myocardium.
The Attention U-Net achieves well-defined LV and RV regions but under-segments
the myocardium, failing to capture its full structure. The Feature Pyramid U-Net
once again exhibits the most accurate segmentation, with clear boundary alignment
and excellent representation of the myocardium, likely due to its multi-scale feature
extraction capabilities. The Feedback ResU-Net produces a result similar to the Orig-
inal U-Net, with noticeable blurring and slightly misaligned boundaries. Lastly, the
Transformer-Based U-Net performs poorly, failing to segment the cardiac structures
meaningfully, with only sparse, disjoint predictions visible. This result highlights
the importance of dataset-specific adaptations and the need for inductive biases in
Transformer-based approaches for small, detailed medical datasets. Overall, Feature
Pyramid U-Net stands out as the most reliable model for this sample, excelling in its
ability to capture both large and fine-grained details.

The third sample image, depicted in Figure 4.3, provides another comparison of
U-Net variants’ performance against the ground truth mask for cardiac MRI segmen-
tation.

Fig. 4.3: Model Predictions for Sample Image - 111

The ground truth mask clearly delineates the left ventricle (LV), right ventricle
(RV), and myocardium (MYO), with distinct and well-defined boundaries. The Orig-
inal U-Net produces reasonable segmentation, but struggles slightly with boundary
precision, particularly for the RV, where some overlap errors are evident. The ResU-
Net improves boundary sharpness, particularly for the LV, showing better alignment
with the ground truth, though slight over-segmentation near the myocardium is visi-
ble. The Attention U-Net demonstrates sharper focus on the LV and RV regions but
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under-segments the myocardium, leading to gaps in capturing its finer structure. The
Feature Pyramid U-Net delivers the most accurate segmentation, with excellent bound-
ary alignment and detailed myocardium segmentation, reflecting its ability to integrate
multi-scale features effectively. The Feedback ResU-Net performs similarly to the
Original U-Net, with noticeable blurring and minor misalignment in the RV and MYO
regions, suggesting limited benefit from the feedback mechanism. The Transformer-
Based U-Net shows slightly better performance compared to previous samples, suc-
cessfully identifying the LV and RV, but its myocardium segmentation remains incom-
plete, with significant gaps and a lack of boundary precision. Overall, the Feature
Pyramid U-Net outperforms other models in accurately segmenting all three cardiac
regions, while the Transformer-Based U-Net remains limited in capturing fine-grained
details.

The fourth sample image in Figure 4.4 compares the segmentation outputs of var-
ious U-Net variants for a cardiac MRI slice with the ground truth mask. Notably,
the ground truth mask in this sample only delineates the left ventricle (LV) and my-
ocardium (MYO), with no visible annotations for the right ventricle (RV), indicating
its absence in the segmentation target.

Fig. 4.4: Model Predictions for Sample Image - IV

The Original U-Net identifies the LV and MYO reasonably well but introduces
false positives, especially in areas where the RV would typically be expected, leading
to unnecessary segmentation artifacts. The ResU-Net slightly over-segments around
the LV and MYO regions, producing artifacts that are not present in the ground truth,
further complicating the evaluation. The Attention U-Net delivers sharper boundaries
for the LV and MYO but under-segments some portions of the myocardium, failing
to capture its full structure. The Feature Pyramid U-Net, despite its typically strong
performance, introduces slight segmentation errors and artifacts, particularly along the
myocardium boundaries, which deviate from the ground truth. The Feedback ResU-
Net emerges as the best-performing model for this sample, providing smooth and
precise segmentation of the LV and MYO with minimal false positives and a close
alignment with the ground truth mask. The Transformer-Based U-Net under-performes,
introducing significant over-segmentation artifacts, particularly in areas outside the
ground truth-defined regions, highlighting its struggles with finer boundary precision
in this specific case. Overall, Feedback ResU-Net demonstrates superior accuracy and
reliability for this particular sample, effectively segmenting the LV and MYO without
introducing unnecessary artifacts.

67



4.4 Dice Score and Loss Graphs

Figure 4.5 provides dice scores and losses of each U-Net variant trained in this study.
Each subplot visualizes the training/ validation set dynamics of a specific U-Net variant
across epochs. A summary of the metrics used in the plots are provided below.
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Fig. 4.5: Dice Score and Loss of U-Net Variants

* Train DC (Dice Coefficient): This metric quantifies the overlap between the
predicted segmentation masks and the ground truth annotations within the train-
ing dataset. A higher Train DC (approaching 1) indicates better performance on
the training data. The trend of Train DC reveals the model’s learning progress
during training. A rapid initial increase followed by a gradual plateau is typi-
cal, signifying effective learning in the early stages and diminishing returns as

training progresses.

* Validation Dice Coefficient (Validation DC): This metric evaluates the model’s
performance on a held-out validation dataset, which is crucial for assessing gen-
eralization capability. A high Validation DC suggests that the model effectively
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generalizes to unseen data. The relationship between Train DC and Validation
DC is paramount. Ideally, the Validation DC should closely track the Train DC.
A significant divergence between these two curves is a strong indicator of over-
fitting, where the model performs well on the training data but poorly on unseen
data.

