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Abstract

The healthcare sector is witnessing rapid development in the field of artificial intelligence-
powered medical diagnosis, with deep learning (DL) techniques gaining increasing atten-
tion in medical image analysis. The importance of this field lies in its ability to improve
diagnostic accuracy, speed up the analysis process, and provide innovative solutions to
the challenges faced by physicians in manual interpretation of medical images.

As part of this work, two enhanced Unet-based models were developed to improve
the semantic segmentation accuracy of medical images. The first model deepens skip con-
nections using additional convolutional layers to better preserve fine spatial detail without
increasing computational cost. The second model uses a robust VGG19-based encoder,
pre-trained on the ImageNet dataset, coupled with an enhanced decoder featuring deeper
convolutional blocks for improved spatial resolution. Additionally, a preprocessing stage
was introduced to investigate the impact of image enhancement on segmentation perfor-
mance. Gaussian and median filters were applied separately for noise reduction, while
CLAHE was employed for contrast enhancement. The experimental results showed an
improvement in segmentation accuracy, proving the effectiveness of these architectural
and preprocessing innovations.

To address the fundamental limitations of traditional convolutional architectures,
particularly in capturing long-range dependencies, this work introduces a new model
termed FGHQA-Unet, an innovative segmentation framework built upon the core Unet
architecture with the integration of the Feature Global Hybrid Query Attention (FGHQA)
mechanism. This mechanism relies on a hybrid attention framework that combines local
and global representations, while employing a hybrid query representation that enhances
the model’s ability to model fine-grained contextual relationships within medical images.
Through this integration, the model overcomes the constraints associated with exclusive
reliance on traditional convolutions by improving feature representation through the si-
multaneous fusion of precise spatial information and global context, thereby achieving an
effective balance between representational accuracy and computational efficiency.

In addition, the adopted preprocessing strategy contributes to improving input data
quality, reducing noise, and enhancing computational efficiency, which positively reflects
on the model’s performance during both training and inference. The FGHQA-Unet archi-
tecture is designed to ensure a balance between computational accuracy and operational
efficiency while maintaining the ability to extract fine-grained features in complex medical
environments.The proposed model was evaluated on three benchmark medical segmen-
tation datasets, BraTS, KiTS, and LiTS, where experimental results demonstrated its
superiority over recent advanced methods in terms of segmentation accuracy and com-
putational efficiency, confirming its effectiveness and practicality for DL–based medical
imaging applications.

Keyword: Automatic segmentation, Medical imaging, Deep learning, Convolu-
tional neural networks (CNN), Transformers, Hybrid models



Résumé

Le secteur de la santé connaît un développement rapide dans le domaine du diagnostic
médical établi sur l’intelligence artificielle, les techniques d’apprentissage profond gag-
nant en importance dans l’analyse d’images médicales. L’importance de ce domaine
réside dans sa capacité à améliorer la précision diagnostique, à accélérer le processus
d’analyse et à apporter des solutions innovantes aux défis rencontrés par les médecins lors
de l’interprétation manuelle des images médicales.

Dans le cadre de ce travail, deux modèles Unet améliorés ont été développés afin
d’optimiser la précision de la segmentation sémantique des images médicales. Le premier
modèle approfondit les connexions résiduelles grâce à des couches convolutionnelles sup-
plémentaires, préservant ainsi les détails spatiaux fins sans augmenter la charge de calcul.
Le second modèle utilise un encodeur robuste basé sur VGG19, pré-entraîné sur le jeu
de données ImageNet, associé à un décodeur amélioré intégrant des blocs convolutionnels
plus profonds pour une meilleure résolution spatiale.De plus, une étape de prétraitement
a été introduite afin d’étudier l’impact de l’amélioration des images sur les performances
de la segmentation. Les filtres Gaussian et median ont été appliqués séparément pour la
réduction du bruit, tandis que la méthode CLAHE a été utilisée pour l’amélioration du
contraste. Les résultats expérimentaux ont montré une amélioration de la précision de la
segmentation, confirmant ainsi l’efficacité des approches architecturales et de prétraite-
ment proposées.

Afin de remédier aux limitations fondamentales des architectures convolutionnelles
traditionnelles notamment en ce qui concerne la capture des dépendances à longue portée
, ce travail propose un nouveau modèle nommé FGHQA-Unet, un cadre innovant de
segmentation fondé sur l’architecture de base d’Unet et intégrant le mécanisme Fea-
ture Global Hybrid Query Attention (FGHQA). Ce mécanisme repose sur un cadre
d’attention hybride qui combine des représentations locales et globales, tout en employ-
ant une représentation hybride des requêtes (queries) qui renforce la capacité du modèle à
modéliser des relations contextuelles fines au sein des images médicales. Grâce à cette in-
tégration, le modèle dépasse les contraintes liées à l’utilisation exclusive des convolutions
classiques en améliorant la représentation des caractéristiques par la fusion simultanée
d’informations spatiales précises et du contexte global, permettant ainsi d’atteindre un
équilibre efficace entre précision représentationnelle et efficacité computationnelle.

Par ailleurs, la stratégie de prétraitement adoptée contribue à améliorer la qualité
des données d’entrée, à réduire le bruit et à accroître l’efficacité computationnelle, ce
qui se reflète positivement sur les performances du modèle lors de l’entraînement et de
l’inférence. L’architecture FGHQA-Unet a été conçue de manière à garantir un équilibre
entre précision computationnelle et efficacité opérationnelle, tout en conservant la ca-
pacité d’extraire des caractéristiques fines dans des environnements médicaux complexes.
Le modèle proposé a été évalué sur trois jeux de données de référence en segmentation
médicale, BraTS, KiTS et LiTS, où les résultats expérimentaux ont démontré sa supéri-



orité par rapport aux méthodes récentes de l’état de l’art, tant en termes de précision
de segmentation que d’efficacité computationnelle, confirmant ainsi son efficacité et sa
pertinence pour les applications d’imagerie médicale basées sur l’apprentissage profond.

Mots clés: Segmentation automatique, imagerie médicale, apprentissage profond,
réseaux de neurones convolutifs (CNN), transformeurs, modèles hybrides
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 ملخص 

يشهد قطاع الرعاية الصحية تطورًا سريعًا في مجال التشخيص الطبي المدعوم بالذكاء الاصطناعي، مع تزايد الاهتمام 
بتقنيات التعلّم العميق في تحليل الصور الطبية. تكمن أهمية هذا المجال في قدرته على تحسين دقة التشخيص، وتسريع 

 .التي يواجهها الأطباء عند التفسير اليدوي للصور الطبيةعملية التحليل، وتقديم حلول مبتكرة للتحديات 

نان قائمان على شبكة  لتحسين دقة التجزئة الدلالية للصور الطبية.   Unetفي إطار هذا العمل، طُوِّر نموذجان مُحسَّ
يتميز النموذج الأول وصلات التخطّي باستخدام طبقات التفافية إضافية للحفاظ على التفاصيل المكانية الدقيقة دون زيادة  

، مُدرّبًا مسبقًا على مجموعة بيانات VGG19في التكلفة الحسابية. أما النموذج الثاني، فيستخدم مُشفّرًا قويًا قائمًا على شبكة  
ImageNet  .ن يتميز بكتل التفافية أعمق لتحسين الدقة المكانية بالإضافة إلى ذلك، تم استحداث مرحلة ، مقترنًا بمفكك مُحسَّ

مرشحات غاوس والوسيط  بشكل   تم تطبيقللمعالجة الأولية لدراسة تأثير تحسين الصورة على أداء عملية التجزئة؛ حيث  
لتقليل الضوضاء، بينما استُخدمت تقنية   النتائج التجريبية تحسناً في دقة    CLAHEمنفصل  التباين. وقد أظهرت  لتحسين 

 التجزئة، مما يثبت فعالية هذه الابتكارات المتعلقة بالبنية ومعالجة البيانات الأولية.

ولمعالجة القيود الجوهرية في البنى الالتفافية التقليدية، لا سيما فيما يتعلق بالتقاط العلاقات بعيدة المدى، يقدم هذا  
مع  U-Net ، وهو إطار مبتكر للتجزئة يعتمد على البنية الأساسية لـFGHQA-UNet العمل نموذجًا جديدًا أطلق عليه 

الانتباه آلية  تمثيل هجين   .Feature Global Hybrid Query Attention (FGHQA) دمج  على  الآلية  هذه  تعتمد 
يدمج بين الخصائص المحلية والعالمية، مما يعزز قدرة النموذج على نمذجة العلاقات السياقية  (Queries) للاستعلامات 

ومن خلال هذا التكامل، يتجاوز النموذج القيود المرتبطة بالاعتماد الحصري على الالتفافات  .الدقيقة داخل الصور الطبية
التقليدية، حيث يتم تحسين تمثيل الميزات عبر دمج المعلومات المكانية الدقيقة مع السياق العالمي بصورة متزامنة، بما يحقق  

الحسابية والكفاءة  التمثيلية  الدقة  بين  فعالًا  البيانات .توازنًا  رفع جودة  في  المعتمدة  المسبقة  المعالجة  استراتيجية  تسهم  كما 
المدخلة وتقليل الضوضاء وتحسين الكفاءة الحسابية، مما ينعكس إيجابًا على أداء النموذج أثناء التدريب والاستدلال. وقد تم  

بما يضمن تحقيق توازن بين الدقة الحسابية والكفاءة التشغيلية مع الحفاظ على القدرة على   FGHQA-UNet تصميم بنية
المعقدة الطبية  البيئات  الدقيقة في  السمات  المقترح على ثلاث مجموعات بيانات معيارية   .استخراج  النموذج  وقد تم تقييم 

، حيث أظهرت النتائج التجريبية تفوقه على أحدث الأساليب المنافسة من حيث LiTSو  KiTSو  BraTSللتجزئة الطبية هي  
 دقة التجزئة والكفاءة الحسابية، مما يؤكد فعاليته وجدواه في تطبيقات التصوير الطبي المعزز بالتعلم العميق.

المفتاحية: التلافيفية  الكلمات  العصبية  الشبكات  العميق،  التعلم  الطبي،  التصوير  التلقائية،  ،   (CNN) التجزئة 
 المحولات، النماذج الهجينة 
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General introduction

Medical image segmentation has become one of the fundamental tasks in modern medical
image analysis due to its essential role in identifying anatomical structures and patholog-
ical regions with high precision. Accurate segmentation provides detailed quantitative in-
formation that supports disease diagnosis, treatment planning, surgical guidance, and lon-
gitudinal monitoring of disease progression. Over the past decade, the rapid advancement
of deep learning, particularly convolutional neural networks (CNNs) and, more recently,
hybrid architectures integrating attention mechanisms and Transformer-inspired models,
has significantly improved segmentation performance by enabling automatic extraction
of hierarchical image representations directly from medical data. These developments
have established deep learning as the dominant paradigm for medical image segmentation
and have substantially outperformed conventional image processing and machine learning
techniques [1–3].

Despite these remarkable advances, developing segmentation models that are simul-
taneously accurate, robust, and computationally efficient remains a significant challenge.
Medical images exhibit considerable variability in terms of imaging modalities, anatomi-
cal structures, tumor morphology, making it difficult for a single segmentation strategy
to perform consistently across diverse clinical scenarios. Existing approaches often en-
counter a trade-off between preserving fine spatial information, learning discriminative
feature representations, modeling long-range contextual dependencies, and maintaining
acceptable computational complexity. Consequently, improving medical image segmen-
tation requires more than optimizing a single component of the segmentation pipeline.
Instead, it demands the complementary integration of architectural innovation, efficient
feature learning, high-quality data representation, and practical computational efficiency
to address the diverse challenges encountered across different clinical scenarios [4–6].

Although DL has significantly advanced medical image segmentation, most existing
studies have primarily focused on improving segmentation performance through archi-
tectural modifications or by maximizing segmentation accuracy. Considerable progress
has therefore been achieved in feature extraction, contextual modeling, and network op-
timization. However, comparatively limited attention has been paid to the practical
diversity of clinical applications, where segmentation models are expected to operate un-
der different computational resources, diagnostic objectives, and precision requirements.
Consequently, the suitability of a segmentation model depends not only on its segmen-
tation accuracy but also on its ability to satisfy the specific demands of the intended
clinical scenario. These observations indicate the need for a broader research perspective
that investigates complementary segmentation strategies capable of addressing different
clinical and computational requirements.

To address these challenges, this thesis aims to develop and evaluate three comple-
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mentary deep learning-based segmentation models, each designed to investigate a different
aspect of medical image segmentation. Rather than relying on a single architectural im-
provement, the proposed research explores multiple design strategies, including enhanced
spatial information transfer, efficient feature extraction with reduced computational com-
plexity, and hybrid local-global contextual modeling. In addition, the study investigates
the contribution of data preprocessing and data selection strategies to segmentation per-
formance. Through these complementary directions, the thesis seeks to demonstrate
that robust and accurate medical image segmentation is achieved through the integration
of architectural innovation, effective data representation, and computational efficiency,
thereby providing practical solutions applicable across different tumor types, imaging
modalities.

This thesis makes several scientific contributions to the field of medical image seg-
mentation through the development and comprehensive evaluation of three complemen-
tary deep learning-based models. The first contribution consists of enhancing the U-Net
architecture by replacing its conventional skip connections with Depthwise Convolution
Bottleneck (DCB) modules, thereby improving spatial information transfer while preserv-
ing computational efficiency. The second contribution introduces an enhanced VGG19-
based segmentation model that combines a pre-trained encoder with an optimized decoder
based on depthwise separable convolutions, reducing the number of trainable parameters
while maintaining high segmentation performance. This contribution also includes a sys-
tematic investigation of different preprocessing techniques, demonstrating the superiority
of CLAHE over Gaussian and Median filtering for enhancing input image quality. Finally,
the thesis proposes FGHQA-UNet, a novel hybrid segmentation framework featuring a hy-
brid encoder that integrates convolutional neural networks with attention mechanisms to
effectively combine local feature extraction and global contextual modeling. This frame-
work is further complemented by a tumor-guided slice selection strategy based on tumor
pixel count and tumor density, enabling the model to focus on the most informative slices
while improving both training efficiency and segmentation performance.

This thesis is organized into five chapters. Chapter 1 provides the theoretical back-
ground of medical image segmentation, reviewing its evolution from conventional image
processing techniques to modern deep learning approaches. Chapter 2 introduces the
main medical imaging modalities, benchmark datasets, and evaluation metrics relevant
to tumor segmentation. Chapter 3 presents the fundamental deep learning architectures
employed in medical image segmentation, with particular emphasis on convolutional neu-
ral networks, attention mechanisms, and hybrid CNN–Transformer models. Chapter 4
presents two enhanced U-Net–based segmentation models, including a DCB-based archi-
tecture for improved spatial information transfer and an enhanced VGG19-based model
incorporating an optimized decoder and preprocessing techniques. Finally, Chapter 5
introduces the proposed FGHQA-UNet framework, which combines a hybrid encoder,
attention mechanisms, and a tumor-guided slice selection strategy, followed by a compre-
hensive experimental evaluation on the BraTS, LiTS, and KiTS benchmark datasets.
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I.1 Introduction
Medical image segmentation represents a critical task in modern healthcare, enabling pre-
cise delineation of anatomical structures and pathological regions for improved diagnosis
and treatment planning. This chapter provides a comprehensive review of the field’s
evolution, from early traditional methods to contemporary DL approaches. We exam-
ine the fundamental techniques that have shaped medical image segmentation, including
pixel-based, contour-based, and region-based methods, before exploring the revolution-
ary impact of CNNs and transformer architectures. The review systematically analyzes
each method’s technical foundations, clinical applications, and performance character-
istics while highlighting key datasets. By synthesizing this extensive body of research,
we aim to provide readers with a clear understanding of current capabilities and limita-
tions, setting the stage for informed discussions about future directions in medical image
analysis.

I.2 Introduction to Medical Image Segmentation
Automatically recognizing semantic concepts in numeric images, such as a specific organ
or disease in a medical image or a specific target object in a video sequence, is a computer
vision research subject of paramount importance due to its theoretical and methodological
challenges as well as the breadth of its applications [7]. Scene-understanding algorithms
would enable machines to extract very valuable information from visual data, with an
enormous potential to enable powerful predictive models, to provide new insights, and
to guide decisions. For instance, semantic segmentation, which is the main focus of this
thesis, is of pivotal importance in various image interpretation systems. This difficult
and cumbersome computational task aims at automatically assigning a semantic label
(or class) to every pixel in an image, for example “car” or “person” in a street scene,
acquired by a standard camera, or a tumor structure in a medical Magnetic Resonance
Imaging (MRI). In medical imaging, challenges such as variability in anatomy across
patients, imaging noise, and low contrast between tissues further complicate segmentation
tasks [7, 8].

In medical imaging, segmentation information directly translates into quantitative
measures for disease diagnosis, treatment, and follow-up, as well as surgery planning,
radiology reporting, and healthcare research and practices. Powerful and accurate seg-
mentation algorithms have the potential to disrupt significant application areas of medical
imaging, such as cardiology, neuroscience, and oncology. More generally, the problem is of
pivotal importance in a breadth of application areas, such as autonomous driving, surveil-
lance, remote sensing, industrial inspections, and web-based commercial platforms [3, 4].

From an algorithmic perspective, visual recognition problems, including semantic
segmentation, are very challenging and domain-dependent because of the diversity, vari-
ability, and complexity of real-world scenes [9]. The current overwhelming growth of
large-scale image data acquired and stored every day, coupled with the recent compu-
tational and algorithmic breakthroughs in DL research, has produce unprecedented ad-
vances in visual-recognition performances in the last decade, triggering wide interest in
both academia and industry. There is a clear consensus that, in the next decades, such
algorithms will disrupt strategic areas such as health care, security, autonomous sys-
tems and robotics, remote sensing, manufacturing, and social media, among many others.
However, this also raises substantial computational and algorithmic challenges, which call
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for bringing current image interpretation algorithms to a whole new level of automation,
scalability, and accuracy [10].

I.3 Traditional Image Segmentation Techniques
Before the advent of machine learning (ML) and DL techniques, image segmentation relied
on a set of traditional methods that directly address basic image properties, such as pixel
intensity, contrast, and continuity [11]. These methods can be classified into three main
categories based on the underlying criteria underlying the segmentation process:

I.3.1 Pixel-Based Image Segmentation
Pixel-based image segmentation methods focus primarily on thresholding and cluster-
ing techniques. Because thresholding methods rely heavily on the number of thresholds
selected and the choice of parameters, their resulting segmentation results are often in-
accurate. In contrast, clustering methods are more popular and widespread due to their
robustness and better ability to handle image variations.

Clustering techniques predominantly include hierarchical clustering [12], c-means
clustering [13], fuzzy c-means clustering [14] , density clustering [15], and spectral clus-
tering [16]. The hierarchical clustering algorithm leverages the similarity among pixels to
perform hierarchical decomposition. Although this algorithm is straightforward and easy
to implement, the resulting segmentation outcomes are contingent upon the construction
of the tree and the selection of thresholds; therefore, image segmentation techniques based
on hierarchical clustering are not frequently employed.

Pixel-based segmentation techniques are an important approach in medical image
analysis, treating each pixel as an independent unit of analysis. This idea first emerged
in 2009, developed by Sladoje and Lindblad [17], and focused on improving segmentation
accuracy by re-evaluating boundary pixels after initial segmentation, using gray-level in-
formation to estimate each pixel’s affinity to the object or background. This approach
utilized a complementary strategy to crisp segmentation methods, allowing for more ac-
curate estimates of quantitative features, especially in histological images.

However, this approach was limited in handling topological complexities or subtle
variations in intensity. To address these shortcomings, the Gradient-Based Seeded Region
Growing (GBSRG) technique was developed by G. N. Rai and T. R. Nair in 2010 [18].
It focused on improving the homogeneity criterion by incorporating a density gradient,
allowing for more accurate boundary definition, especially for complex structures such
as blood vessels in computed tomography (CT) images. However, this method relied on
initial seeds and remained sensitive to noise and local variations, highlighting the need for
more robust approaches. In 2011, a generalized classification-based segmentation system
using dense neighbors and ML was proposed by Chen et al [19]. which used supervised
approaches such as Support Vector Machine (SVMs) with local features (neighborhoods)
and incorporated multiscale voting between the results to improve accuracy.

This approach demonstrated high flexibility across different image types (MRI, tissue
images, and nuclei images), representing a step toward generalization and reliance on
labeled data. However, it required large amounts of training data and complex fine-
tuning processes. A major breakthrough came in 2012 with the introduction of pixel-
based ML techniques by K.Suzuki [20], particularly the MTANN model, which enabled the
training of massive neural networks on sub-angles of images, predicting individual pixel
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values or pattern probabilities. This allowed overcoming the inaccurate segmentation
and estimation errors that plague traditional methods. This strategy allowed for the
direct integration of spatial context into the classification process, enhancing performance
on complex medical images. The technology has been in use by researchers for many
years [21–25].

I.3.2 Contour-Based Image Segmentation
Contour-based image segmentation aims to achieve segmentation by identifying the bound-
aries of each region within an image. Initially, this approach primarily relied on image
gradient computations, utilizing well-known operators such as Sobel, Robert, and Canny.
However, converting the image gradient into a closed contour presents significant chal-
lenges [26].

Consequently, traditional edge detection often employs a thresholding method to
derive contour detection outcomes tailored to specific task requirements. With advance-
ments in the application of partial differential equations in image processing, the active
contour model (ACM) has gained widespread adoption for image segmentation [27]. Seg-
mentation based on the ACM typically utilizes the energy functional method, which fun-
damentally involves representing the target edge with a continuous curve and defining an
energy function that incorporates the edge curve as its independent variables. Therefore,
the task of image segmentation is reframed as the process of determining the minimum
value of the energy function [28].

In the continuous development of medical image segmentation techniques, research
papers spanning the late 1990s to the early 2010s demonstrate a clear gradual improve-
ment in accuracy and reliability, driven by the need to overcome limitations of medical im-
ages such as noise and edge blurring. This process began with the application of the ACM
to MRIs to extract the cranial cavity. Matsumoto et al. [29], used a series of preparatory
steps, including extracting the brain vertex from the histogram, thresholding, and then
morphological operations to refine the contour, before applying the ACM. The goal was
to achieve automatic brain extraction, but the strategy relied heavily on preprocessing,
making it sensitive to variability in image quality. With the growing need to incorporate
shape knowledge to improve segmentation, M.Rousson and N.Paragios [30], developed a
framework that combined shape priors with level set models. They used a shape model
based on training data to constrain boundary evolution according to accepted anatomical
shapes, enhancing accuracy, especially in the presence of noise or distortions.

However, this approach relied on global transformations, which limited its ability
to handle multiple objects or local shape variations. To address this, S.Lankton and
A.Tannenbaum [31], introduced the concept of local region-based segmentation. The
model focused on image features within a specific range around each point, using a local
symmetry function to improve the discrimination between regions of similar intensity,
resulting in significant improvements in segmentation accuracy, despite increased com-
putational cost. Building on these developments, Fu et al. [32], developed a multilevel
model based on level set models for complex image segmentation, using two level set
functions to represent multi-object interactions, while incorporating edge information as
an additional stopping force, allowing for accurate border capture even in low-contrast
images. Finally, methods have evolved toward more advanced statistical models, Wei et
al. [33], using a Gaussian mixture model to segment brain tissue in CT images, with per-
formance quantitatively evaluated using the overlap rate criterion, reflecting a shift from
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visual to precise quantitative assessment. Thus, this series of studies demonstrates how
each technique, while successful in a specific context, has revealed limitations that have
prompted researchers to develop more adaptive and intelligent methods. This confirms
that progress in this field is not a technical luxury but rather an imperative to meet the
demands of accuracy and reliability in medical diagnosis and treatment [34–37].

I.3.3 Region-Based Image Segmentation
Region-based image segmentation begins by initializing the seeds, subsequently identifying
the approximate pixels that exhibit similarity to these seeds. These identified pixels are
typically classified as belonging to a specific class, and the seeds are updated iteratively
until convergence is achieved.

The primary techniques used in region-based image segmentation include region
growing [38], region splitting and merging [39] , and super pixel [40]. The objective
of region growing is to extract connected regions within an image based on predefined
growth criteria, which may include similar grayscale values, edge characteristics, or texture
information [41]. The fundamental concept involves initiating the process from one or
more seeded pixels and applying the growth rule to iteratively merge adjacent pixels
into the growing region until all pixels are incorporated. Although the region growing
technique is not frequently utilized in isolation, it serves as a crucial step in image analysis,
particularly for delineating small and simple regions, such as tumors and lesions, within
an image.

Image segmentation techniques have undergone a fundamental shift from basic mod-
els that process images pixel by pixel to more sophisticated models that focus on region
analysis. D. Mumford and J. Shah [42], contribution in 1989 represented a turning point.
Its primary goal was to segment an image by dividing it into smooth regions. The model’s
strategy is based on minimizing a power function that determines the quality of the seg-
mentation, and this method has proven its ability to perfectly model the image as a
”cartoon.” The Chan-Vese model, published by Tony F. Chan and Luminita A. Vese [43],
responded to a pressing need to segment objects that lack clear edges. Building on the
Mumford-Shah approach, this model introduced a new strategy known as ”edgeless active
contours,” which uses a level set method, enabling it to detect boundaries without relying
on gradients.

Later, the need for more efficient and faster methods emerged, and ”Graph-Based
Segmentation” was developed. It was introduced by Pedro F. Felzenszwalb and Daniel
B. Huttenlocher [44], aiming to provide a fast and efficient segmentation method. This
model’s strategy is based on representing the image as a graph and is characterized by its
ability to preserve detail in low-contrast image regions.

The most recent development is the Contrastive Unpaired Translation for Segmen-
tation (CUTS) framework developed by Pradyumna B. Sharma et al [45], which presented
an unsupervised DL model specifically designed to address the lack of labeled data. This
framework achieved impressive results, delivering performance comparable to large models
trained on large labeled datasets [46–49].
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I.4 Methodological developments in computational mod-
eling for medical image segmentation.

ML techniques formed the cornerstone of the development of early approaches for auto-
mated medical image segmentation [11]. These methods relied on a two stage model, be-
ginning with manual feature engineering, followed by the application of supervised classi-
fication algorithms. In the first stage, researchers focused on extracting specific numerical
features from the image, presumably relevant for distinguishing target anatomical struc-
tures such as tumors or organs from the surrounding background. These features included
basic pixel intensity indices, texture measures derived from the Gray Level Co-occurrence
Matrix (GLCM), and geometric properties such as shape, area, and perimeter [50].

