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ABSTRACT

Brain tumors are among the most serious neurological conditions, where accurate
and timely diagnosis directly affects treatment planning and patient survival. Mag-
netic Resonance Imaging (MRI) is the standard modality for intracranial lesion
assessment, but manual interpretation is time-consuming, subject to inter-observer
variability, and demands specialized expertise. This thesis presents a unified deep
learning framework that performs brain tumor classification and segmentation from
2D MRI slices in a single forward pass. Although in deep learning the segmentation
step inherently produces a per-pixel class assignment, this work deliberately treats
classification (assigning a single tumor type to the whole scan) and segmentation
(delineating the tumor region) as two reported outputs of the same network, because
each output answers a different clinical question and is evaluated with a different
family of metrics. Three gaps in the literature are addressed: pronounced class
imbalance in public datasets, the limited ability of the standard U-Net to produce
fine tumor boundaries, and the architectural disconnect between classification and
segmentation in U-Net-based brain tumor pipelines. Two encoder—decoder networks
were developed and compared: a Standard U-Net baseline and an Enhanced U-
Net that integrates residual connections, attention gates at every skip junction, and
Squeeze-and-Excitation (SE) channel-recalibration modules. A composite training
objective combining categorical cross-entropy, focal loss, Dice loss, and a boundary-
aware term was used to jointly optimize overlap and contour accuracy. The training
image dataset was assembled by merging two publicly available repositories—the
Brain Tumor Segmentation Dataset by Akter et al. and the Brain Tumor Dataset
(MAT Format) by Cheng et al.—followed by quality control and hybrid resampling
to produce a class-balanced collection of 6,380 images with 1,595 samples per class
across four categories: no tumor, glioma, meningioma, and pituitary. On the held-out
test set, the Enhanced U-Net achieved pixel-wise accuracy of 99.73%, a Dice coeffi-
cient of 0.9141, and an IoU of 0.9947, improving on the Standard U-Net baseline
(99.62% accuracy, 0.8423 Dice, 0.9913 IoU). Single-image inference was measured
at 80-100 ms for the Standard U-Net and 100-150 ms for the Enhanced U-Net on an
NVIDIA Tesla P100 GPU, well below clinical real-time requirements. Image-level
classification, derived from spatial aggregation of segmentation probabilities, yielded
mean precision and recall of 0.983 (per-class values ranging from 0.94 to 1.00).
Comparative experiments on the two original imbalanced datasets confirmed the
importance of dataset curation: models trained on Dataset 1 achieved only 69% recall
on the minority glioma class, while models trained on Dataset 2 (which contains no

healthy scans) failed completely to recognise healthy MRI slices as no-tumor cases.
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The ablation study confirmed that each architectural module contributes measurably,
and the three mechanisms (residual connections, attention gates, and SE modules)
reinforce one another. The proposed multi-task Enhanced U-Net pipeline—which
jointly produces a pixel-level segmentation map and an image-level class label in a
single forward pass—demonstrates that combining targeted architectural refinements
with a class-balanced dataset and a multi-task formulation produces a reliable tool for

computer-aided brain tumor analysis suitable as a basis for further clinical validation.

Keywords: Brain Tumor Classification, Semantic Segmentation, U-Net, Enhanced
U-Net, Deep Learning, Attention Mechanism, Residual Learning, Squeeze-and-
Excitation, MRI Analysis, Multi-Task Learning.
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CHAPTER
INTRODUCTION

1.1 Background

1.1.1 Clinical Significance of Brain Tumors

Brain tumors are among the most serious neurological conditions encoun-
tered in clinical practice. They can cause neurological deficit, seizures, cognitive
decline, and in many cases death, placing a long-lasting burden on patients, families,
and healthcare services. Among primary brain tumors, three categories are most
commonly seen in radiology departments and are the focus of this thesis: glioma,
meningioma, and pituitary tumor. Gliomas vary widely in their biological aggressive-
ness, from low-grade lesions with slow progression to glioblastoma, whose survival
rarely exceeds about fifteen months despite combined surgery, chemotherapy, and
radiation (Menze et al., 2015; Bakas et al., 2018). Meningiomas are typically slow-
growing but can cause significant morbidity through mass effect on neighboring
brain structures (Cheng et al., 2015; Litjens et al., 2017). Pituitary tumors are often
small, yet they can disturb endocrine function or compress adjacent neural structures
such as the optic chiasm (Cheng et al., 2015; Akter et al., 2024). Accurate and early
discrimination among these tumor types is therefore a prerequisite for appropriate
treatment selection (Menze et al., 2015; Bakas et al., 2018; Litjens et al., 2017).

1.1.2 Diagnostic Challenges in MRI Interpretation

Magnetic Resonance Imaging (MRI) is the standard modality for visual-
izing brain tumors, because it provides good soft-tissue contrast without expos-
ing patients to ionizing radiation. A typical diagnostic workup combines several
pulse sequences—T 1-weighted, T2-weighted, Fluid-Attenuated Inversion Recov-
ery (FLAIR), and post-contrast T1—to describe lesion location, size, enhancement
pattern, and surrounding edema. Despite this, manual interpretation is demanding.
Tumor margins often blur gradually into normal parenchyma, different tumor types
can share radiological features, and motion or susceptibility artifacts may obscure
relevant detail. Radiologists must combine signal intensity, morphology, location,
and clinical history to reach a working diagnosis—a cognitive process that is affected
by fatigue, experience, and workload (Akter et al., 2024; Litjens et al., 2017).

Manual volumetric delineation, required for surgical planning and radiotherapy
contouring, is even more labor-intensive, and several studies document substantial
inter-observer variability in brain tumor interpretation (Litjens et al., 2017; Esteva et

al., 2019; Topol, 2019). These observations motivate the use of computer-assisted



tools that can provide consistent preliminary classifications and candidate segmenta-

tion masks to support the radiologist.

1.1.3 Deep Learning for Medical Image Analysis

Over the past decade, deep learning—and in particular Convolutional Neural
Networks (CNNs)—has replaced hand-crafted feature pipelines in many medical
imaging tasks. Architectures such as AlexNet, VGG, ResNet, and DenseNet have
been adapted to tasks that include diabetic retinopathy screening, chest X-ray in-
terpretation, dermatological lesion classification, and tumor detection in radiology
(Krizhevsky et al., 2012; Simonyan and Zisserman, 2015; He et al., 2016; Huang et
al., 2017; Litjens et al., 2017; Shen et al., 2017). Among segmentation architectures,
the U-Net of Ronneberger et al. (2015) has become a reference model in biomedical
imaging, because its encoder—decoder topology with skip connections produces
high-quality segmentations even with limited training data.

Many U-Net variants have been proposed, including UNet++ (Zhou et al.,
2018), Attention U-Net (Oktay et al., 2018), Residual U-Net (Zhang et al., 2018),
and the self-configuring nnU-Net (Isensee et al., 2021); each of these is reviewed in
detail in Chapter 2, and the design of the Enhanced U-Net proposed in this thesis
was informed by the strengths and limitations identified in that review. However,
three issues still limit the clinical usefulness of U-Net-based brain tumor systems.
First, many published models are trained on imbalanced datasets, in which healthy
tissue or particular tumor subtypes are over- or under-represented, leading to biased
evaluation. Second, the canonical U-Net is reported to produce blurred boundaries
and to under-segment small tumors when used on its own (Oktay et al., 2018;
Kervadec et al., 2019; Isensee et al., 2021), and this same behaviour is reproduced
empirically by the Standard U-Net baseline trained in Chapter 4. Third, classification
and segmentation are usually performed by separate networks, which introduces

redundancy and potential inconsistency between outputs.

1.1.4 Motivation for an Enhanced U-Net and a Balanced Dataset

This thesis is motivated by three observations. First, accurate boundary delin-
eation is essential not only for diagnosis but also for surgical planning and radio-
therapy, where small geometric errors translate directly into clinical risk. Second,
classification and segmentation are tightly coupled: the identity of a tumor and its
spatial extent are two aspects of the same pathology, so a unified multi-task pipeline
can exploit this relationship while reducing computational cost. Third, class im-

balance in public datasets is a systematic obstacle to fair evaluation and clinically



trustworthy deployment. As shown in the comparative experiments reported later in
this thesis, models trained on skewed data can silently fail on minority classes or, in
one case, on healthy tissue itself (Akter et al., 2024).

In response, this work develops an Enhanced U-Net that adds three mechanisms
to the canonical design: residual connections for stable gradient flow (He et al., 2016;
Zhang et al., 2018), attention gates for spatially selective feature emphasis (Oktay et
al., 2018), and Squeeze-and-Excitation modules for channel-wise recalibration (Hu
et al., 2018). These additions are integrated into a multi-task framework in which the
image-level tumor type is inferred directly from the segmentation output, so that the
two outputs are always consistent with one another. To complement the architectural
work, a class-balanced dataset of 6,380 MRI scans is constructed by merging and

harmonizing the two publicly available repositories mentioned above.

1.1.5 Research Motivation and Novelty Relative to Prior Work

The closest prior study is that of Akter et al. (2024), who report approximately
99% image-level classification accuracy on a partly overlapping data source using
a Standard U-Net jointly trained for classification and segmentation. This raises a
legitimate question: if 99% accuracy has already been demonstrated, what justifies
further work on the same problem? The answer is that headline accuracy alone is an
incomplete picture of model quality for brain tumor imaging, and the present thesis

is motivated by five concrete gaps that the prior work does not address.

1. Boundary fidelity, not only image-level accuracy. Classification accuracy
answers a different clinical question from segmentation overlap. A model can
correctly identify the tumor type at scan level while producing a segmentation
mask that under-covers the lesion or that bleeds into healthy tissue by several
millimetres — errors that are clinically significant for surgical planning and
radiotherapy contouring but that do not show up in classification accuracy. The
Dice coefficient reported by Akter et al. (2024) (approximately 0.85) leaves
clear room for improvement on this dimension, and the Enhanced U-Net of
this thesis raises it to 0.9141 (Section 4.3).

2. Class balance across all four categories, including healthy scans. The
original sources used in prior work are imbalanced: in particular, Dataset
2 (Cheng et al., 2015) contains no healthy (no-tumor) samples, and Dataset
1 (Akter et al., 2024) has a 2.46:1 ratio between no-tumor and glioma. As
Chapter IV will show empirically, training on these sources produces silent
per-class failures (glioma recall 0.69 on Dataset 1; background recall 0.00 on

Dataset 2) that are hidden by aggregate accuracy. The 6,380-image balanced

3



corpus constructed in this thesis (1,595 per class across all four categories) is a
substantive methodological contribution that is independent of the architectural

enhancements.

. Integration of residual, attention, and Squeeze-and-Excitation modules in
a single brain tumor backbone. Prior brain tumor U-Net variants adopt one
or two of these mechanisms in isolation. The Enhanced U-Net combines all
three within a single 2D backbone and uses the ablation study (Section 4.5)
to quantify how much each module contributes (+3.59 pp residual, +1.74 pp
attention, +1.85 pp SE on Dice), so that the gain over the Standard U-Net is

attributable rather than monolithic.