* Training Dice Loss: The Dice Loss is one of the aspects of the hybrid loss func-
tion minimized during training. It is inversely related to the Dice Coefficient. A
decreasing Train Dice Loss signifies effective learning, as the model’s predic-
tions become increasingly similar to the ground truth. The rate of decrease in
Train Dice Loss can also provide insights into the training dynamics.

* Validation Dice Loss: This metric measures the Dice Loss on the validation set.
It serves as an independent evaluation of the model’s performance on unseen
data and is a key indicator of overfitting. If the Validation Dice Loss starts to
increase after an initial decrease, it implies that the model is beginning to overfit
the training data.

When observing the plots, we can see a rapid initial improvement in some of the
U-Net variants with respect to (w.r.t) the Train DC. A steep initial rise in Train DC
and a corresponding rapid decrease in Train Dice Loss indicate efficient learning at the
beginning of training. Moreover, as the training progresses of the U-Net variants, the
rate of improvement typically slows down, leading to a plateau in the Train DC and
Train Dice Loss curves. This signifies that the models are approaching their learning
capacity on the training data.

The term Overfitting (high Train DC, low Validation DC, increasing Validation
Loss) refers to the significant gap between Train DC and Validation DC, coupled with
an increasing Validation Dice Loss after an initial decrease. This means a model has
memorized the training data but fails to generalize to unseen examples. While none of
the plots in this study show severe overfitting (a clear increase in validation loss after
an initial decrease), monitoring the gap between training and validation metrics will be
important.

On the other hand, Underfitting refers to low values for both Train DC and Valida-
tion DC. This indicates that the model has not learned the underlying patterns in the
data, possibly due to insufficient model capacity, inadequate training time, or subop-
timal hyperparameters. However, none of the plots suggests that the U-Net variants
trained in this study are prone to underfitting.

Now let’s analyze the performance of each U-Net variant below.

* Original U-Net (Baseline): The original U-Net architecture serves as a baseline
for our comparison. Its performance provides a reference point for evaluating the
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effectiveness of the modifications introduced in the other variants. Its subplot
shows reasonable training and validation Dice scores. The validation loss seems
to stabilize, suggesting decent generalization.

* Residual U-Net: Appears to converge faster and potentially achieves slightly
higher validation Dice scores than the original U-Net. The use of residual con-
nections likely helps with optimization and performance.

* Attention U-Net: Seems to perform similarly to the Residual U-Net, possibly
with a slightly quicker initial improvement. Attention mechanisms help the net-
work focus on relevant features, which can improve segmentation accuracy.

* Feature Pyramid U-Net: This architecture also performs well, achieving high
Dice scores. They are designed to capture multi-scale information, which is
beneficial for segmenting objects of varying sizes.

* Feedback Residual U-Net: This variant seems to have some instability in the
initial training phase, but eventually reaches competitive performance. The feed-
back connections may introduce some training challenges.

* Transformer U-Net: This architecture shows slower convergence and poten-
tially slightly lower performance compared to other variants. Transformers,
while powerful, can require more data and careful tuning for image segmen-
tation tasks.

When comparing the subplots, the Residual U-Net exhibited faster convergence
compared to the original U-Net, achieving a higher Validation DC with fewer training
epochs. This suggests that the residual connections facilitated more efficient training.
The Attention U-Net further improved performance, likely due to its ability to focus
on relevant image features. The Feature Pyramid U-Net architecture also demonstrated
strong performance, highlighting the importance of multi-scale feature representation
for this segmentation task. While the Feedback Residual U-Net showed promise, its
training was less stable. The Transformer U-Net exhibited slower convergence, sug-
gesting the need for more extensive training data or pre-training.

In this study, training was conducted for a maximum of 100 epochs, with early
stopping implemented to halt training when the validation performance ceased to im-
prove, reducing the risk of overfitting. This strategy is evident in the plots in Figure 4.5,
where the training curves for all six U-Net variants exhibit varying degrees of stabiliza-
tion. For instance, the Residual U-Net demonstrates relatively rapid convergence, with
both training and validation metrics reaching a plateau within the first 20 epochs, sug-
gesting that further training would likely yield minimal gains. In contrast, the Trans-
former U-Net exhibits a more gradual learning curve, requiring a larger number of
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epochs to reach a stable state. Early stopping prevented the models from overfitting
the training data, ensuring that they maintained good generalization capabilities and
performed well on unseen data.