After extracting these features, they were used as inputs to feed classical ML algo-
rithms. Among these algorithms, SVMs emerged as one of the most popular models [51],
seeking to identify a geometric boundary in a high-dimensional feature space that max-
imizes the distinction between ”target” and ”background” classes. Random Forest algo-
rithms have also played a prominent role, constructing an ensemble of decision trees that
aggregate their decisions through a voting mechanism to determine the classification of
each pixel or region [52]. Alongside supervised models, unsupervised approaches have
also emerged, such as the K-means algorithm, which relies on clustering pixels with sim-
ilar properties, such as intensity or color, into homogeneous groups without the need for
pre-labeled training data [53].

Despite the relative success of these methods in limited contexts, particularly in high
contrast, low-noise images, they have faced fundamental challenges that have negatively
impacted their generalizability and practicality. The most prominent of these challenges is
the fragility of models resulting from an over-reliance on manual feature engineering, which
requires extensive redesign whenever image acquisition conditions change (such as mod-
ifications to imaging protocols or acquisition devices). Furthermore, manually designed
features have proven insufficient in capturing the structural and functional complexity
of medical images, particularly the non linear contextual relationships that characterize
real clinical data. Manual feature extraction was time-consuming and required extensive
clinical and technical expertise, limiting the generalizability of these approaches across
diverse datasets [54, 55].

These limitations were the primary motivation for moving to a more advanced and
effective approach, DL. This approach has revolutionized medical image segmentation
by integrating feature extraction and classification into a unified framework, enabling
the model to learn discriminative representations directly from raw data without human
intervention. Due to its hierarchical architecture, a deep neural network can learn a
gradual sequence of features, from primitive patterns such as edges and spots to complex
representations reflecting fine anatomical structures. This shift has led to unprecedented
improvements in segmentation accuracy, reliability of results, and the models’ ability to
generalize across diverse clinical contexts [56, 57].

I.4.1 DL for Medical Image Segmentation
Given the rapid advancements in imaging technologies and the accessibility of extensive
medical datasets, the demand for precise, efficient, and automated segmentation tech-
niques has reached an all-time high. DL, which is a branch of Artificial Intelligence (AI),
has surfaced as a revolutionary method, providing unparalleled abilities in the processing
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and interpretation of intricate medical images [58].
Unlike conventional approaches that rely on manually engineered features and rigid

algorithms, DL models, particularly CNNs and architectures like Unet, automatically
learn hierarchical features directly from raw imaging data (MRI, CT, or ultrasound), elim-
inating the need for labor-intensive feature design. This adaptability allows DL to gener-
alize across diverse imaging modalities, noise levels, and anatomical variations, whereas
traditional methods often fail under such variability.

I.4.1.1 Key DL Architectures for Segmentation

With the advancement of DL techniques, medical image segmentation has witnessed rapid
progress in the last decade, with the emergence of specialized neural network architec-
tures that have overcome the limitations of traditional approaches in handling spatial
and anatomical complexity. These developments began with the adoption of deep con-
volutional networks, which efficiently exploited the spatial structure of images, and then
evolved into more advanced architectures that integrated attention mechanisms, trans-
formers, and probabilistic models to improve accuracy and reliability [59]. Since the
late 2000s, architectures such as Unet and V-net have become cornerstones of the field,
paving the way for the development of hybrid models capable of learning from image
data in deeper and more adaptive ways. This technological acceleration demonstrates
how model architecture is no longer simply an implementation tool but a key driver of
innovation in segmentation accuracy, especially in light of ongoing challenges such as the
scarcity of high quality data, variability across sources, and unclear boundaries of anatom-
ical structures. Below, we review the most prominent of these architectural architectures
that have marked a turning point in the development of this field.

I.4.1.1.1 CNN-based Models In 1991, W. Zhang et al. [60], presented one of the
first attempts to use CNNs in medical image segmentation in a paper titled ”Image pro-
cessing of human corneal endothelium based on a learning network.” The study analyzed
images of the human corneal endothelium taken with a reflectance microscope. The re-
searchers developed a space-invariant neural network capable of generalizing recognition
patterns across the entire image. The network was trained on portions of the original
images with hand-drawn cell boundaries as reference models. After training, it accurately
extracted boundaries from images not used during the learning process, demonstrating
its ability to generalize. The team also analyzed the network’s internal representations
to understand how it processed data and distinguished between shapes and backgrounds.
This study marked an important early step in paving the way for the use of CNNs in
medical image segmentation. Although the first application of CNN in medical image
segmentation appeared in 1991, limited computing power, limited digital medical data,
and the absence of effective DL frameworks and training techniques delayed the emergence
of powerful models like Unet until 2015, following the significant advances that followed
the AlexNet revolution in 2012.

Ciresan et al. [61], presented a deep CNN to the International Symposium on
Biomedical Imaging (ISBI) challenge for segmenting neural structures in electron mi-
croscope images, aiming to achieve accurate pixel-by-pixel classification. Their strategy
relies on a ”pixel-wise classification” approach using a multilayer network trained on local
windows (patches), relying on computational acceleration via graphics processing units
to achieve efficient training and inference. The results demonstrated significant outper-
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formance over traditional methods such as simple filtering or second-person observations,
achieving the lowest pixel-wise error and Rand error rates. However, this method revealed
major drawbacks, namely the slowness resulting from processing each window separately
and the computational duplication resulting from overlap between windows, highlighting
the need for a more efficient and comprehensive model. Here comes the development of
Long et al. [62], in their paper on ” Fully convolutional networks for semantic segmenta-
tion ”, which restructured classifier networks such as AlexNet and Visual Geometry Group
(VGG) to transform them into models capable of directly producing dense segmentation
maps. Their strategy is based on replacing fully connected layers with convolutional lay-
ers while introducing a ”skip connections” mechanism that combines features from deep
layers (with high context) with those from shallow layers (with high spatial resolution),
significantly improving segmentation accuracy.

The results demonstrated that Fully Convolutional Networks (FCNs) outperform
previous models in natural and medical image segmentation tasks, reducing time and
achieving outstanding performance on metrics such as mean IoU. However, FCNs still
suffer from limitations in adapting to the volume of 3D medical data and the lack of
labeled data. To address these challenges, Ronneberger et al. [63], introduced the Unet
model, specifically designed for medical images. It relies on a symmetrical architecture
contracting and expansive paths with strong skip connections and can be successfully
trained on a very small number of images thanks to highly efficient data augmentation.
Unet outperformed sliding-window CNNs in the ISBI challenge, becoming a gold standard
in the field. With the growing need to process 3D data such as MRI or CT scans, 3D
models have been developed. Milletari et al. [64], introduced the V-net model, which
extends the Unet concept to the 3D and uses a Dice-based loss function to address class
imbalance, improving segmentation performance across the entire volume. Çiçek et al.
[65], presented a 3D Unet model trainable from scratch on sparsely annotated volumes,
with support for processing large volumes sequentially seamless tiling, allowing practical
application on massive medical images without memory constraints [66–69].

Blendowski et al. [70], focused on learning 3D contextual representations from unla-
beled CT data using a self-learning task based on predicting displacements between planar
patches along three axes. This task was combined with an encoder-decoder network to
produce a heatmap that improved prediction accuracy, forcing the model to understand
the spatial structure of the body. This approach demonstrated significant superiority in
a few-shot segmentation task involving six major organs.

The strategy evolved the following year with Wang et al. [23], who moved from fea-
ture learning to improving the training process itself to address the problem of corrupted
or inaccurate labels, a common problem in medical data due to variability between label-
ers. These researchers proposed a meta-learning framework known as Meta-learning based
Confidence Prediction Mask (MCPM), in which a small metamask network was trained
to analyze the loss map generated by the segmentation model, identify ”suspicious” pix-
els, and then reduce their weights during training. This was accomplished through an
alternating training cycle using a small, clean dataset (meta set) to guide updates. This
model demonstrated exceptional performance on the LIDC-IDRI and LiTS datasets, with
clear outperformance, especially when label noise was high (up to 80%), highlighting its
ability to build more flexible and reliable models.

In 2021, the innovation expanded with Windsor et al. [71], who focused on leverag-
ing multiple imaging modalities of the same patient, such as MRI and dual-energy X-ray
absorptiometry (DXA), to enable automatic segmentation transfer. The researchers relied
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on a self-learning and contrastive learning framework to train a model to match corre-
sponding regions between modalities without the need for manual position pairings. After
achieving accurate alignment, the exact segmentations extracted from the DXA images
were used to transfer them to the MRI images, providing accurate training data without
the need for manual labeling. This approach has achieved very high accuracy in trans-
ferring segments of the pelvic cavity, opening the way for building large, automatically
labeled datasets [72–75].

I.4.1.1.2 Transformer-based Models 2021 marked a fundamental shift in the field
of medical image segmentation, with new challenges emerging related to understanding
global contexts in complex images and overcoming the limitations imposed by CNN-
based models, which often suffer from a bias toward local information. This shift began
with Chen et al. [76], who introduced the TransUNet model, aiming to combine the
representational power of transformers, which can model long-range dependencies, with
the fine-grained architecture of a Unet. Their strategy relied on using an encoder based on
a transformer model to capture global context from multi-organ CT images, followed by
a convolutional decoder that reconstructs the image in fine detail using skip connections.
This model demonstrated significant outperformance over CNN-based methods such as
V-net and Unet, achieving a higher average dice, demonstrating that incorporating global
context improves segmentation accuracy.

As the same year progressed, ideas evolved toward building entirely pure transformation-
based architectures, without relying on convolutional operations. This was achieved with
Cao et al. [77], who introduced Swin-Unet, the first pure U-shaped architecture for medi-
cal segmentation. The goal was to completely eliminate the local bias of CNNs, replacing
all convolutional layers with Swin Transformer blocks, which enable progressive attention
from local to global. The researchers also developed a patch expanding layer to replace the
transposed convolution operations in zooming, preserving the network structure of fea-
tures. The model demonstrated superior results to TransUNet on both the Synapse and
ACDC sets, while reducing unwanted phenomena such as over segmentation, confirming
the ability of pure transformations to produce smoother and more accurate predictions.

In the same year, this trend expanded toward improving the interaction of multi-
scale information within transformational architectures. Lin et al. [78], introduced DS-
TransUNet, which incorporates a cross-attention fusion mechanism to improve feature
fusion across scales. The model focused on enhancing the interaction between multi-scale
branches in a Unet-like architecture, using mutual attention to focus it on regions of in-
terest across scales. This model achieved exceptional performance on polyp segmentation
tasks, outperforming advanced methods, demonstrating that improving the dynamics of
feature fusion within transformations can enhance generalization and accuracy.

As 2022 approaches, the need has evolved from optimizing the structure to exploit-
ing multiple sources of information, such as text, to improve the contextual guidance of
the model. Here, Li et al. [79], introduced the LViT-T model, which integrates textual
information (such as clinical reports) with medical images into a common transformation-
based encoder. The strategy relied on integrating textual and visual representations in
the same space, allowing the model to use linguistic context to understand and guide the
segmentation process, especially in complex or ambiguous cases. The model showed sig-
nificant improvement in segmentation accuracy and reduced mis-segmentation compared
to unimodal methods, opening a new door towards multimodal segmentation [80–83].

11



Previous studies

I.4.1.1.3 Hybrid CNN-Transformer models The field of medical image segmen-
tation has witnessed rapid development with the transition from CNNs to the integra-
tion of transformer models. Li et al. [84], began by introducing a TFCN model that
incorporates a Convolutional Linear Attention Block (CLAB) within the FC-DenseNet
architecture, aiming to enhance information flow across skip connections using spatial and
canal attention. This model achieved significant improvements over Unet and TransUNet,
achieving an average dice of 83.72%, but it revealed the need for more comprehensive con-
textual representations, especially in images with fine details.

Hence, the FAT-Net model introduced by Wu et al. [85], emerged, which adaptively
integrates transformations with convolutional features to improve skin lesion segmenta-
tion. This model demonstrated improved performance over ensembles such as ISIC but
remained limited in efficiently incorporating multi-scale context. Consequently, the need
for more sophisticated structures for managing attention across different axes arose, lead-
ing to the emergence of MaxViT-UNet, developed by Khan et al. [86], which is based
on the MaxViT architecture and uses multi-axis attention to efficiently integrate local
and global attention, with linear complexity. This architecture was incorporated into the
UNet framework, resulting in its outperforming models such as Swin-UNet and TransUNet
in the MoNuSeg and MoNuSAC datasets, achieving improved dice averages and a lower
HD95 metric, reflecting its ability to balance accuracy with computational efficiency.

Despite these advances, challenges remain in integrating fine-grained edge features
with broad contextual representations, especially in low-contrast medical images. To ad-
dress this, Manzari et al. [87],introduced the BEFUnet model, which explicitly focuses
on integrating ”body” features resulting from transformations with ”edge” features ex-
tracted via specialized convolutional units. BEFUnet utilizes two differential multilevel
fusion and cross-axis feature fusion units, as well as the concept of pixel difference convolu-
tion to enhance edge sensing. This design outperforms advanced models such as FAT-Net
and Swin-UNet, with significant improvements in dice and HD95 metrics, especially in
complex tissue segmentation [88–91].

I.5 Comparative Analysis of Medical Image Segmen-
tation Methods

A comprehensive evaluation of medical image segmentation techniques necessitates mov-
ing beyond a mere enumeration of strengths and weaknesses. This section provides a
systematic, multi-faceted comparison based on quantifiable performance metrics across
diverse clinical scenarios. We evaluate not only the accuracy of various models but also
their practical viability concerning interpretability, computational efficiency, and integra-
tion into clinical workflows. This holistic perspective is essential for understanding the
real-world applicability and limitations of these technologies in medical practice.

Medical image segmentation methods are rapidly evolving, with a focus on striking
a balance between accuracy and practicality. While current models excel in segmentation
accuracy, challenges such as high computing requirements and scarcity of labeled data
remain barriers to their clinical application. Integration of different techniques is emerging
as a promising solution to address their respective limitations, but it increases model
complexity. This progress demonstrates the importance of flexible solutions that take into
account the diversity of diagnostic tasks and available infrastructure while maintaining
interpretability for clinical decisions. The two tables, I.1 and I.2, provide a comparative
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analysis of the most prominent medical image segmentation methods.

Table I.1: Traditional Segmentation Methods: Capabilities and Clinical Constraints

Category Strengths Weaknesses Clinical
Applicability

Pixel-Based
• Fast for simple

structures
(thresholding)

• No training data
required

• Poor accuracy for
complex anatomies

• Sensitive to
noise/artifacts

Limited to
preprocessing tasks
(skull stripping)

Contour-
Based • Accurate

boundaries (e.g.,
active contours)

• Incorporates shape
priors

• Requires manual
initialization

• Computationally
expensive

Cardiac/MRI
segmentation (with
manual tuning)

Region-Based Handles
texture/heterogeneity
(region growing)

• Seed-point
dependency

• Over-segmentation
issues

Tumor segmentation
(small ROIs)

Table I.2: DL Architectures for Medical Segmentation: Performance and Trade-offs

Approache Strengths Weaknesses Best For
CNN-Based

• High accuracy with
small datasets

• Efficient for 3D
volumes

• Local receptive
fields limit global
context

• Requires large
annotated datasets

Multi-organ CT/MRI
segmentation

Transformer-
Based • Captures

long-range
dependencies

• Better
generalization
across modalities

• High
computational cost

• Complex
hyperparameter
tuning

High-resolution
MRI/polyp
segmentation

Hybrid CNN-
Transformer • Balances

local/global
features

• Improved edge
detection

• Increased
architectural
complexity

• Slower inference
than CNNs

Low-contrast images
(liver tumors)

I.5.1 Evaluation Metrics for Medical Image Segmentation
A robust comparative analysis requires an expanded set of evaluation criteria beyond
conventional metrics such as the dice and HD95. The following table I.3 presents a
comprehensive framework for assessing segmentation methods:
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Table I.3: Common Evaluation Metrics for Medical Image Segmentation

Criterion Description Clinical Relevance
Dice Quantifies spatial overlap

between predicted segmen-
tation and ground truth

Primary metric for overall
segmentation accuracy

HD95 Measures the 95th per-
centile of maximum bound-
ary distance between pre-
diction and ground truth

Critical for radiation ther-
apy and surgical planning
requiring precise bound-
aries

Precision (Positive Predic-
tive Value)

Proportion of correctly
predicted positive pixels
among all positive predic-
tions

Essential for reducing false
positives that may lead to
unnecessary interventions

Recall (Sensitivity) Proportion of actual posi-
tive pixels correctly identi-
fied

Crucial for minimizing false
negatives that could result
in missed diagnoses

IoU (Intersection over
Union)

Measures the ratio of over-
lap between the predicted
segmentation and ground
truth to their combined
area (union).

widely used to evaluate
the accuracy of delineated
anatomical structures and
lesions.

I.5.2 Task-Oriented Performance Analysis
The optimal segmentation approach varies significantly depending on specific clinical re-
quirements and challenges:

I.5.2.1 Tissue Heterogeneity in Medical Image Segmentation

Clinically, tumor segmentation remains challenging due to high tissue heterogeneity, dif-
fuse boundaries, and substantial morphological variability across cases. Performance anal-
ysis reveals that hybrid CNN-Transformer architectures currently offer the best balance,
leveraging CNNs’ sensitivity to local features while integrating Transformers’ ability to
model global context, resulting in more accurate and robust segmentations. Pure Trans-
former models, while powerful in capturing long-range dependencies, tend to over-segment
regions with similar textures due to their limited local discrimination. Meanwhile, tradi-
tional methods, such as region growing, often fail in such complex scenarios, as they rely
heavily on homogeneous intensities and precise seed point initialization. Therefore, hy-
brid architectures are recommended as the most effective solution for tackling the nuanced
demands of tumor segmentation in clinical imaging.

I.5.2.2 Segmentation large Organ and tumors

The segmentation of large organs presents a clinical challenge characterized by volumetric
data with generally conserved anatomical structure yet considerable inter-patient shape
variation. Performance analysis shows that Unet variants remain highly competitive,
offering an optimal blend of accuracy, computational efficiency, and architectural matu-
rity, making them well-suited for routine clinical deployment. While transformer-based
models achieve strong segmentation performance by capturing global context, their com-
putational overhead and architectural complexity often exceed practical requirements for
this task. Traditional methods, such as active contours with shape priors, can be effective
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for organs with stable morphology but are sensitive to parameter tuning and less adapt-
able to anatomical variability. Therefore, Unet architectures are recommended as the
most balanced and pragmatic solution for large organ segmentation across diverse clinical
applications.

I.5.2.3 Fine Structure Segmentation

Segmenting small-scale anatomical structures presents a clinical challenge due to their
complex morphology and low contrast against surrounding tissues, making precise delin-
eation difficult. Performance analysis indicates that CNN-based architectures enhanced
with attention mechanisms excel in this domain, as they effectively highlight fine details
and adaptively focus on relevant regions. In contrast, transformer-based models, while
powerful for global context, often struggle with minute structures due to their reliance
on patch-based tokenization, which can blur or overlook fine spatial details. Traditional
contour-based methods are generally unsuitable for such tasks, as they fail to handle the
intricate, branching geometries typical of small structures. Therefore, enhanced CNNs in-
corporating attention gates are recommended as the most effective and reliable approach
for accurate fine-structure segmentation in medical imaging.

I.5.3 Synthesis and Strategic Recommendations
The selection of an appropriate segmentation methodology involves balancing three crit-
ical dimensions: accuracy, computational efficiency, and practical viability.

For research applications where maximal accuracy is the primary objective without
computational constraints, advanced transformer or sophisticated hybrid models represent
the optimal choice. In clinical deployment scenarios requiring real-time performance or
operation on resource-constrained hardware, optimized Unet variants provide the most
practical and robust solution. For specialized applications with limited annotated data,
enhanced traditional methods or weakly-supervised learning approaches may offer the
most viable pathway.

Future research should focus not only on incremental improvements in accuracy
metrics but also on enhancing the efficiency, interpretability, and clinical integration ca-
pabilities of these advanced segmentation systems. The ultimate goal remains the trans-
lation of technical advancements into tangible improvements in patient care and clinical
workflows.

This comprehensive analysis provides a framework for method selection based on
specific clinical requirements and operational constraints, supporting informed decision-
making in both research and clinical settings.

I.6 Overview of Datasets Used in Medical Image Seg-
mentation

Medical image segmentation relies on diverse datasets to train, validate, and test models.
These datasets vary by imaging modality (MRI, CT, ultrasound, etc.), anatomical focus
(brain, heart, liver, etc.), and clinical task (tumor detection, organ segmentation, lesion
analysis). Below is table I.4, a summary of key datasets and their characteristics:
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Table I.4: Summary of publicly available datasets for AI-based medical image
segmentation

Category Dataset
Name

Modality Key Features Target Applica-
tion

Brain Imaging BraTS MRI (T1, T2,
FLAIR, T1ce)

Multi-institutional,
glioma segmentation

Brain tumor anal-
ysis

IXI MRI (T1, T2,
PD)

Healthy brain
anatomy reference

Neuroimaging re-
search

LGG MRI (FLAIR) Preprocessed low-
grade glioma MRI
scans with pixel-level
tumor annotations
for segmentation
tasks

Brain tumor
segmentation
and treatment
planning

ADNI Longitudinal
MRI

Alzheimer’s progres-
sion tracking

Neurodegenerative
studies

Abdominal and
Pelvic

LiTS 3D CT Liver and liver tumor
segmentation

Hepatic surgery
planning

KiTS 3D CT Kidney and kidney
tumor segmentation

Nephrology appli-
cations

CHAOS CT/MRI Multi-organ (liver,
kidney, spleen)
segmentation

Abdominal organ
analysis

Cardiac Imaging ACDC Cine-MRI Whole heart struc-
tures segmentation

Cardiovascular
studies

MM-WHS CT/MRI Multi-modality
whole heart segmen-
tation

Cardiac structure
analysis

Pulmonary
Imaging

LIDC-IDRI CT Lung nodule annota-
tions (multi-rater)

Lung cancer detec-
tion

LUNA16 CT Focused nodule de-
tection (LIDC-IDRI
subset)

Pulmonary nodule
analysis

Histopathology MoNuSeg H and E-stained
microscopy

Nuclei segmentation Cancer diagnostics

GlaS Histology im-
ages

Gland segmentation
in colon tissue

Colorectal cancer
research

Dermatology ISIC Archive Dermoscopy Largest skin lesion
dataset (melanoma
focus)

Skin cancer detec-
tion

Endoscopy Kvasir-SEG Endoscopy Polyp segmentation
in GI tract

Gastrointestinal
screening

ETIS-
LaribPolypDB

Endoscopy Smaller polyp detec-
tion dataset

Colonoscopy
research

Ultrasound CAMUS Echocardiography Left ventricle seg-
mentation

Cardiac ultra-
sound analysis
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BUSI Breast ultra-
sound

Benign/malignant
tumor classification

Breast cancer de-
tection

I.7 Conclusion
This review highlights the evolution of medical image segmentation from traditional meth-
ods to advanced DL approaches. While CNNs set new benchmarks, transformer models
show superior potential with global context understanding. Key challenges remain in
data requirements, interpretability, and clinical implementation. Future works must fo-
cus on developing efficient, accurate, and explainable models with real-time capabilities.
Standardized evaluation and multimodal integration will be essential to translate these
advances into tangible clinical benefits for improved patient outcomes.
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Principles and Applications of Medical Imaging Modalities

II.1 Introduction
Medical imaging has revolutionized modern healthcare by allowing clinicians to visualize
the human body’s internal structures with remarkable precision. From diagnosing diseases
to guiding surgical procedures, these technologies offer priceless advice without invasive
techniques. This chapter explores the fundamental types of medical imaging, including
X-rays, CT, MRI, ultrasound, and nuclear medicine techniques like PET. Each modality
offers unique advantages, leveraging different physical principles to capture anatomical or
functional details. Understanding these tools’ strengths, limitations, and applications is
essential for optimizing patient care and advancing medical practice.

II.2 Types of medical imaging
Medical image analysis plays a crucial role in tracking the clinical progression of diseases
and assessing patient responses to specific treatments, thereby aiding in the subsequent
planning of patient care. The advancement of medical imaging has significantly accel-
erated the diagnosis and treatment of various health conditions. Typically, a range of
medical imaging modalities exists that utilize diverse techniques to generate images for
various objectives. Figure II.1 illustrates examples of various medical images. In con-
temporary clinical practice, imaging modalities such as X-ray,CT, MRI, and ultrasound
are frequently employed. These medical images can either assess multiple organs (MRI
and CT) or focus on specific organs ( retinal images, mammograms, dermoscopy, and
colonoscopy). The amount of data generated by each modality also differs [92]. Each
imaging modality presents unique benefits for various applications and diagnostic goals,
as well as limitations in depicting the internal structures and functions of the body’s
numerous organs. X-ray, CT, MRI, ultrasound, dermoscopy, colonoscopy, microscopic
images, and optical coherence tomography (OCT) are among the most commonly utilized
medical imaging modalities that will be examined in this chapter. Furthermore, we will
explore the fundamental principles of operation and their applications.

Figure II.1: Illustrative examples of diverse medical imaging modalities in clinical practice
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II.2.1 X-Rays
In the realm of medicine, X-ray imaging is utilized to create intricate images of internal
anatomical structures, such as bones, which assist in the diagnostic process. X-rays,
categorized as electromagnetic waves, can penetrate various solid materials, including
the human body. Among the prevalent imaging techniques, X-rays are often employed
to visualize internal bodily structures [93]. The process entails directing a concentrated
beam of X-rays towards the specific area of interest within the body. As the X-rays pass
through the body, they are detected by a sensitive device, such as film or a digital sensor,
as shown in Figure II.2. Different types of tissues within the body respond to X-rays
in varying ways, softer tissues, such as muscles and organs, absorb fewer X-rays, leading
to darker shades on the resulting image, whereas denser tissues, like bones, absorb more
X-rays, appearing as white regions on the image. To produce a clear image, it is essential
to use an appropriate amount of radiation and ensure that the body part is positioned
correctly to the X-ray beam.