. Composite loss with an explicit boundary-aware term. Akter et al. (2024)
use a standard loss formulation without explicit boundary supervision. The
composite loss used in this thesis combines categorical cross-entropy, focal
loss (Lin et al., 2017), Dice loss (Milletari et al., 2016), and a boundary-aware
term (Kervadec et al., 2019) with weights (0.25,0.35,0.30,0.10), directly
targeting the boundary smoothing problem that limits standard U-Net outputs.

. Unified multi-task formulation with deterministically consistent outputs.
The image-level label in this thesis is computed as a deterministic function
of the segmentation output (Section 3.2), so the two outputs cannot disagree
by construction. Pipelines that use separate classification and segmentation
heads — or separate networks entirely — can in principle produce inconsistent
outputs (for example, classifying a scan as “pituitary” while segmenting a
region of glioma morphology); the unified design used here eliminates that

failure mode.

The novelty of this thesis therefore does not lie in lifting accuracy from 99%

to 99.7%. It lies in (a) substantially improving boundary fidelity (Dice 0.85 — 0.91),

(b) producing the first balanced four-class corpus built from these two sources, (c)

integrating residual + attention + SE mechanisms with ablation-level evidence for

each, (d) introducing an explicit boundary loss into the composite objective, and (e)

coupling classification and segmentation in a way that is internally consistent by

construction. These are the dimensions on which prior 99%-accuracy systems remain

incomplete for clinical use, and they form the core contributions of the present work.

1.2 Problem Statement

Based on the background above, the problems addressed in this thesis are:



1. Diagnostic difficulty of manual MRI interpretation. Brain tumors exhibit
significant radiological heterogeneity, and manual review of MRI studies is

time-consuming and subject to inter-observer variability.

2. Limited boundary precision of the standard U-Net. The canonical U-Net
often produces blurred lesion contours and shows reduced sensitivity to small

tumors, which limits its use for surgical and radiotherapy planning.

3. Class imbalance in public datasets. Existing brain tumor MRI repositories
are often class-imbalanced, and in some cases omit entire diagnostic categories
(for example, healthy tissue), producing models that fail on minority or missing

classes.

4. Disconnect between classification and segmentation. Most published pipelines
use separate networks for tumor typing and boundary delineation, which pro-

duces redundant computation and can lead to inconsistent outputs.

1.3 Research Questions

To address the problems above, this thesis is guided by the following research

questions (RQs):

* RQ1: How accurately can a unified deep learning model based on an Enhanced
U-Net architecture jointly classify and segment brain tumors from 2D MRI
slices when evaluated using pixel-level (accuracy, Dice, IoU) and image-level

(precision, recall, F1-score) metrics?

* RQ2: How does the proposed Enhanced U-Net (incorporating residual con-
nections, attention gates, and Squeeze-and-Excitation modules) compare with
a Standard U-Net baseline trained under identical conditions on the same

curated dataset, and what is the individual contribution of each module?

* RQ3: What is the empirical effect of dataset class imbalance on model behav-
ior, and does a class-balanced merged dataset produce more reliable perfor-

mance than the original imbalanced sources?

* RQ4: How does unifying classification and segmentation in a single for-
ward pass—by deriving image-level labels from aggregated segmentation

probabilities—affect consistency and computational efficiency of the pipeline?



1.4

1.5

Scope of the Study

To keep the study focused and feasible, its scope is defined as follows:

. Imaging modality and anatomical region. The study is restricted to 2D axial

brain MRI slices derived from T1-weighted sequences (including contrast-
enhanced variants). Other modalities (CT, PET, ultrasound) and anatomical

regions are not considered.

. Tumor categories. Only four categories are considered: no tumor (healthy),

glioma, meningioma, and pituitary tumor. Tumor subtyping, grading, and

survival prediction are not addressed.

. Tasks. The primary tasks are multi-class pixel-level segmentation and whole-

image classification. Longitudinal progression tracking, treatment response

assessment, and prognostic modeling are not addressed.

. Models. The core focus is on the Enhanced U-Net and its Standard U-Net

baseline. Architectures from fundamentally different families (for example,
Transformer-based segmenters or foundation models) are discussed in the

literature review but are not implemented.

. Clinical deployment. The study is conducted in a research environment.

Regulatory approval, PACS integration, user-interface design, and prospective
clinical trials are outside the formal scope, although they are acknowledged in

the discussion.

Research Objectives

The overall goal of this thesis is to develop and evaluate an Enhanced U-

Net-based deep learning framework for the joint classification and segmentation

of brain tumors in 2D MRI scans. The objectives below are derived directly from,

and aligned one-to-one with, the research questions stated in the previous section;

the parenthetical tag at the end of each objective indicates the research question it

addresses.

1. To design and implement an end-to-end multi-task pipeline in which a sin-

gle network produces both pixel-level segmentation maps and image-level

classification labels in a single forward pass. (addresses RQ1, RQ4)

2. To construct a class-balanced, quality-assured MRI dataset by merging two

publicly available repositories, eliminating class imbalance and ensuring 100%

image—mask correspondence. (addresses RQ3)
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1.6

. To propose an Enhanced U-Net architecture that incorporates residual con-

nections, attention gates, and Squeeze-and-Excitation modules, together with
a composite loss function that targets overlap, class balance, and boundary
fidelity. (addresses RQ2)

. To quantitatively evaluate both the Standard U-Net baseline and the proposed

Enhanced U-Net on the balanced dataset using pixel-level (accuracy, Dice,

IoU) and image-level (precision, recall, F1-score) metrics. (addresses RQ1,

RO2)

. To conduct comparative experiments on the two original imbalanced datasets

in order to characterize the effect of class imbalance on model performance.
(addresses RQO3)

. To perform an ablation study that isolates the contribution of each architectural

enhancement. (addresses RQ2)

Research Contributions

This thesis contributes the following to the literature and practice:

. Unified multi-task framework. An end-to-end pipeline that performs pixel-

level segmentation and image-level classification in a single forward pass. The
scan-level label is inferred by aggregating tumor-pixel probabilities from the

segmentation output, so that the two outputs are consistent by construction.

. Balanced dataset construction. A curated, class-balanced corpus of 6,380

brain MRI scans, assembled by merging two public datasets and enforcing
100% image—mask correspondence, with 1,595 samples per class across four

categories.

. Enhanced U-Net architecture. A refined U-Net design that integrates residual

connections, attention gates, and Squeeze-and-Excitation modules, together
with a composite loss function combining categorical cross-entropy, focal loss,

Dice loss, and a boundary-aware term.

. Systematic empirical evaluation. A controlled quantitative comparison

between the Standard U-Net baseline and the Enhanced U-Net under identical
training and evaluation conditions, complemented by comparative experiments

on the two original imbalanced datasets.

. Ablation analysis. A structured ablation study that isolates the individual

contribution of each architectural module.



6.

Reproducible methodology. Detailed documentation of dataset preparation,
preprocessing, model configuration, and training protocols, to enable repro-

duction by future researchers.

1.7 General Research Methodology

To achieve the objectives above, the thesis follows a general research method-

ology commonly used in applied medical imaging and deep learning studies. The

methodology is summarized here and elaborated in Chapter III.

1.

Problem formulation and literature review. Characterization of the clinical
problem and the role of MRI, followed by a structured review of deep learning

methods with emphasis on U-Net variants and multi-task pipelines.

Data acquisition and curation. Two publicly available datasets are obtained,
converted to a common format, audited for image—mask correspondence, and

balanced by a hybrid resampling strategy.

. Preprocessing. Images and masks undergo color space conversion, resizing to

a fixed resolution, intensity normalization, and class-conditional thresholding

to produce one-hot encoded segmentation labels.

Model design and implementation. Two networks are built: a Standard
U-Net baseline and a proposed Enhanced U-Net with residual, attention, and
SE modules. Both networks output four-channel probability maps feeding a

unified multi-task head.

. Training and validation. Both models are trained under identical settings

(optimizer, learning-rate schedule, batch size, epoch budget, regularization)
using a composite loss function, with early stopping and checkpointing driven

by validation Dice.

Testing and performance evaluation. Final models are evaluated on a held-
out test partition using pixel-level and image-level metrics, supported by

confusion matrices and qualitative visualizations.

Comparative and ablation analyses. Comparative experiments on the origi-
nal imbalanced datasets quantify the impact of class imbalance, and an ablation

study isolates the contribution of each architectural enhancement.

Conclusion and recommendations. Findings are interpreted in light of the
research questions, limitations are discussed, and recommendations for future

work are articulated.



1.8 Thesis Organization

The remainder of this thesis is organized as follows. Chapter II presents
the literature review and places this work within the broader landscape of brain
tumor analysis and deep learning for medical image segmentation. Chapter 1II
describes the methodology in detail, including dataset construction, preprocessing,
the architectures of the Standard and Enhanced U-Nets, the composite loss function,
and the training protocol. Chapter IV presents the experimental results, including the
comparative experiments on the original imbalanced datasets and the ablation study.
Chapter V discusses the findings and compares them to related work. Chapter VI

summarizes the contributions and outlines directions for future research.



CHAPTER I
LITERATURE REVIEW

2.1 Overview and Theoretical Foundation

This chapter reviews the literature relevant to deep learning-based brain tumor
classification and segmentation. The review is organized around four themes. First,
the clinical background of brain tumors and the role of MRI in their diagnosis
are summarized. Second, deep learning methods for medical image analysis are
described, with emphasis on convolutional architectures for segmentation. Third,
the U-Net family and its most influential variants are examined, together with
the architectural refinements (residual connections, attention mechanisms, channel
recalibration) that motivate the proposed Enhanced U-Net. Fourth, the specific
literature on brain tumor classification and segmentation is reviewed, and a summary
table of representative studies is presented. The chapter concludes by identifying the
research gap that this thesis addresses.

This study builds on three core technical concepts: (i) convolutional neural
networks for hierarchical feature extraction from images; (ii) encoder—decoder ar-
chitectures (U-Net) for dense pixel-level prediction; and (iii) overlap-based metrics
(Dice, 1oU) and per-class classification metrics (precision, recall, F1) for evalu-
ating segmentation and classification outputs. These concepts form the basis for

interpreting the studies reviewed below.

2.2 Brain Tumors and MRI-Based Diagnosis

Brain tumors are a heterogeneous group of neoplasms that arise either from
cells intrinsic to the central nervous system (primary tumors) or from metastatic
spread of extracranial cancers. This thesis focuses on three types of primary brain
tumors—glioma, meningioma, and pituitary adenoma—which together account for a
large fraction of intracranial tumors seen in clinical practice. Gliomas are clinically
important because they include high-grade lesions such as glioblastoma, whose
aggressive and infiltrative growth translates into poor prognosis. Meningiomas are
typically slow-growing but can cause morbidity through mass effect when located
near critical structures. Pituitary tumors are usually benign but can disturb endocrine
function or compress adjacent structures when large (Menze et al., 2015; Bakas et
al., 2018).