The subplots in Figure 4.6 depicts the training hybrid loss for each U-Net vari-
ant. These curves represent the combined effect of the cross-entropy and Dice loss
components, providing a comprehensive view of the training progress. A rapid initial
decrease in the loss indicates effective learning in the early stages, while a gradual
plateau suggests that the model is approaching convergence.
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Fig. 4.6: Training Hybrid Loss of U-Net Variants

The hybrid loss for the Original U-Net shows a steep decrease during the initial few
epochs, converging at around 0.1 after approximately 12 epochs. This pattern indicates
that the basic U-Net architecture effectively optimizes the combined loss, but reaches
a performance plateau relatively early compared to more advanced architectures.
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The Residual U-Net demonstrates a rapid initial reduction in hybrid loss, with a
convergence point similar to the Original U-Net at around 0.1. However, it starts with
a significantly higher initial loss (near 0.9), suggesting that while it eventually performs
comparably, the initial optimization process might be slower or less stable.

The Attention U-Net exhibits a hybrid loss curve with an initial value similar to
the Original U-Net but converges more smoothly and slightly earlier. The attention
mechanism incorporated into the model likely aids in more targeted feature learning,
leading to slightly more efficient convergence.

The hybrid loss for the Feature Pyramid U-Net starts at a higher initial value
(around 0.35) and decreases rapidly, stabilizing at approximately 0.1 after around 20
epochs. The use of multi-scale feature extraction in this architecture appears to en-
hance early-stage learning, though the final convergence point is comparable to other
variants.

The Feedback Residual U-Net presents a unique behavior with an initial hybrid
loss of about 0.7, followed by a rapid decline and stabilization around 0.1 after nearly
25 epochs. The feedback mechanism might contribute to slightly delayed convergence,
but aids in achieving comparable final performance.

The Transformer U-Net begins with a higher initial loss near 0.45, converging at
approximately 0.15 after about 20 epochs. Unlike other models, it does not reach the
same low hybrid loss level as the others, which could be attributed to the different
optimization dynamics introduced by the self-attention mechanism in the transformer
architecture. This could also indicate that the transformer architecture requires more
training data to effectively segment the anatomically significant regions in the Cardiac
MRI images. This is often observed with Transformer-based models, especially when
trained on relatively smaller datasets.

The hybrid loss curves reveal that while all models ultimately converge to similar
loss levels (between 0.1 and 0.15), there are notable differences in their initial behav-
ior and convergence rates. The advanced U-Net variants (Attention U-Net, Feature
Pyramid U-Net, Feedback Residual U-Net, and Transformer U-Net) tend to start with
higher initial hybrid losses compared to the Original U-Net, indicating the added com-
plexity of these architectures.

Interestingly, although the Transformer U-Net shows a slower overall convergence
and a slightly higher final hybrid loss, its ability to capture long-range dependencies
may provide other benefits, such as improved generalization, which might not be re-
flected purely in loss values. Similarly, the Feedback Residual U-Net takes longer to
converge fully but may benefit from its iterative refinement mechanism.

The common convergence point across most models suggests that, in terms of hy-
brid loss, there may be diminishing returns in adding architectural complexity beyond
a certain point. However, further evaluation on validation or test sets could provide
deeper insights into the generalization capabilities of each model.
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CHAPTER 5
DISCUSSION

Cardiac MRI segmentation is a critical task in medical imaging, enabling precise de-
lineation of cardiac structures for diagnostic and therapeutic purposes. In this research,
we aimed to evaluate and develop U-Net-based architectures to enhance the segmen-
tation accuracy of cardiac MRI data. The study encompasses the implementation and
analysis of six U-Net variants, namely Original U-Net, Residual U-Net, Attention U-
Net, Feature Pyramid U-Net, Feedback Residual U-Net, and Transformer-Based U-
Net, leveraging their unique capabilities to tackle the challenges posed by cardiac MRI
datasets, such as variability in anatomy, low contrast, and noise. Each model is trained
and evaluated rigorously to quantify its performance and identify its strengths and lim-
itations.

The results demonstrate that the Feature Pyramid U-Net achieved the best overall
performance across the three structures, with Dice coefficients of 0.9388 (LV), 0.8759
(RV), and 0.8426 (MYO), showcasing its ability to leverage multi-scale feature extrac-
tion for precise segmentation. The ResU-Net model performed particularly well for
RV segmentation, achieving the highest score among variants (0.8812), highlighting
the effectiveness of residual connections to capture complex features.

In order to minimize overfitting and improve model generalization, several strate-
gies were employed during training. These included the use of early stopping, which
stopped training when validation performance ceased to improve, preventing overfit-
ting to training data. The AdamW optimizer, with its decoupled weight decay, further
improved generalization by regularizing the model weights. These measures collec-
tively ensured robust performance across the test set.