Figure II.2: Projectional radiography [94]

To obtain a more precise representation of the body’s 3D structure, multiple images
of the same area are captured from various angles and combined to form a 2D image [95,
96]. A radiologist, who is a medical expert specializing in the analysis of medical images,
concentrates on interpreting these images to diagnose a range of conditions, including
fractures, cancers, and other health issues, by deciphering the visual data presented. An
X-ray is a form of electromagnetic radiation generated within a glass tube that has been
evacuated. A cathode and an anode establish a voltage difference, which accelerates
electrons through the vacuum of the tube towards the rotating tungsten anode. Upon
striking the anode, these electrons produce both X-rays and heat. X-rays are generated
solely when a voltage difference is applied between the cathode and anode, making the
X-ray tube inactive until it is energized by the medical radiation technologist. Various
imaging modalities, such as X-ray, CT, fluoroscopy, and angiography, utilize this physical
on/off mechanism. X-rays are frequently used to obtain images of bones, primarily to
evaluate for fractures or other irregularities [97].

Furthermore, dentists and orthodontists employ X-rays to acquire comprehensive
images of teeth. In addition, X-rays play a vital role in identifying tumors or irregularities
in bones. They are also utilized to assist surgeons during operations. X-ray images of

20



Principles and Applications of Medical Imaging Modalities

the breast are captured during mammography to detect and evaluate irregularities such
as tumors or microcalcifications [98]. This technique is essential for the early detection
and prevention of breast cancer, as it can identify potential cancer indicators before they
are palpable during a physical examination. X-rays are employed not only for imaging
bones but also for the chest and lungs to diagnose various conditions, including pneumonia,
lung cancer, and emphysema. Beyond identifying gallstones, kidney stones, and intestinal
blockages, X-ray imaging can assess abdominal organs like the liver, spleen, and kidneys.
Due to its widespread availability, rapid execution, and cost-effectiveness, X-ray imaging
is a commonly preferred diagnostic technique. It is a noninvasive procedure, eliminating
the necessity for incisions or injections, thereby providing a relatively safe and comfortable
experience for patients. However, one limitation of X-ray imaging is its low tissue contrast,
which makes it more challenging to differentiate between malignant and healthy tissues
compared to other imaging modalities. Additionally, X-ray imaging only offers a 2D
representation of the body’s 3D structure, which may hinder the visualization of certain
internal components, particularly in hard-to-reach areas. The absence of depth in the
2D image can obscure some features of internal structures, complicating the accuracy of
diagnoses [99, 100].

II.2.2 Computed Tomography (CT)
The computerized tomography CT scan, creates detailed images of the internal structures
of the body by integrating X-ray technology with computer processing [101]. In contrast to
conventional X-rays, CT scans yield cross-sectional images, providing a unique viewpoint
of the body. These scans are noninvasive, guaranteeing a painless experience for the
patient. By directing X-rays at the body from multiple angles and assessing the intensity
of the X-rays as they traverse the body using detectors (This is what Figure II.3 shows),
CT scans can deliver high-resolution images of internal anatomy [102].

CT scans utilize a multi-slice detector, which is a specialized type of X-ray detec-
tor capable of capturing numerous images at once from various angles, thereby providing
detailed cross-sectional views of the body. To enhance image quality, two additional tech-
niques are employed in CT scans: spatial filtering, which minimizes noise and enhances
contrast, and multi-energy imaging, which uses X-rays of different energies to capture
distinct data and further improve contrast [103].

The images produced by CT scans can be displayed in multiple formats, such as
cross-sectional slices, 3D images, and even virtual reality representations, all thanks to
computer processing. Radiologic technologists perform CT scans, while radiologists, who
are medical professionals trained in interpreting images, analyze the results. A doughnut-
shaped machine moves the patient’s table into its center during a CT scan. The internal
X-ray tube of the scanner rotates to emit a series of X-ray beams at various angles as it
encircles the patient. As the X-ray light passes through the body, it creates a pattern of
attenuation, being absorbed at different rates by various tissues. An array of detectors
located opposite the X-ray tube captures the pattern of attenuated X-rays and converts
them into electrical impulses. This data from the electrical signals is then sent to a
computer, where sophisticated algorithms are employed to reconstruct the information
into a 3D image [104].

CT scans are utilized to improve the assessment of soft tissues and complex regions
of the image that may not be distinctly visible through conventional X-rays. They are
frequently used to visualize and evaluate blood vessels, internal organs, bones, the brain,
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Figure II.3: Computerized Axial Tomography Scan [105]

neck, spine, and chest. CT scans assist healthcare professionals in various diagnostic
activities, including the identification of tumors, assessment of fractures, and monitoring
the effects of cancer treatment on patients [106]. The high resolution of CT imaging is a
significant advantage, as it enables physicians to observe anatomical details such as bone
structure, organ functionality, and blood vessel configuration.

This capability makes it advantageous for diagnosing a wide range of diseases. Be-
sides its role as a diagnostic instrument, CT imaging technology is widely accessible in
environments such as hospitals, clinics, and physicians’ offices. Furthermore, CT imaging
is rapid and efficient, with data typically becoming available in a brief period. A primary
concern regarding CT imaging is the exposure to ionizing radiation, which can elevate
the risk of cancer and other health complications, particularly with repeated scans or in
pregnant women. Additionally, CT scanners represent a substantial financial investment,
which may be prohibitive for some healthcare facilities. Consequently, certain patients
may find it challenging to access this type of imaging. The benefits and drawbacks of CT
scans must be carefully evaluated, and alternative imaging techniques should be consid-
ered whenever feasible [107].

II.2.3 Medical Resonance Imaging (MRI)
MRI is akin to CT scans, yet it provides enhanced image quality, yielding intricate cross-
sectional views of bodily structures. Like CT scans, MRIs are noninvasive and safe, as
the magnetic fields and radio waves employed do not have harmful effects on patients.
MRI operates by utilizing a strong magnetic field to align the hydrogen nuclei within the
body, which facilitates the creation of accurate images of internal structures. This process
generates a subtle magnetic moment that can be harnessed to deliver precise depictions
of the body’s internal anatomy [108].
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Initially, a weak radio signal is emitted from the reoriented hydrogen nuclei due to
the application of radiofrequency pulses. A detector captures these signals, and following
analysis by a computer, clear images of the body’s internal mechanisms are produced
(Check out Figure II.4). When patients enter the MRI machine, the powerful magnetic
field causes the hydrogen atoms in their bodies to realign. Subsequently, a weak radio
signal is generated by the aligned hydrogen atoms after radio waves are transmitted
through the body. An antenna detects the radio waves, and the data is sent to a computer
for further processing. Sophisticated algorithms process this data to construct a 3D model
of the body’s internal anatomy. Hydrogen atoms, which exist in every cell of the body, are
present in varying concentrations depending on the type of tissue. An MRI can produce
axial, sagittal, and coronal images, providing a comprehensive 3D representation of the
patient’s anatomy [109].

Figure II.4: MRI Example: 2D Magnetic Resonance Angiography (MRA) of Brain Blood
Vessels [110]

MRI is utilized to examine the internal structure of the brain, spinal cord, bones,
heart, blood vessels, and various other internal organs. MRI is preferred over other imag-
ing techniques such as X-rays and CT scans because it does not expose patients to harmful
ionizing radiation [111]. These devices can also capture soft tissues, including muscles,
tendons, and ligaments, with remarkable clarity. They are capable of producing images
from multiple planes, offering a more detailed perspective of internal anatomy. Further-
more, one of the significant advantages of MRI is its capacity to provide microscopic
resolution without inflicting any harm or discomfort to the patient. However, it is impor-
tant to note that MRI scanners are sensitive to metal, therefore, individuals with certain
implants, such as pacemakers, cannot undergo MRI scans. Additionally, the high cost
of these scanners can be a substantial financial burden, rendering them inaccessible for
some facilities. The duration of examinations may also be longer in comparison to X-rays
or CT scans [112].
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II.2.4 Colonoscopy
Virtual colonoscopy, commonly known as CT colonoscopy, enables healthcare providers to
assess the large intestine for colon or rectal cancer, as well as for growths termed polyps,
as evidenced by a study conducted by Nguyen and Lee [113]. The fundamental concept of
colonoscopy involves the insertion of a colonoscope into the rectum and along the colon.
This colonoscope is a long, flexible tube that is fitted with a light source and a camera at
its end. It facilitates real-time visualization of the colon lining, allowing the physician to
identify any irregularities such as polyps, ulcers, inflammation, or tumors. Throughout
the procedure, the physician may also carry out therapeutic actions, including the removal
of polyps or the collection of tissue biopsies, if deemed necessary. Figure II.5 illustrates
an example of a colonoscopy.

Figure II.5: Diagram of the Colonoscopy [114]

Colonoscopy serves as a potent diagnostic instrument for the detection of colorectal
cancer, inflammatory bowel diseases (such as ulcerative colitis and Crohn’s disease), and
various other conditions that impact the colon and rectum. This procedure enables the
identification and excision of polyps, which are abnormal growths that have the potential
to progress into cancer over time. Colonoscopy boasts a high level of diagnostic precision
for colorectal cancer and other gastrointestinal disorders, thereby assisting in the formu-
lation of suitable treatment strategies [115]. It is important to note that a colonoscopy
is an invasive procedure that necessitates the insertion of a flexible tube into the rectum
and colon, which may result in discomfort or pain for the patient. Therefore, it is crucial
to engage in discussions regarding the risks, benefits, and alternatives of colonoscopy with
a healthcare professional to ensure an informed decision is made regarding the procedure,
taking into account individual circumstances and medical history.
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II.2.5 Positron Emission Tomography (PET)
A PET scan generates a 3D representation of the internal structures of the body [116].
Physicians utilize PET scans to observe and measure the metabolic and functional pro-
cesses occurring within the body. This imaging technique is commonly used in the medical
domain for the identification, categorization, and monitoring of a variety of conditions,
such as cancer and neurological disorders. The operation of a PET scan involves the
detection of radiotracers that emit positrons. These radiotracers are compounds that are
introduced into the body and release positrons, which are particles with a positive charge.
When a positron encounters an electron in the body, they annihilate each other, resulting
in the production of two gamma rays that travel in opposite directions. The PET scanner
detects these gamma rays and utilizes them to create 3D images that illustrate the distri-
bution of the radiotracer within the body. PET scans are extensively utilized in oncology
to monitor tumor development, assess treatment effectiveness, and identify metastases.
They serve multiple functions, particularly in producing high-resolution images of the
brain and predicting the progression of cancer.

Figure II.6: Positron Emission Tomography scans [117]

PET scans are frequently used for patients who have already been diagnosed with
cancer, as they can accurately depict the extent of cancer dissemination and evaluate
the success of chemotherapy. Furthermore, PET scans assist in presurgical planning for
operations involving the brain or heart [118]. Additionally, conditions such as Alzheimer’s
disease, epilepsy, and Parkinson’s disease can be diagnosed through PET scans, as they
offer valuable insights into alterations in brain function. In Figure II.6, examples of
PET scans for normal conditions, mild cognitive impairment, and Alzheimer’s disease are
illustrated, respectively. PET scans are capable of identifying functional and metabolic

25



Principles and Applications of Medical Imaging Modalities

changes in tissues prior to the emergence of structural abnormalities that can be detected
by other imaging modalities. They provide a comprehensive evaluation of the entire body,
facilitating the identification of metastatic disease or the assessment of multiple organ
systems at once. In contrast to other imaging techniques, PET scans deliver information
regarding the metabolic activity of tissues, which is crucial for accurate diagnosis and
treatment planning.

II.2.6 Ultrasound Images
Ultrasound, commonly referred to as a sonogram, employs high-frequency sound waves to
visualize internal bodily structures. This medical imaging modality involves a transducer
that emits high-frequency sound waves and captures the returning echoes from internal
structures to generate images (Figure II.7). Some of the sound waves transmitted into the
body are reflected back to the transducer as they traverse a boundary separating different
types of tissue. The transducer collects these echoes, converts them into electrical signals,
and sends them to a computer for analysis, resulting in high-resolution images of the
internal structures of the body. Depth information is acquired by measuring the time
delay between the emitted ultrasound wave and the reflected wave from each layer of the
sample, facilitating the creation of 2D or 3D images [119].

Figure II.7: Example of Abdominal Ultrasound Scan [120]

Ultrasound is often employed to track the development of fetuses, offering real-time
imaging capabilities. While it is generally not suitable for visualizing bones or air-filled
tissues such as the lungs, it is widely utilized in the assessment of abdominal, vascular,
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and thyroid conditions. In the context of abdominal imaging, US is frequently used to
investigate the organs within the digestive system, including the gallbladder, pancreas,
spleen, and kidneys. As a medical imaging modality, Ultrasound presents several advan-
tages. The portability of the equipment allows for imaging procedures to be conducted
in various locations, not limited to hospital settings. Additionally, the use of Ultrasound
provides the advantages of rapid imaging and the absence of radiation exposure [121].

Since it does not employ potentially harmful ionizing radiation, it is often preferred
over alternative imaging techniques such as X-rays and CT scans. The ability to generate
real-time images also facilitates the dynamic assessment of internal structures and their
functions. However, Ultrasound imaging is not without its limitations. A significant
drawback is its inability to visualize structures that are beneath the surface or obscured
by opaque materials (such as bone or gas). Furthermore, artifacts caused by bone or
air echoes can distort images, complicating the identification of internal structures. The
quality of Ultrasound images and the accuracy of diagnoses may also be influenced by the
skill level of the Ultrasound technician [122].

II.2.7 Dermoscopy
Dermoscopy is a non-invasive imaging method employed to assess skin lesions. It is also
referred to as dermatoscopy or epiluminescence microscopy [123]. This technique involves
examining the skin using a dermatoscope, a portable device equipped with magnifying
lenses and a light source. Dermoscopy enables dermatologists to view skin structures and
patterns that are not discernible to the naked eye, thereby aiding in the diagnosis and
treatment of various skin disorders, particularly melanoma and other types of skin cancer
(as shown in Figure II.8). The underlying principle of dermoscopy is the application of
polarized or non-polarized light to illuminate the skin and enhance the visibility of both
surface and subsurface features.

Figure II.8: Diagnosis for skin cancer with dermoscopy [124]

The dermatoscope effectively removes the surface reflection of the skin, providing a
clearer perspective of the deeper layers. Additionally, dermoscopy employs liquid immer-
sion or contact dermoscopy, where a gel or oil is applied to the skin to eliminate the air gap
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between the dermatoscope and the skin, further enhancing image quality. Dermoscopy is
vital for the early detection of melanoma, the most lethal form of skin cancer. It assists
dermatologists in evaluating the morphological features of pigmented skin lesions and in
distinguishing between benign and malignant lesions [125]. Furthermore, it aids in dif-
ferentiating various types of skin lesions and in formulating suitable treatment strategies.
Dermoscopy can also be utilized to track changes in skin lesions over time, especially
in patients with a history of skin cancer or atypical moles. It helps in recognizing any
signs of progression or regression, which is crucial for making informed decisions regard-
ing further management. Dermoscopy enhances the diagnostic precision of skin lesions,
particularly in differentiating benign from malignant lesions. This noninvasive procedure
does not necessitate any incisions or tissue sampling. It can be conducted swiftly and con-
veniently in an outpatient environment. Moreover, dermoscopy can diminish the necessity
for unnecessary biopsies of benign lesions, resulting in cost savings [126].

II.2.8 Microscopic Images
Microscopic imaging pertains to the utilization of microscopes for the visualization and
examination of objects at a microscopic scale (Figure II.9). This process involves magni-
fying objects that are imperceptible to the unaided eye, thereby facilitating a thorough
analysis of their structure and characteristics. Both science and medicine depend sig-
nificantly on microscopic imaging for various applications, including the investigation,
diagnosis, and assessment of minute materials, organisms, and other specimens [127].

Figure II.9: Scanning Electron Microscope (SEM) Components [128]

The underlying principle of microscopic imaging is founded on the interaction of
light or electrons with the sample under observation. Various types of microscopes are
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employed for imaging purposes, such as optical and electron microscopes. Tissue samples
are frequently acquired through biopsy for analysis, with small portions of the tissue
subsequently stained and colored to highlight cellular features. Counterstains are utilized
to improve the color, visibility, and contrast of the resulting images. These images are
often used in cancer detection, with attributes like cell size, shape, and distribution being
closely examined [129].

Microscopic imaging plays a vital role in medical diagnostics and pathology, enabling
the analysis of biopsy samples, the detection of cellular irregularities, and the diagnosis of
various diseases and conditions. Techniques in microscopic imaging, such as optical mi-
croscopy, permit nondestructive examination of samples. This characteristic allows for the
observation of samples without modifying their structure or composition, thus facilitating
further analysis or experimentation. Advanced microscopic imaging instruments, such as
electron microscopes, can be costly to purchase and maintain. Each microscopic imaging
method has its own specific limitations regarding resolution, depth of field, and contrast.
It is essential to select the appropriate imaging technique for a particular application to
achieve accurate and dependable results [130].

II.2.9 Optical Coherence Tomography (OCT)
OCT is a noninvasive imaging technique that employs light waves to generate intricate
cross-sectional images of biological tissues. The underlying principle of OCT is founded on
the interference of light waves. This method utilizes low-coherence interferometry, wherein
a near-infrared light beam produced by a light source is split into two distinct paths: a
reference arm and a sample arm. The reference arm contains a mirror, while the sample
arm directs the light towards the tissue being examined. The light that is reflected back
from both arms is recombined, leading to interference between the reference and sample
beams. The resulting interference pattern is detected and analyzed to reconstruct a depth-
resolved image of the tissue [131,132]. By measuring the time delay of the reflected light,
OCT can determine the depth of various tissue layers or structures within the sample,
which is subsequently used to create a detailed cross-sectional image of the tissue.

OCT is widely utilized in the diagnosis and treatment of various ocular conditions,
including macular degeneration, diabetic retinopathy, glaucoma, and retinal detachment.
It offers detailed images of the retinal layers, facilitating early detection and monitoring
of eye diseases. Figure II.10 illustrates an example of OCT machine components and eye
anatomy overview. In the field of cardiology, OCT is employed to visualize and evaluate
coronary arteries [133]. It aids in diagnosing and characterizing coronary artery disease,
identifying plaque accumulation, and guiding procedures such as stent placement.

OCT delivers detailed, high-resolution images of tissue structures, allowing for the
visualization of minute details and abnormalities. It provides real-time imaging, enabling
immediate evaluation and assessment. The penetration depth of OCT is restricted to a few
millimeters, contingent upon the type of tissue being imaged. This limitation constrains
its application in imaging deeper tissues or structures. Advanced OCT systems can be
costly, which may limit their availability in certain healthcare environments. Nevertheless,
the technology has gradually become more accessible over time [135].
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Figure II.10: OCT Machine Components and Eye Anatomy Overview [134]

II.3 Medical Imaging Modalities: Principles, Appli-
cations, and Comparative Analysis.

Medical imaging is a cornerstone of modern diagnostics and treatment planning, offering
a non-invasive window into the human body’s structure and function. However, no single
imaging technique is universally ideal; each modality has distinct physical principles,
clinical applications, strengths, and limitations. This table II.1 provides a systematic
comparison of the primary medical imaging technologies.

Table II.1: Comparison of Diagnostic Imaging Technologies

Feature Depth Pen-
etration

Primary
Use

Data
Output

Advantages Limitations Contraindications Scan
Time

X-ray Deep
(bones)

Bones,
chest

2D pro-
jection

Fast, cheap s Poor soft-
tissue

Pregnancy (rela-
tive)

Seconds

CT Deep
(whole
body)

Trauma, tu-
mors

3D cross-
sections

Detailed
anatomy

High radia-
tion

Pregnancy <5
mins

MRI Deep (soft
tissue)

Brain,
joints, MSK

3D mul-
tiplanar

No radiation Long scan
time

Metallic im-
plants

15–60
mins

Ultrasound Superficial–
moderate

Pregnancy,
heart

Real-
time
2D/3D

Real-time,
safe

Operator-
dependent

None Minutes

PET Moderate
(whole
body)

BCancer,
metabolism

3D
metabolic
maps

Metabolic
activity

High cost Pregnancy 30–90
mins

Colonoscopy Surface–
lumen (GI)

GI polyps,
cancer

Real-
time
video/2D

Direct visu-
alization

Invasive,
prep
needed

Bowel perfora-
tion risk

20–60
mins

Dermoscopy Surface
(skin)

Skin lesions,
melanoma

2D mag-
nified
images

Non-
invasive,
portable

Limited to
surface

None <5
mins

Microscopic
Imaging

Surface–
thin sec-
tions

Biopsies,
pathology

2D/3D
high-res
images

Cellular-
level detail

In vitro
only

None Minutes–
hours

OCT Shallow (1–
3 mm)

Retina,
coronary,
skin

3D cross-
sections

Non-
contact,
high speed

Limited
depth

None Seconds–
minutes
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II.4 Conclusion
In conclusion, this chapter emphasizes the pivotal role medical image analysis plays in en-
hancing diagnostic accuracy and monitoring patients’ clinical progress. We have reviewed
in detail basic imaging techniques such as X-ray, CT, MRI, and ultrasound, explaining the
distinct characteristics and clinical applications of each. Despite significant technical ad-
vances, the field still faces challenges related to the complexity of data interpretation, the
massive volume of information generated by these devices, and some technical limitations
in imaging fine structures. At the same time, these challenges represent opportunities
for research and development, particularly in the area of integrating artificial intelligence
techniques to improve analysis, develop more specialized devices, and innovate effective
solutions for medical data management.
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III.1 Introduction
In this chapter, we highlight the crucial function of DL in the development of medical
image segmentation solutions. We focus on contemporary methodologies that contribute
to enhancing the precision of identifying anatomical and pathological regions in numerous
imaging datasets. We examine key developments in, with a particular focus on hybrid
architectures that combine convolutional networks and transformer models. We explore
the potential of these architectures to achieve a paradigm shift in diagnostic accuracy and
to improve clinical outcomes.

III.2 DL in Computer Vision and Healthcare
The DL has become the mainstay of computer vision, revolutionizing how machines per-
ceive and interpret visual data [136,137]. Computer vision is the field of AI that enables
computers to interpret and understand digital images or videos similarly to humans [138].
Using DL, particularly through the use of CNNs, computer vision systems have achieved
remarkable performance in tasks such as image classification, object detection, segmenta-
tion, and more [139, 140].

The DL, as a branch of ML, has led to many breakthroughs in the fields of computer
vision. This type of learning relies mainly on neural networks that extract features from
the input data and correlate them with the output [141,142]. A neural network consists of
information processing units known as neurons, which are connected to each other to form
the network. If several layers of these neurons are arranged, it is called DL the schematic
diagram represented in Figure III.1 shows the structure of a neural network. Recent
success in this field has been made possible by the availability of increasing computing
power capable of handling the complex calculations needed to train DNNs [143].

Figure III.1: Schematic representation Neural Network Architecture

Medical image processing and healthcare systems are vital areas receiving increasing
priority for AI applications. This interest is underscored by the remarkable growth of
the healthcare sector, which continues to attract significant investment and technological
advancements. This sector also represents a fertile environment for advanced technological
applications, which effectively contribute to improving the efficiency of diagnosis and
treatment by automating complex and repetitive operational processes. DL algorithms are
highly flexible across various use cases, as each algorithm can perform a specific function
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while maintaining sufficient flexibility to suit various applications. In this context, we will
review some important DL models used in medical image processing [140].

III.3 Neural Networks
Neural networks represent a category of learning algorithms that underpin most DL
methodologies [144]. Neural networks consist solely of a series of arithmetic operations
that transform an input (xi) into an output (yi). The weights (Wi) and linear operators
multiply the preceding values of the interconnected input and output to the neuron. The
function (f) within the hidden layer can take on any form. In a basic scenario, featuring a
single neuron in the hidden layer, the input value (X1) is multiplied by the initial weight
(W1), and the resulting value X1 ×W1 is subsequently directed to the function (f) of the
neuron. The outcome is determined by multiplying the result of that function by (W2).
During the training of a neural network, it receives inputs (X1, X2, ..., Xn), and the result
is computed through mathematical processes. The output value (Yi) is then compared to
the known actual value of y; the weights (Wi) are adjusted slightly to bring the output
value closer to the known true value of y. A simple example of this is depicted in figure
III.2 [145].

Figure III.2: An artificial neuron, or node, is the cornerstone of DNNs

Each input (xi) is associated with a specific weight wi within an artificial neuron
or node. The cumulative sum of all weighted inputs (xi, wi) is subsequently processed
through a nonlinear activation function (f), which converts the neuron’s pre-activation
level into an output (yj). The resulting output (yj) is then utilized as an input for the node
in the subsequent layer as illustrated in Figure III.3. There exists a variety of activation
functions, each offering a distinct mapping from a preactivation level to an output value.
The rectifier function is the most commonly activated function (neurons utilizing it are
known as rectified linear units (ReLU), followed by the hyperbolic tangent function, the
sigmoid function, and the softmax function. the softmax function is often employed in
the output layer to determine the probabilities of multiclass labels.

A feedforward multilayer neural network, which is also referred to as a multilayer
perceptron, consists of two classes. Each node in one layer is connected to every neuron in
the following layer, forming a fully connected network. The weighted sum of the inputs for
each neuron j in the first hidden layer is processed by a nonlinear function. The resulting
output (yj) from this transformation serves as the input for the second hidden layer.
Subsequently, the information is conveyed to the output layer through the network [146].
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Figure III.3: Artificial feedforward multilayer neural network

III.4 Convolutional Neural Network (CNN)
In traditional multi-layer neural networks, inputs are consistently represented in vector
format. However, in the case of (medical) images, the structural or configurational in-
formation present among adjacent pixels or voxels serves as an additional source of data.
Consequently, the process of vectorization inevitably compromises such structural and
configurational details within images. A CNN, which typically incorporates convolutional
layers interspersed with pooling (or sub-sampling) layers, followed by FCL akin to a
standard multi-layer neural network, is specifically designed to more effectively leverage
this spatial and configurational information by accepting 2D or 3D images as input. In
contrast to conventional multi-layer neural networks, a CNN utilizes extensive weight-
sharing to minimize the degrees of freedom within the models. Furthermore, a pooling
layer contributes to reducing computation time while progressively establishing spatial
and configurational invariance [147].