MRI is the reference modality for intracranial lesion assessment because it
offers good soft-tissue contrast, multi-sequence characterization, and no ionizing ra-

diation. A typical diagnostic protocol integrates T1-weighted, T2-weighted, FLAIR,
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and post-contrast T1 sequences. Despite its power, MRI interpretation is cognitively
demanding: the radiologist must synthesize information across sequences, localize
lesions in three-dimensional space while reviewing many two-dimensional slices,
and integrate the findings with clinical history. Inter-observer variability and the time
cost of manual delineation create a clear motivation for reliable computer-assisted
tools that can provide consistent preliminary classifications and candidate segmen-
tation masks (Litjens et al., 2017; Esteva et al., 2019; Topol, 2019; Akter et al.,
2024).

2.3 Deep Learning for Medical Image Analysis

2.3.1 Convolutional Neural Networks in Radiology

Deep convolutional networks have produced a clear shift in radiological image
analysis. Architectures originally developed for natural image recognition—AlexNet
(Krizhevsky et al., 2012), VGG (Simonyan and Zisserman, 2015), Inception (Szegedy
et al., 2016), ResNet (He et al., 2016), DenseNet (Huang et al., 2017), and Xception
(Chollet, 2017)—have been adapted to clinical tasks such as diabetic retinopathy
screening, chest X-ray interpretation, dermatological classification, and brain tumor
analysis. Reviews by Litjens et al. (2017) and Shen et al. (2017) document this
transition across modalities.

For segmentation—a pixel-level prediction task—Fully Convolutional Net-
works (FCN) introduced by Long et al. (2015) showed that CNNs could be extended
beyond whole-image classification to dense prediction. Later architectures such as
SegNet (Badrinarayanan et al., 2017), DeepLab (Chen et al., 2018), and PSPNet
(Zhao et al., 2017) continued this trajectory. However, in the medical domain, the
U-Net of Ronneberger et al. (2015) became the default segmentation model, mainly

because it produces good results even with limited training data.

2.3.2 Evaluation Metrics

Segmentation models are typically evaluated using metrics that measure over-
lap and boundary quality. The Dice similarity coefficient (twice the intersection
divided by the sum of the predicted and ground-truth regions) is widely used because
it is sensitive to class imbalance and behaves like a harmonic mean of precision and
recall. The Intersection over Union (IoU, also known as Jaccard index) is a closely
related measure. Pixel-wise accuracy is simple to compute but can be misleading
when background pixels dominate. For classification, per-class precision, recall, and
F1-score together with confusion matrices expose per-class behavior that aggregate
accuracy can hide (Milletari et al., 2016; Sudre et al., 2017).
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2.3.3 Rationale for Selecting Deep Learning over Alternative Paradigms

Before settling on a deep learning solution, four alternative paradigms were
considered for this study: (i) traditional machine learning with hand-crafted features,
(i1) transfer learning from natural-image pre-trained backbones, (iii) Transformer-
based segmenters, and (iv) end-to-end deep learning trained from scratch. Each
option was assessed against the joint requirements of this thesis, namely pixel-level
boundary delineation, multi-class image-level classification, robustness under class
imbalance, and feasibility on a single commodity GPU. The reasons for selecting
end-to-end deep learning over the three alternatives are summarized below.

(i) Traditional machine learning pipelines (for example, SVMs, random
forests, or k-nearest neighbors operating on hand-crafted features such as gray-level
co-occurrence matrices, local binary patterns, wavelet coefficients, or shape descrip-
tors) have a long history in brain tumor analysis (Cheng et al., 2015, 2016). They
are interpretable and computationally cheap. However, they have three structural
limitations for the present task. First, performance is bounded by the quality of
the manually engineered descriptors, which require radiology-specific expertise and
rarely generalize across scanners, sequences, and tumor morphologies. Second,
classical pipelines almost always perform classification or region retrieval, not dense
pixel-level segmentation; reaching a pixel-level output typically requires a separately
engineered post-processing stage such as level sets or graph cuts. Third, the strongest
published results on the Cheng et al. dataset using SVM + region augmentation are
around 91% classification accuracy with no segmentation output (Cheng et al., 2015),
which is well below what end-to-end CNNs reach on the same data. For the joint
classification + segmentation problem targeted in this thesis, the traditional ML route
would have meant building two separate pipelines, neither of which would clear the
bar set by recent CNN-based work.

(ii) Transfer learning from ImageNet-pretrained backbones (VGG, ResNet,
DenseNet, EfficientNet) is a strong baseline when training data is scarce. It was
deliberately not adopted in this thesis for three reasons. First, ImageNet weights are
learned on natural color photographs whose low-level statistics (texture, illumination,
color distribution, structured background) differ substantially from grayscale T1-
weighted MRI slices; several survey-level studies have documented that the gains
from such transfer are modest in medical imaging once a few thousand domain-
specific samples are available (Litjens et al., 2017; Shen et al., 2017; Esteva et al.,
2019). Second, off-the-shelf pretrained encoders are designed for whole-image
classification and lack the symmetric decoder needed for pixel-level segmentation;
bolting a decoder onto them re-introduces most of the design decisions that a purpose-

built U-Net already handles. Third, the balanced corpus assembled in this thesis
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(6,380 image—mask pairs, Section 3.1) is large enough to train a 2D segmentation
network from scratch, so the main argument in favor of transfer learning — data
scarcity — does not apply in the present setting.

(iii) Transformer-based segmenters such as TransUNet, Swin-UNet, Seg-
Former, and SAM-derived models are an active research frontier and report strong
results on several public benchmarks. They were not adopted in this thesis for three
reasons. First, Transformers typically need substantially more training data and
longer training schedules than convolutional networks of comparable parameter
count, because they impose weaker spatial inductive biases (no locality, no transla-
tion equivariance) that CNNs encode for free; their advantage usually appears at data
scales an order of magnitude larger than the present corpus (Vaswani et al., 2017).
Second, self-attention has quadratic complexity in the number of tokens, which
translates into substantially higher GPU memory and compute cost at 160 x 160 reso-
lution; this is a real constraint on a single Tesla P100 with 16 GB of memory. Third,
for the specific task of joint pixel-level segmentation and image-level classification
of tumors on 2D MRI slices, the convolutional U-Net family with attention gates,
residual connections, and SE recalibration already captures the essential mechanisms
(spatial attention, channel attention, skip context) that motivate Transformers, while
remaining tractable on the available hardware. Transformer-based architectures are
therefore acknowledged as a natural direction for future work (Chapter VI) rather
than as the baseline of the present thesis.

(iv) End-to-end deep learning from scratch using a U-Net backbone was
selected. It learns hierarchical features directly from the MRI data, removing the
need for hand-crafted descriptors; it produces dense pixel-level outputs natively
through its encoder—decoder topology, which is exactly what the segmentation task
requires; it provides a shared backbone from which the image-level label can be
derived deterministically, supporting the unified multi-task design (Section 3.2); and
on a balanced corpus of several thousand image—mask pairs it can be trained to
convergence on a single GPU within a few hours. These properties together make
end-to-end deep learning the most appropriate paradigm for the joint segmentation—

classification problem addressed in this thesis.

2.4 The U-Net Family and Its Variants

2.4.1 Canonical U-Net and nnU-Net

The U-Net of Ronneberger et al. (2015) was originally designed for cell-
membrane segmentation in microscopy images but quickly became a reference

architecture across medical imaging. Its key features are a contracting encoder
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that compresses spatial resolution while expanding channel depth, an expansive
decoder that restores full resolution, and lateral skip connections that relay fine-
grained features from the encoder to the decoder. The skip connections are important
because they transfer spatial detail from shallow encoder layers to deep decoder
layers, partly compensating for the information loss caused by pooling.

The U-Net design has been shown to work across many imaging modalities
(X-ray, CT, MRI, ultrasound, microscopy). The nnU-Net framework of Isensee et
al. (2021) formalized this by showing that a properly configured U-Net, without
architectural novelty, can match or outperform more complex networks on many
public benchmarks when preprocessing, training schedule, and post-processing are

chosen appropriately.

2.4.2 Residual U-Net

Deeper encoder—decoder stacks can suffer from vanishing gradients and opti-
mization difficulties. Residual learning, introduced by He et al. (2016), addresses
this by reformulating stacked layers as residual mappings F(x) + x, so that the net-
work learns only the perturbation relative to identity. Zhang et al. (2018) integrated
residual connections into the U-Net encoder and decoder for road extraction and
reported consistent segmentation gains, particularly in deeper networks. In the brain
tumor context, residual pathways stabilize training of deeper networks that must

capture both large-scale morphology and fine boundary detail.

2.4.3 Attention U-Net

Oktay et al. (2018) proposed the Attention U-Net, which inserts learnable
gating modules at skip junctions. These gates enable the decoder to selectively
emphasize task-relevant activations while suppressing background noise. The gate
takes a gating signal from a deeper layer and skip features from the encoder, and
produces an attention coefficient (between 0 and 1) that is used to modulate the skip
features element-wise. This is especially useful in medical imaging, where target
structures often occupy a small fraction of the image and have ambiguous borders.
Related spatial and channel attention mechanisms (Woo et al., 2018; Huang et al.,
2019; Wang et al., 2018; Vaswani et al., 2017) have further confirmed the usefulness

of attention for dense prediction.

2.4.4 Squeeze-and-Excitation Blocks

Squeeze-and-Excitation (SE) blocks, introduced by Hu et al. (2018), re-weight

feature channels according to their informativeness. Each block globally pools
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spatial information per channel, passes the resulting vector through a small two-
layer bottleneck with a sigmoid output, and uses the result to scale the original
channels. Roy et al. (2018) extended this to dense prediction tasks by combining
channel-wise and spatial SE. In medical segmentation, where different channels
may capture different diagnostic cues (for example, contrast-enhancing regions
versus characteristic textures), SE modules allow the network to emphasize the most

informative channels on a per-image basis.

2.4.5 Other U-Net Extensions

Many additional U-Net variants exist. UNet++ (Zhou et al., 2018) introduces
nested dense skip pathways, while UNet 3+ (Huang et al., 2020) uses full-scale con-
nectivity across all levels. For volumetric data, V-Net (Milletari et al., 2016) and 3D
U-Net (Cicek et al., 2016) extend the architecture to three-dimensional convolutions.
Other works have explored deep supervision (Isensee et al., 2018) and autoencoder
regularization (Myronenko, 2018) for volumetric brain tumor segmentation, and
multi-scale architectures with dilated convolutions and conditional random fields
(Kamnitsas et al., 2017). The Enhanced U-Net proposed in this thesis combines three
of the most empirically effective mechanisms—residual connections, attention gates,

and Squeeze-and-Excitation—within a 2D design that is computationally tractable.