5.1 Study Contribution

This research makes significant contributions to the field of medical image segmen-
tation, with a particular focus on the segmentation of cardiac MRI images. By de-
veloping and analyzing six distinct U-Net variants: Original U-Net, Residual U-Net,
Attention U-Net, Feature Pyramid U-Net, Feedback Residual U-Net, and Transformer-
Based U-Net, this study advances the understanding of how architectural innovations
impact the accuracy and robustness of segmentation models in this critical domain.
Below are the key contributions of this study:

1. Development of Novel Architectures: The study introduces five novel U-Net
variants: the Residual U-Net, Attention U-Net, Feature Pyramid U-Net, Feed-
back Residual U-Net and the Transformer-Based U-Net specifically tailored for
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cardiac MRI segmentation. Unlike existing models, the Residual U-Net, At-
tention U-Net, Feature Pyramid U-Net, Feedback ResU-Net and Transformer-
Based U-Net are refined and adapted as part of this work to better address the
challenges of cardiac MRI segmentation, highlighting the contributions made in
enhancing these architectures.

. Development of a Hybrid Loss Function: One of the unique contributions of
this study is the design and application of a hybrid loss function tailored for
cardiac MRI segmentation. Segmentation tasks often suffer from imbalanced
class distributions, where the regions of interest (e.g., ventricles or myocardium)
occupy a small portion of the image compared to the background. To miti-
gate this issue, the proposed novel hybrid loss function combines Dice Loss and
Cross-Entropy Loss, leveraging the strengths of both. The Dice Loss addresses
class imbalance by directly optimizing the overlap between the predicted and
ground truth segmentation, ensuring precise boundary delineation. On the other
hand, the Cross-Entropy Loss enhances the network’s ability to learn pixel-wise
classification, ensuring that both large and small regions are segmented accu-
rately. This hybrid approach balances global overlap optimization with local
pixel-level accuracy, contributing to superior performance across different car-
diac structures. By integrating this loss function into all U-Net variants, the study
demonstrates its effectiveness in improving segmentation outcomes, particularly
in scenarios involving low-contrast or irregularly shaped structures.

. Development of a Web Application: One of the key contributions of this re-
search is the development and deployment of an interactive web application for
cardiac MRI segmentation using the ACDC dataset. Built with a Feature Pyra-
mid UNet backbone and hosted on Hugging Face Spaces, the application pro-
vides a streamlined interface for uploading images, viewing segmented anatom-
ical structures, and receiving contextual descriptions of selected regions. This
tool bridges the gap between complex deep learning models and clinical us-
ability by eliminating the need for technical expertise in model execution. The
application demonstrates how Al-powered segmentation can be translated into
accessible, real-time decision support tools, reinforcing its potential integration
into clinical workflows and educational settings.

. Comprehensive Evaluation of U-Net Variants: One of the primary contri-
butions of this research is the systematic evaluation of U-Net variants in the
context of cardiac MRI segmentation. Each variant incorporates unique archi-
tectural enhancements that address specific limitations of traditional convolu-
tional networks. This comparative analysis offers a deeper understanding of how
these innovations, such as residual learning, attention mechanisms, feature pyra-
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mids, feedback loops, and transformers, affect the segmentation performance
across different cardiac structures. The findings provide valuable insights for
researchers and practitioners seeking to select or design models tailored to their
specific use cases.

. Impact of Architectural Enhancements: The study highlights the impact of
specific architectural components on segmentation outcomes. For example, it
demonstrates how attention mechanisms improve the localization of small or
low-contrast cardiac structures, how residual connections enhance gradient flow
for deeper networks, and how transformers provide a global context that com-
plements local feature extraction. These insights contribute to the broader un-
derstanding of deep learning in medical imaging.

. Practical Implications for Clinical Use: By improving the segmentation ac-
curacy and robustness of cardiac MRI, this research has direct implications for
clinical applications. Accurate segmentation is a prerequisite for tasks such as
quantifying cardiac volumes, assessing myocardial function, and detecting ab-
normalities. The proposed models, such as the Feature Pyramid U-Net, Feed-
back Residual U-Net and the Transformer-Based U-Net, have the potential to
reduce manual intervention, streamline workflows, and enhance the reliability
of cardiac MRI analysis in clinical settings.

. Foundation for Future Research: The findings of this study lay a strong foun-
dation for future research in cardiac imaging and beyond. The architectural in-
novations explored here can be further extended and applied to other medical
imaging modalities, such as CT or ultrasound. Additionally, the incorporation of
advanced techniques, such as data augmentation, domain adaptation, and multi-
modal fusion, could build upon the contributions of this research to push the
boundaries of medical image segmentation.

. Model Extensibility and Future Adaptability: One of the key strengths of
the developed U-Net variants, especially the Feature Pyramid U-Net, Feedback
Residual U-Net and Transformer-based U-Net is their modular and extensible
architecture. This makes it feasible to adapt or enhance the models without
rebuilding them from scratch. Thus, future extensions can involve replacing
or tuning optimizers (e.g. trying Lookahead optimizers), refining or combin-
ing loss functions such as incorporating focal loss or Tversky loss, applying
self-supervised learning or semi-supervised learning to reduce dependency on
labeled data, and combine proposed U-Net variants through ensemble methods
to further enhance the CMRI segmentation performance of ventricular structures
and myocardium.
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In summary, this research provides valuable insights into the design and application
of deep learning models for medical imaging. By bridging the gap between architec-
tural innovation and practical utility, this study contributes to the development of more
accurate, efficient, and clinically relevant segmentation solutions.