CNNs are prevalent learning models characterized by three main features: param-
eter sharing, sparse interactions, and equivalent representations. A standard CNN is
structured with three layers: the input, the hidden, and the output layers. The hidden
layer comprises the convolutional layer, pooling layer, and FCNs. The architecture of the
CNN is illustrated in figure III.4. Filters utilized in the convolutional layer extract high-
level features from the input image. The purpose of the convolution layer is to learn the
weights of the convolutional filters or kernels that execute the convolution operation on
images. The CNN model transforms the image into a sequence through the convolution
operation.

C l
j = f

∑
i∈Mj

C l−1
i ×W l

ij + blj

 (III.1)

The equation shows how output feature map C l
j at layer is computed. Each output

comes from input feature maps C l−1
i of the previous layer, combined through convolution

kernels W l
ij . The set Mj defines which inputs contribute to output j . A bias term blj is

added, and the result passes through a nonlinear activation function f(.), such as ReLU.
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Figure III.4: The basic architecture of CNN

This operation entails sliding a small window across the image. At each position, the
elements within the window are multiplied by the corresponding elements of the image,
and the results are summed to produce a scalar value. The outcome of the convolution
operation is another 2D grid, referred to as the activation map, which is also commonly
known as the feature map [148].

III.4.1 Principal layers
III.4.1.1 Convolutional layer

This layer is responsible for determining the output of neurons that are linked to local
regions of the input by calculating the scalar product of their weights with the corre-
sponding region of the input volume. As the fundamental component of a CNN, this
layer is where most of the processing occurs. It necessitates input data, a filter, and a
feature map, among other elements. The layer consists of a set of learnable filters, with
the kernel size of each filter typically being 3× 3 or 3× 3× 3 , depending on whether the
input is a 2D or 3D image, respectively [149]. Figure III.5 shows an example of a 3 × 3
convolution operation that has a stride length of 1 and no padding. In this example, the
input data is combined with a 3× 3 convolution filter to create output data, which is also
known as a feature map.

Figure III.5: Example of a 3 × 3 convolution operation with a stride length of 1 and no
padding
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III.4.1.2 Pooling Layer

The pooling layer serves as a fundamental component in CNNs. It performs a down-
sampling operation that primarily contributes to the reduction of the training data’s
dimensionality and significantly decreases the number of parameters in the input. Fur-
thermore, the pooling layer is linked to the reduction of both the height and width of the
feature maps within CNNs. It operates on each feature map to produce a new feature
map that displays enhanced features [150]. There are three different pooling strategies in
CNN architectures, Shown in Figure III.6:

Max pooling: The pooling layer extracts the most significant features from the
preceding feature maps, resulting in a new feature map. The max pooling layer selects
the maximum element from the designated filter region.

Average pooling: This technique calculates the mean value of all elements within
the filter region. Compared to max pooling, average pooling produces features that are
generally less prominent. Furthermore, global pooling is an additional layer found in some
deep networks. The pooling layer does not learn parameters and therefore does not involve
weight updates during training, which makes it easy to integrate within convolutional
neural network architectures.

Min pooling: layer extracts the least prominent features from the input feature
maps by selecting the minimum value within each filter region. This operation suppresses
high-intensity activations while preserving low-intensity signals, making it particularly
useful for highlighting subtle patterns or suppressing noise in the data.

Figure III.6: The Most Popular Pooling Strategies in CNN Networks

III.4.1.3 Fully-Connected Layer (FCL)

The FCL consists of neurons where each neuron is connected to all activations from the
previous layer. It combines the extracted features into a high-level representation that
is mainly used for classification tasks. In classification networks, the softmax function is
commonly used in the output layer to convert raw outputs into probability values between
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0 and 1. Other activation functions such as sigmoid, tanh, and ReLU are typically used in
different parts of neural networks depending on the architecture and the role of each layer.
In modern CNN architectures, Fully Connected Layers are often reduced or completely
replaced by alternative techniques such as global average pooling or 1×1 convolutional
layers, especially in more recent models and in segmentation networks, in order to preserve
spatial information and reduce the number of parameters.

III.4.2 Supportive Components
Supporting components in CNNs are essential for their efficiency and stability. Although
convolutional and pooling layers form the backbone of feature extraction, the overall effec-
tiveness of the network depends on specialized supporting components working together
to ensure training stability, reduce overfitting, and improve the model’s generalization
ability [151].

III.4.2.1 Activation Functions

The activation function is crucial in the training of neural networks because it intro-
duces the essential nonlinearity that allows the model to learn intricate representations.
Although various activation functions, such as Sigmoid and Hyperbolic Tangent, are theo-
retically equivalent in that they can approximate any arbitrary continuous functions [152],
they often exhibit different behaviors in practical applications. In fact, during the initial
stages of neural network development.

Sigmoid was the predominant activation function employed in neural networks.
However, over time, it became widely recognized that its limited derivative could result
in the vanishing gradient problem. In contrast, ReLU proved to be much more effective,
as it maintains a derivative of one for all positive inputs. As a result, it has emerged
as the most commonly used activation function in neural networks [153]. The success of
ReLU has prompted extensive research aimed at discovering an activation function that
performs as well as or better than ReLU, whether through human efforts [154–157] or
automated methods [158]. Unfortunately, none have yet achieved the same level of popu-
larity as ReLU, primarily due to its inherent simplicity. There are seven basic activation
functions.

The ReLU function outputs the input directly if it is positive and zero otherwise.
ReLU is computationally efficient, avoids vanishing gradients for positive inputs, and
has become the default choice for hidden layers in DL. The most important activation
functions are summarized in the following table III.1.
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Table III.1: Summary of activation function

Name Equation Additional information
Rectifed linear
unit (ReLU)

f (x) = max (0, x) The ReLU function outputs the input directly if
it is positive and zero otherwise. ReLU is com-
putationally efficient, avoids vanishing gradients
for positive inputs, and has become the default
choice for hidden layers in DL [159]

LeakyReLU
(LReLU)

f (x) = max (αx, x) The Leaky ReLU modifies ReLU by allowing a
small negative slope (αx, where α is typically
0.01) for negative inputs instead of zero. This
prevents the dying ReLU issue while maintaining
computational efficiency. The function is defined
piecewise: LeakyReLU(x) = x if x > 0, else αx
[160]

Parametric ReLU
(PReLU)

f (x) = max (0, x) + α ×
min (0, x)

PReLU generalizes Leaky ReLU by making the
negative slope α a learnable parameter during
training. This allows the network to adaptively
determine the best slope for negative inputs, im-
proving performance in some cases [161].

Exponential Lin-
ear Unit (ELU)

f(x) = max(0, x) +
min(0, α(ex − 1))

The ELU function smooths the transition for
negative inputs, helping avoid dead neurons
while maintaining strong gradient signals. It of-
ten performs better than ReLU in deeper net-
works but is slightly more computationally ex-
pensive [155]

Scaled Exponen-
tial Linear Unit
(SELU)

SELU (x) =
λ{xα (ex− 1) if x > 0

SELU is a self-normalizing variant of ELU that
automatically scales its outputs to maintain sta-
ble gradients in deep networks. It uses fixed con-
stants λ ≈ 1.0507 and α ≈ 1.6733 to ensure nor-
malization, making it useful in self-normalizing
neural networks (SNNs) without batch normal-
ization [162]

Sigmoid f (x) = 1
1−e(−x) A sigmoid is a smooth, S-shaped curve that maps

any real-valued input to an output between 0 and
1. It introduces non-linearity into neural net-
works while ensuring outputs are interpretable as
probabilities, making it particularly useful for bi-
nary classification tasks in the output layer [163]

Swish f (x) = x
1−e(−x) The Swish activation function is a smooth, non-

linear activation function that has gained pop-
ularity as a powerful alternative to traditional
functions like ReLU. Introduced by Google re-
searchers in 2017, Swish is defined as the prod-
uct of the input and its sigmoid activation is the
logistic sigmoid function [158]

III.4.2.2 Batch Normalization

Training DNNs presents challenges due to the changing distribution of inputs at each
layer throughout the training process, as the parameters of preceding layers are adjusted.
This variability can hinder the training efficiency, necessitating lower learning rates and
meticulous parameter initialization, which complicates the training of models that utilize
saturating nonlinearities. This issue is referred to as internal covariate shift, and it can
be mitigated by normalizing the inputs of each layer [164].
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BN is a method employed in DL to enhance the stability of neural network training
by normalizing layer inputs during the training phase. The technique begins by calculat-
ing the mean and variance of the inputs over the current mini-batch [165]. Each input is
then normalized by subtracting the batch mean and dividing by the square root of the
batch variance, with a small constant added to avoid division by zero. Following normal-
ization, the values are modified using two learnable parameters,γ and β, which allow the
layer to adjust the output distribution as necessary, Figure III.7 illustrates these steps in
detail. This procedure guarantees that each layer receives inputs with a uniform distribu-
tion, thereby diminishing internal covariate shift and facilitating quicker and more stable
training. During the inference phase, BN relies on running averages of the mean and
variance rather than batch statistics to maintain consistent performance across varying
input batches [166].

Figure III.7: Step-by-Step Batch Normalization Process.

III.4.2.3 Dropout

Dropout serves as a regularization method employed during the training phase to mitigate
overfitting. The fundamental concept involves training various models and utilizing the
average of their predictions to enhance the generalization capabilities of a network. This
process entails the random removal of neurons at a specified dropout rate, pd, throughout
the training phase, allowing the network’s weights to be adjusted based on the varying
connectivity of the neurons within the network. It is important to note that the dropout
rate is a numerical value ranging from 0 to 1. During the training phase, the weights of
each neuron are scaled by the probability of retention (pr), pr = 1 − pd, to estimate the
average predictions from the different trained models. This approach has the potential
to enhance the learning outcomes of neural networks [167]. An illustration of dropout
application within a neural network can be found in Figure III.8.

Figure III.8: Example of apply dropout in a neural network.
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III.5 Applications of CNN in Medical Image Analysis
CNNs have broad and diverse applications in medical image analysis, demonstrating their
high efficiency in diagnosing diseases and interpreting radiological images with accuracy
that surpasses humans in some cases. These networks rely on the principle of hierarchical
learning, which enables them to extract features ranging from simple edges to complex
patterns in medical images. In the field of diagnostic radiology, CNNs excel at analyzing
various types of medical images. They are used in analyzing X-ray images to detect
pneumonia and tuberculosis, and they also excel at analyzing CT and MRI scans to detect
cancerous tumors and determine their margins with millimeter-level accuracy [168].

In the field of pathology, these networks demonstrate high efficiency in analyzing
microscopic slides, where they can be used for automated cancer cell counting by de-
tecting or segmenting individual cells in microscopic images. They also play a vital role
in analyzing ultrasound images to detect fetal abnormalities and heart disease. CNNs
provide an integrated solution that includes precise image segmentation using algorithms
such as Unet to identify tumor margins, precise classification using ResNet to distinguish
between healthy and diseased tissue, and early detection of abnormalities using Faster
Region-Based Convolutional Neural Network (R-CNN), making them an indispensable
tool for accurate medical diagnosis [169, 170].

III.5.1 Segmentation
Segmentation simply means breaking a image into connected parts (or smaller sections)
where the individual elements (like pixels or voxels) have similar features. This grouping
of voxels, or the division of volumes, serves as a preliminary step in recognizing these areas
as distinct objects, which can then be classified or labeled as anatomical structures with
associated physiological attributes. Segmentation provides the framework through which
we organize raw medical imaging data; this framework is utilized when we subsequently
visualize the relevant anatomy or pathology, as well as when planning interventions and
treatments for the medical condition at hand. Just as there are numerous methods for
interpreting an image (including statistical analysis, differential geometry of intensity
fields, or partial differential equations, among others), there exists a variety of approaches
to the segmentation problem, each stemming from different perspectives [171].

Segmentation is a fundamental analytical technique that takes various forms and
applications depending on the domain of knowledge. In natural language processing and
text analysis, it manifests itself through mechanisms such as tokenization and thematic
text segmentation [172]. In networking and information technology, it plays a promi-
nent role through the concepts of network subnetting, security segmentation, or market
segmentation in business contexts [173]. In data science and artificial intelligence, seg-
mentation methods rely heavily on clustering algorithms to discover patterns, while in
database management, it is used to improve performance and querying through table
partitioning [174].

In the field of image processing and computer vision, various techniques are used
to segment an image into regions with similar properties. Traditional approaches include
threshold segmentation, such as Otsu’s method, which relies on selecting an optimal
threshold value to separate important parts of an image [175]. Region-based techniques
are also used, such as the ”region growing” model, which starts from seed points and then
expands based on the similarity between pixels [176]. Additionally, edge-based methods,
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such as Canny or Sobel filters, are used to detect boundaries between regions [177]. In
recent times, DL has become more prevalent, with neural networks such as Unet and
Mask R-CNN being used to segment images with high accuracy [178].

Image segmentation is the process of dividing a digital image into interconnected
and homogeneous parts or regions based on a specific characteristic, such as color, shape,
or composition [179]. The main goal of this process is to separate and distinguish objects
and elements in the image for easier processing or analysis later. After segmentation, the
system or specialist can clearly identify structures, objects, or regions of interest within
the image, supporting several fields such as medical diagnosis, autonomous driving, and
satellite image analysis.

Figure III.9: Conceptual Illustration of Image Segmentation.

The computer processes the image by converting it into numbers or pixels, then
applies algorithms to process and analyze the data contained within it, such as segmenting
the image into parts and recognizing the shapes or elements within it (Figure III.9 shows
an example of this). This makes the image clearer and extracts information from it, such
as identifying the locations of tumors and organs in medical images (check out Figure
III.10).

Figure III.10: Example of segmentation in various medical images [180].
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III.5.1.1 Types of Image Segmentation

III.5.1.1.1 Semantic segmentation: Semantic segmentation represents a vital func-
tion within the realm of computer vision, entailing the classification of each pixel in an
image into designated categories, Figure 11 illustrates this. In contrast to more straight-
forward tasks such as image classification, which assigns a singular label to an entire
image, or object detection, which delineates bounding boxes around various objects, se-
mantic segmentation offers a comprehensive, pixel-level interpretation of the scene [181].
This meticulous analysis is essential for applications necessitating accurate localization
and classification of objects, including autonomous driving, medical imaging, and aug-
mented reality.

III.5.1.1.2 Instance segmentation: Instance segmentation merges the capabilities
of object detection with semantic segmentation [182]. While object detection identifies and
localizes using bounding boxes, and semantic segmentation classifies each pixel, instance
segmentation goes further by distinguishing between individual object instances within
the same class. This means that in a scene containing multiple objects of the same type,
such as several cars in a parking lot, instance segmentation not only recognizes all pixels
belonging to cars but also differentiates each car as a separate entity, Figure 11 illustrates
this. This fine-grained understanding is crucial for applications requiring precise object
separation and identification.

III.5.1.1.3 Panoptic segmentation: Panoptic segmentation represents the next evo-
lution in computer vision by combining the strengths of both semantic and instance seg-
mentation into a single, unified framework [183]. The term panoptic, derived from Greek
roots meaning all-seeing, perfectly captures this technique’s ambitious goal: to provide
machines with a comprehensive understanding of visual scenes that matches human per-
ception. Unlike traditional segmentation methods that treat objects and backgrounds
separately, panoptic segmentation simultaneously addresses two critical aspects of scene
interpretation classifying every pixel in an image while also distinguishing between in-
dividual object instances, Figure III.11 illustrates this. This dual approach creates a
complete picture where each pixel receives either a ”stuff” label (for amorphous, uncount-
able regions like sky, road, or grass) or a ”things” label (for distinct, countable objects
like cars, pedestrians, or traffic signs) [63].

III.5.1.2 Segmentation in medical image:

Automatic segmentation of medical images using CNNs has revolutionized the field of
diagnostic imaging, enabling the identification of anatomical and pathological regions with
high accuracy and without manual intervention. Specialized architectures such as Unet,
V-net, and DeepLab have contributed to this progress through their superior ability to
capture hierarchical features in medical imaging data while maintaining spatial accuracy
through encoder and decoder structures supported by skip connections [185, 186].

A major challenge facing the development process was the scarcity of labeled medi-
cal data, which was overcome by adopting multiple strategies such as data augmentation,
transfer learning, and specialized loss functions (such as Dice Loss) to address class im-
balances [187]. This challenge has driven researchers to develop more advanced models to
enhance automation and accuracy, such as models based on 3D convolutions to capture
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Figure III.11: Examples of types of Image Segmentation [184]

the full volumetric context of medical data, as well as the integration of attention mech-
anisms and transformer-CNN hybrids to more effectively model long-range relationships
within images [188].

These models have diverse applications in vital areas such as tumor and organ seg-
mentation and vascular structure analysis, directly contributing to improved diagnostics,
treatment planning, and surgical guidance. For example, it has become possible to per-
form liver segmentation in CT images or detect brain lesions in MRI images automatically
and with high accuracy, enhancing workflow efficiency in clinical settings [189].

III.5.1.2.1 Unet architecture: The Unet architecture initially presented by Ron-
neberger et al. [63], has emerged as the leading fully CNN for segmentation in medical
imaging. Most segmentation challenges are addressed using the Unet or its various adap-
tations; nevertheless, the fundamental architecture is preserved across these modifications.

This architecture bears resemblance to encoder-decoder frameworks [190, 191]. It
features a contracting pathway where multiple convolutional layers are applied sequen-
tially, accompanied by pooling operations that diminish the dimensions of the feature
maps while increasing the number of feature maps. This pathway enables the network to
identify intricate patterns across different scales. Upon reaching the ’bottleneck’ (the final
convolutions of the contracting pathway), the feature maps transition through the up-
sampling pathway, which employs up-convolutions in succession to restore the dimensions
lost during the contracting phase. Each up-sampled feature stack is also concatenated
with the output from the contracting pathway at the corresponding level, referred to as
skip connections. This process allows the network to recover spatial information that
may have been lost during the contracting phase. Following concatenation, additional
convolutions are performed, followed again by up-convolutions, repeating this cycle until
the original input dimensions are achieved.

The original Unet was characterized by the use of convolutions without any padding
applied to the borders of the convolution inputs. Consequently, in the concatenation
phase, the input from the contracting pathway had to be cropped to align with the
spatial dimensions of the up-sampled feature maps. This limitation also resulted in the
final segmentation not matching the original size of the image, representing only a centered

44



Hybrid DL Architectures for Medical Image Segmentation:
Integrating CNNs and Transformers

region of the image. To maintain the same dimensions, it is advisable to apply padding
before each convolution. Figure III.12 illustrates a schematic representation of the general
architecture of the Unet.

Figure III.12: The Unet architecture is illustrated here with an example for a resolution
of 64x64 pixels [63].

The fundamental architecture of Unet can be readily enhanced through the incor-
poration of additional operations, and a majority of the Unet architectures that have
been developed exhibit some level of modification. Initially, the Unet was designed for
processing 2D images, utilizing 2D convolutions of size 3×3, 2D max-pooling operations,
and 2D up-convolutions. The activation function employed was the ReLU [192], which
ranks among the most frequently utilized activation functions in neural networks, while
the pooling operation consists of max-pooling with a 2×2 kernel, resulting in a halving of
the size at each downsampling stage. Any of these components can be replaced with other
analogous operations, or additional operations may be integrated to address the specific
problem at hand; for instance, it is common practice to incorporate a batch normaliza-
tion operation following each convolution [193]. Ultimately, the final layer responsible for
producing the segmentation typically employs a 1×1 convolution with a sigmoid activa-
tion function (in scenarios where only a single element is to be segmented) or a softmax
activation function (in cases involving multi-class segmentation tasks).

III.6 Transformer for medical image analysis
To effectively address the capture of long-term dependencies, attention-based transformer
models have emerged as a compelling alternative, demonstrating the capability to com-
pletely supplant traditional convolutions in DNNs by processing sequences of image patches,
thus leading to the development of Vision Transformers (ViTs) [194]. Additionally, re-
cent studies suggest that the prediction errors generated by ViTs align more closely with
human judgments compared to those produced by CNNs [195–198], which has gener-
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ated considerable interest within the medical imaging field to implement these models for
medical image analysis tasks.

The remarkable performance of Transformer models in natural language process-
ing has captured the attention of the vision community, prompting investigations into
their potential applications in computer vision challenges. One of the key advantages of
transformers is their ability to model long-range dependencies among elements in input
sequences, along with facilitating parallel processing of sequences, in contrast to recurrent
networks such as Long Short-Term Memory (LSTM) models [199]. Unlike convolutional
networks, transformers are designed with minimal inductive biases and are inherently
suitable for functioning as set functions. Additionally, the straightforward architecture of
Transformers enables the processing of various modalities (such as images, videos, text,
and speech) using similar processing units, showcasing remarkable scalability to accommo-
date enormous networks and extensive datasets ] [200]. These capabilities have resulted
in significant advancements across numerous vision tasks utilizing Transformer networks.

III.6.1 ViTs and Their Adaptation to Medical Imaging
Dosovitskiy et al. [194], introduced the initial pure transformer for computer vision ap-
plications, known as the ViT, in 2020. In their work, they illustrated the equivalence
between multi-head self-attention linked to a multi-layer perceptron and CNNs by fram-
ing image classification as a sequence prediction problem. This approach utilized patch
down-sampling and quadratic positional encoding to capture long-range dependencies
among image tokens (patches) effectively. Recent literature indicates that these pure or
hybrid ViTs have consistently achieved advanced results compared to CNN benchmarks.
This trend has been observed across a diverse array of computer vision tasks, including
image classification, image reconstruction [201], pixel segmentation [202], image caption-
ing [203], imaging [204], and video applications [205].

CNNs have significantly impacted the domain of medical imaging due to the critical
requirements for classification, segmentation, and detection across various imaging modal-
ities [206]. Notably, approximately 90% of all healthcare data consists of instances derived
from these diverse medical imaging modalities. This indicates a substantial amount of
data is available to enhance effective modeling for clinical diagnosis and decision-making.
CNNs have demonstrated exceptional performance due to their capacity to learn spa-
tiotemporal dependencies within images and leverage this ability for the extraction of
distinctive representations [82, 207–210]. Nevertheless, convolutional layers possess sta-
tionary weights that do not adjust for specific input images, resulting in a limited effective
receptive field that constrains their capability to capture long-range dependencies among
pixels. The achievements of transformers in natural image processing have prompted
researchers to further explore the application of self-attention mechanisms in medical
imaging to facilitate long-range dependencies between pixels. Furthermore, transformers
have shown performance on par with leading CNNs in medical image classification [211],
detection [212], segmentation [82], and reconstruction [213]. Literature indicates that
transformers often outperform advanced CNNs; however, the comparative performance
of transformers versus CNNs remains a topic of debate, with new modifications to trans-
former architectures emerging daily to address transformer-related challenges.
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III.6.2 Transformer-based Models in Medical Image Segmenta-
tion

Transformer-based models have revolutionized medical image segmentation by leverag-
ing their ability to capture long-range dependencies and global context, addressing the
limitations of traditional CNNs that rely on localized receptive fields. These models
excel at tasks such as organ segmentation, tumor detection, and multimodal image anal-
ysis, where understanding relationships across distant pixels is critical. Architectures
such as the ViT and Shifted Window (Swin) Transformer have been adapted for medical
imaging, along with hybrid approaches such as TransUNet and UNETR that combine
transformer encoders and CNN decoders to improve performance while managing com-
putational costs [214].

III.6.2.1 Hybrid Architectures Combining CNNs and Transformers

Hybrid architectures that combine CNNs and transformers have emerged as an effective
approach to medical image segmentation, leveraging the complementary strengths of both
models [215]. CNNs excel at extracting local features and spatial hierarchies, making
them effective for detecting low-level texture and edges in medical scans. However, their
limited receptive fields can hinder performance in capturing long-range dependencies,
which are essential for segmenting complex anatomical structures (such as tumors with
irregular borders). Transformers, on the other hand, use self-Attention mechanisms to
model global context, but they often require large datasets and lack the inductive biases
that make CNNs effective for image-based tasks [216]. To address these limitations, hybrid
models combine CNN-based encoders (for local feature extraction) with transformer-based
modules (for global inference) in various configurations:

• CNN Backbone + Transformer Encoder
The CNN Backbone + Transformer Encoder architecture is a widely adopted hybrid
approach in medical image segmentation, designed to leverage the complementary
strengths of CNNs and Transformers. In this setup, a CNN backbone (such as
ResNet [217] or EfficientNet [218]) first extracts hierarchical local features from
the input image, capturing fine-grained details like edges and textures. These fea-
ture maps are then transformed into tokens and fed into a Transformer encoder
(e.g., ViT [219] or Swin Transformer [220]), which models long-range dependen-
cies through self-attention mechanisms, enabling the network to understand global
context and spatial relationships crucial for accurate segmentation. The CNN’s
inductive bias for local feature extraction helps mitigate the data-hungry nature
of pure Transformers,while the Transformer enriches the feature representations by
integrating global information. Popular models like TransUNet and UNETR ex-
emplify this design TransUNet, for instance, uses a ViT-based encoder to process
CNN-extracted feature representations, followed by a Unet-style CNN decoder for
precise pixel-wise segmentation. Similarly, UNETR employs a pure Transformer
encoder to process 3D medical volumes, combined with a CNN decoder to restore
spatial resolution. This hybrid approach excels in tasks like organ and tumor seg-
mentation, where both local precision and global coherence are essential [221, 222].

• Parallel Feature Extraction The parallel feature extraction approach concur-
rently integrates CNNs and transformers, allowing both architectures to process
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input data simultaneously and fuse their complementary features for enhanced seg-
mentation. In this design, a CNN branch extracts localized, high-resolution spatial
features ideal for capturing fine details like edges and textures, while a parallel
Transformer branch processes the same input using self-attention to model long-
range dependencies and global context. The features from both pathways are then
combined, often through concatenation or weighted fusion, ensuring the model ben-
efits from both local precision and structural coherence [223].
This strategy is particularly effective in medical imaging, where structures like tu-
mors or organs require both detailed boundary delineation (handled by CNNs) and
contextual understanding (provided by Transformers). Models such as Contextual
Transformer (CoTr) and Medical Transformer (MedT) adopt this parallel process-
ing approach, where intermediate CNN and Transformer features are dynamically
fused at multiple scales to improve segmentation accuracy. However, this approach
also introduces challenges, including increased computational overhead due to dual-
path processing and the need for sophisticated fusion strategies to optimally merge
features [224].