2.4.6 Rationale for Selecting the U-Net Backbone

Although several segmentation families exist (FCN (Long et al., 2015), Seg-
Net (Badrinarayanan et al., 2017), DeepLab (Chen et al., 2018), PSPNet (Zhao et
al., 2017), Transformer-based segmenters), the U-Net family was selected as the
backbone of this thesis for five specific reasons.

First, the encoder—decoder topology natively produces dense pixel-level
outputs. Unlike classification networks that need a separately engineered upsam-
pling head, U-Net was designed end-to-end for semantic segmentation, with a
contracting path that compresses spatial resolution while expanding channel depth
and a symmetric expansive path that restores full resolution (Ronneberger et al.,
2015). This matches the principal task of this thesis exactly.

Second, the lateral skip connections preserve fine spatial detail. Repeated
pooling discards the high-resolution spatial information that is required to delineate
tumor boundaries. By concatenating encoder feature maps directly into the decoder,
U-Net recovers this information at every resolution scale, which is precisely the
property that other segmentation families (such as FCN and SegNet) achieve less

effectively. For medical images, where boundaries between healthy and pathological
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tissue are often subtle and clinically critical, this property is essential.

Third, U-Net trains effectively on moderate-sized datasets. The original
U-Net paper specifically targeted biomedical settings where annotated data is scarce,
and reported strong performance with only ~30 microscopy images using aggressive
augmentation (Ronneberger et al., 2015). Although the balanced corpus used in
this thesis is much larger (6,380 images), the same data-efficiency property remains
relevant: medical annotation is expensive, and an architecture that converges reliably
without millions of training images is a structural advantage.

Fourth, U-Net has become the de facto reference in biomedical segmenta-
tion. It has been benchmarked extensively across modalities and tasks, including
the brain tumor problem itself (Akter et al., 2024; Isensee et al., 2021; Kermi et
al., 2018; Myronenko, 2018), and Isensee et al. (2021) have shown with nnU-Net
that a properly configured U-Net can match or exceed more elaborate architectures
on most public benchmarks. Selecting U-Net therefore enables a direct, controlled
comparison with the most relevant prior work — particularly Akter et al. (2024),
which uses a Standard U-Net for the same task — without changing the architectural
family at the same time as the proposed enhancements.

Fifth, U-Net is naturally extensible with the three refinements integrated
in this thesis. Residual connections (Zhang et al., 2018), attention gates (Oktay et al.,
2018), and Squeeze-and-Excitation modules (Hu et al., 2018) have all been published
as targeted extensions of the U-Net backbone, but they have not previously been
combined within a single multi-task brain tumor pipeline (Table 2.1). The U-Net
family therefore offers both a strong starting point and a clearly defined extension
surface that the Enhanced U-Net of this thesis exploits.

2.5 Loss Functions for Medical Image Segmentation

The choice of training objective is important in segmentation, especially when
foreground structures occupy a small portion of the image. Standard cross-entropy
formulations often skew the model toward the dominant background class, producing
models that under-segment small lesions. To counter this, Milletari et al. (2016)
proposed optimizing the Dice coefficient directly, and Sudre et al. (2017) generalized
this to imbalanced settings.

Lin et al. (2017) introduced focal loss, which modulates each sample’s con-
tribution by the inverse of prediction confidence and concentrates gradients on
ambiguous regions. Abraham and Khan (2019) applied this principle to biomedical
segmentation with the focal Tversky loss. Boundary-sensitive losses have also been

proposed: Kervadec et al. (2019) penalize discrepancies between predicted and
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reference contours in order to sharpen edge localization. Combined losses that blend
several objectives have been shown to outperform single-term losses by addressing
overlap, class imbalance, and boundary quality at once (Taghanaki et al., 2019). The
present work uses a composite objective that combines categorical cross-entropy,

focal loss, Dice loss, and a boundary-aware term.

2.6 Brain Tumor Classification and Segmentation Studies

2.6.1 Classification Studies

Cheng et al. (2015) released a public MRI repository covering meningioma,
glioma, and pituitary tumors, and introduced region augmentation and partitioning
strategies that highlighted the value of spatially localized descriptors. In a follow-up,
Cheng et al. (2016) proposed adaptive spatial pooling with Fisher-vector encoding
for content-based tumor retrieval. Many later studies have used this dataset as a
benchmark for brain tumor classification. However, most of these pipelines treat
tumor classification as a whole-image recognition task and do not produce pixel-level

boundaries.

2.6.2 Segmentation Studies

Most segmentation work on brain tumors has been done on the BRATS bench-
mark (Menze et al., 2015; Bakas et al., 2018), which provides multi-modal MRI
data with expert annotations. Havaei et al. (2017) proposed a multi-resolution CNN
system that jointly localizes tumor tissue and flags lesion presence. Pereira et al.
(2016) showed that hierarchical CNNs can segment gliomas with high accuracy.
Kermi et al. (2018) applied U-Net variants to multi-modal volumetric BRATS data,
and Myronenko (2018) introduced autoencoder regularization for 3D segmentation.
Outside the BRATS benchmark, Akter et al. (2024) recently curated a collection of
brain scans with pixel-wise annotations and demonstrated that a U-Net variant could
perform both classification and segmentation within a single pipeline. However, the
architecture they used was a standard U-Net without attention gates, SE blocks, or a

composite boundary-aware loss.

2.6.3 Summary of Representative Studies

Table 2.1 summarizes representative deep learning studies on brain tumor clas-
sification and segmentation. For each study, the table reports the dataset, architecture,
task type, and the concrete quantitative result that each paper reported in its main

experiments.
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Table 2.1: Representative deep learning studies on brain tumor classification and
segmentation, with the concrete quantitative result reported by each study. Note that
studies evaluate on different datasets and task definitions, so numbers are not strictly
comparable across rows.

Study / Year Dataset Model Task Reported Re- Limitation
sult
Cheng et al.,, Figshare (3 tu- Hand-crafted fea- Classification Acc. 91.28% Classification
2015 (Chenget mor types) tures + SVM; tu- (3 classes) (best region- only; no seg-
al., 2015) mor region aug- based) mentation
mentation
Cheng et al, Figshare (3tu- Adaptive spatial Tumor re- mAP 94.68% No segmenta-
2016 (Cheng et mor types) pooling + Fisher trieval /  (retrieval) tion output
al., 2016) vector classif.
Pereira et al., BRATS 2013  Hierarchical Glioma seg- Dice 0.88  Multi-modal;
2016 (Pereira CNN (patch- mentation (whole tumor) patch-based;
etal., 2016) based) no classifica-
tion
Havaei et al., BRATS 2013  Multi- Segmentation  Dice 0.88 Multi-modal;
2017 (Havaei resolution CNN + detection (whole), 0.79 3 tumor
etal., 2017) (TwoPathCNN) (core) sub-regions
only
Kermi et al., BRATS 2018 U-Net variant, Volumetric Dice 0.86 Multi-modal;
2018 (Kermi et multi-modal segmentation  (whole), 0.77 no healthy
al., 2018) (core) class
Myronenko, BRATS 2018 3D U-Net + au- Volumetric Dice 0.91 Volumetric;
2018 (Myro- toencoder reg. segmentation  (whole); multi-modal;
nenko, 2018) BRATS’18 large  com-
winner pute
Isensee et al.,, 23 public nnU-Net (self- Segmentation Dice ~0.88 No task-
2021 (Isensee datasets configuring) (generic) (average across specific
et al., 2021) tasks) architectural
novelty
Akter et al., Custom 4- Standard U-Net Joint classif. + Classif. Acc. No resid-
2024 (Akter et class (incl. no  (joint) segm. ~99%, Dice ual/attention/SE;
al., 2024) tumor) ~0.85 no boundary
loss
This thesis, Balanced Enhanced U- Joint classif. Acc. 99.73%, 2D only; sin-
2026 6,380 (4 Net (Residual + + segm. Dice  0.9141, gle modality
classes) Attention + SE) IoU 0.9947,
mean P/R 0.983
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As Table 2.1 shows, most prior studies focus either on classification or on

segmentation, and most segmentation work on BRATS uses multi-modal volumetric

data with a different class definition (tumor sub-regions rather than histological

types). Among the studies that match the task definition of this thesis (joint four-

class classification and segmentation on 2D MRI), Akter et al. (2024) is the most

directly comparable; however, they use a standard U-Net without the architectural

refinements and composite loss proposed here.

2.7

Research Gap

The literature above reveals several gaps.

. Limited integration of architectural refinements. Although many U-Net

variants exist, relatively few studies combine residual connections, atten-
tion gates, and Squeeze-and-Excitation modules within a single brain tumor
segmentation pipeline. Most published variants adopt one or two of these

mechanisms in isolation.

. Separation of classification and segmentation. Classification and segmenta-

tion are typically implemented as independent pipelines. Few studies derive
the image-level label directly from the spatial distribution of segmentation

probabilities, which would intrinsically couple the two outputs.

. Under-analysis of class imbalance effects. Many studies report strong ag-

gregate metrics on imbalanced datasets without systematically examining the
effect of imbalance on per-class performance. The clinical risk posed by
missing entire categories (for example, healthy tissue) is rarely quantified

empirically.

. Lack of structured ablation analyses. Ablation analyses that isolate the

contribution of each architectural module in a multi-task brain tumor pipeline
are uncommon, which makes it difficult to attribute performance gains to

specific design choices.

This thesis addresses these gaps by: (i) integrating residual connections, at-

tention gates, and Squeeze-and-Excitation modules into a single Enhanced U-Net

within a multi-task pipeline; (ii) deriving the image-level label directly from the

segmentation output; (iii) quantifying the cost of class imbalance through compara-

tive experiments on the original unbalanced datasets; and (iv) reporting a structured

ablation study that isolates the contribution of each architectural module.
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CHAPTER III
METHODOLOGY

This chapter describes the methodology used to build the proposed brain tumor
classification and segmentation framework. The core idea is a single Enhanced U-
Net backbone that produces both a pixel-level segmentation map and an image-level
class label in one forward pass, with the class label derived from the segmentation
output by aggregating tumor-pixel probabilities so that the two outputs are consistent
by construction. The full pipeline is illustrated in Figure 3.1, which proceeds
through five sequential stages: (1) construction of the dataset by merging two publicly
available brain MRI repositories, applying quality control, and balancing class
counts to 1,595 images per class; (ii) preprocessing of every image and mask,
including BGR-to-RGB conversion, resizing to 160 x 160, intensity normalization,
class-conditional thresholding, and one-hot encoding of the masks; (iii) inference
through the Enhanced U-Net, which integrates residual connections, attention gates
at every skip junction, and Squeeze-and-Excitation channel-recalibration modules;
(iv) generation of the dual output, with a 160 x 160 x 4 probability map produced by
softmax and a single image-level class label produced by spatially aggregating the
tumor-pixel probabilities; and (v) evaluation using pixel-level metrics (accuracy, Dice,
IoU) and image-level metrics (precision, recall, F1-score), supported by confusion
matrices and qualitative segmentation visualisations.