5.1.1 Achieving Research Objectives and Research Questions

This study aimed to address key challenges in cardiac MRI (CMRI) segmentation
through the development and evaluation of U-Net-based architectures. The research
objectives, outlined at the beginning of this study, were systematically achieved through
a detailed and structured approach. The following discussion highlights how each ob-
jective and corresponding research question was addressed.

5.1.1.1 Propose U-Net-based Architectures for Accurate CMRI Segmentation

To achieve this objective, six U-Net variants were designed and evaluated: Original
U-Net, Residual U-Net, Attention U-Net, Feature Pyramid U-Net, Feedback Residual
U-Net, and Transformer-Based U-Net. These architectures were selected and refined to
address specific challenges in cardiac MRI segmentation, such as handling imbalanced
datasets, capturing fine-grained details, and incorporating global context.

Unlike existing studies that often propose a single, highly customized architec-
ture, this research conducted a systematic comparative analysis of multiple U-Net
variants. This approach not only enabled a thorough understanding of their relative
strengths and weaknesses but also ensured a more versatile and comprehensive solu-
tion. The proposed architectures, while simpler than many state-of-the-art methods,
demonstrated sufficient accuracy and robustness for practical applications, making
them accessible and reproducible across different datasets and clinical settings.

5.1.1.2 Enhance the Accuracy in Delineating the Boundaries of Cardiac Struc-

tures

The study focused on improving boundary delineation, which is critical for accurate
segmentation of the ventricles and myocardium. This was achieved by integrating
architectural enhancements tailored to address specific issues:

* Residual U-Net introduced residual connections to enhance gradient flow, en-
abling deeper networks to capture more detailed features.

» Attention U-Net employed attention mechanisms to focus on the regions of
interest, suppressing background noise and improving boundary localization.

* Feedback Residual U-Net incorporated iterative refinement processes to correct
segmentation errors progressively, leading to more precise boundary delineation.
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Additionally, the use of a hybrid loss function combining Dice Loss and Cross-
Entropy Loss contributed significantly to improving segmentation accuracy, particu-
larly for small or low-contrast regions.

5.1.1.3 Compare the Performance with Existing Methods

A detailed comparative analysis was conducted to benchmark the proposed architec-
tures against existing methods for CMRI segmentation. Dice Similarity Coefficient
(DSC), a widely used performance evaluation metric in medical image segmentation
tasks, was used to quantify the effectiveness of each U-Net variant.

The results demonstrated that the proposed architectures, particularly the Residual
U-Net, Feature Pyramid U-Net, and Feedback Residual U-Net, achieved comparable
accuracy to state-of-the-art methods while maintaining lower computational complex-
ity. This balance of performance and efficiency makes the proposed methods practical
for widespread adoption in both research and clinical applications.

The systematic evaluation also provided valuable insights into the strengths and
limitations of each variant, enabling researchers and practitioners to select the most ap-
propriate architecture based on specific requirements, such as computational resources
or dataset characteristics.

5.1.1.4 Utilize the CMRI Segmentation Model for Inferencing in Clinical Set-
tings

This study developed a lightweight, browser-accessible web application that seam-
lessly integrates deep learning-based segmentation into a clinical workflow. By de-
ploying the best performing Feature Pyramid U-Net model through a Gradio interface
hosted on Hugging Face Spaces, the application allows users, including clinicians, ra-
diologists, and medical students, to perform inference on cardiac MRI images without
requiring specialized hardware or software installations.

The app supports intuitive image upload, real-time segmentation visualization,
class-wise color-coded annotations, and detailed anatomical descriptions upon selec-
tion, enhancing both interpretability and usability. This implementation demonstrates
a practical pathway for translating research-grade models into clinically relevant tools,
ensuring accessibility, ease of use, and rapid integration within diagnostic or educa-
tional environments.

5.2 Comparison with Existing Studies

Table 5.1 provides a comparison of the Dice Coefficients of the proposed U-Net vari-
ants with existing state-of-the-art methods for CMRI segmentation, conducted using
the ACDC dataset. When considering LV segmentation, the Feature Pyramid U-Net
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achieved a Dice score of 0.945, which is competitive with several state-of-the-art meth-
ods, but falls short of the top-performing Sharan ez al. [15] with a Dice score of 0.958.
For MYO segmentation, the Feature Pyramid U-Net achieved the highest score among
the tested variants at 0.851, outperforming the other four variants. However, compared
to existing studies, it underperformed by Sharan ef al. [15] and Kamal et al. [14],
which achieved a Dice score of 0.914. The Original UNet achieved the highest score
among the variants for RV segmentation at 0.891, surpassing Feature Pyramid U-Net
(0.888). However, both models lag behind Sharan et al. [15], which achieved a score
of 0.934.