• Transformer Layers Integrated into CNN Blocks
Integrating Transformer layers directly into CNN blocks is an emerging hybrid ap-
proach that enhances traditional convolutional networks with self-attention mecha-
nisms at specific stages, combining the strengths of both architectures in a unified
framework. Unlike sequential or parallel designs, this method embeds Transformer
modules such as multi-head self-attention (MHSA) or axial attention within CNN
blocks [225], allowing the model to progressively refine feature maps with both local
and global receptive fields [226].
In this setup, CNN layers handle low-level feature extraction ( edges, textures),
while Transformer layers, inserted at intermediate or bottleneck stages, capture
long-range dependencies and contextual relationships. A key advantage of this ap-
proach is its efficiency: unlike pure Transformers, which require heavy computation
for full self-attention, inserting attention selectively into CNN blocks reduces over-
head while maintaining performance. Techniques like windowed attention (used in
Swin Transformer) or channel-wise attention further optimize computational costs.
Additionally, this design retains the inductive biases of CNNs, making it more data-
efficient than standalone Transformer models [227, 228].

• Multi-Scale Transformer-CNN Fusion
Multi-scale Transformer CNN fusion architectures represent a powerful paradigm
in medical image segmentation by systematically integrating convolutional and self-
attention features across different spatial resolutions. These models leverage the hi-
erarchical nature of CNNs which naturally capture features at varying scales through
pooling and strided convolutions, and enhance them with Transformer-based global
context modeling at each level [229].
In this approach, the network processes input images through a multi-stage CNN
encoder, where each down-sampling step generates feature maps at progressively
coarser resolutions. At critical stages ( bottlenecks or skip connections), Trans-
former modules are inserted to refine the features by capturing long-range depen-
dencies specific to that scale [230]. For instance, low-resolution feature maps ben-
efit from global attention to model anatomical relationships ( organ shapes), while
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higher-resolution features use localized or windowed attention to preserve fine de-
tails ( tumor boundaries). The fused multi-scale features are then aggregated, often
via Unet-like decoders or feature pyramid networks (FPNs), to produce precise seg-
mentation masks.

III.7 Conclusion
In this chapter, we reviewed the basic and advanced DL techniques used in medical image
segmentation, focusing on CNNs and innovative hybrid frameworks that combine them
with transformer models. We highlighted the remarkable efficiency of these models in ac-
curately identifying anatomical structures and pathological regions across various medical
imaging techniques. These developments represent a major step toward automated diag-
nosis, while recognizing the need for further research to enhance computational efficiency
and generalize models across diverse datasets.

49



CHAPTER IV
Improving medical semantic segmentation using
modified Unet models.

Contents
IV.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 51
IV.2 Dataset . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 51
IV.3 Experiment 01 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 52

IV.3.1 Proposed DCB-Unet model . . . . . . . . . . . . . . . . . . . 53
IV.3.2 Quality metrics . . . . . . . . . . . . . . . . . . . . . . . . . . 54

IV.3.2.1 Dice Similarity Coefficient . . . . . . . . . . . . . . 54
IV.3.2.2 Accuracy . . . . . . . . . . . . . . . . . . . . . . . 54
IV.3.2.3 IoU coefficient . . . . . . . . . . . . . . . . . . . . . 55
IV.3.2.4 Loss function . . . . . . . . . . . . . . . . . . . . . 55
IV.3.2.5 Training and Implementation Settings . . . . . . . 55

IV.3.3 Experimental results and discussion . . . . . . . . . . . . . . 55
IV.3.3.1 Results . . . . . . . . . . . . . . . . . . . . . . . . . 55
IV.3.3.2 Comparison with previous studies . . . . . . . . . . 57

IV.4 Exepriment 02: . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 59
IV.4.1 The modified VGG19-Unet model . . . . . . . . . . . . . . . . 61

IV.4.1.1 VGG19 Architecture . . . . . . . . . . . . . . . . . 61
IV.4.1.2 Depthwise Separable Convolutions (DSC) . . . . . 61
IV.4.1.3 VGG19-Unet modified . . . . . . . . . . . . . . . . 62

IV.4.2 Experimental Methodological Framework . . . . . . . . . . . 64
IV.4.3 Results and performance evaluation of the modified VGG19-

Unet . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 64
IV.4.4 Preprocessing and Hybrid Model Methodology . . . . . . . . 68

IV.4.4.1 Filtering Techniques for Noise Reduction . . . . . . 68
IV.4.4.2 Contrast Enhancement Using CLAHE . . . . . . . 70
IV.4.4.3 Performance Evaluation with Preprocessed Data . 71

IV.4.5 Discussion of the results and comparison with previous studies 74
IV.5 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 75

50



Improving medical semantic segmentation using modified Unet
models

IV.1 Introduction
Accurate tumor identification is a key challenge in disease diagnosis and treatment plan-
ning, as the accuracy of tumor morphological identification is directly linked to the ef-
fectiveness of medical intervention. In this context, semantic segmentation technology
for medical images emerges as a vital tool for enhancing tumor boundary identification
and tissue differentiation. Recent progress in DL theories has made convolutional neural
network models, especially the Unet architecture, a key part of solving this difficult prob-
lem. In this chapter, our work makes two major contributions to improving the accuracy
of medical image segmentation based on the traditional Unet architecture. In the first
experiment, we present a model that deepens skip connections by introducing additional
convolutional layers, enhancing the flow of fine spatial features without adding significant
computational burden. The second experiment relies on constructing a strong encoder us-
ing pre-trained weights of the VGG19 network on the ImageNet cluster, supplemented by
decoder pipelines augmented by deep convolutional layers to recover fine details. To im-
prove the quality of the input data, hybrid feature maps generated by applying Gaussian
and Median filters and the CLAHE technique were combined with the original images,
aiming to enhance important edges and texture details.

IV.2 Dataset
The dataset used in this study was obtained from The Cancer Genome Atlas (TCGA),
a large-scale cancer research initiative that provides comprehensive datasets for various
cancer types. This work employs the low-grade glioma (LGG) dataset, which contains
293 cases, including World Health Organization (WHO) grade II and III tumors.

The LGG dataset includes multimodal MRI scans acquired using three imaging
modalities: T1-weighted (pre-contrast), FLAIR, and contrast-enhanced T1-weighted (T1C).
In the processed dataset, these three modalities are combined into a single three-channel
image (256 × 256 × 3), allowing the segmentation model to exploit the complementary
anatomical and pathological information provided by each MRI sequence. Each image
is accompanied by a corresponding ground-truth segmentation mask that delineates the
tumor region.

In addition to MRI data, the LGG dataset also provides extensive molecular and ge-
nomic information. As illustrated in Figure IV.1, the dataset includes exome sequencing,
DNA copy number analysis, mRNA sequencing, microRNA sequencing, DNA methyla-
tion analysis, TERT promoter sequencing, and RPPA proteomics. These molecular data
have been widely used to identify distinct molecular subtypes of low-grade gliomas and
to support molecular classification and personalized treatment strategies .please consult
these references [231, 232].
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Figure IV.1: The histogram represents the types of analyses and the number of samples
corresponding to each.

Since the objective of this research is brain tumor segmentation from MRI, the study
is based on the multimodal MRI images and their corresponding segmentation masks. The
dataset was split at the patient level, with 80% of the patients allocated to training, 10% to
validation, and 10% to testing. The resulting processed dataset consists of 3,929 images,
for training, 393 images for validation, and 393 images for testing. Figure IV.2 presents
examples of the multimodal MRI images and their corresponding segmentation masks.

Figure IV.2: FLAIR MRI images: Original image without tumor and with tumor, ground
truth image without tumor and with tumor.

IV.3 Experiment 01
The proposed DCB-UNet framework is designed for automatic brain tumor segmentation
using multimodal MRI images from the LGG dataset. The model is trained using the
training set, while the validation set is employed to monitor the learning process and
optimize the model parameters. After training, the final model is evaluated on an inde-
pendent test set that was not used during training or validation to assess its generalization
capability.
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The proposed architecture consists of three main components: an encoder, bottle-
neck bloks, and a decoder. The encoder progressively extracts hierarchical feature repre-
sentations from the input MRI images, whereas the decoder reconstructs the segmentation
map by combining high-level semantic information with fine spatial details. The bottle-
neck connects the encoder and decoder and captures deeper feature representations before
the reconstruction stage.

The proposed model generates a binary segmentation mask for each input image,
where every pixel is classified as either tumor or background. The segmentation perfor-
mance is evaluated by comparing the predicted masks with the corresponding ground-
truth masks using quantitative evaluation metrics, including dice coefficient, IoU, Accu-
racy.

IV.3.1 Proposed DCB-Unet model
The proposed DCB-UNet is based on the conventional U-Net architecture. The main mod-
ification consists of incorporating four Depthwise Convolution Bottleneck (DCB) blocks
into the skip connections between the encoder and the decoder, as illustrated in Figure
IV.3.

Figure IV.3: Proposed DCB-Unet model.

In the original U-Net, skip connections directly transfer encoder feature maps to the
decoder in order to preserve fine spatial information. In the proposed architecture, these
feature maps are first refined using the DCB blocks before being fused with the corre-
sponding decoder features. Since the decoder reconstructs the segmentation map based
on the information received from the encoder, refining these transferred features provides
richer and more discriminative feature representations, leading to improved segmentation
performance.
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Each DCB block consists of a 1×1 convolution, followed by a depthwise 3×3 con-
volution, another 1×1 convolution, and a residual connection as illustrated in Figure
IV.4. The residual connection preserves the original feature information while enabling
the block to learn additional discriminative representations. Furthermore, the use of
depthwise convolution allows the refinement process to be performed efficiently without
significantly increasing the number of parameters or computational complexity.

Finally, the output layer generates a binary segmentation map in which each pixel
is classified as either tumor or background.

Figure IV.4: Depthwise convolution bottleneck.

IV.3.2 Quality metrics
To evaluate the performance of the proposed model and compare it with existing methods,
three widely used evaluation metrics were employed: dice , IoU, and Accuracy. These met-
rics assess the agreement between the predicted segmentation mask and the corresponding
ground-truth mask. Their computation is based on four fundamental quantities: True
Positive (TP), True Negative (TN), False Positive (FP), and False Negative (FN). Here,
TP denotes the number of tumor pixels correctly classified as tumor, TN represents the
number of background pixels correctly classified as background, FP denotes the number
of background pixels incorrectly classified as tumor, and FN represents the number of
tumor pixels incorrectly classified as background.

IV.3.2.1 Dice Similarity Coefficient

The dice criterion is evaluation metric that can be employed to assess the precision of
segmentation, and it is calculated utilizing the subsequent equation:

Dice =
2TP

2TP + FP + FN
(IV.1)

IV.3.2.2 Accuracy

The accuracy of diagnosing or discriminating a particular condition using the binary
segmentation approach is the performance metric:
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accuracy =
TP + TN

FP + FN + TP + TN
(IV.2)

IV.3.2.3 IoU coefficient

The Intersection over Union evaluates the prediction performance of the network through
the method of evaluating the overlap level between the ground truth and the prediction,
and it is calculated utilizing this equation:

IoU =
TP

TP + FP + FN
(IV.3)

IV.3.2.4 Loss function

The Dice Loss is a loss function used to measure the error between the predicted output
and the ground-truth values. Its main objective is to minimize this error during the
training process, thereby improving the model’s prediction accuracy. In general, the Dice
Loss can be expressed as:

LDice = 1− 2
∑N

i=1 yiŷi + ϵ∑N
i=1 yi +

∑N
i=1 ŷi + ϵ

(IV.4)

In this equation, yi represents the ground-truth label, ŷi represents the predicted
probability, N is the total number of pixels, and ϵ is a small value added for numerical
stability.

IV.3.2.5 Training and Implementation Settings

The proposed model was trained using the dice loss function and the Adam optimizer
with an initial learning rate of 1 × 10−4. A ReduceLROnPlateau schedule was applied
with a reduction factor of 0.1, a patience of 3 epochs, and a minimum learning rate of
1×10−7. A batch size of 32 and a maximum of 100 epochs were used. Early stopping was
based on the validation loss with a patience of 20 epochs, and the model corresponding
to the best validation loss was saved for model selection.

IV.3.3 Experimental results and discussion
IV.3.3.1 Results

The proposed model effectively segments multimodal MRI images obtained from 110
patients, enabling precise differentiation between tumor and adjacent healthy brain tis-
sue.Each input image consists of three MRI modalities (T1, FLAIR, and T1c) combined
as a three-channel image to provide complementary anatomical and pathological informa-
tion. Figure IV.5 illustrates the successful training and validation outcomes throughout
the model’s training period.

The quality metrics, including the dice and the IoU coefficients for both training
and validation phases, exhibit a nearly simultaneous increase, suggesting that the model
is not experiencing overfitting.

The tumor location was accurately identified in the test data, as Figure IV.6 presents
several sample images depicting both the ground truth and predicted tumor regions,
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Figure IV.5: (a) Accuracy plot for proposed model (b) IoU coefficient plot for proposed
model (c) Dice coefficient plot for proposed model (d) Loss plot for proposed model

derived from the test results, which demonstrate a high degree of similarity between
the real and predicted tumor areas. This indicates that the DCB-Unet model is highly
compatible with the LGG dataset. Furthermore, it excelled in recognizing tumor tissues
and effectively segmenting them from healthy brain tissues.

The model was trained, validated, and then tested. The test data set indicates
that the DCB-Unet model can predict the tumor in MRI images and its segmentation
with a dice value of about 0.90 and a dice loss of 0.10, as well as successfully distinguish
between pixels that were positive in the tumor reality and those that were false positives.
It was found that the model successfully identified the majority of positive pixels with an
accuracy of 0.99 and 0.83 for the IoU coefficient (table IV.1). We can see that the IoU
coefficient performs well in both the training and validation datasets (figure IV.7) with a
value above 80%, which means that the model makes a good prediction.

Table IV.1: Displaying previous works in last years

Parameters Train Validation Test
Accuracy 0.9985 0.9981 0.9982
Dice 0.9286 0.9130 0.9083
IoU 0.8673 0.8409 0.8334
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Figure IV.6: Ground truth image and segmented image

IV.3.3.2 Comparison with previous studies

Many researchers have contributed to the advancement of medical image segmentation.
Including Kumar et al. [233], used the new ResUnet model to perform multispectral
segmentation of MRT images and obtained accuracy, dice, and IoU of 99.80%, 90.56%,
and 82.93%, respectively, while Sathish et al. [234], usied a model called VGG-Unet, which
integrates the weights of the initial model VGG16 in the encoder module with a stand-
alone module in the decoder section to get 88.25% dice value and 87.73% IoU coefficient.
As for Shomirov et al. [235], they proposed modifying the 3D Unet segmentation model
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Figure IV.7: Bar graph showing the training, validation, and testing parameters.

based on the local encoder with the generalized loss function that was trained by the Adam
optimization algorithm in order to improve performance their model achieved an accuracy
97.24%, and the IoU coefficient is 51.57%. dish Renugadevi et al. [236], employed the U-
Net++ architecture for brain tumor segmentation. Their method achieved an accuracy
of 98.81% and an IoU of 74.83% during the testing phase

Joshi and Singh [237] employed deep learning (DL) and transfer learning (TL) for
brain tumor semantic segmentation based on the U-Net architecture, in semantic seg-
mentation. brain tumors based on the Unet network. Thus, Their method achieved an
accuracy of 99.88%, a Dice score of 62.02%, and an IoU of 37.55%. As shown in Table
IV.2, although the reviewed studies employ different architectures and methodologies,
they all rely on deep learning, particularly CNNs, for brain tumor segmentation. Simi-
larly, the proposed work is based on the U-Net architecture, which was further enhanced
by incorporating DCB blocks into its skip connections. All contributions indicate high
segmentation accuracy rates, leading to its potential use in clinical applications such as
computer-aided diagnosis, treatment planning, as well as monitoring disease progression.

The superiority of the proposed DCB-Unet model was evident, achieving a segmen-
tation accuracy of 99.84%, along with dice and IoU coefficients of 90.83% and 83.34%,
respectively. This success can be attributed to the effective strategy of integrating DCB
blocks within the network’s skip connections, while maintaining the original encoder and
decoder modules. By refining the feature maps before they are fused with the decoder,
the proposed model provides richer feature representations, enabling more accurate re-
construction of tumor boundaries. Furthermore, the use of depthwise convolution allows
efficient feature refinement while introducing only a small increase in computational com-
plexity, resulting in improved segmentation performance.

The performance evaluation of DL-based models depends not only on the final seg-
mentation results but also on the performance of the model during the training and
validation phases, as all previous models as well as our proposed model obtained high
accuracy in image segmentation as mentioned earlier. We will focus our attention on the
variation in the dice and IoU coefficients.

Figures IV.8, IV.9, IV.10, IV.11, and IV.12 compare the training and validation
curves of the dice and IoU for the previous studies and the proposed DCB-UNet model.
The previous models exhibit larger fluctuations and a wider gap between the training
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Table IV.2: Comparison of the previous segmentation methodology with the proposed
model

References Dataset Methodology Accuracy Dice IoU Loss
Kumar et
al. [233]

LGG data ResNet Backbone Unet model for
brain tumor segmentation from
FLAIR MRI images.

0.9980 0.9056 0.8293 0.0987

Sathish et
al. [234]

EPISURG
and clini-
cal DICOM
dataset

Proposed VGG-Unet model inte-
grating VGG16 initial weights and
a self-attention module in the de-
coder.

– 0.8825 0.8773 –

Shomirov
et al. [235]

BraTS 2020 Modified 3D Unet segmentation
model with combined encoder
(Unet AE) and generalized loss
function (GDL), optimized with
ADAM to address class imbalance.

0.9724 – 0.5157 –

Renugadevi
et al. [236]

BraTS 2020 Brain tumor segmentation using
the Unet++ architecture.

0.9881 – 0.7483 0.2517

Joshi and
Singh [237]

BraTS 2020 Modified Unet design with archi-
tectural improvements.

0.9938 0.6202 0.3755 0.0179

Proposed
approach

LGG data Enhanced Unet model integrating
DCB blocks into skip connections.

0.9984 0.9083 0.8334 0.0916

and validation curves, indicating less stable learning behavior. In contrast, the proposed
DCB-UNet demonstrates smoother convergence and closer agreement between the train-
ing and validation curves throughout the training process. This behavior suggests that
the proposed model generalizes well to unseen data and shows no significant signs of over-
fitting. Since Dice and IoU are mathematically related overlap-based metrics, they follow
similar trends during both the training and validation phases.

Figure IV.8: (a) IoU coefficient plot for Kumar et al. (b) DSC coefficient plot for [233]

IV.4 Exepriment 02:
This experiment investigates the effectiveness of a hybrid approach that combines the
powerful feature extraction capability of pretrained deep networks with image prepro-
cessing techniques. Transfer learning enables the model to leverage knowledge learned
from the ImageNet dataset, while Gaussian and median filtering are applied to reduce
noise and preserve important structural information. In addition, CLAHE is employed
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Figure IV.9: (a) IoU coefficient plot for Sathish et al. (b) DSC coefficient plot for [234]

Figure IV.10: (a) IoU coefficient plot for [236]. (b) DSC coefficient plot for [237]

Figure IV.11: (a) IoU coefficient plot for Joshi et al. (b) DSC coefficient plot for [237]

to improve image contrast. This work is based on the hypothesis that integrating deep
feature extraction mechanisms with targeted preprocessing enhances the recognition of
fine anatomical structures and lesion boundaries in MRI images, which contributes to
improving semantic segmentation accuracy by enhancing the quality of features fed into
the model.
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Figure IV.12: (a) IoU coefficient plot for proposed approach. (b) DSC coefficient plot for
the proposed approach

IV.4.1 The modified VGG19-Unet model
IV.4.1.1 VGG19 Architecture

VGG19 is a popular deep model in computer vision, developed by the VGG at the Uni-
versity of Oxford. The model consists of 19 consecutive layers, including 16 convolutional
layers and 3 fully connected layers [238]. VGG19 is characterized by its use of a small
convolutional kernel 3x3 with a stride of 1 enabling high-resolution spatial feature capture
via a hierarchical feature extraction process.

To use VGG19 as an encoder in a Unet architecture, its original structure was
changed to fit the needs of image segmentation. The fully connected layers were removed,
leaving only the convolutional core responsible for representing spatial features. The
outputs of the five convolutional blocks were then used as feature extraction points and
skip connections to the decoder. The figure IV.13 illustrates this structural adaptation,
where each block employs several 3x3 Convolution layers followed by MaxPooling to halve
the spatial dimensions while increasing the channel depth gradually. The property maps
start at 256×256×64 and gradually decrease to 16×16×1024. It should be noted that
MaxPooling is not applied in the last block, as it represents the bottleneck (bridge) in the
Unet architecture, where the deepest possible spatial representation is maintained before
passing these features to the decoder to accurately reconstruct the segmentation map.

IV.4.1.2 Depthwise Separable Convolutions (DSC)

Depthwise separable convolution is a convolutional operation used in CNNs to reduce
computational cost and the number of trainable parameters while maintaining competitive
performance. This convolutional approach is divided into two primary phases: depthwise
convolution and pointwise convolution. During the initial phase, an individual filter is
utilized for each input channel independently, producing a distinct feature map for every
channel. In the case where the input possesses dimensions denoted as (H, W, C), with H
representing height, W indicating width, and C signifying the number of channels, then
deep convolution uses a C filter of size (K, K, 1), resulting in dimensions (H�, W�, C),
The mathematical formula for deep convolution is expressed in equation 4.
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Figure IV.13: Architecture Diagram of VGG19 CNNs

Gi,j,c =
K∑

m=1

K∑
n=1

Xi+m−1,j+n−1,c ·Km,n,c (IV.5)

In the second stage, a pointwise convolution is applied using a filter of size (1,
1, C) to combine information across channels, resulting in dimensions (H �, W �, C �),
where C � is the number of filters required. The mathematical formula for pointwise
convolution is expressed in equation 5. Figure IV.14 shows an illustrative example of
the difference between a standard convolution and a Depthwise convolution. The most
interesting feature is the reduction of computational cost by reducing the number of
parameters while maintaining good performance.

Oi,j,c′ =
C∑
c=1

Gi,j,c · P1,1,c,c′ (IV.6)

IV.4.1.3 VGG19-Unet modified

The proposed VGG19-UNet model (Figure IV.15) employs a pretrained VGG19 network
as the encoder of the U-Net architecture. The fully connected layers of the original
VGG19 are removed, retaining only the convolutional layers to extract rich hierarchical
feature representations from the input MRI images. Through successive convolution and
MaxPooling operations, the encoder captures both low-level features, such as edges and
textures, and high-level semantic information while progressively reducing the spatial
resolution of the feature maps [239, 240].
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Figure IV.14: A diagram showing the difference between natural and deep convolution

Figure IV.15: The architecture of the modified VGG19-Unet model

In the proposed architecture, each pair of standard convolutional layers is replaced
with two DSC layers. Compared with conventional convolutions, DSC significantly re-
duces the number of trainable parameters and computational complexity. Each DSC layer
performs depthwise convolution independently on every input channel, followed by a 1 ×
1 pointwise convolution that integrates information across channels, thereby improving
computational efficiency while preserving informative feature representations [241, 242].

The decoder progressively upsamples the extracted features using transposed convo-
lution layers, while the original U-Net skip connections fuse the corresponding encoder and
decoder feature maps to preserve fine spatial details and improve localization accuracy.
Finally, a 1 × 1 convolutional layer generates the binary segmentation map by classifying
each pixel as either tumor or background [243,244]. To evaluate the proposed model, the
same evaluation metrics used in the previous experiment were adopted, enabling a fair
comparison of segmentation performance.
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IV.4.2 Experimental Methodological Framework
This study employed a multi-stage methodology to evaluate and develop a tumor segmen-
tation model, focusing on independently examining the impact of each enhancement. Ini-
tially, a standard Unet model was tested on the original dataset to determine the model’s
baseline performance without any additions. Subsequently, a Unet model equipped with
a pre-trained on ImageNet VGG19 encoder was evaluated to determine the effect of using
a robust, pre-trained encoder on more accurate feature extraction and representation.
Finally, DSC blocks were incorporated into the decoder stage and tested separately to
study their impact on improving learning efficiency and reducing computational com-
plexity. This staged approach allows for a thorough understanding of each addition’s
contribution before its integration into the final model.

Based on the results of the previous phases, a modified version of the Unet archi-
tecture was derived, resulting in improved performance and fewer parameters. The final
version was directly tested on the LGG dataset. The primary objective of this phase was
to determine the model’s ”baseline performance,” which serves as a benchmark for eval-
uating any subsequent improvements. The data was prepared for input into the model
through standard preprocessing operations limited to normalization. The dataset was
then divided into three sets, training, validation, and testing, to ensure an objective and
unbiased evaluation of the model’s performance.

The model was trained on the training dataset, where it learned to adjust its inter-
nal weights to minimize the difference between its predictions and the ground truth. The
final output of the model was a segmentation mask that accurately identified each pixel in
the original image as tumor or healthy tissue. To quantitatively and objectively evaluate
the model’s performance, a set of standard performance metrics were calculated: dice,
accuracy, and IoU coefficient. These metrics were calculated by comparing the masks
predicted by the model on the test set with ground-truth masks prepared and validated
by medical professionals. The results of this initial phase serve as a benchmark against
which the value and effectiveness of any subsequent improvements, such as the application
of advanced image processing techniques, can be measured. This scientific approach en-
sures that the added value of any subsequent modifications is conclusively and objectively
demonstrated.

IV.4.3 Results and performance evaluation of the modified VGG19-
Unet

This section presents the experimental results. Initially, the modified VGG19-Unet was
trained and validated on the LGG dataset, and the obtained results were recorded.

The results shown in Table IV.3 illustrate the performance of the unet model with
various additions in the semantic segmentation task, based on the dice and IoU metrics,
as well as the number of parameters per model.

Table IV.3: Performance Analysis

Model Dice IoU N of parameters (M)
Unet 0.8417 0.7487 31,03
VGG19-Unet 0.8892 0.8036 31,17
Unet-DSC 0.8547 0.7576 22,72
modified VGG19-Unet 0.8921 0.8072 22,85
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We can observe that the baseline Unet model achieved acceptable performance, with
a Dice value of (0.8417) and an IoU value of (0.7487), reflecting its capability to perform
the segmentation task with reasonable efficiency. However, when using the VGG19-Unet
model, a significant improvement in performance is observed, as the values increased to
(0.8892) and (0.8036), respectively. This improvement can be attributed to the ability
of the VGG19 network to extract rich and deep feature representations that enhance
segmentation accuracy.