The remainder of this chapter follows the same five stages and aligns each
section with one stage of Figure 3.1. Section 3.1 corresponds to stages (i) and (ii).
Section 3.2 corresponds to stage (iii). Section 3.3 formalizes the training objective
and the metrics that drive stage (v). Section 3.4 specifies the training configuration
used to fit the networks. Section 3.5 reports the computational environment, including
the inference time recorded on the target hardware. Section 3.6 closes the chapter

with a concise workflow summary.

[ 1. Dataset Construction }—) 2. Preprocessing —)[ 3. Enhanced U-Net ]

v

[ 5. Evaluation ](— 4. Dual Output

Figure 3.1: Complete multi-task pipeline for simultaneous brain tumor classification
and segmentation. The pipeline covers dataset construction, preprocessing, Enhanced
U-Net inference, dual output generation (pixel-level segmentation and image-level
classification), and evaluation.
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3.1 Dataset Construction and Preprocessing

3.1.1 Source Datasets

The training image dataset was assembled from two publicly available brain
MRI repositories.

Dataset 1: Brain Tumor Segmentation Dataset by Akter et al. (Akter et
al., 2024). This dataset provides annotated MRI scans with pixel-wise masks for
four categories: no tumor (label 0), glioma (label 1), meningioma (label 2), and
pituitary tumor (label 3). The original distribution is imbalanced: the no-tumor class
has 1,595 samples, while glioma has only 649, meningioma has 994, and pituitary
has 994. This imbalance, although not visible in aggregate accuracy, biases model
training and degrades recall for minority classes, as demonstrated empirically in
Chapter I'V. Representative examples from Dataset 1 are shown in Figure 3.2.

Dataset 2: Brain Tumor Dataset (MAT Format) by Cheng et al. (Cheng
et al., 2015). This repository contains 3,064 T1-weighted contrast-enhanced slices
from 233 patients, covering three lesion types: meningioma (708 slices), glioma
(1,426 slices), and pituitary tumor (930 slices). The original storage format is
MATLAB (.mat files), with each container holding an image array, a tumor mask,
and boundary coordinates. An important property of Dataset 2 is that it contains
no healthy (no-tumor) samples and therefore cannot, on its own, supply a complete
four-class training set. As shown in Chapter I'V, models trained on Dataset 2 alone
do not learn to recognise healthy MRI slices and fail completely on the no-tumor
class. Representative examples from Dataset 2 are shown in Figure 3.3.

Table 3.1 summarizes the class distributions of both original datasets.

Table 3.1: Original dataset class distribution before balancing.

Dataset No Tumor Glioma Meningioma Pituitary
Dataset 1 (Akter et al.) 1,595 649 994 994
Dataset 2 (MAT Format) 0 1,426 708 930
Combined Total 1,595 2,075 1,702 1,924
Imbalance Ratio 1.00 1.30 1.07 1.21

Potential Problems if the Imbalance Is Not Addressed

If the combined corpus were used without an explicit balancing step — or if
either source dataset were used in its original form — five concrete problems would
arise. These problems are not abstract: the comparative experiments in Section 4.6

reproduce them empirically on real training runs.
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Figure 3.2: Representative MRI images and corresponding segmentation masks from
Dataset 1 (Akter et al.), one row per class: no tumor, glioma, meningioma, and
pituitary tumor.
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Figure 3.3: Representative MRI images and corresponding segmentation masks from
Dataset 2 (Cheng et al.), one row per class actually present in the source: glioma,
meningioma, and pituitary tumor. Note that Dataset 2 does not contain no-tumor
(healthy) cases.
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1. Bias of the cross-entropy gradient toward majority classes. In standard
cross-entropy training, the per-pixel gradient is roughly proportional to the per-class
sample frequency. Under the original class proportions, a single training step gives
the no-tumor channel approximately 2.46x more gradient signal than the glioma
channel. The optimiser therefore commits more capacity to representing the majority
class, and the minority-class representation lags behind. The empirical signature of
this on Dataset 1 is glioma recall of 0.69 (Section 4.6) — 31% of glioma cases are
misclassified, even though aggregate accuracy is 99.79%.

2. Misleading aggregate accuracy. When background and majority tumor
classes dominate, a model that simply predicts the majority can post very high
pixel-wise and even image-level accuracy while making clinically dangerous per-
class errors. Dataset 2 illustrates the extreme case: aggregate accuracy reaches
99.38% even though background recall is 0% (every healthy scan is classified as
tumor-bearing). Aggregate accuracy alone would conceal this failure entirely.

3. Missing-class catastrophe. Dataset 2 contains no no-tumor samples. A
model trained on it cannot learn the appearance of healthy parenchyma and cannot,
even in principle, ever output a “no tumor” classification. This is not a metric
problem that better evaluation could fix; it is a representation problem in the training
distribution itself. The clinical implication — that every healthy person scanned
would be reported as having a tumor — is severe.

4. Loss-of-attention to minority structures. Within tumor classes, imbalance
translates into systematically worse boundary delineation on the minority class. The
combined Dataset 1+2 has a 1.30 imbalance ratio between glioma and no-tumor and
similar small skews for meningioma and pituitary; without balancing, the Dice on
the minority tumor classes would be biased downward, exactly as observed on the
unbalanced training runs (Table 4.8).

5. Validation and test partitions inherit the bias. If a stratified split is taken
from an imbalanced dataset, the test partition will faithfully reflect the imbalance
— which means the test metrics will under-weight precisely the minority classes
that matter most clinically. Without balancing the underlying corpus, even a careful
split protocol cannot compensate for a training distribution that systematically under-
represents some classes.

These five problems are the reason that dataset balancing is treated in this thesis
as a methodological contribution rather than as a peripheral preprocessing step. The
hybrid-resampling strategy described below was chosen specifically to address all five
problems at once: by undersampling majority classes to a common floor and drawing
minority-class samples from the second dataset, every class reaches 1,595 real,

expertly annotated image—mask pairs without resorting to synthetic augmentation,
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and the four-class structure required by the clinical question is enforced at the data

level rather than left for the loss function to compensate.

3.1.2 Cross-Dataset Compatibility Analysis

Before the two source datasets were merged, a compatibility analysis was
carried out to confirm that they are similar enough on the dimensions that matter
for joint training, and to identify the dimensions on which they differ and therefore
require explicit harmonisation. Five properties were compared: imaging modality,
anatomical coverage, annotation type, intensity distribution, and storage format. The

results are summarised in Table 3.2.

Table 3.2: Compatibility analysis of the two source datasets along five dimensions
relevant to merging. The right-hand column indicates whether the dimension required
an explicit harmonisation step in the preprocessing pipeline.

Property Dataset 1 (Akter et al.) Dataset 2 (Cheng et al.) Harmonisation
Modality / se- TIl-weighted (incl. T1- TI-weighted contrast- Compatible; no
quence CE) brain MRI enhanced (CE-MRI) conversion needed

Anatomical view

Class taxonomy

Annotation type

Storage format

Image encoding

Mask encoding

Intensity distribu-
tion

Axial 2D slices of the
brain

4 classes: no tumor,
glioma, meningioma, pi-
tuitary

Pixel-level binary masks
per image

Paired JPEG image +
JPEG mask

uint8 (0-255), variable
original size

Binary {0,255} per
JPEG mask

Right-skewed
grayscale (background-
dominated), brighter
tumor regions

Axial 2D slices of the
brain

3 classes: glioma, menin-
gioma, pituitary (no
healthy)

Pixel-level binary masks
(encoded inside .mat con-
tainers)

MATLAB .mat container
with image array + mask
+ boundary

Mixed numeric types,
variable original size

Binary {0, 1} inside .mat

Right-skewed grayscale,
brighter contrast-
enhanced regions

Compatible; no
conversion needed

Required:

Dataset 2 con-
tributes only the 3
tumor classes

Required: .mat to
JPEG conversion
of Dataset 2

Required: for-
mat  conversion
(Dataset 2)

Required: cast to
uint8, resize to
160 x 160

Required:  bina-
rise to {0, 255} for
consistency

Handled by per-
image normalisa-
tion to [0, 1]

Several conclusions follow from this analysis. First, the two datasets share the
same modality (T1-weighted MRI), the same anatomical view (axial brain slices),
and the same annotation type (pixel-level masks), which are the most fundamental

compatibility requirements for joint training. Second, the differences that do exist
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are at the level of storage format and numeric encoding (.mat containers versus
paired JPEGs, mask range {0, 1} versus {0, 255}, variable image size), and these
are mechanical to resolve through preprocessing rather than being differences in
the imaging physics itself. Third, the most consequential difference is the class
taxonomy: Dataset 2 contains only three tumor classes and no healthy scans, which
i1s why Dataset 1 is the sole source of the no-tumor class and why merging — rather
than using either dataset on its own — is necessary to obtain a complete four-class
balanced corpus.

In practical terms, the following preprocessing/adjustment steps were applied
during merging to align the two sources. Each .mat container from Dataset 2 was
parsed to extract its image array and corresponding binary mask, which were exported
as paired JPEG files matching the naming and directory convention used by Dataset 1.
Image arrays were cast to uint8 in the range 0-255, and masks were rescaled to a
binary {0, 255} representation, so that downstream code (image loading, resizing,
thresholding) could treat both sources identically. After conversion, every image—
mask pair from both sources passed through the same correspondence audit and the
same image and mask preprocessing pipelines (described in the next subsections),
including bilinear resize to 160 x 160, per-image intensity normalisation to [0, 1],
nearest-neighbour mask resize, and one-hot encoding. The combined effect is that,
once preprocessing is complete, the network receives tensors of the same shape,
the same numeric range, and the same statistical structure regardless of which
source dataset each individual image originally came from. The samples shown in
Figures 3.2 and 3.3 illustrate that, after these adjustments, the visual characteristics

of the two sources are sufficiently consistent to support joint training.

3.1.3 Dataset Merging and Balancing

To construct a unified, class-balanced corpus, the following steps were applied.

1. Format conversion. Each MATLAB container from Dataset 2 was parsed to
extract image arrays and corresponding masks, which were then exported as
JPEG files. Images were normalized to uint8 format (0-255), and masks were

converted to binary format (0 or 255) for consistency across both sources.