Although studies like [4, 14, 15] have reported high Dice scores, one limitation is
that their evaluations were performed using only the ACDC training set or a small sub-
set thereof, without incorporating the official ACDC test set as stated in Table 5.2. This
can introduce a bias toward the training data and limits the assessment of true gener-
alizability. In contrast, our study uniquely evaluates the models on the official ACDC
test set, ensuring an unbiased and realistic evaluation that aligns with the standards of
the ACDC 2017 Challenge.

Another distinguishing strength of our approach is the development and evaluation
of six U-Net variants, incorporating architectural innovations such as residual con-
nections, attention mechanisms, feature pyramids, feedback loops, and transformer
modules. These enhancements improve multi-scale feature extraction, long-range de-
pendency modeling, and fine-grained segmentation, addressing shortcomings in prior
works which largely relied on standard encoder-decoder structures without such ad-
vanced features. While real-time inference capability (2 seconds per image) is an-
other advantage of our method (refer Table 5.2), the scientific contribution goes be-
yond speed: our model’s architectural improvements lead to a balanced optimization
of accuracy, generalizability, and computational efficiency, all critical for clinical de-
ployment.

A particularly noteworthy aspect of our study is that these competitive results were
achieved despite operating with relatively modest computational resources as high-
lighted in Table 5.2. In contrast to many state-of-the-art models (e.g., [14], [49]), which
leveraged high-end hardware such as the NVIDIA Quadro RTX 5000 GPU or the pow-
erful A100 Tensor Core GPUs, our models were trained using a single NVIDIA RTX
2080 Super GPU. Despite fully utilizing the available memory capacity, we did not
have access to large-scale parallelization or specialized hardware accelerators, which
are often used to further boost training efficiency and model performance. As a result
of these hardware constraints, we were limited to smaller batch sizes during training.
It is well-known that larger batch sizes can contribute to more stable gradient updates,
potentially leading to faster convergence and improved final model performance. The
fact that our models still achieved strong results under these constraints highlights the
robustness, efficiency, and practicality of our solutions, qualities that are crucial for
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TABLE 5.1: DICE SCORE COMPARISON WITH EXISTING STUDIES
EVALUATED ON ACDC DATASET

Study Method LV RV | MYO
[12] | SAUNet - Shape Attentive U-Net 0.938 | 0.914 | 0.887
[5] Res U-Net as the initial segmentation network | 0.855 | 0.761 | 0.746

and a hierarchical ConvLSTM based recurrent

network as the temporal consistency network

[4] | Cascaded approach: UNet for ROI extraction, | 0.938 | 0.880 | 0.900

FCN for initial segmentation, and a U-Net

model for refinement

[9] Multi-Task Learning based U-Net | 0.881 | 0.724 | 0.807

(MTLUNET)

[15] | U-Net with VGG encoder and Feature Pyramid | 0.958 | 0.934 | 0.914

Network

[14] | Attention-guided Residual W-Net (ARW-Net) | 0.953 | 0.923 | 0.914

[49] | UU-Mamba model: integrating the U-Mamba | 0.950 | 0.924 | 0.909
model with the Sharpness-Aware Minimization
(SAM) optimizer and an uncertainty-aware loss

function
Ours | Original U-Net 0.941 | 0.891 | 0.851
Ours | ResU-Net 0.922 | 0.845 | 0.820
Ours | Attention U-Net 0.937 | 0.881 | 0.840
Ours | Feature Pyramid U-Net 0.945 | 0.888 | 0.851
Ours | Feedback ResU-Net 0.939 | 0.890 | 0.846
Ours | Transformer-Based U-Net 0.868 | 0.801 | 0.719

LV: Left Ventricle, RV: Right Ventricle, MYO: Myocardium.

clinical translation, especially in settings where advanced computational infrastructure
is not readily available.

Furthermore, a key differentiating factor of our study is its support for real-time
prediction using a web application, which is absent in all the other studies. Real-time
capability is crucial for clinical integration, particularly in time-sensitive environments
where rapid and accurate segmentation can significantly impact diagnosis and treat-
ment decisions.

In conclusion, our study provides a comprehensive evaluation of six enhanced U-
Net variants for cardiac MRI segmentation, addressing key gaps in existing literature.
Unlike many prior works that evaluated models only on the ACDC training set, our
approach ensures unbiased assessment using the official test set. Despite using modest
computational resources, our models achieved competitive performance, highlighting
their efficiency and robustness. Architectural enhancements and real-time prediction
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TABLE 5.2: COMPARISON WITH EXISTING STUDIES EVALUATED ON

ACDC DATASET
Study | # Train- | # Valida- | # Test Set | Inference | Remarks
ing Set | tion Set | Subjects | Time
Subjects | Subjects
[12] | 80 50 20 Not Trained using
specified | NVIDIA  Quadro
RTX 5000 GPU
with  16GB  of
memory
[5] 70 20 10 Not Trained with lim-
specified | ited GPU memory
[4] | 60 20 20 4 s per | Trained using
patient NVIDIA GTX
Titan X or V high-
performance GPUs
[9] 80 Not speci- | 20 Not Trained using 8GB
fied specified | NVIDIA GTX
1080 GPU
[15] | 60 20 20 Not Trained using
specified | NVIDIA K80
GPU provided by
Google Collabora-
tory
[14] | 100 Not speci- | 50 Not Trained using
fied specified | NVIDIA  Quadro
RTX 5000 for 1000
epochs
[49] | 60 20 20 Not Trained using two
specified | NVIDIA A100
Tensor Core GPUs
Ours | 120 15 15 2 s per | Trained using
image NVIDIA GeForce
RTX 2080 Super
GPU

capability further distinguish our work, making it well-suited for practical clinical de-

ployment.