In contrast, the Unet model based on Depthwise Separable Convolutions showed
a slight improvement in performance compared to the baseline Unet model, achieving a
dice of (0.8547) and an IoU of (0.7576), compared to (0.8417) and (0.7487) in the baseline
model. Additionally, this model demonstrated a notable reduction in the number of
parameters, decreasing to 22,723,905 compared to 31,031,745 in the conventional Unet,
indicating higher efficiency in terms of computational complexity and resource utilization.

Finally, the modified VGG19-Unet model achieved the best performance among all
models, recording the highest values for both dice (0.8921) and IoU (0.8072), while main-
taining a relatively lower number of parameters (22,856,513) compared to the standard
VGG19-Unet model. These results indicate that the proposed modifications contributed
to improving model accuracy while reducing computational complexity, thereby enhanc-
ing its efficiency and suitability for practical applications.

Figure IV.16: Segmentation performance curves: (a) Dice, (b) IoU, and (c) loss.

The performance curves comparing three modifications to the UNet model architec-
ture UNet based on DSC, VGG19-UNet, and VGG19-UNet based on DSC with traditional
Unet are shown in Figure IV.16. These curves reveal a clear gradual improvement in learn-
ing quality across training epochs. The Dice curve shows that the VGG19-UNet model
with DSC achieves the best gradual convergence and is more stable, with both the training
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and validation dice scores increasing smoothly to significantly higher levels compared to
the other models. This behavior reflects the model’s ability to extract distinct and deep
spatial feature representations thanks to the integration of a deep feature extractor with
separable convolutions, which reduces computational complexity without compromising
feature quality.

The VGG19-UNet model without DSC blocks performs well and is close to the
best model, but slightly below it, demonstrating the positive impact of using DSC in
reducing computational complexity and model parameters while preserving reconstruction
quality. In contrast, the conventional UNet exhibits rapid convergence in the early stages
of training but stabilizes at lower values, reflecting its limited representativeness compared
to the two VGG19-based models.

The most striking behavior is observed in the UNet model with DSC, where we
see very sharp fluctuations in the validation curve during the initial training epochs,
both in dice and IoU. These fluctuations indicate the instability of the early learning
process, with the model abruptly shifting between very weak and better predictions. This
behavior is explained by the fact that depthwise separable convolutions, despite their
high computational efficiency, reduce the model’s ability to integrate information across
channels during the early stages of learning, making the model more sensitive to weight
updates when the encoder does not provide sufficiently rich feature representations.

The IoU curves confirm this general behavior, with VGG19-UNet with DSC out-
performing in terms of final values and stability, followed by VGG19-UNet, then the
conventional UNet, while UNet with DSC continues to exhibit significant instability for
a large portion of the training. Since IoU is a more rigorous measure than Dice, this fluc-
tuation suggests that the model was producing unstable masks in the early stages before
gradually learning the correct boundary for the objects.

The loss curves clearly support these observations. Both VGG19-UNet and VGG19-
UNet with DSC exhibit a smooth and consistent decrease in loss with a very small gap
between training and validation, indicating stable learning and excellent generalization.
In contrast, UNet with DSC shows large fluctuations in validation loss during the early
epochs, further evidence that using separable convolutions without deep representational
support can lead to difficulties in stabilizing the numerical optimization process. Overall,
the small gap between the training and validation curves in the VGG19-UNet with DSC
model reflects a high generalization capability. It can be concluded that the effectiveness
of depthwise separable convolutions depends heavily on the strength of the architecture
used, and that combining it with a deep feature extractor such as VGG19 achieves the
best balance between accuracy, stability, and computational efficiency.

Figure IV.17 presents some examples of segmentation results on brain MRI images,
arranged in four columns representing, respectively, the original image, the true mask
(ground truth), the model’s predicted mask, and the overlay image between predicted
mask, ground truth and the original image. These samples illustrate the visual perfor-
mance of our proposed model across different cases, including variations in tumor size,
location, and shape.

In the rows shown, a wide variety of tumor characteristics can be observed in terms of
area, shape, and anatomical location. Some cases represent very small, difficult-to-detect
tumors, while others represent larger tumors with well-defined borders. This variety aims
to evaluate the model’s ability to handle both small and large tumors within the same
experimental framework. Comparing the second and third columns, it is observed that
the predicted mask closely matches the true mask in most cases. This is clearly evident
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Figure IV.17: The original image and their corresponding segmented representations.

in the second, third, and fourth rows, where the tumor geometries closely resemble the
predicted and true images in terms of area, perimeter, and location. This reflects the
model’s ability to learn a precise spatial representation of tumor boundaries, not just an
approximate location.

The overlay images in column 4 demonstrate the accuracy of the overlap between
the predicted and actual mask; the red color (prediction) overlaps significantly with the
actual area. In cases with large tumors, the overlap is almost complete, indicating high
Dice and IoU values for these samples. In cases with very small tumors (as in rows 1
and 5), very slight differences in size or shape are observed, which is expected given the
sensitivity of segmentation to small tumors, where even a few pixels significantly affect
the quantitative metrics.

These samples also reveal that the model did not produce false positives outside the
tumor area against the black background, demonstrating good background-to-pathological
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differentiation, a crucial characteristic in medical segmentation applications.
Overall, these qualitative results highlight the model’s ability to achieve accurate and

stable segmentation across various sizes and shapes, with a clear capacity to accurately
define the anatomical boundaries of tumors. These visual results also confirm what was
observed in the quantum curves (dice and IoU), where numerical stability in performance
is reflected in the visually predicted quality of the masks.

IV.4.4 Preprocessing and Hybrid Model Methodology
In this study, a modified VGG19-Unet model was employed for the segmentation of
LGG. The preprocessing stage focused on enhancing the quality of medical images be-
fore inputting them into the model, using two categories of techniques: filters and con-
trast enhancement methods, specifically CLAHE (Contrast Limited Adaptive Histogram
Equalization).

Filters were applied to reduce noise in the images. The Gaussian filter smooths
the image and reduces normally distributed noise while preserving the overall structure,
whereas the Median filter mitigates impulsive noise while relatively maintaining important
edges.

In contrast, the CLAHE technique was applied separately to enhance local contrast
within the image by redistributing intensity values over small regions, thereby highlighting
fine details and improving the delineation between different tissue types.

The use of these techniques aims to improve the quality of the data fed into the
model. Reducing noise through filters, combined with enhancing contrast using CLAHE,
is expected to facilitate the model’s learning of distinctive features between healthy tissue
and tumor tissue. The impact of this preprocessing will be subsequently evaluated through
experimental results.

IV.4.4.1 Filtering Techniques for Noise Reduction

Filters are fundamental tools in image preprocessing, primarily used to reduce noise while
preserving essential structural information. Noise in medical images can arise from var-
ious sources, including acquisition artifacts and environmental interference, which may
adversely affect the performance of segmentation models. Applying appropriate filters
helps enhance image quality, facilitating more accurate feature extraction by the net-
work [245] [246].

In this study, two widely used filtering techniques were employed: Gaussian filter-
ing, which effectively reduces Gaussian (normally distributed) noise by smoothing the
image, and Median filtering, which is particularly effective for removing impulsive noise
while preserving edges. The principles and applications of each filter are described in the
following sections.

a) Gaussian: The Gaussian filter is a linear smoothing filter commonly used in im-
age processing to reduce normally distributed noise while preserving the general
structure of the image. It operates by convolving the input image with a Gaussian
function, which assigns higher weights to pixels near the center of the kernel and
progressively lower weights to pixels farther away. This weighted averaging effec-
tively smooths intensity variations caused by noise, without significantly blurring
edges [247] [248]. Mathematically, the two-dimensional Gaussian function is defined
as:
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G(x, y) =
1

2πσ2
exp

(
−x2 + y2

2σ2

)
(IV.7)

where x and y are the coordinates of the kernel, and σ determines the standard
deviation, controlling the degree of smoothing.

In medical image preprocessing, applying a Gaussian filter helps reduce random
noise introduced during image acquisition, yielding cleaner images that facilitate more
accurate feature extraction by segmentation models, such as the modified VGG19-Unet
used in this study. As is clearly the improvement Figure IV.18.

Figure IV.18: FLAIR MRI images after application of the Gaussian filter.

a) Median: The Median filter is a nonlinear filtering technique widely used to remove
impulsive noise (also known as salt-and-pepper noise) from images while preserving
important edges. Unlike linear filters that perform weighted averaging, the median
filter replaces each pixel value with the median value of its surrounding neighbor-
hood, effectively eliminating extreme intensity values caused by noise [249] [250].
Mathematically, the median filter operates by considering a neighborhood of pix-
els around each pixel in the image, usually a square or rectangular window. For
a given pixel p(i, j) at location (i, j), the median value M(i, j) of the pixel in the
neighborhood is calculated as follows:

M(i, j) = median{ f(i+ k, j + l) | k, l ∈ {−1, 0, 1} } (IV.8)
where f(i + k, j + l) represents the pixel values within the neighborhood, and the

set includes all the pixel values in the window defined by k and l, typically within a
3x3 window around (i, j). The value M(i, j) replaces the original pixel value p(i, j). This
approach is particularly effective in medical imaging, where fine structures and edges must
be preserved for accurate segmentation. By maintaining the integrity of edges, the median
filter ensures that the boundaries of anatomical structures, such as tumor regions, remain
sharp, which is critical for models like the modified VGG19-Unet to accurately learn and
delineate relevant features. In this work, a kernel size of 3×3 was employed, providing a
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balance between effective noise reduction and preservation of fine image details. While
larger kernels can remove more noise, they may also lead to a loss of important structural
information, whereas smaller kernels help retain details but may leave some residual noise.

Figure IV.19: FLAIR MRI images after application of the Median filter.

As illustrated in Figure IV.19, the median filter produces a subtle smoothing effect
while preserving the structural details and object boundaries of the original image. Al-
though the visual differences are slight, the filter is intended to suppress impulsive noise
without degrading important anatomical structures.

IV.4.4.2 Contrast Enhancement Using CLAHE

Contrast enhancement is a crucial preprocessing step in medical image analysis, as it
improves the visibility of important structures and facilitates better feature extraction.
In this study, Contrast Limited Adaptive Histogram Equalization (CLAHE) was employed
to enhance the local contrast of the images [251]. Unlike global histogram equalization,
which applies a uniform transformation to the entire image, CLAHE operates on small
contextual regions (tiles). It redistributes the intensity values within each region, thereby
enhancing local details without over-amplifying noise. Mathematically, CLAHE can be
described by the following steps:

1. Image Division into Tiles: The image I(x, y) is divided into non-overlapping tiles
of size T , where each tile Ti covers a local region of the image. This allows CLAHE
to operate on smaller patches, preserving local contrast information.

2. Local Histogram Computation and Contrast Limiting: For each tile, a local his-
togram is first computed to represent the distribution of pixel intensities within
that region Hi. CLAHE then limits the contrast by clipping the histogram at a
predefined threshold (Tmax). If any histogram bin exceeds (Tmax), the excess is re-
distributed equally among the other bins. The contrast-limited histogram (HCL

i (k))
is obtained by the following relation:

HCL
i (k) = min(Hi(k), Tmax) (IV.9)
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The clipped values are then redistributed across the bins to maintain the total
histogram sum.

3. Cumulative Distribution Function (CDF) calculation: The normalized CDF is then
calculated using the clipped histogram as follows:

CDFi(r) =
1

Ni

r∑
k=0

HCL
i (k) (IV.10)

where HCL
i (k) denotes the frequency of pixels with intensity level k in the i-th tile,

Ni is the total number of pixels within the tile, and r denotes the intensity level.

4. Pixel Intensity Mapping: After applying contrast limiting and redistributing the
clipped histogram, the normalized CDF is used to map each pixel to a new intensity
value according to:

Inew(x, y) = (L− 1)× CDFi(I(x, y)) (IV.11)

where I(x, y) is the original pixel intensity, Inew(x, y) is the enhanced pixel intensity,
and L is the total number of gray levels in the image (typically L = 256 for an 8-bit
image).This mapping ensures that each pixel’s intensity is adjusted according to the
local contrast enhancement.

Additionally, CLAHE incorporates a contrast-limited mechanism that prevents ex-
cessive enhancement, which could otherwise lead to noise amplification [252]. This tech-
nique is particularly effective in medical imaging, where subtle intensity differences be-
tween tissues are critical. By improving local contrast, CLAHE can enhance the visibility
of tumor boundaries and fine structural details, making it easier for the segmentation
model to distinguish between healthy and abnormal tissues. In this work, CLAHE was
applied as a preprocessing step to improve image quality before model training. As illus-
trated in Figure IV.20, the application of CLAHE results in clearer contrast and better
delineation of regions of interest compared to the original images.

IV.4.4.3 Performance Evaluation with Preprocessed Data

The evaluation of preprocessing techniques on the performance of the modified VGG19-
Unet model for image segmentation revealed that all tested methods improved the model’s
results. As shown in Table IV.4, without preprocessing, the model achieved a Dice score
of 0.8921 and an IoU score of 0.8072, indicating strong baseline performance in capturing
fine details. Applying Gaussian filtering slightly enhanced these metrics to a dice score
of 0.9006 and an IoU score of 0.8197, reflecting its noise reduction benefits. Similarly,
Median filtering led to comparable improvements, with a dice score of 0.8997 and an
IoU score of 0.8180, though it might compromise some fine details. Notably, CLAHE
delivered the best performance, achieving a dice score of 0.9055 and an IoU score of 0.8278,
demonstrating the importance of enhanced local contrast for distinguishing fine image
features.Overall, these results highlight the significant role of preprocessing in boosting
the modified VGG19-Unet model’s segmentation accuracy, with CLAHE being the most
effective technique.

The dice coefficient curves (as shown in Figure IV.21) illustrate the evolution of
segmentation performance across training epochs. A rapid increase is observed during
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Figure IV.20: FLAIR MRI images after application of the CLAHE.

Table IV.4: Effect of Preprocessing on VGG19-Unet Performance

Model Preprocessing Dice IoU

Modified VGG19-Unet

No 0.8921 0.8072
With Gaussian 0.9006 0.8197
With Median 0.8997 0.8180
With CLAHE 0.9055 0.8278

the first ten epochs. This is followed by a period of slower but continuous improvement
until approximately epoch 30, after which the curves reach a stable plateau, reflecting the
model’s ability to efficiently learn the fundamental features of medical images.In terms of
model comparison, the configuration based on CLAHE preprocessing achieved the best
performance, recording the highest dice values for both training and validation datasets.
This was followed closely by the Gaussian filter, which demonstrated competitive per-
formance with notable stability. In contrast, the median filter yielded relatively lower
performance, while the baseline model without preprocessing produced the weakest re-
sults, highlighting the importance of enhancing input data quality prior to training.

Regarding the IoU curves, a similar trend to the Dice curves is observed, which is
expected due to the strong correlation between the two metrics. The CLAHE-based model
again achieved the highest IoU values, indicating a more accurate overlap between pre-
dicted and ground truth segmentation masks. The Gaussian filter exhibited competitive
performance, whereas the median filter showed moderate results. It is also noteworthy
that all models reached a stable performance level after approximately 30 training epochs,
suggesting that preprocessing techniques contributed to improving the model’s learning
efficiency. Furthermore, the close alignment between training and validation curves indi-
cates a good generalization capability.

Concerning the loss curves, all models exhibited a sharp decrease in loss values
during the initial training stages, reflecting rapid performance improvement. This de-
cline continued more gradually until reaching a stable level. The model utilizing CLAHE
preprocessing achieved the lowest loss values, indicating the best agreement between pre-
dictions and ground truth. The Gaussian filter-based model showed very similar per-
formance, while the median filter model demonstrated moderate results. In contrast,
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the baseline model recorded the highest loss values. Additionally, a small gap between
training and validation loss curves was observed; however, it remained within acceptable
limits, suggesting the absence of significant overfitting and confirming good generalization
performance.

Figure IV.21: Segmentation performance curves under different preprocessing techniques:
(a) Dice, (b) IoU, and (c) The loss.

Figure IV.22 presents the segmentation results obtained after applying local con-
trast enhancement using CLAHE. The first column shows the original MRI image; the
second column displays the image after CLAHE processing, followed by the ground truth
mask, the predicted mask generated by the model after input enhancement, and finally
the overlay between the predicted mask, the ground truth, and the image. This visual-
ization highlights the effect of CLAHE on the clarity of anatomical structures and tumor
boundaries and how this improvement is directly reflected in the segmentation quality.

A comparison between the original MRI images and the CLAHE-processed images
shows a noticeable improvement in local contrast within brain tissues, particularly at the
transition regions between the tumor and the surrounding healthy tissues. This enhance-
ment facilitates the model’s ability to learn tumor boundary features, which is evident
from the strong agreement between the ground truth masks and the predicted masks
across different cases.

Overall, these results indicate that the use of CLAHE not only improves the visual
appearance of the images but also increases their segmentation readiness by making the
tumor statistically more distinguishable from the background, enhancing boundary def-
inition, and improving the model’s ability to accurately represent both large and small
tumor regions.
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Figure IV.22: FLAIR MRI images after application of the CLAHE.

IV.4.5 Discussion of the results and comparison with previous
studies

The results presented in the table IV.5 provide a comprehensive comparison between the
proposed approach and several previous studies in the LGG segmentation task, using
common performance metrics such as the Dice coefficient, the Intersecting IoU, and ac-
curacy. Overall, this comparison reflects a significant improvement in the performance of
modern models, with clear variations in results depending on the model architecture and
preprocessing techniques employed.

Analyzing the results of previous studies, we note that Hu et al. and Xie et al.
achieved acceptable performance, with dice values   of 0.8345 and 0.7585, respectively, but
relatively lower IoU values, indicating some shortcomings in tumor boundary accuracy.
In contrast, Das et al.achieved a Dice coefficient of 0.9000 and an IoU of 0.8200 using a
U-Net-based framework with MRI image preprocessing. Following tumor segmentation,
morphological features extracted from the segmented tumors were utilized to predict
the genomic subtypes of lower-grade gliomas, highlighting the potential of MRI-derived
features for radiogenomic analysis. The study by Ullah et al. also achieved strong results
(dice = 0.8900) by employing preprocessing and enhancement techniques, highlighting
the crucial role of data quality improvement in enhancing model efficiency.

Upon examining the impact of different preprocessing techniques within the pro-
posed approach, it becomes clear that the type of filter used directly influences the quality
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of the results. The Gaussian filter performed well (dice = 0.9006, IoU = 0.8197), reducing
noise while maintaining relative detail. The median filter, on the other hand, performed
slightly worse (dice = 0.8997, IoU = 0.8180), which may be attributed to its smoothing
effect, potentially leading to the loss of some fine edges. In contrast, CLAHE achieved the
best results (dice = 0.9055, IoU = 0.8278), demonstrating that improving local contrast
effectively highlights tumor characteristics and thus enhances segmentation accuracy.

Based on these findings, it can be concluded that improving data quality through
preprocessing, along with selecting a robust model architecture, are crucial factors in
optimizing the performance of medical segmentation models. The results also confirm that
CLAHE technology is one of the most effective methods in this context, given its ability
to enhance contrast without negatively affecting fine details, which positively impacts the
model’s accuracy in identifying tumor boundaries.

Table IV.5: Comparative performance analysis of the proposed modified VGG19-UNet
model against advanced methods

References Dataset Methodology dice IoU
Hu et al [253] Kaggle LGG A flexible Transformer model incorporating

position-sensitive and information-sensitive
attention mechanisms.

0.8179 0.7187

Xie et al [254] BraTS2020 Brain tumor segmentation using GANs and
topological analysis to improve and explain re-
sults. Tested on BraTS with improved IoU
and dice.

0.7585 0.6373

Das et al [255] Kaggle LGG U-Net-based brain tumor segmentation fol-
lowed by genomic subtype prediction using ex-
tracted tumor morphology features

0.9000 0.8200

Ullah et al [256] Kaggle LGG Study using preprocessing, augmentation, and
model training on Google Colab; highlights ra-
diogenomics linking imaging and genomics for
personalized treatment.

0.8900 -

Naser et al [257] Kaggle LGG U-Net for LGG tumor segmentation, followed
by VGG16 transfer learning

0.8400 -

Proposed approach

Kaggle LGG The proposed VGG19-Unet was evaluated
using the original images and images
generated by separately applying Gaussian
filtering, Median filtering, and CLAHE. In
each case, the preprocessed images were
merged with the corresponding original
images before being fed into the model.

0.9000 0.8270
Kaggle LGG
+ Gaussian

0.9006 0.8197

Kaggle LGG
+ median

0.8997 0.8180

Kaggle LGG
+ CLAHE

0.9055 0.8278

IV.5 Conclusion
This chapter concludes with a methodological contribution to the field of semantic seg-
mentation of medical images through the proposal of two advanced models based on a
Unet architecture. The design process focused on improving and maintaining the flow
of detailed spatial features across the network through two parallel approaches: first, by
deepening skip connections using slightly optimized layers, and second, by building a ro-
bust encoder using a pre-trained VGG19 with an enhanced decoding path. The proposal
also included improving the quality of the input data by incorporating Gaussian and me-
dian filters into the original image, as well as using CLAHE technique to enhance image
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quality and highlight edges and fine details.
A comprehensive evaluation of the performance of the two models resulted in a sig-

nificant improvement in segmentation accuracy, especially in identifying the boundaries
of pathological regions, confirming the effectiveness of the proposed improvements. These
improvements not only succeeded in raising performance metrics such as dice and IoU
but also provided a practical solution that balances computational complexity and accu-
racy. The results of this chapter pave the way for future research focused on applying
these models to more diverse and complex datasets and exploring more sophisticated fu-
sion mechanisms for enhanced features, with the goal of achieving more reliable aids in
automated medical diagnosis.
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V.1 Introduction
The CNNs and Transformers have recently emerged as integrated frameworks in the
field of computer vision. CNNs are distinguished by their strong ability to extract local
features, while Transformers excel at capturing global contextual information. In this
chapter, we introduce an improved architecture based on a Unet model with a hybrid en-
coder, incorporating a Feature Global Extraction Module and a Hybrid Query Attention
Module. The chapter provides a detailed discussion of the model’s architectural design,
which aims to overcome the limitations of conventional CNN architectures by integrating
local feature extraction with global contextual modeling, along with a tumor-guided slice
selection strategy to enhance efficiency. Furthermore, the proposed model is evaluated
experimentally on the BraTS, KiTS, and LiTS datasets, and the results will be compared
with advanced methods to demonstrate the superiority of the proposed approach in terms
of both accuracy and efficiency.

V.2 Datasets
In the pursuit of constructing an accurate intelligent model for medical image segmenta-
tion, the selection and preparation of data are of paramount importance, as they exert a
direct influence on the model’s performance and reliability. Consequently, in this study,
a meticulous selection of diverse and exhaustive medical datasets was undertaken, in ac-
cordance with the most stringent standards of quality and research ethics. The most
popular and widely used datasets by researchers were selected for analysis. Prior to uti-
lization for training and evaluation of the proposed model, all datasets underwent rigorous
preprocessing to enhance image quality and eradicate potential biases.

V.2.1 BraTS2020 Dataset
Brain tumors, particularly gliomas, present a significant clinical and research challenge
due to their Infiltrative behavior and variable histological grades. Accurate segmentation
of different tumor regions from MRI is important of surgical planning and assessment of
tumor response to treatment, but the manual process is expensive, time-consuming, and
subject to significant inter-observer variability.

To overcome these limitations, the Brain Tumor Segmentation (BraTS) initiative
launched an annual challenge to provide a large, high-quality benchmark dataset for
the development of automated segmentation algorithms. The BraTS 2020 dataset in-
cluded data collected from over 30 leading medical and research institutions worldwide,
encompassing diverse imaging devices and acquisition protocols. Figure V.1 illustrates
representative samples from the BraTS 2020 dataset.
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Figure V.1: BraTS2020 data samples: Display of brain imaging using different MRI
techniques (FLAIR, T1, T1ce, T2) with segmentation masks (Mask).

V.2.2 KiTS19 Dataset
Figure V.2 shows sample CT images from the KiTS dataset. The KiTS dataset is a
public benchmark and a widely recognized gold standard for kidney tumor segmentation
in medical AI. It was developed to address the need for a comprehensive collection of CT
scans with precise manual annotations of the kidneys and tumors, accompanied by rich
clinical data. This resource supports the development of machine learning algorithms for
automated segmentation and enables research into links between tumor imaging features
and patient outcomes.

Figure V.2: CT data sample demonstration: normal slices and segmentation masks for
kidneys and tumors.
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The dataset was built in response to the growing global health burden of Renal Ccell
Carcinoma (RCC) and a shift in treatment towards partial nephrectomy, which requires
precise preoperative planning. It consists of 300 retrospective cases from patients who
underwent nephrectomy between 2010 and 2018, meeting specific criteria including the
availability of preoperative CT scans.

For the research community, the dataset is partitioned into 210 public cases for
training and development and 90 withheld cases for objective final evaluation. Each
case includes the CT scan, a segmentation file (with labels: background=0, kidney=1,
tumor=2), and a JSON file containing the associated clinical data [258, 259].

V.2.3 LiTS17 Dataset
The LiTS dataset has become a widely recognized benchmark in medical AI for the
automated segmentation of the liver and liver tumors from CT scans. Figure V.3 presents
sample CT slices and their corresponding segmentation masks. The challenge aims to
leverage advanced technologies to support clinicians by enabling faster and more accurate
diagnoses, improving treatment planning, and ultimately increasing survival rates among
liver cancer patients.

Figure V.3: CT data sample demonstration: normal slices and segmentation masks for
Liver and tumors

The LiTS17 challenge provided a large and diverse dataset consisting of 200 ab-
dominal CT images collected from multiple clinical sites. This diversity resulted from
the different clinical imaging devices used, which contributed to a more realistic and di-
verse dataset. The dataset included three-dimensional images with significant variations
in spatial resolution, both in slice thickness and in plane resolution, and significant vari-
ations in the number of slices per scan. The images also included a wide range of tumor
characteristics in terms of size, shape, location, and appearance, making them suitable
for developing robust and generalizable algorithms in real clinical settings.