2. Quality control. A check was performed to ensure one-to-one correspondence
between scans and masks. Orphan files (images without masks, or vice versa)
were removed. Naming conventions were used to verify correspondence (for
example, image “Tr-gl_0014.jpg” matched mask “Tr-gl_0014_m.jpg”). After
cleaning, correspondence reached 100%.
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3. Hybrid resampling. The target count per class was set to 1,595 image—
mask pairs. This number was not chosen arbitrarily: Dataset 2 contains
no no-tumor samples, and not every class appears in both datasets in equal
numbers, which means that for each class the maximum number of real,
expertly annotated image—mask pairs that can be assembled without resorting
to synthetic augmentation is bounded by what is actually available across the
two sources combined. Inspecting the per-class counts shows that 1,595 is the
largest target at which every class can be filled with real annotated samples
while still keeping the four classes balanced: it matches exactly the no-tumor
count from Dataset 1 (the only source of healthy scans), and for the three
tumor classes the combined Dataset 1 + Dataset 2 pool comfortably exceeds
1,595, so every class can reach the target with real data. For classes with
combined counts above 1,595 (for example, glioma with 2,075 combined
samples), random undersampling was applied. For classes with fewer than
1,595 samples in Dataset 1, samples were drawn from Dataset 2: meningioma
was formed by combining 994 Dataset 1 samples with 601 Dataset 2 samples;
pituitary was formed similarly. This approach preserves expertly annotated

data and avoids synthetic augmentation artifacts.

4. Data organization. The final corpus was organized into a hierarchical direc-
tory structure with separate folders for images and masks, each subdivided by
class label (0-3).

Table 3.3 summarizes the balanced corpus, which contains exactly 1,595
samples per class for a total of 6,380 image—mask pairs. Figure 3.4 visualizes the

distribution of the original datasets alongside the balanced corpus.

Table 3.3: Final balanced dataset statistics.

Class Label Count
No Tumor 0 1,595
Glioma 1 1,595
Meningioma 2 1,595
Pituitary 3 1,595
Total - 6,380

3.1.4 Image Preprocessing Pipeline

Every MRI slice was processed through a standardized preprocessing pipeline:
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Dataset Distribution Comparison
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mmm Dataset 1 (.npy) mmm Dataset 2 (Segmentation) mmm Final Balanced Dataset

Figure 3.4: Dataset distribution comparison: (a) original Dataset 1 class distribution,
(b) original Dataset 2 class distribution, and (c) final merged and balanced dataset
with equal representation across all classes (1,595 images per class).

Glioma Meningioma No Tumor Pituitary

Image

MaSK...-

Figure 3.5: Sample MRI images from each class, showing original brain scans and
their corresponding segmentation masks for no tumor, glioma, meningioma, and
pituitary tumor. Masks delineate the pathological regions where applicable.
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1. Color space conversion. Images loaded in BGR format (OpenCV default)

were converted to RGB.

2. Resizing. Images were resized to 160 x 160 pixels using bilinear interpolation.
This resolution balances computational cost against preservation of anatomical
detail and is divisible by 16, which matches the four pooling stages of the
U-Net encoder.

3. Normalization. Pixel intensities were scaled to the range [0, 1] by dividing by
255.

The preprocessing transformation can be written as:

1
oreprocessed = === - Resize (RGB (Loigina), 160 X 160). (3.1)

255

3.1.5 Mask Preprocessing

Masks were processed differently from images in order to preserve label

integrity:

1. Grayscale conversion. Masks were loaded as single-channel grayscale im-

ages.

2. Resizing. Masks were resized to 160 x 160 pixels using nearest-neighbor
interpolation (rather than bilinear) to avoid producing fractional label values

that would corrupt class assignments.

3. Thresholding and label assignment. A class-conditional threshold was
applied. Pixels above the threshold were assigned to the relevant tumor class;
pixels below were treated as background. The threshold was 50 for the no-
tumor class and 100 for the three tumor classes. These values reflect the darker
appearance of healthy parenchyma and the brighter appearance of pathological

regions in the original ground-truth masks.

4. One-hot encoding. Binary masks were expanded into four-channel one-hot

tensors, one channel per class, to enable multi-class segmentation supervision.

3.1.6 Data Splitting

The preprocessed corpus was split using stratified sampling with a fixed random
seed of 42:

* Training set: 90% (5,742 images)
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* Validation set: 5% (319 images)

» Test set: 5% (319 images)

Stratification gave approximately 1,435 training, 80 validation, and 80 test
samples per class. The fixed seed ensures that the splits, weight initializations, and

batch shuffling are reproducible.

Rationale for the 90 %-5%-5% Split

The choice of a 90/5/5 partition rather than a more conventional ratio (such as
70/15/15 or 80/10/10) was a deliberate trade-off driven by the size of the corpus and
by the goals of this study, and it rests on three considerations.

First, segmentation tasks with deep encoder—decoder networks benefit
more from training data than from validation/test data, up to the point where
validation and test estimates remain stable. A 4-class pixel-level segmentation
problem with ~33 M trainable parameters (Section 3.2.3) imposes a high demand
on the diversity of training samples, because the network must learn the spatial
appearance of three distinct tumor morphologies plus healthy tissue across the
variability inherent in MRI acquisitions. Allocating 90% of the balanced corpus
to training (5,742 images, ~1,435 per class) maximises this diversity while still
preserving a held-out test partition of size 319 — which, as discussed below, is large
enough to give a sufficiently small standard error on the reported test metrics.

Second, the validation set is used for callback decisions (early stopping,
learning-rate reduction, checkpointing), not for hyperparameter search. The
hyperparameter values reported in Section 3.4 were fixed before the comparison
between the Standard and Enhanced U-Nets was run, and were not selected by
validation-set search. The validation set is therefore used only to monitor conver-
gence and to trigger the callbacks of Section 3.4; a 5% validation partition (319
images, ~80 per class) is sufficient for this monitoring role and does not need to
be as large as it would be in a study that performed extensive validation-driven
hyperparameter sweeps.

Third, the test set size of 319 images gives an adequate statistical resolution
for the reported metrics. Under a binomial approximation, the 95% margin of
error on a proportion (such as image-level accuracy) at n = 319 is approximately
+0.054/ \/m 71, which at the observed accuracy of 99.73% corresponds to
a margin of order £0.6 percentage points. For Dice and IoU, which are reported
as means over 319 test images, the standard error is similarly small. A larger test

partition would tighten these intervals further, but would do so at the cost of removing
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training samples and weakening generalisation; the chosen 5% test split is the smaller
side of that trade-off.

Stratification. The split was stratified by class label, so the four classes appear
in the training, validation, and test partitions in the same proportion as in the full
corpus (~1,435/ 80/ 80 per class). Stratification guarantees that the validation and
test partitions retain the class balance that the dataset merging step (Section 3.1.3) was
designed to enforce; without stratification, a 5% random sample could conceivably
under-represent a class by chance and distort the per-class metrics that this thesis
reports throughout.

Comparability with prior work. The same 90/5/5 ratio with seed 42 was
used for the comparative experiments on the two original imbalanced datasets (Sec-
tion 4.6), so that all three training conditions (Dataset 1, Dataset 2, Balanced) are
compared under the same partitioning protocol and the same evaluation budget. The
independence of the three conditions on this protocol allows the per-class failures
reported in Chapter IV to be attributed to dataset composition rather than to any

difference in how the data was split.

3.2 Model Architecture

Two encoder—decoder networks were built and compared: a Standard U-Net
baseline and the proposed Enhanced U-Net that adds residual connections, attention
gates, and Squeeze-and-Excitation modules. Both networks are designed for joint

tumor typing and boundary delineation within a multi-task framework.

3.2.1 Multi-Task Learning Framework

The proposed framework performs classification and segmentation within a
single end-to-end network, so that both outputs are produced from one input scan
in one forward pass. Unlike conventional pipelines that use independent classifiers
and segmenters, the shared backbone exploits common feature representations to
accomplish both goals efficiently.

Given a preprocessed input tensor of size 160 x 160 x 3, the network produces
a pixel-level segmentation map of size 160 x 160 x 4, where each channel encodes
the membership probability for one class. A final softmax layer yields per-pixel

probability distributions:

exp(ze(2, y))
> ko1 exp(zr(@, )

where z.(z,y) is the pre-softmax logit for class c at pixel (z,y).

P(c|z,y) = (3.2)
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The image-level class label is then derived from the segmentation output by
aggregating tumor-pixel probabilities. First, non-background pixels are identified. If
none exist, the scan is labeled class 0 (no tumor). Otherwise, the average probability
vector is computed over all non-background pixels and the class with the highest

mean is selected:

0 if no tumor pixels detected
ClassSimage = ~ 3.3)
arg maxc.c{123) . otherwise

where P. is the mean probability of class c over all tumor-positive pixels.

This integrated design has four practical advantages. (i) Consistency: because
classification is derived from segmentation, the two outputs are always aligned. (i)
Efficiency: both predictions are produced in a single forward pass, reducing computa-
tional cost. (iii) Feature sharing: shared encoder representations expose both heads
to a common feature space and can improve generalization. (iv) Interpretability:
the segmentation mask provides spatial evidence for the classification verdict, so

clinicians can audit and verify the model’s reasoning.

Clarification: How the Single Model Distinguishes Multiple Tumor Types

A reasonable question is how a single network — trained on scans that each
contain only one tumor type — can learn to discriminate among multiple tumor
classes at inference time. The answer rests on the multi-class formulation of the
segmentation task itself, and is worth stating explicitly because the underlying
mechanism is sometimes obscured by the fact that each individual scan has a single
ground-truth tumor type.

The output layer of both networks is not a binary tumor-versus-background
head. It is a 4-channel softmax over four mutually exclusive classes: no tumor,
glioma, meningioma, pituitary. At every pixel (z,y), the network produces a 4-
dimensional probability vector (PO, PP, P3) with > P, = 1, where the four
entries correspond to the four classes. The composite loss (Section 3.3) penalises the
network whenever it assigns probability mass to a wrong class, including when it
confuses one tumor type with another tumor type. The ground-truth one-hot masks
used during training (Section 3.1.5) encode the specific tumor type of each scan, not
merely the presence of a tumor: a glioma scan’s mask places “1” on channel 1 and
“0” on channels 0, 2, and 3 at every tumor pixel, while a meningioma scan’s mask
places “1” on channel 2, and so on. As the network is exposed during training to
roughly 1,435 scans of each class (Section 3.1), every one labelled with one of the

four channels, the encoder learns features that separate the four tumor classes from
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each other and from the background simultaneously.

Each individual scan contains only one tumor type — a glioma scan contains
glioma and background pixels, never glioma plus meningioma pixels. This is
consistent with the clinical reality: a single MRI slice virtually never contains two
different primary tumor types at the same time. The discrimination capacity is
therefore learned across scans rather than within scans: the network sees a glioma
scan, learns to map gliomatous appearance onto channel 1; sees a meningioma scan,
learns to map meningiomatous appearance onto channel 2; and so on. At inference
time the network is then presented with a new scan and must commit, at every pixel,
to one of the four channels. Because each channel was supervised with a distinct
subset of the training distribution, the per-pixel argmax over the 4-channel softmax
yields a label that distinguishes among the four classes even when the test scan
contains a previously unseen image.

The image-level classification is then derived deterministically from this multi-
channel segmentation output by the aggregation rule defined in Equation (3.3) above:
tumor pixels are identified as those whose argmax channel is not the background
class, and the scan-level label is the channel with the highest mean probability
among those pixels. This means the model never needs a separate classification
head to identify multiple tumor types — the discrimination is already encoded in the
multi-channel segmentation, and the scan-level label is a summary statistic over the

spatial distribution of that segmentation.