5.3 Challenges and Limitations

Despite the significant contributions of this research to cardiac MRI segmentation,
the study encountered several challenges and limitations, primarily related to compu-

80



tational resources, platform constraints, and infrastructure issues. These limitations
provide valuable insights into the practical aspects of conducting machine learning
research and highlight areas for improvement in future studies.

5.3.1 Computational Resource Limitations

Training deep learning models for medical image segmentation is computationally in-
tensive, requiring substantial GPU memory and processing power. This study faced
several challenges due to limited resources:

* GPU Constraints: The models were initially trained on a GPU laptop, which
significantly prolonged the training time. Some models, such as the Transformer-
Based U-Net and Feature Pyramid U-Net, required more than 24 hours for a
single training session due to their complexity and high memory demands.

* GPU Memory Limitations: The GPU often ran out of memory when process-
ing larger batch sizes or training deeper models. This required reducing batch
sizes and optimizing memory usage, which sometimes led to slower convergence
or suboptimal performance.

5.3.2 Platform Constraints

The use of cloud-based platforms like Google Colab presented additional challenges:

* Session Timeouts: The free version of Google Colab imposes a maximum ses-
sion duration of 12 hours, which was insufficient for training more complex ar-
chitectures. Interrupted training sessions required restarting from the last check-
point, leading to inefficiencies and delays.

* High Cost of Premium Services: To overcome the limitations of the free ver-
sion, the Google Colab Premium version was used on one occasion. However,
the high subscription cost made it impractical for sustained use throughout the
study, limiting access to more powerful computational resources.

5.3.3 Changes in External Infrastructure

In this study, for tracking the experiments, including model management, and tracking
performance metrics, MLflow was used. The free MLflow service provided by the
Databricks Community Edition was used in the study. However, the basic authentica-
tion feature was removed during the project, rendering the setup unusable. As a result,
the MLFlow tracking system had to be migrated and set up locally. This unplanned
migration consumed valuable time and effort, diverting attention from core research
tasks.
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5.3.4 Challenges in Model Complexity and Training

The complexity of the proposed architectures, particularly the Feedback Residual U-
Net and Transformer-Based U-Net, introduced unique challenges:

* Long Training Times: These models required extended training durations to
achieve convergence, a challenge compounded by the constraints of limited com-
putational resources.

* Hyperparameter Tuning: Fine-tuning hyperparameters for each U-Net variant
was computationally expensive and time-consuming, particularly for architec-
tures involving iterative refinement or attention mechanisms.

In summary, the challenges encountered during this study underline the critical im-
portance of adequate computational resources and stable infrastructure in conducting
machine learning research. Limited GPU memory, prolonged training times, and inter-
ruptions from platform constraints were significant hurdles that affected the efficiency
of the research process. Changes in external tools, such as MLFlow on Databricks,
further complicated the workflow, necessitating alternative solutions.

These limitations, while challenging, also provided valuable learning experiences
that informed the research process. Future work can address these issues by lever-
aging high-performance computing clusters, exploring cost-effective cloud solutions,
and ensuring robust infrastructure setups to mitigate disruptions. Overcoming these
limitations will pave the way for more efficient and scalable research in medical image
segmentation.

5.4 Future Work

This research lays the groundwork for several promising directions that can be pursued
to further advance the field of cardiac MRI segmentation. While the study has made
significant strides in proposing U-Net-based architectures, several areas remain ripe for
exploration, including model refinement, the incorporation of diverse imaging modal-
ities, and enhancing computational efficiency. Future work will focus on addressing
these aspects to improve segmentation accuracy, generalization capability, and clinical
applicability.

* Ensemble Learning Approaches: Although the study systematically compared
six U-Net variants, combining these models through ensemble learning could
further enhance segmentation performance. Ensemble methods, which aggre-
gate predictions from multiple models, have proven effective in reducing over-
fitting and improving generalization across diverse datasets. By leveraging the

82



strengths of different U-Net architectures, future research could explore ensem-
ble techniques, such as bagging, boosting, or stacking, to create more robust and
accurate segmentation models.