80



A Hybrid Unet with FGHQA for Medical Image Segmentation

The dataset was split into 130 training cases, which were provided with expert-
annotated ground truth segmentations, and 70 test cases, where the ground truth was
withheld to allow for an objective and unbiased evaluation of the competing algorithms
[260–262].

V.3 Preprocessing data
Preprocessing is a fundamental step in medical image analysis, as it improves image qual-
ity, reduces redundant information, and prepares the data for efficient model training.
Effective preprocessing can enhance feature representation, reduce computational com-
plexity, and improve the overall performance of deep learning models. In this study, a
preprocessing pipeline was designed to prepare the raw images before training the pro-
posed model.

V.3.1 BraTS preproccesing
1. Crop volumes:

Before performing the cropping process, multiple imaging modes, including T1,
T2, FLAIR, and T1ce, were first combined to maintain consistency and spatial in-
formation between different layers. Because the frame dimensions were large and
important information was concentrated in the center of the image with large black
areas in the background, the original images and masks were cropped to remove
unnecessary artifacts, as shown in Figure V.4. This process speeds up model train-
ing by focusing on important brain features and reduces computational resource
consumption during training.

Figure V.4: The proposed pretreatment of magnetic resonance images. Cutting sizes
(above) original size: 240 × 240; after cutting: 128 × 128. Multimedia photo collection
(below), including T1, T1ce, T2, Flair
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2. Number of slices:
In many studies dealings with the analysis of three-dimensional medical images, the
data are treated as two-dimensional slices to facilitate the study process. However,
traditional methods are often based on a constant or random division of segments,
which can lead to neglect of areas of clinical importance or increase the compu-
tational load without obvious benefit. The researchers additionally examined how
the quantity of input slides affects the performance of the model, where the results
showed that the Brats data set obtained almost constant performance from five
slides and above. In our work, we applied a thoughtful methodology for selecting
slices based on such specific criteria as the number of pixels and tumor density as a
practical and effective solution. This methodology has several advantages, includ-
ing increasing diagnostic accuracy by focusing on the most important areas in the
image, such as high-density tumors, which enhances the analytical ability of the
model to detect pathological features with higher accuracy and without computa-
tional burden.

3. Normalization:
To maintain the uniformity of MRI data and enhance the analytical quality, we
implement the normalization procedure through min-max normalization. This step
addresses the pixel intensity variation between different images caused by different
device settings or inspection conditions. min-max normalization rescales pixel val-
ues to a fixed range, typically [0, 1]. This approach preserves the data’s original
distribution while making it more suitable for computational processing, particu-
larly for algorithms sensitive to input scale.

Inorm (x, y) =
I (x, y)− Imin

Imax − Imin
(V.1)

where:
• I (x, y) Original pixel intensity at coordinate (x, y)

• Imin Minimum pixel intensity in the image
• Imax Maximum pixel intensity in the image
• Inorm (x, y) Normalized pixel value (scaled to [0, 1])
After loading and normalization, we combine all the images into a multimodal image
collection, which can be easily used as model inputs. This procedure synchronizes
and processes data from several imaging modalities. Changing between several kinds
is the primary method. MRI data is gathered using a variety of modalities, including
FLAIR, T1, T2, and T1ce. Transforming and syncing the data across these image
types is part of a preprocessing technique known as ”intermodal interleaving,” which
ensures that information from the various modalities can be used to enhance model
performance.

4. New labels:
The data has 5 labels, but we don’t use labels 0 (background) and 3 (missing). The
other labels, 1 (Necrotic and non-enhancing tumor core), 2 (Peritumoral edema),
and 4 (GD-enhancing tumor), show different parts of the tumor. By mixing these
labels, we can make different tumor areas: ET (Enhancing Tumor) is label 4, TC
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(Tumor Core) is labels 1 and 4 together, and WT (Whole Tumor) is labels 1, 2, and
4 combined. We will test how well these new labels (ET, TC, WT) work as shown
in Figure V.4.

V.3.2 KiTS19 and LiTS17 preproccesing
Preprocessing the original CT images before feeding them into the network is a main
step in training AI-based models. This study aims to improve image quality and thus
enhance the segmentation accuracy of kidneys, kidney tumors, liver, and liver tumors in
abdominal CT images without requiring tumor type identification. To prepare the data as
input for the model, the 3D data was segmented into multiple 2D images with a resolution
of 512× 512 pixels and then resized to 256× 256 pixels, as shown in Figure V.5.

Figure V.5: A Schematic of the Volumetric to 2D Slice Conversion Pipeline for Medical
Image Analysis: (a) for the LiTS dataset, (b) for the KiTS dataset

In the subsequent stage of the preprocessing, the image intensity values were reduced
for all images within the Hounsfield unit (HU) range of -30 to 300 HU for segmenting the
kidneys and renal tumors. Figure V.6 (a) illustrates the difference between the original
data and the data within the specified HU range. This facilitated the elimination of the
fatty regions surrounding the kidneys from the segmentation process, which are charac-
terized by values less than -30 HU [258]. Moreover, the higher threshold was selected
to accentuate the high-density structures and borders that are generally characteristic of
cancerous tissue. Subsequently, To ensure data consistency and enhance analysis quality,
a normalization process is implemented using min-max normalization.

The range of -50 to 250 HU is considered optimal and most comprehensive for
segmenting the liver and its tumors in CT [263]. This range is characterized by its ability
to cover all histological patterns (Refer to Figure V.6(b), which illustrates the difference
between the original data and the data within the specified HU range.), encompassing
normal liver tissue ranging from 50-70 HU (Table V.1) in non-contrast-enhanced scans
that is, before the injection of an iodine-based contrast agent and between 100-150 HU
after injection. It also covers the diverse characteristics of liver tumors, from arterial
enhancement that may exceed 200 HU to late-stage contrast washout that may be as
low as 30-80 HU. This wide range ensures that important data are preserved despite
individual differences between patients or scan conditions, making it a reliable standard
for both clinical applications and artificial intelligence algorithms. This step addresses the
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issue of pixel intensity differences between different images resulting from varying device
settings or scanning conditions.

Table V.1: distribution of CT value ranges across primary tissues in abdominal CT scans

Organs and Tissues CT Value (HU)
Liver 50–70
Spleen 35–60
Pancreas 30–55
Kidney 25–50
Bone >400

Recent studies, including the study of Vu et al. [232], have shown that carefully
choosing the number of slices in medical image analysis is a great way to improve both
diagnostic accuracy and efficiency in computing. The findings demonstrated that the
performance of segmentation for kidney and liver tumors stabilizes significantly when
utilizing between five and seven slices, the optimal range adopted in this study.

Figure V.6: (a) represents the enhanced images of CT slices of the kidney, (b) represents
the enhanced images of the liver using different HU window ranges

This slice selection strategy reduces the computational burden while maintaining
the quality of the analysis by focusing on the most informative slices. This guarantees
the most effective use of resources while maintaining the precision of the outcomes.

V.4 Proposed FGHQA-Unet Model
Medical image segmentation is a critical process in helping diagnose and treat, but it faces
many challenges that make it a complex task. One of the most significant challenges is
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the low contrast between tissues, where the intensity of colors or signals in some organs
or tumors is similar, making it difficult to accurately define their boundaries. Despite the
great success of CNN in extracting local features, it suffers from a lack of understanding
of the overall context of the image.

One of the main reasons is the limited receptive field, where each convolutional layer
focuses on only a small area, hindering the understanding of relationships between distant
parts of the image. Pooling operations, such as max pooling, also lead to the loss of precise
location information, weakening the ability to connect distant areas. Transformers came
as a revolutionary solution that leverages self-attention mechanisms to bridge this gap,
providing a more comprehensive understanding of medical images by leveraging natural
language processing (NLP) techniques and applying them to the field of computer vision.

In this work, we propose an improved architecture based on the Unet model (Fig-
ure V.7) by designing a hybrid encoder that embeds attention mechanisms inspired by
ViT [194]. The input image is transformed into a structured token-based representa-
tion, enabling the extraction of rich semantic and contextual features through multi-head
attention layers.

Figure V.7: An overview of the FGHQA-Unet architecture is presented. We derive se-
quence representations from various layers within the transformer and integrate them
with the decoder through skip connections.

A novel hybrid query generation strategy is adopted, combining dynamically gen-
erated queries derived from image features with randomly initialized learnable queries.
The learnable queries follow the query initialization principle introduced in the DETR
architecture [264], where they act as generic queries that gradually evolve their semantic
meaning during training.

In addition, a cross-attention mechanism is integrated within the encoder to enable

85



A Hybrid Unet with FGHQA for Medical Image Segmentation

a guided interaction in which the queries attend to the feature maps. These queries are
used not only to explore the most relevant information but also to progressively refine the
representations before being passed to the Unet decoder. This design enhances the quality
of features fed into the reconstruction stages, thereby improving segmentation accuracy,
particularly in scenarios requiring fine-grained contextual understanding, such as medical
imaging.

At the same time, the approach maintains high computational efficiency by relying
on a simplified architecture without employing a full Transformer model. It also provides
better interpretability by associating queries with specific semantic regions within the
image.

a) Encoder
The input 2D image x ∈ RH×W×C , with resolution H × W , where C denotes the
number of channels, is first processed by convolutional layers to extract local feature
representations while preserving fine-grained spatial details. The resulting feature
maps are then divided into a sequence of fixed-size patches of dimension P × P .
The total number of patches is given by N = H×W

P 2 . These patches are transformed
into token representations through a linear projection that maps each patch into a
fixed-dimensional embedding. A learnable positional embedding is added to each
token to preserve spatial information before being fed into the Transformer encoder.
Therefore, the image is represented as a sequence of tokens that encode visual
and spatial information, enabling the model to preserve spatial information during
processing. After the embedding layer, a stack of attention layers is employed, con-
sisting of Multi-Head Self-Attention (MSA) sublayers and Multi-Layer Perceptron
(MLP) blocks, as shown in Figure V.8. These components model global contextual
dependencies across different image regions, enriching the feature representations
with semantic and contextual information. Building upon the locally extracted fea-
tures, this module constructs a structured semantic feature space that forms the
basis for subsequent inference.

Figure V.8: Proposed FGHQA Hybrid Transformer Encoder Block.

After that, an inference module based on queries is constructed, where the queries
are generated using a hybrid strategy. This integration produces a more content-
aware initial representation and enhances the semantic alignment between the query
space and the extracted features. A clear separation is also introduced between the
representation stage and the inference stage. In this phase, the hybrid queries are
utilized within a cross-attention mechanism to capture relationships among different
entities within the image. Additionally, the encoder supports interaction between
the hybrid queries and the extracted features, where the queries are not only used

86



A Hybrid Unet with FGHQA for Medical Image Segmentation

to interrogate the features but also to progressively refine their own representations,
thereby enhancing focus on relevant regions while reducing the influence of noise.
This design achieves a balance between representational and inferential capabilities
without adopting a standard Transformer architecture, resulting in higher compu-
tational efficiency while maintaining strong performance in fine-grained tasks such
as medical image segmentation. After constructing the encoder and completing
the image representation stage, the same encoding block is applied sequentially 12
times to progressively enhance the model’s representational capacity and improve
the quality of the learned feature representations across layers.

b) Decoder
The decoder in the FGHQA-Unet architecture features a multi-stage hierarchical
design that integrates spatial upscaling mechanisms with skip connections to re-
store the spatial resolution lost during encoding. The process begins by merging
multi-level (Z3, Z6, Z9, Z12) feature maps through an integrated mechanism that
progressively increases the resolution using 2×2 deconvolution layers while preserv-
ing fine details via skip connections that incorporate spatial features from earlier
encoding stages. The merged features are further processed through a series of 3×3
convolutional layers with normalization and activation, progressively refining the
feature representations at each resolution level. Upon reaching the original resolu-
tion, the output is routed through a final 1×1×1 convolutional layer followed by
Softmax to generate accurate pixel-level probability maps, enabling high-precision
tumor delineation. The effective integration between the transformer’s ability to
capture the global context of tumors and the efficiency of skip connections in pre-
serving fine anatomical details enables the proposed model to achieve accurate and
robust tumor segmentation.

V.5 Evaluation Metrics
In this study, the evaluation of the model’s segmentation accuracy was conducted using
dice, IoU, and Hausdorff’s 95th-mean-point distance. The definition of the first two
coefficients appears and the Loss function in Chapter IV.

HD95 is one of the most widely used metrics for assessing the accuracy of medical
image segmentation, especially when comparing the boundaries of a segmented region with
the ground truth. This metric is based on the idea of measuring the largest boundary
distance while ignoring the largest 5% of the distances to reduce the influence of positional
errors or outliers.

dHD95 (A,B) = 95th percentile of
{

max
(

sup
a∈A

inf
b∈B

d (a, b) , sup
b∈B

inf
a∈A

d (a, b)

)}
(V.2)

A and B are two sets of boundary points from the segmented output and the ground
truth, respectively. d (a, b) denotes the Euclidean distance between a point a ∈ A and a
point b ∈ B. For each point a in A, min b ∈ B {b ∈ B} d (a, b) computes the minimum
distance from a to its nearest point in B, resulting in a list of such distances.

In standard HD, the maximum of these minimum distances is used, making it highly
sensitive to outliers. Instead of taking the absolute maximum, HD95 considers the 95th
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percentile of the sorted distances. This ignores the worst 5% of outliers, making the metric
more reliable in real-world medical imaging scenarios.

V.5.1 Training and Implementation Settings
The proposed model was trained using the dice loss function and the Adam optimizer
with an initial learning rate of 1 × 10−4. A ReduceLROnPlateau schedule was applied
with a reduction factor of 0.1, a patience of 3 epochs, and a minimum learning rate of
1× 10−7. A batch size of 4 and a maximum of 500 epochs were used. Early stopping was
based on the validation loss with a patience of 10 epochs, and the model corresponding
to the best validation loss was saved for model selection. A dropout rate of 0.2 was used.

V.6 Results and discussion
To test the performance of our proposed model and evaluate its potential for clinical
applications, we conducted three experiments on the most widely used public benchmark
datasets for training and evaluating AI-based medical image segmentation models. In
the first experiment, the model was tested on the BraTS2020 dataset for brain tumor
segmentation, while in the second experiment, it was tested on the KiTS19 dataset for
kidney and renal tumor segmentation, and in the third experiment, it was tested on the
LiTS17 dataset for liver and hepatic tumor segmentation. The detailed experimental
results are presented in the following sections.

V.6.1 Experiment 01
V.6.1.1 Results

To evaluate the performance of the proposed model, we tested it on BraTS2020 brain
tumor MRI dataset using different numbers of input slices: 3, 4, 5, 6, and 7 slices were
selected based on the number of pixels and tumor density to achieve the best possible
coverage of the tumor’s internal structure. Multiple performance metrics were used to
evaluate the model, including the Dice, the IoU, and the mean distance between bound-
aries HD95.

Table V.2 presents the test performance of the proposed model trained separately
with 3, 4, 5, 6, and 7 input slices and evaluated using Dice, IoU, HD95, and inference
time. The class-wise results indicate that performance varies across the WT, TC, and
ET regions, with ET generally representing the more challenging region due to its smaller
size and greater heterogeneity. With 3 slices, the model achieved Dice scores of 0.9591,
0.9481, and 0.9102 for WT, TC, and ET, respectively, with corresponding IoU values of
0.9214, 0.9013, and 0.8352. When using 4 slices, the Dice scores were 0.9584, 0.9482,
and 0.9151, while the IoU values reached 0.9201, 0.9015, and 0.8436 for WT, TC, and
ET, respectively. With 5 slices, the model obtained Dice scores of 0.9595, 0.9561, and
0.9142 and IoU values of 0.9221, 0.9158, and 0.8420 for WT, TC, and ET, respectively.
The results obtained with 6 and 7 slices remained generally comparable to those obtained
with 5 slices, with only minor variations across the different regions and metrics.
Overall, the effect of the number of input slices does not follow a consistent increasing or
decreasing trend. WT and TC maintain relatively high performance across the different
configurations, whereas ET exhibits greater variability, particularly in terms of HD95,
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which ranged from 2.1164 to 12.7679 mm. These findings suggest that increasing the
number of slices beyond 5 does not consistently improve segmentation performance. The
inference time also remained below 0.4 s across all configurations, ranging from 0.0898 s
with 3 slices to 0.3596 s with 7 slices.
This observation is further supported by the mean and standard deviation analysis in Fig-
ure V.9, where the 5-slice configuration achieves the highest mean Dice 0.9152 ± 0.134,
the lowest mean HD95 5.4835 ±18.5582 mm, and a mean IoU of 0.8626 ±0.158, com-
parable to that obtained with 7 slices. Its standard deviation also indicates relatively
lower variability across the three regions. Considering these results together with the
increased inference time associated with using more slices, the 5-slice configuration pro-
vides the most favorable balance between segmentation performance, consistency, and
computational efficiency and was therefore selected for the subsequent experiments.

Table V.2: Brain tumor segmentation test result with different evaluation metrics on
BraTS 2020

Slices Class Dice IoU HD95 [mm] Inference time
(s)

3
WT 0.9591 0.9214 3.2493
TC 0.9481 0.9013 4.8449 0.0898
ET 0.9102 0.8352 12.7679

4
WT 0.9584 0.9201 4.7057
TC 0.9482 0.9015 3.3375 0.3466
ET 0.9151 0.8436 2.3686

5
WT 0.9595 0.9221 5.4038
TC 0.9561 0.9158 3.1907 0.3343
ET 0.9142 0.8420 2.8150

6
WT 0.9611 0.9251 3.8388
TC 0.9564 0.9165 2.6680 0.3573
ET 0.9180 0.8397 2.1164

7
WT 0.9573 0.9180 3.9023
TC 0.9570 0.9175 3.4978 0.3596
ET 0.9180 0.8471 2.5826

Figure V.9: Mean ± SD of Segmentation Metrics for Selected Slices
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Figure V.10 shows three different brain tumor cases as seen in multiple MRI se-
quences (FLAIR, T1ce, T1, and T2), along with a comparison between the ground truth
mask and the predicted mask generated by the proposed model. Each row of cases shows
the original images and the mask overlays to evaluate the model’s accuracy in identifying
the three tumor regions: WT, TC, and ET. In the first case, a small tumor, the model
demonstrates a near-perfect match between the predicted mask and the ground truth
across all MRI sequences.

The second case, a medium-sized tumor, also demonstrates high accuracy in pre-
dicting all regions without significant deviations. The third case, a large and complex
tumor, demonstrates that the model’s performance remains satisfactory but is affected
by the extent of the edema and the complexity of the shape, with some discrepancies in
the definition of the outer edges. The figure indicates that the proposed model success-
fully identified the tumor boundaries with high accuracy, with a clear match between the
actual and predicted masks.

Figure V.10: Visual comparison of multi-channel radiomics and model predictions in brain
tumor segmentation
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Figure V.11.a shows the evolution of the Dice scores during training and validation
for the WT, TC, and ET tumor regions across the epochs. A rapid improvement in perfor-
mance is observed during the early epochs, with the Dice scores increasing substantially
during the first 10–15 epochs. After this initial improvement, the curves exhibit some
fluctuations while continuing to improve gradually, followed by a relatively stable perfor-
mance from approximately the 30th epoch onward, with the Dice scores reaching values
above 0.90 for all tumor regions. The training and validation curves remain relatively
close throughout the training process, with no clear signs of overfitting. These results
indicate that the model achieves stable and consistent segmentation performance across
the different tumor regions.

The HD95, shown in Figure V.11.b, shows a sharp decline in values during the
early epochs of training (around the first ten epochs), reflecting the rapid improvement
in the model’s ability to accurately localize the tumor boundaries for the three regions
and reduce the large boundary errors present during the early stages of training. After
approximately the twentieth epoch, the values continue to decrease with some fluctua-
tions before stabilizing at relatively low levels from around the thirtieth epoch onward,
indicating that the model has achieved accurate boundary localization. The training and
validation curves are also relatively close, indicating the stability of the learning process
and no clear signs of overfitting. These results demonstrate the model’s ability to produce
accurate segmentation maps with low boundary error.

The IoU coefficient, shown in Figure V.11.c, also follows a pattern similar to the Dice
coefficient, showing rapid improvement during the first epochs of training before gradually
reaching a plateau after about epoch 30, exceeding 0.85 for the three tumor regions. A
clear convergence between the training and validation curves is also observed, reflecting
the stability of the learning process and the model’s efficiency in achieving accurate and
consistent segmentation without clear signs of overfitting.

Figure V.11: Graphs of segmentation performance metrics for different tumor regions:
(a) dice coefficient, (b) Hausdorff distance 95, and (c) Intersection over union
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V.6.1.2 Discussion

The evaluation results showed that FGHQA-UNet performed strongly across most of the
considered evaluation metrics (Table V.3) and exhibited stable behavior during both the
training and validation phases, with no clear indication of overfitting, as illustrated by the
curves in Figure V.11. The comparison with the other models was conducted using the
same dataset (BraTS2020) and identical training, validation, and testing splits to ensure
a fair comparison. In particular, the model achieved high segmentation performance in
terms of the Dice coefficient.

The dice value reached 0.9635 for the WT class, 0.9589 for the TC class, and
0.9195 for the ET class, results that clearly outperform several advanced models such as
CFCI-Net, AXUnet, MWG-Unet++,PU-NET,InputSparseMultiOCM, and MUnet. De-
spite the difficulty of classifying the ET class, the proposed model still outperformed
MWG-Unet++ 0.9195 vs. 0.8864. Regarding the HD95 index, which measures the spa-
tial accuracy of defining tumor boundaries, FGHQA-Unet recorded varying values: 5.4038
for the WT class, 3.1907 for the TC class, and 2.8150 for the ET class. Although the WT
value is higher than some other models, such as MUnet 3.755, the model outperformed
in the TC and ET categories, demonstrating its superior ability to accurately define the
internal boundaries of the tumor. It’s worth noting that the lack of HD95 data in some
models, such as AXUnet and MWG-Unet++, makes comprehensive comparisons diffi-
cult, but the available results indicate that FGHQA-Unet outperforms most models in
this regard.

Table V.3: The segmentation results for our approach and the methods we compared

Method dice HD95 (mm)
WT TC ET WT TC ET

CFCI-Net [265] 0.9076 0.8404 0.7956 4.377 6.252 20.695
AXUnet [266] 0.9259 0.8681 0.8489 - - -
PU-NET [267] 0.905 0.827 0.803 4.638 8.679 3.573
InputSparseMultiOCM
[268]

0.866 0.747 0.748 10.1868 11.834 6.142

MWG-Unet++ [269] 0.9210 0.8820 0.8864 - - -
MUnet [270] 0.9150 0.8230 0.8350 3.755 6.437 2.421
FGHQA-Unet
(Proposed)

0.9595 0.9561 0.9142 5.4038 3.1907 2.8150

The outstanding performance can be attributed to the proposed hybrid encoder
within the U-Net architecture, where the model leverages the capability of the FGHQA
module to effectively model fine-grained contextual relationships within medical images.
This integration contributes to improved segmentation quality, particularly in cases char-
acterized by significant variability in tumor size and shape. However, there remains
potential to further enhance the model’s ability to represent fine structures with low con-
trast within the tumor, especially small and marginal regions where boundary delineation
is challenging. Such improvements could increase the model’s robustness and stability in
complex segmentation scenarios, thereby strengthening its suitability for deployment in
clinical applications.

Table V.4 presents a fair comparison between FGHQA-UNet and the baseline models
under identical training and testing conditions. Since the proposed methodology converts
the 3D volumes into 2D slices, five slices were selected from each volume based on the
slice-selection experiment described in the methodology. The same five selected slices
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Table V.4: Comparison of different models in terms of segmentation performance and
computational complexity.

Model Class Dice IoU HD95
(mm)

Time
(s)

GFLOPs Params
(M)

Unet
WT 0.9064 0.8289 8.5969

0.0388 24.1187 31.05TC 0.8303 0.7098 11.0334
ET 0.8081 0.6780 18.5715

nnUnet
WT 0.9321 0.8728 6.5032

0.0423 6.5698 12.41TC 0.8598 0.7540 9.3847
ET 0.8577 0.7508 15.9058

TransUnet
WT 0.9225 0.8562 9.4903

0.0652 93.98 93.98TC 0.8266 0.7045 17.1648
ET 0.8363 0.7186 19.3952

FGHQA-Unet
WT 0.9595 0.9221 5.4038

0.3343 1.4933 27.37TC 0.9561 0.9158 3.1907
ET 0.9142 0.8420 2.8150

were used to train and test U-Net, nnU-Net, and TransUNet, ensuring a consistent input
setting for all models. FGHQA-UNet achieved the highest Dice for WT, TC, and ET,
with values of 0.9595, 0.9561, and 0.9142, respectively. It also obtained the highest IoU
values for the three regions, reaching 0.9221, 0.9158, and 0.8420 for WT, TC, and ET,
respectively.

Regarding boundary accuracy, FGHQA-UNet achieved the lowest HD95 values for
all three regions, with 5.4038 mm for WT, 3.1907 mm for TC, and 2.8150 mm for ET. In
terms of computational complexity, FGHQA-UNet required only 1.4933 GFLOPs, com-
pared with 24.1187 GFLOPs for U-Net, 6.5698 GFLOPs for nnU-Net, and 93.98 GFLOPs
for TransUNet. However, its inference time was 0.3343, which was higher than U-Net
0.0388 s, nnU-Net 0.0423 s, and TransUNet 0.0652 s. Nevertheless, this inference time re-
mained below half a second, indicating that the proposed model maintains an acceptable
inference time despite its higher computational time than the baseline models. Regard-
ing the number of parameters, FGHQA-UNet contained 27.37 M parameters, which was
lower than U-Net 31.05 M and TransUNet 93.98 M, but higher than nnU-Net 12.41 M.
Overall, FGHQA-UNet maintained a favorable balance between segmentation accuracy,
computational efficiency, and inference time under the same experimental conditions.