3.2.2 Standard U-Net (Baseline)

The baseline follows the canonical encoder—decoder blueprint with lateral skip
connections. The encoder compresses spatial resolution through four downsampling
stages, and the decoder restores full resolution through four upsampling stages with
concatenated skip features.

Each convolutional block in the baseline consists of:
e Two 3 x 3 convolutions with L2 regularization (A = 1079),
e Batch normalization after each convolution,
e ReL.U activation,
* Dropout with rates that increase progressively with depth (0.1 to 0.3).

The contracting path uses filter counts [64, 128, 256, 512], each followed by
2 x 2 max-pooling. The bottleneck has 1,024 filters with a dropout rate of 0.4.
The expansion path mirrors the encoder with filter counts [512, 256, 128, 64|, each
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consisting of a 2 x 2 transposed convolution, concatenation with the corresponding
encoder features, and two 3 x 3 convolutions. A final 1 x 1 convolution with
softmax activation produces the four-channel probability map. The full Standard
U-Net contains 31,055,492 parameters (31,043,716 trainable). Figure 3.6 shows the

architecture.
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The U-Net architecture.

Figure 3.6: Standard U-Net architecture, showing the encoder path (left), bottleneck
(center), and decoder path (right) with skip connections. Each blue box represents a
multi-channel feature map, with the number of channels indicated above. Arrows
denote convolution, pooling, upsampling, and concatenation operations. Adapted
from Ronneberger et al. (2015).

3.2.3 Enhanced U-Net

The proposed Enhanced U-Net extends the baseline with three mechanisms:
residual connections, attention gates, and Squeeze-and-Excitation modules. Fig-

ure 3.7 shows the complete architecture.

Residual Connections

Residual blocks replace conventional convolutional stages in the encoder and

decoder. Each block implements the residual mapping:

y = F(x,{W;}) +x, (3.4)
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Figure 3.7: Enhanced U-Net architecture with residual blocks (identity shortcuts
indicated by curved arrows), attention gates at every skip junction (between encoder
and decoder stages), and Squeeze-and-Excitation modules (placed after each convo-
lutional block). The output is a 160 x 160 x 4 probability map.

where x is the block input, y is the output, and F is the residual mapping learned by
the stacked layers. Internally, each block consists of a 3 x 3 convolution followed by
batch normalization, ReLU and dropout; a second 3 x 3 convolution followed by
batch normalization; an identity shortcut (with a 1 X 1 convolution when channel
dimensions do not match); an element-wise addition; and a final ReLLU activation.

Residual pathways offer two benefits in this context. They stabilize gradient
propagation through the deeper Enhanced stack, reducing the risk of vanishing
gradients, and they allow the network to learn incremental refinements, which is well
suited to segmentation where fine-grained boundary adjustments matter more than
drastic feature transformations (He et al., 2016; Zhang et al., 2018).

Attention Gates

Attention gates are inserted at every skip junction in the decoder. Given a gating
signal g from a deeper decoder layer and skip features s from the corresponding
encoder stage, the gate computes an attention coefficient o € [0, 1] and uses it to

modulate the skip features:
a = o((ReLU(W,g 4+ W,s))), s =aOs, (3.5)

where W, and IW; are 1 x 1 convolutional projections, ) is a final 1 x 1 convolution, o
is the sigmoid function, and © denotes element-wise multiplication. By suppressing

irrelevant activations in the skip connections, attention gates help the decoder focus
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on tumor-relevant regions (Oktay et al., 2018).

Squeeze-and-Excitation Blocks

SE blocks re-weight feature channels adaptively. For an input tensor X &€
RIXWXC “each SE block first produces a channel descriptor by global average

pooling, then passes it through a two-layer bottleneck:

s = o(WoReLU(W2)), 2z = ﬁ > (i, ), (3.6)
i,

where W, € R(E/M*C and W, € RE*(€/7) with reduction ratio = 16. The output
features are then reweighted channel-wise: z. = s. - x.. SE blocks are placed after
every convolutional block in both the encoder and the decoder, and are conceptually

complementary to the spatial attention provided by attention gates (Hu et al., 2018).

Parameter Count

The complete Enhanced U-Net contains 33,037,744 parameters (33,018,152
trainable), approximately 6.4% more than the Standard U-Net. As shown in Chap-
ter IV, this 6.4% capacity increase yields a 7.18 percentage-point gain in test Dice
(0.8423 t0 0.9141, a relative improvement of 8.5%) and lifts mean image-level preci-
sion and recall from 0.935 /0.933 to 0.983 / 0.983, while the additional parameters
add only about 30% to wall-clock training and inference time.

Effect of Parameter Count on Training, Complexity, and Performance

Parameter count is a single number that aggregates three distinct effects on the
network: it controls how much the model can fit (capacity), how long it takes to train
and to predict (compute and memory), and how it generalises beyond the training
data (overfitting risk). The choices made for the Standard and Enhanced U-Nets in
this thesis are best understood by separating these three effects.

Effect on the training process. Larger parameter counts increase the per-
step memory footprint (forward activations, gradient buffers, optimiser state) and
the arithmetic cost of each forward and backward pass. With mixed-precision
arithmetic enabled, the Standard U-Net (31.06 M parameters) trains at approximately
70 s per epoch on a Tesla P100 and the Enhanced U-Net (33.04 M parameters) at
approximately 91 s per epoch (Section 3.5). The Enhanced model is therefore ~30%
slower per epoch despite only 6.4% more parameters, because the additional cost
comes mostly from extra non-parametric operations: residual additions, attention-

gate multiplications, and the squeeze and excitation steps of SE blocks, which add
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arithmetic without adding many weights. Larger models also tend to require more
careful initialisation; in this thesis Kaiming-style initialisation (He et al., 2016) and
batch normalisation after every convolution were used precisely to keep optimisation
stable as depth and width increased.

Effect on computational complexity. The 6.4% increase in parameters be-
tween the Standard and Enhanced U-Nets is modest, but the wall-clock cost of
inference is what matters in clinical settings. Single-image inference is 80-100 ms
for the Standard U-Net and 100—150 ms for the Enhanced U-Net on the same hard-
ware (Section 3.5). Both numbers are well within near-real-time clinical use; even
at 150 ms a radiologist could review hundreds of slices per minute. Memory con-
sumption during training is dominated by activations rather than weights for both
networks: at batch size 16 and input size 160 x 160 x 3, the activation tensors of the
deeper Enhanced U-Net consume more GPU memory than the 6.4% weight increase
would suggest, which is why batch size was held at 16 rather than increased.

Effect on model performance and generalisation. In principle, increasing
parameters can help (more capacity to capture complex patterns), hurt (more capacity
to memorise the training set), or have no effect (saturation). The empirical evidence
in this thesis is that, in the Enhanced U-Net configuration, the additional parameters
help measurably and do not overfit: test-set Dice rises from 0.8423 to 0.9141 while
the train—validation—test gap remains small (Table 4.2), the train and validation
curves stay close throughout training (Figure 4.4), and the regularisation strategy
(L2 weight decay, dropout 0.1-0.4, batch normalisation, early stopping on validation
Dice) absorbs the additional capacity rather than allowing it to memorise. The
ablation study (Table 4.5) confirms that the gain is not produced by parameters
alone: it is produced by what the additional parameters are used for. Replacing plain
conv blocks with residual blocks (the largest single parameter jump, from 7.77 M to
22.45 M in the ablation series) yields the largest Dice gain (+3.59 pp); attention gates
(which add few parameters relative to residual blocks) still contribute +1.74 pp; and
SE modules (which add modest parameters) contribute +1.85 pp. The improvement
is therefore attributable to the inductive biases that the modules introduce, not simply
to a higher parameter budget. This pattern is consistent with the broader literature
on U-Net variants (Isensee et al., 2021; Oktay et al., 2018; Hu et al., 2018) and
reinforces the architectural rationale of the Enhanced U-Net rather than a brute-force

scaling argument.
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3.3 Loss Function and Evaluation Metrics

3.3.1 Composite Loss Function

A composite loss was used, combining four complementary terms with fixed

weights:
Lcombined =0.25 LCE +0.35 Lfocal +0.30 Edice +0.10 »Cboundary- (37)

The categorical cross-entropy term Lcg provides stable pixel-level gradients.
The focal loss term L., (Lin et al., 2017) down-weights easy pixels and focuses on
hard boundary pixels, with balancing coefficient o = 0.25 and focusing exponent
~v = 2.0. The Dice loss term Lg.. (Milletari et al., 2016) directly optimizes the
overlap-based Dice coefficient with uniform class weights and a smoothing constant
¢ = 107% The boundary loss term Lioundary (Kervadec et al., 2019) penalizes
discrepancies between the spatial gradients of predicted and ground-truth masks,
encouraging sharper contours.

The weights (0.25 : 0.35: 0.30 : 0.10) were determined as follows. They
were constrained to sum to 1.0 so that the magnitude of the combined loss remains
comparable across configurations and the four terms can be interpreted as a convex
combination of complementary objectives. The relative ordering reflects the role
of each term in the brain tumor segmentation task. Focal loss received the largest
weight (0.35) because the dataset, even after class balancing, is heavily imbalanced
at the pixel level: the great majority of pixels belong to the background class, so
down-weighting easy negatives is the single most important contribution to learning
useful tumor-region gradients (Lin et al., 2017). Dice loss received the next-largest
weight (0.30) because the Dice coefficient is the principal evaluation metric, and
direct optimisation of the same quantity is known to improve generalisation in med-
ical image segmentation (Milletari et al., 2016; Sudre et al., 2017). Categorical
cross-entropy received a moderate weight (0.25) to keep pixel-level gradients stable
and well-conditioned, especially in the early epochs when Dice can be unstable
on near-empty predictions. Boundary loss received the smallest weight (0.10) be-
cause, although it improves contour sharpness, larger boundary weights were found
in preliminary trials to amplify gradient noise on small lesions and slow conver-
gence (Kervadec et al., 2019). Several alternative weightings were trialled on the
validation split (uniform 0.25 each, focal-only emphasis 0.50/0.20/0.20/0.10, and
boundary-heavy 0.20/0.20/0.30/0.30); the chosen 0.25/0.35/0.30/0.10 produced the

best validation Dice and was therefore retained for all subsequent experiments.
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3.3.2 Evaluation Metrics

Both pixel-level and image-level metrics were used.
Pixel-wise accuracy is the fraction of pixels whose predicted class matches
the ground truth.

Dice coefficient measures overlap between predicted and ground-truth regions:

_2|PNG|+e

Dice = ,
|P| + |G| + €

(3.8)
where P is the predicted region, GG is the ground-truth region, and € is a small
smoothing constant.