Incorporation of Additional Imaging Modalities: Cardiac MRI provides de-
tailed soft-tissue contrast, but its effectiveness can be complemented by other
imaging modalities. Future research could explore the integration of CT (Com-
puted Tomography) or echocardiography images, which offer complementary
information on cardiac anatomy. Multi-modal learning approaches could im-
prove the network’s ability to generalize to different anatomical variations and
clinical scenarios, enhancing segmentation accuracy across diverse patient pop-
ulations.

Exploration of Feedback U-Net Variants: Although the Feedback Residual
U-Net showed promise, its performance was limited in this study due to com-
putational constraints and fewer iterations. The iterative refinement mechanism
holds significant potential for improving boundary accuracy, particularly in re-
gions with ambiguous structures. Future work could explore deeper feedback
mechanisms, enabling more sophisticated refinements across multiple iterations.
This would allow the network to progressively learn from its mistakes and refine
segmentation outcomes more accurately.

Development of Lightweight, Efficient Architectures: With real-time clinical
applications in mind, there is a growing need for computationally efficient and
lightweight architectures that can be deployed in resource-limited clinical envi-
ronments. Future work could focus on reducing model complexity while main-
taining high segmentation accuracy. These lightweight models should also in-
corporate explainability techniques to increase trust in clinical decision-making.
Such architectures would be valuable for applications where timely, interpretable
results are critical, without sacrificing performance.

Application to Real-World Clinical Scenarios: Expanding beyond the cur-
rent publicly available datasets, future research should focus on applying these
models to real-world clinical datasets that encompass a broader range of patient
conditions, imaging quality, and anatomical variability. Real-world validation
will provide a more accurate assessment of how well these U-Net variants can
generalize to clinical practice, ensuring that the models are robust and reliable
for practical use.

Use of Transfer Learning with Pre-Trained Models: Transfer learning has
emerged as a powerful technique in deep learning, where knowledge from large-
scale models is transferred to smaller, domain-specific tasks. Future work could
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explore pre-training models on larger cardiac datasets or general medical imag-
ing datasets and fine-tuning these models specifically for CMRI segmentation.
This approach would allow leveraging vast amounts of publicly available data,
potentially improving generalization to unseen patient cases. Moreover, utilizing
pre-trained models provides a substantial advantage over training models from
scratch, as these models leverage knowledge learned from vast, general datasets
and have the ability to rapidly converge to optimal solutions with reduced re-
source requirements.

Enhanced Model Explainability: Improved model interpretability will be cru-
cial for clinical adoption. Future work could focus on developing explainable
Al (XAI) techniques, such as saliency maps, activation mapping, or attention vi-
sualization, that allow clinicians to better understand model decisions. This will
increase trust in the model’s predictions and facilitate its integration into clinical
workflows.
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CHAPTER 6
CONCLUSION

This study presented a comprehensive evaluation of various U-Net-based architectures
for cardiac MRI segmentation, addressing a critical task in the diagnosis and manage-
ment of cardiovascular diseases. By systematically comparing six U-Net variants, each
incorporating architectural innovations such as attention mechanisms, feature pyra-
mids, and transformers, this study provided a deeper understanding of their effective-
ness in segmenting the left ventricle, right ventricle, and myocardium from short-axis
Cardiac MRI slices. The Feature Pyramid U-Net emerged as the most robust model,
achieving the highest Dice coefficients across all anatomical classes, thus demonstrat-
ing its strong capability to capture multi-scale contextual information and intricate
structural boundaries.

In addition to performance benchmarking, this work emphasized practicality and
accessibility by translating these deep learning models into a deployable format through
a user-friendly web application. The web interface, hosted on Hugging Face Spaces,
allows clinicians, researchers, and students to perform real-time inference on CMRI
slices and interpret segmentation results with ease. This component shows how Al-
driven solutions can be integrated into clinical workflows to support better diagnoses
and make it easier for healthcare professionals to use machine learning tools.

The simplicity, reproducibility, and thoroughness of the experimental framework
not only strengthen the credibility of the findings but also offer a solid foundation for
future research in medical image segmentation. The insights drawn from this com-
parative study highlight both the strengths and limitations of existing U-Net variants,
paving the way for the development of next-generation segmentation architectures.
Furthermore, by addressing the feasibility of deploying these models in clinical set-
tings, the research bridges the gap between academic exploration and practical appli-
cation, ensuring its relevance in both theoretical and operational contexts.

Ultimately, this thesis contributes valuable knowledge to the evolving field of med-
ical image analysis, emphasizing the importance of usability, deployment feasibility,
and segmentation performance in real-world scenarios. The lessons learned and tools
developed, particularly the comparative evaluation of U-Net variants and the deploy-
ment of a clinical-facing web application, are expected to guide future innovations and
inspire continued advancements in deep learning for cardiac imaging.
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APPENDIX B
PUBLICATIONS

* Title: Cardiac MRI Segmentation of Ventricular Structures and Myocardium
Using U-Net Variants [78]

* Conference: International Conference on Advanced Research in Computing
(ICARCO)

e Year: 2025

* Reference: https://ieeexplore.ieee.org/document/10963166
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