V.6.2 Experiment 02
V.6.2.1 Results

The model demonstrated good and relatively stable performance in the kidney and tumor
segmentation tasks across the different slice configurations, as indicated by the Dice, IoU,
and HD95 values in TableV.5. For the 5-slice configuration, the model achieved a Dice of
0.9403 and IoU of 0.8873 for the kidney, with an HD95 of 6.50026 mm, while the tumor
achieved a Dice of 0.9218, IoU of 0.8549, and HD95 of 31.1485 mm. With 6 slices, per-
formance improved overall, with the kidney reaching a Dice of 0.9445 and IoU of 0.8948,
and the tumor reaching a Dice of 0.9326 and IoU of 0.8737. The HD95 also improved
substantially for the tumor, decreasing to 17.6866 mm, while the kidney HD95 increased
slightly to 8.1024 mm. With 7 slices, the kidney performance remained high, with a Dice
of 0.9411 and IoU of 0.8888, whereas the tumor Dice and IoU decreased to 0.9043 and
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0.8253, respectively, despite an improvement in tumor HD95 to 28.12 mm. The 8-slice
and 9-slice configurations did not provide a consistent improvement over 6 slices, with
slight fluctuations across the different metrics. This overall trend is also reflected in the
mean segmentation analysis shown in Figure V.12, where the 6-slice configuration pro-
vides the highest overall mean Dice 0.8736 ±0.2146, IoU 0.8191± 0.233 and the lowest
mean HD95 16.6702± 55.6139 mm„ together with comparatively lower variability across
the kidney and tumor classes. In terms of inference time, the configurations show only
small differences, ranging from 0.0881 to 0.0981 s, indicating that the performance im-
provement obtained with 6 slices is achieved without a substantial increase in inference
time. Therefore, considering the class-wise results, the mean ± standard deviation anal-
ysis, and the inference time, the 6-slice configuration provides the most favorable overall
balance.

Table V.5: Kidney and tumor segmentation result with different evaluation metrics on
KiTS19

Slices Class dice IoU HD95 [mm] Inference
time (s)

5
Kidney 0.9403 0.8873 6.5002 0.0981
Tumor 0.9218 0.8549 31.1485

6
Kidney 0.9445 0.8948 8.1024 0.0975
Tumor 0.9326 0.8737 17.6866

7
Kidney 0.9411 0.8888 10.8416 0.0950
Tumor 0.9043 0.8253 28.1289

8
Kidney 0.9343 0.8767 12.9415 0.0881
Tumor 0.9217 0.8548 31.8296

9
Kidney 0.9382 0.8836 8.4427 0.0906
Tumor 0.9300 0.8691 33.2719

Figure V.12: Mean ± SD of Segmentation Metrics for Selected Slices

Figure V.13 shows a set of kidney CT test images used to evaluate the model’s
performance in segmenting both the kidney and its tumors. Each row consists of four
columns: the original image, the ground truth mask, the predicted mask, and a overlay
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image showing the predicted mask overlaid on the original image. Comparing the ground
truth and predicted masks, the model accurately localizes the kidney, while slight vari-
ations can be observed in the segmentation of some tumor regions. Overall, the figure
demonstrates the model’s strong performance in kidney and tumor segmentation.

Figure V.13: Visualized segmentation samples of KiTS19

Figure V.14(a) shows the evolution of the Dice values over the training epochs for
the kidney and renal tumor segmentation model. The model’s performance improves
rapidly during the first 15–20 epochs, with the Dice values increasing sharply for both the
training and validation sets for the kidney and renal tumor. Thereafter, the performance
gradually stabilizes at high levels (above 0.9), indicating accurate and stable segmentation.
It is also observed that the model’s performance in tumor segmentation improves slightly
more slowly than in kidney segmentation, which is expected because tumor segmentation
is generally more challenging due to the smaller size and greater variability of tumors.
There is no clear indication of overfitting, as the training and validation curves remain
relatively stable throughout the training process.
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Figure V.14(b) shows the HD95 values over the training epochs for both the kidney
and renal tumors. The HD95 values decrease progressively as training proceeds. Very high
values appear during the first few epochs, then decrease rapidly after about 10 epochs,
indicating a substantial improvement in boundary localization for the kidney. For the
renal tumor, the HD95 values decrease more gradually during the first 20 epochs. There-
after, the values gradually stabilize at relatively low levels, with lower values observed
for the training sets than for the validation sets. The validation HD95 values remain
slightly higher, particularly for the renal tumor, but the curves become relatively stable
during the later epochs, indicating a stable learning process without clear signs of severe
overfitting.

Figure V.14(c) shows the evolution of the IoU values over the training epochs for
both the kidney and renal tumors. The IoU values improve rapidly during the first 20
epochs, with values increasing significantly, especially for the training set. Thereafter,
the values gradually stabilize at high levels, with the training IoU reaching approximately
0.95 for both regions, while the validation IoU stabilizes at around 0.88 for the kidney
and 0.84 for the tumor. The validation curves remain below the corresponding training
curves, particularly for the renal tumor, indicating a moderate performance gap between
the training and validation sets. However, both curves become relatively stable during
the later epochs, with no clear indication of severe overfitting. The model also achieves
better segmentation performance for the kidney than for the tumor on the validation set,
which is consistent with the Dice results. The greater difficulty in accurately segmenting
tumor regions is expected because tumors are smaller and exhibit greater variability in
shape than the kidney

Figure V.14: Graphs of segmentation performance metrics for Kidney and tumor: (a)
dice Score, (b) Hausdorff distance 95, and (c) IoU Score.

V.6.2.2 Discussion

By examining the Dice coefficient, a key metric that measures the overlap between the pre-
dicted segmentation and the ground truth, we find that the proposed model achieved the
best tumor segmentation performance with a Dice score of 0.9274 (see Table V.6), clearly
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outperforming all other models, including WPUnet and Inter-CBL, which achieved scores
of 0.805 and 0.668, respectively. This significant improvement indicates that FGHQA-
Unet was able to capture the tumor region more accurately, which is particularly impor-
tant given the small size and irregular shape of renal tumors. For kidney segmentation,
FGHQA-Unet achieved a Dice score of 0.9445, which was close to the best result (0.948)
achieved by Inter-CB, demonstrating strong segmentation performance with only a small
difference from the top-performing model.

Table V.6: The segmentation results for our approach and the methods we compared

Method dice HD95 (mm)
Kidney Tumor Kidney Tumor

Rel-Unet [271] 0.800 0.641 - -
FR2PAttU-Net [272] 0.948 0.805 - -
Inter-CBL [273] 0.924 0.668 6.4 21.2
FGHQA-Unet (Proposed) 0.9445 0.89.48 8.1024 17.6866

When analyzing the HD95 metric, which measures the boundary distance between
the predicted and ground truth segmentations, FGHQA-Unet achieved values of 8.1024
mm for the kidney and 17.6866 mm for the tumor. FGHQA-Unet demonstrated a sub-
stantial improvement in boundary localization, particularly for tumor segmentation, in-
dicating that its predicted boundaries were much closer to the ground truth. However,
the Inter-CBL model achieved a slightly lower HD95 value for kidney segmentation (6.4
mm versus 7.79 mm). Nevertheless, this small difference is acceptable given the clear
superiority of FGHQA-Unet in tumor segmentation.

Overall, the proposed FGHQA-Unet model strikes a strong balance between pre-
diction accuracy and boundary accuracy, particularly excelling in the challenging tumor
segmentation task, where it outperformed all compared models in terms of Dice and HD95.
This performance makes it a strong candidate for use in clinical applications, especially
in cases where high-precision tumor segmentation is required.

Table V.7: The segmentation results for our approach and the methods we compared.

Model Class Dice (%) IoU (%) HD95
(mm)

Time
(s)

GFLOPs Params
(M)

Unet Kidney 0.8838 0.7919 37.4481 0.0553 96.208 31.05Tumor 0.8351 0.7169 54.3720

nnUnet Kidney 0.8924 0.8057 18.9559 0.0476 26.1616 12.41Tumor 0.8431 0.7287 20.7399

TransUnet Kidney 0.7053 0.5447 35.0762 0.0604 52.2126 93.98Tumor 0.7566 0.6085 72.1286

FGHQA-Unet Kidney 0.9445 0.8948 8.1024 0.0975 5.8844 27.37Tumor 0.9326 0.8737 17.6866

Table V.7 presents a fair comparison between FGHQA-UNet and the baseline mod-
els under identical training and testing conditions. For this comparison, six selected slices
per volume were used for training and testing all models, ensuring a consistent input
setting.FGHQA-UNet achieved the highest Dice scores for both kidney and tumor seg-
mentation, with values of 0.9445 and 0.9326, respectively. It also obtained the highest
IoU values, reaching 0.8948 for the kidney and 0.8737 for the tumor. Regarding boundary
accuracy, FGHQA-UNet achieved the lowest HD95 values for both regions, with 8.1024
mm for the kidney and 17.6866 mm for the tumor. Its inference time was 0.0975 s,
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which was higher than U-Net (0.0479 s), nnU-Net (0.0492 s), and TransUNet (0.0613 s).
Nevertheless, the inference time remained below half a second, indicating an acceptable
inference time. Overall, FGHQA-UNet maintained a favorable balance between segmen-
tation accuracy and inference time under the same experimental conditions.

V.6.3 Experiment 03
V.6.3.1 Results

The model demonstrated stable performance in the segmentation task across the different
numbers of selected slices, as evidenced by the Dice, IoU, and HD95 values. As shown
in TableV.8, increasing the number of slices from six to eight generally improved the
segmentation performance. With 6 slices, the Dice and IoU values were 0.9594 and 0.9220
for the liver and 0.9267 and 0.8635 for the tumor, respectively, while the corresponding
HD95 values were 7.3785 mm and 36.7762 mm. With seven slices, the Dice and IoU
values increased to 0.9656 and 0.9335 for the liver and 0.9337 and 0.8756 for the tumor,
accompanied by a substantial reduction in tumor HD95 to 17.9320 mm. The best overall
Dice and IoU values were obtained with eight slices, reaching 0.9686 and 0.9391 for the
liver and 0.9365 and 0.8806 for the tumor.

Table V.8: Liver and tumor segmentation result with different evaluation metrics on
LiTS17

Slices Class dice IoU HD95 (mm) Inference time
(s)

6
Liver 0.9594 0.9220 7.3785 0.0960
Tumor 0.9267 0.8635 36.7762

7
Liver 0.9656 0.9335 5.2995 0.0937
Tumor 0.9337 0.8756 17.9320

8
Liver 0.9686 0.9391 5.2982 0.0919
Tumor 0.9365 0.8806 50.1078

9
Liver 0.9621 0.9270 6.2649 0.0947
Tumor 0.9355 0.8789 23.1492

10
Liver 0.9627 0.9282 6.0663 0.0940
Tumor 0.9315 0.8719 29.1512

However, the tumor HD95 increased to 65.0751 mm, indicating that higher over-
lap accuracy did not necessarily correspond to better boundary localization. The results
shown in the figure V.15 further summarize the segmentation performance across the
different slice configurations, where the mean values and standard deviations are calcu-
lated across all evaluated slices. where the 7-slice configuration achieves the highest mean
Dice 0.8866 ± 0.2095, the lowest mean HD95 12.883 ± 43.5597mm, and a mean IoU of
0.8371 ± 0.2219. Beyond eight slices, a slight decline in Dice and IoU was observed, while
the overall performance remained relatively stable. In terms of computational efficiency,
the inference time remained highly consistent, ranging from 0.0919 to 0.0960 s, with the
shortest time recorded for eight slices.

Considering the segmentation performance and inference time together, seven slices
provide the most appropriate balance between segmentation quality and computational
efficiency. Although eight slices achieved slightly higher Dice and IoU values, the sub-
stantial increase in tumor HD95 to 65.0751 mm indicates poorer boundary localization,
while the reduction in inference time from 0.0937 s to 0.0919 s is negligible. Moreover,
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Figure V.15: Mean ± SD of Segmentation Metrics for Selected Slices

increasing the number of slices to nine or ten did not provide a consistent performance
improvement. Therefore, seven slices were selected as the preferred configuration, offer-
ing strong segmentation accuracy, better boundary localization, and a low inference time
without introducing unnecessary computational cost.

Figure V.16 shows a comparison between the outputs of the proposed medical image
segmentation model and the ground truth using CT images of liver tumors. The figure is
divided into five rows, each containing four images: the original image, the ground truth
showing the liver and tumor regions, the predicted mask generated by the model, and
finally an overlay of the predicted mask on the original image. Specific colors are used to
distinguish the structures: brown for the liver and green for the tumor. Visual inspection
shows that the model achieves highly accurate delineation of both the liver and tumor
boundaries, although slight differences can be observed in a few localized regions between
the ground truth and the predicted masks.

The curve (a) in Figure V.17 shows the variation in dice values over the training
epochs for segmenting both the liver and liver tumors. The model’s performance gradually
improves as the number of epochs increases, with the dice values rising rapidly during the
early stages of training before stabilizing at high values (around 0.97 for the liver and 0.96
for tumors in training, and around 0.95 for the liver and 0.89 for tumors in validation).
This indicates that the model learns the underlying features effectively during the initial
training stages and then converges to a stable solution. The model also achieves higher
segmentation accuracy for the liver than for the tumor, particularly in the validation
results, likely due to the greater difficulty of accurately delineating tumor boundaries.
Some fluctuations are observed, particularly in the tumor validation curve during the
early and middle epochs; however, these gradually diminish and stabilize, indicating stable
convergence and effective learning.

The curve (b) in Figure V.17 shows the variation of the HD95 metric over the
training epochs for both the liver and hepatic tumors. The HD95 values are initially
very high, particularly for the tumors. For the liver, the metric decreases rapidly during
the first 20 epochs before stabilizing at relatively low values, indicating that the model
effectively learned the liver features and accurately localized its boundaries early in the
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Figure V.16: Visualized segmentation samples of LiTS17

training process. For the hepatic tumors, the decrease is more gradual, with noticeable
fluctuations continuing until approximately epoch 30 before the metric gradually stabilizes
at values higher than those of the liver. This behavior is expected because hepatic tumors
exhibit greater variability in shape, size, and appearance, making accurate boundary
delineation more challenging. Nevertheless, the model demonstrates stable performance
during the later stages of training, although the validation curve remains more fluctuating
and slightly higher than the training curve, particularly for the tumor.

The curve (c) in Figure V.17 shows the variation of IoU values over the training
epochs for both liver and hepatic tumor segmentation. The model achieved better seg-
mentation performance for the liver than for the hepatic tumors, with the liver IoU values
increasing rapidly during the first 20 epochs before stabilizing at high values of approxi-
mately 0.95 for training and 0.92 for validation, indicating effective learning of the liver
features. In contrast, the IoU values for the hepatic tumors increased more gradually,
remaining relatively low during the early stages of training before improving after ap-
proximately epoch 20 and stabilizing at values of around 0.91 for training and 0.81 for
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Figure V.17: Graphs of segmentation performance metrics for different tumor regions:
(a) dice Score, (b) Hausdorff distance 95, and (c) IoU Score.

validation. This performance difference is likely attributed to the smaller size and greater
variability in the shape and appearance of hepatic tumors, which make them more chal-
lenging to segment accurately. Nevertheless, the model shows gradual improvement and
stable convergence during the later stages of training, although some fluctuations remain
in the validation curves, particularly for the tumor.

V.6.3.2 Discussion

The proposed model, FGHQA-Unet, demonstrated excellent performance in the liver and
hepatic tumor segmentation task using CT images. Its performance was evaluated against
several advanced methods using two key metrics: the Dice coefficient, which measures the
degree of overlap between the predicted segmentation and the ground truth, and HD95,
which evaluates boundary accuracy by measuring the distance between the predicted and
ground-truth boundaries.

In the context of liver segmentation, FGHQA-Unet attained the highest Dice score
of 0.9656, slightly outperforming models such as Self-Supervised Swin-Transformer-Based
(0.9662) and MA-cGAN (0.9695) (see Table V.9), demonstrating its excellent ability to
accurately segment the overall liver region. However, its HD95 value was slightly higher
(5.2995 mm) than that of some competing methods, such as MA-cGAN (2.15 mm). This
suggests minor boundary deviations in a limited number of regions, while the superior
Dice score indicates that the overall segmentation remained highly accurate.

Regarding liver tumor segmentation, the proposed model demonstrated outstand-
ing performance, achieving the highest Dice value of 0.9267 and outperforming all other
listed methods, including X-Fuse (0.7876), MA-cGAN (0.7853), and RHEUnet (0.7019).
Furthermore, the model achieved superior boundary accuracy, as reflected by its lower
HD95 value of 6.3117 mm, compared with 10.23 mm and 12.12 mm for X-Fuse and MA-
cGAN, respectively. These results demonstrate the model’s excellent ability to accurately
segment small and irregular tumors, which are particularly challenging due to their high
variability in size, shape, and appearance.
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Table V.9: The segmentation results for our approach and the methods we compared

Method dice HD95 (mm)
Liver Tumor Liver Tumor

Self-Supervised Swin-Transformer-
Based [274]

0.9662 0.8647 3.62 4.12

X-Fuse [275] 0.9275 0.7876 3.30 10.23
MA-cGAN [276] 0.9695 0.7853 2.15 12.12
RHEUnet [277] 0.9572 0.7019 - -
FGHQA-Unet (Proposed) 0.9656 0.9337 5.2995 17.2320

Thus, it can be concluded that the proposed model achieves a good balance between
segmentation accuracy and boundary accuracy for both the liver and hepatic tumors, mak-
ing it a promising approach for clinical applications such as computer-aided diagnosis and
surgical planning. Future work may further improve the model’s performance by enhanc-
ing the representation of small and irregular tumors, thereby reducing the performance
gap between liver and tumor segmentation.

Table V.10: The segmentation results for our approach and the methods we compared.

Model Class Dice (%) IoU (%) HD95
(mm)

Time
(s)

GFLOPs Params
(M)

Unet Liver 0.8938 0.8080 12.9832 0.0479 96.208 31.05Tumor 0.7442 0.5926 52.9264

nnUnet Liver 0.9234 0.8578 10.5961 0.0492 26.1616 12.41Tumor 0.7954 0.6604 22.4085

TransUNet Liver 0.8132 0.6853 17.4518 0.0613 52.2126 93.98Tumor 0.0741 0.0385 127.3563

FGHQA-Unet Liver 0.9656 0.9335 5.2995 0.0937 5.8844 27.37Tumor 0.9337 0.8756 17.9320

Table V.10 presents a fair comparison between FGHQA-UNet and the baseline mod-
els under identical training and testing conditions. For this comparison, seven selected
slices per volume were used for training and testing all models, ensuring a consistent
input setting. FGHQA-UNet achieved the highest Dice scores for both liver and tumor
segmentation, with values of 0.9656 and 0.9337, respectively. It also obtained the highest
IoU values, reaching 0.9335 for the liver and 0.8756 for the tumor. Regarding boundary
accuracy, FGHQA-UNet achieved the lowest HD95 values for both regions, with 5.2995
mm for the liver and 17.9320 mm for the tumor. Its inference time was 0.0937 s, which
was higher than U-Net 0.0479 s, nnU-Net 0.0492 s, and TransUNet 0.0613 s. Nevertheless,
the inference time remained below half a second, indicating an acceptable inference time.
Overall, FGHQA-UNet maintained a favorable balance between segmentation accuracy
and inference time under the same experimental conditions.

V.7 Conclusion
This chapter concludes with the presentation of a novel scientific contribution through
the proposed FGHQA-Unet model, which represents an advanced extension of traditional
convolutional architectures by integrating the FGHQA mechanism within its architectural
design. This hybrid integration achieves an effective balance between global and local
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context modeling and generates a semantically guided contextual representation that
focuses on important regions.

Moreover, the adopted preprocessing strategy contributes to effective data prepa-
ration for model training. A comprehensive evaluation of the proposed model was con-
ducted on the BraTS, KiTS, and LiTS datasets, where experimental results demonstrated
its superiority over advanced methods in terms of both segmentation accuracy and com-
putational efficiency, confirming its effectiveness and applicability in medical computer
vision scenarios.
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Medical image segmentation remains a challenging task due to the large variability in
tumor characteristics, the complexity of anatomical structures, and the diversity of med-
ical imaging modalities. These challenges make it difficult to achieve accurate and robust
segmentation that can generalize across different clinical scenarios. This thesis addressed
these challenges through the development of effective deep learning-based segmentation
models that improve segmentation accuracy and robustness by enhancing feature extrac-
tion, contextual representation, and feature fusion strategies.

This thesis advances the field of medical image segmentation through the develop-
ment and evaluation of three complementary deep learning-based models. The first model
enhances the conventional U-Net architecture by incorporating a DCB module into the
skip connections, enabling more effective propagation and refinement of the spatial in-
formation exchanged between the encoder and decoder. The second model introduces an
enhanced VGG19-based segmentation framework that integrates a pre-trained VGG19
encoder with a modified decoder employing DSC layers, thereby reducing the number
of trainable parameters and computational cost while maintaining competitive segmen-
tation performance. In addition, a comparative study of three preprocessing techniques,
namely Gaussian filtering, Median filtering, and CLAHE, was conducted to improve input
image quality, identifying CLAHE as the most effective preprocessing technique. Finally,
this thesis presents FGHQA-UNet, an enhanced U-Net architecture featuring a hybrid
encoder that combines CNN layers with attention mechanisms and a Hybrid Query At-
tention module to effectively capture both local and global contextual information for
accurate medical image segmentation.

The experimental evaluation confirmed the effectiveness of the proposed approaches
across multiple medical image segmentation tasks. The DCB-UNet demonstrated a sub-
stantial improvement over the baseline U-Net, achieving more than a 6% increase in
the Dice coefficient (0.9083 versus 0.8417), confirming the effectiveness of incorporating
the DCB module into the skip connections to enhance the transfer and refinement of
spatial information between the encoder and decoder, resulting in more accurate tumor
boundary delineation. The enhanced VGG19-based model further demonstrated that
combining a pre-trained encoder with a modified decoder based on depthwise separa-
ble convolutional layers reduced the number of trainable parameters by approximately
26.4%, from 31,031,745 to 22,856,513, while maintaining high segmentation performance.
Furthermore, among the evaluated preprocessing techniques, CLAHE provided the best
segmentation performance, achieving a Dice coefficient of 0.9055 and an IoU of 0.8278.
Finally, the proposed FGHQA-UNet model consistently demonstrated robust and reliable
performance across the BraTS, KiTS, and LiTS datasets, confirming the effectiveness of
the proposed hybrid architecture for accurate and generalizable medical image segmenta-
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tion. Overall, these findings demonstrate that progressively improving spatial information
transfer, reducing model complexity, and enhancing contextual representation lead to con-
sistent improvements in segmentation performance across different organs, tumor types,
and medical imaging modalities.

From a theoretical perspective, this thesis demonstrates that achieving accurate
and robust medical image segmentation requires the integration of complementary deep
learning strategies rather than relying on a single architectural enhancement. The find-
ings indicate that preserving and refining spatial information throughout the encoding
and decoding process is fundamental for recovering fine anatomical details and accurately
delineating complex tumor boundaries. This highlights the importance of enhancing skip
connections, not merely as pathways for feature transmission, but as effective mecha-
nisms for maintaining spatial consistency and facilitating the reconstruction of detailed
segmentation masks.

The study further confirms the value of transfer learning as an effective approach
for medical image segmentation, demonstrating that knowledge acquired from large-scale
natural image datasets can be successfully transferred to medical imaging tasks to improve
feature extraction, particularly when annotated medical data are limited. In addition,
the results show that depthwise separable convolutions provide an efficient alternative to
conventional convolutions by substantially reducing the number of trainable parameters
while maintaining competitive segmentation performance. These findings demonstrate
that a substantial reduction in the number of trainable parameters can be achieved while
preserving competitive segmentation performance through an appropriate architectural
design.

Another important theoretical outcome of this work is the demonstration that the
quality of input data remains a fundamental factor influencing the overall learning process.
The comparative evaluation of preprocessing techniques revealed that enhancing image
contrast contributes more effectively to segmentation performance than noise reduction
alone, highlighting the importance of maximizing the discriminability of anatomical struc-
tures before feature extraction. This observation reinforces the close relationship between
data quality and the effectiveness of deep learning-based segmentation models.

Finally, this thesis demonstrates that combining the local feature extraction capa-
bility of convolutional neural networks with the global contextual modeling ability of
transformer-inspired attention mechanisms leads to richer and more informative feature
representations than relying on either approach independently. Rather than treating
local and global representations as separate sources of information, the proposed frame-
work shows that their integration enables a more comprehensive understanding of medical
images, particularly in tumors exhibiting complex morphological and imaging character-
istics, irregular morphology, and multiple pathological regions. Furthermore, the study
highlights the importance of slices selection by demonstrating that focusing the learning
process on the most informative image slices, identified according to tumor pixel count
and tumor density, allows the model to concentrate on clinically relevant regions and im-
proves the effectiveness of feature learning. Collectively, these findings provide valuable
insights into the design of future medical image segmentation architectures by empha-
sizing that robust performance is achieved through the complementary integration of
efficient feature extraction, enhanced spatial information transfer, contextual modeling,
tumor-guided data selection, and high-quality input representations.

Despite the promising results achieved in this thesis, several limitations remain. The
proposed models were evaluated exclusively on publicly available benchmark datasets,

105



General conclusion

which may not fully represent the diversity encountered in real clinical environments.
In addition, the evaluation relied solely on quantitative segmentation metrics without
validation by clinical experts, leaving the clinical applicability of the generated segmen-
tation masks to be further investigated. Furthermore, although the proposed frameworks
demonstrated strong performance across different organs and imaging modalities, their
robustness under unseen imaging protocols and independent clinical datasets has not yet
been evaluated. Addressing these limitations would provide a more comprehensive assess-
ment of the proposed models and further support their adoption in real-world medical
applications.

The findings of this thesis open several promising directions for future research
aimed at further improving the robustness, applicability, and clinical adoption of deep
learning-based medical image segmentation systems. An important research direction is
the validation of the proposed frameworks using multiple independent clinical datasets
acquired from different medical institutions to better assess their generalization capability
under diverse imaging conditions. Future work may also extend the proposed architec-
tures from 2D slice-based segmentation to full 3D volumetric segmentation, enabling a
more comprehensive representation of anatomical structures and tumor morphology. In
addition, integrating explainable artificial intelligence techniques into the proposed mod-
els would improve the transparency of the decision-making process, allowing clinicians to
better understand and trust the generated segmentation results. Finally, incorporating
the proposed frameworks into clinical workflow systems has the potential to support real-
time surgical guidance, treatment planning, and patient monitoring, thereby facilitating
the translation of advanced deep learning research into practical healthcare applications.
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