Intersection over Union (IoU) measures the ratio of intersection to union:

|IPNG|+¢

IoU = :
© |IPUG| +¢€

(3.9)
Image-level precision, recall, and F1-score are computed per class from the
derived scan-level labels:
TP, TP, 2P.R,

— — Recall,=——""—— Fl,.= ) .1
TP 1 FD. ecall,. ¢ (3.10)

P .. L= _ ’
recC1S10n TPC n FNC PC i RC

3.4 Training Configuration

3.4.1 Hyperparameters

Both networks were trained under identical hyperparameters to make the

comparison fair:

* Input size: 160 x 160 x 3

* Number of classes: 4

* Batch size: 16

* Maximum epochs: 80 (with early stopping)
e Initial learning rate: 2 x 10~*

¢ Minimum learning rate: 1 x 1077

e L2 regularization: A =1 x 107°

* Dropout rates: 0.1 (shallow layers) to 0.4 (bottleneck)
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3.4.2 Optimizer and Learning-Rate Schedule

The Adam optimizer was used with standard momentum parameters 3; = 0.9,
B2 = 0.999 (Kingma and Ba, 2015). The learning rate was annealed using a cosine

schedule:
Tt = Tmin + %(nmax - nmin)(l + COS(tﬂ'/T)) ) (311)

With Dmax = 2 X 1074, 7min = 1 x 1077, and T = 80. A ReduceLROnPlateau
callback additionally scaled the learning rate by 0.7 when validation loss did not

improve for 12 consecutive epochs.

3.4.3 Regularization and Callbacks

Several mechanisms were used to curb overfitting and retain the best model:

* Early stopping. Training was halted when validation Dice failed to improve

for 25 epochs; the best weights were restored.

* Model checkpointing. The checkpoint with the highest validation Dice was

saved for evaluation.
« Batch normalization after every convolutional layer.
* Dropout with progressive rates (0.1 to 0.4).

« L2 weight regularization on all convolutional kernels, A = 1 x 107>,

3.4.4 Hyperparameter Tuning Strategy and Justification

The hyperparameters reported in Section 3.4 were determined through a struc-
tured, primarily literature-guided tuning process rather than through an exhaustive
grid search. Three observations motivated this strategy. First, the joint training of a
33 M-parameter encoder—decoder for ~2 hours per run on a single GPU makes a full
grid search of all hyperparameters prohibitively expensive. Second, several hyperpa-
rameters (Adam momentum coefficients, mixed-precision arithmetic, BN/dropout
combinations) have well-established defaults in the segmentation literature and there
is little to gain from re-tuning them. Third, fair comparison between the Standard and
Enhanced U-Nets requires holding hyperparameters fixed across the two networks,
so the tuning process searches for a single configuration that performs well on both
architectures rather than for two separately optimised configurations. The following
procedure was therefore followed.

Hyperparameters fixed by literature defaults. A first group of hyperparam-

eters was fixed at values that are widely reported as effective for medical image
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segmentation: Adam with 5; = 0.9, f = 0.999 (Kingma and Ba, 2015); mixed-
precision training (float16 forward + float32 master weights) for memory efficiencys;
batch normalisation after every convolution and ReLU activation (Ioffe and Szegedy,
2015); Kaiming initialisation (He et al., 2016); L2 weight decay at A = 107
(Isensee et al., 2021); and dropout that increases progressively with depth (0.1 in
shallow layers to 0.4 at the bottleneck), consistent with widespread practice in deep
U-Nets. None of these values was searched; they are reported and cited so that other
researchers can reproduce them.

Hyperparameters explored on the validation set. A second group was
explored on the validation partition during early development, using the Standard

U-Net as the proxy model (cheaper per run). The candidates trialled were:

e Input resolution: {128 x 128, 160 x 160, 192 x 192}. 160 x 160 was retained
because it is the smallest multiple of 16 (required for four pooling stages) that

preserves discernible tumor structure on the smallest training samples.

* Batch size: {8, 16, 32}. Batch size 16 was retained because batch 32 ex-
ceeded GPU memory at 192 x 192 when activations and gradient buffers
were combined, while batch 8 produced noisier gradient estimates and slower

convergence on Dice.

e Initial learning rate: {1x1073,2x1074, 1x107*}. 1x1072 caused unstable
validation loss in the first few epochs; 1x10~* converged more slowly than
2x10~* without a higher final Dice. The cosine schedule with 7, = 2% 1074,
Nmin = 1077 over 80 epochs was therefore retained.

* Maximum epochs and patience: 80 maximum epochs with early stopping pa-
tience of 25 (monitoring validation Dice) and a ReduceLROnPlateau patience
of 12 were chosen so that training continues long enough for the Enhanced
model to keep improving past epoch 15 (where the Standard model plateaus,

Figure 4.3) without wasting compute once validation Dice has saturated.

* Loss weights (WcE, Weocal, Whices Whoundary ): fOUr candidate weightings were tri-
alled on the validation split — uniform (0.25,0.25,0.25, 0.25), focal-heavy
(0.50,0.20, 0.20, 0.10), boundary-heavy (0.20, 0.20, 0.30, 0.30), and the cho-
sen (0.25,0.35,0.30,0.10) — with the rationale given in Section 3.3.

Justifications beyond fair comparison. Although holding hyperparameters
fixed across architectures is essential to isolate the architectural contribution (and
therefore to make the comparison between Standard and Enhanced U-Nets in Chap-

ter IV meaningful), the chosen values are also defensible on independent grounds.
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The input resolution and batch size are constrained by GPU memory at the available
hardware; the learning rate, schedule, and optimiser are aligned with widely-cited
reference configurations in medical image segmentation (Ronneberger et al., 2015;
Milletari et al., 2016; Isensee et al., 2021); the regularisation strategy mirrors that
used by nnU-Net-style pipelines (Isensee et al., 2021); and the loss weighting re-
flects the per-term rationale developed in Section 3.3. The hyperparameters reported
in Appendix A are therefore not arbitrary but the result of a literature-informed,
validation-monitored process that balances reproducibility, fair comparison, and

reasonable use of the available compute.

3.5 Computational Environment

The networks were implemented in Python using TensorFlow 2.x with the
Keras API. Training was performed on Kaggle’s cloud infrastructure using a single
NVIDIA Tesla P100 GPU with 16 GB memory, with mixed-precision arithmetic
enabled. A fixed random seed of 42 was used for data splitting, weight initialization,
and batch shuffling.

Training the Standard U-Net took approximately 1.5 hours (70 seconds per
epoch over 80 epochs), while the Enhanced U-Net took approximately 2 hours (91
seconds per epoch). Single-image inference took 80—100 ms for the Standard U-Net
and 100-150 ms for the Enhanced U-Net on the same hardware. The Enhanced U-
Net is about 30% slower in wall-clock time than the baseline, despite only 6.4% more
parameters, because of the additional arithmetic introduced by residual shortcuts,

attention gates, and SE recalibration.

3.6 Methodology Workflow Summary
The full methodology, illustrated in Figure 3.1, proceeds through five stages:

» Stage 1 — Dataset construction. Merging of two public brain tumor MRI
datasets, quality control, and hybrid-resampling balancing yielding 6,380
samples (1,595 per class).

» Stage 2 — Preprocessing. BGR-to-RGB conversion, bilinear resizing of
images, nearest-neighbor resizing of masks, intensity normalization, class-

conditional thresholding, and one-hot encoding.

 Stage 3 — Model. Enhanced U-Net with residual connections, attention gates

at skip junctions, and Squeeze-and-Excitation modules.
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» Stage 4 — Dual output. A single forward pass produces a segmentation
probability map (160 x 160 x 4) and an image-level label derived from the

aggregated tumor-pixel probabilities.

» Stage 5 — Evaluation. Pixel-level (accuracy, Dice, loU) and image-level
(precision, recall, F1) metrics, supported by confusion matrices and qualitative

segmentation visualizations.
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CHAPTER IV
RESULTS

4.1 Overview

This chapter presents the experimental results obtained from training and
evaluating both the Standard U-Net baseline and the proposed Enhanced U-Net.
Section 4.2 briefly restates the experimental setup. Section 4.3 presents quantitative
results on the balanced dataset, including overall performance, per-class classifica-
tion metrics, training dynamics, and per-class Dice coefficients. Section 4.4 presents
qualitative segmentation results. Section 4.5 reports the ablation study. Section 4.6
presents the comparative experiments on the original imbalanced datasets. Sec-
tion 4.7 compares the results with related work. Section 4.8 maps the results to the

research questions, and Section 4.9 summarizes the findings.

4.2 Experimental Setup Recap

All experiments used the same balanced dataset of 6,380 images (1,595 per
class), split into 90% training (5,742 images), 5% validation (319 images), and 5%
test (319 images), with a fixed random seed of 42. Both networks were trained for
up to 80 epochs using the Adam optimizer with a cosine-annealed learning rate
starting at 2 x 10~ and the composite 10ss Leompined = 0.25 Lcg + 0.35 Ligeal +
0.30 Lgice + 0.10 Lpoundary- Training was performed on an NVIDIA Tesla P100
GPU with mixed-precision arithmetic. The comparative experiments on the original
datasets (Section 4.6) used the identical architecture, hyperparameters, and evaluation

protocol in order to isolate the effect of dataset composition.

4.3 Quantitative Results on the Balanced Dataset

4.3.1 Overall Performance

Table 4.1 summarizes the test-set performance of the Standard U-Net and the
Enhanced U-Net on the balanced dataset.

The Enhanced U-Net outperforms the Standard U-Net on every metric. The
largest gain is in the Dice coefficient, which rises by 7.18 percentage points (from
0.8423 to 0.9141), reflecting tighter agreement with the ground-truth masks. IoU
rises from 0.9913 to 0.9947, and pixel-wise accuracy rises slightly from 99.62%
to 99.73%. The training loss falls by about 70%, indicating that the Enhanced
architecture fits the composite objective more effectively.

Table 4.2 reports training, validation, and test metrics for both models. The
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Table 4.1: Performance comparison of the Standard U-Net and the Enhanced U-Net

on the balanced test set.

Model Loss Accuracy Dice IoU
Standard U-Net 0.0504 0.9962 0.8423  0.9913
Enhanced U-Net (proposed)  0.0155 0.9973 0.9141  0.9947
Absolute improvement —0.0349 +0.0011 +40.0718 +0.0034
Relative improvement —69.2%  +0.11%  +8.52% +0.34%

small gaps between validation and test metrics suggest that the regularization strategy

(dropout, L2 weight decay, early stopping, batch normalization) effectively limits

overfitting on both models.

Table 4.2: Training, validation, and test metrics for the Standard and Enhanced

U-Net on the balanced dataset.

Model Metric Training Validation Test
Loss 0.0489  0.0498  0.0504
Accuracy  0.9965 0.9964 0.9962
Standard U-Net . 08512 08467  0.8423
ToU 0.9918 0.9915 09913
Loss 0.0142 00151  0.0155
Accuracy  0.9976 0.9974 0.9973
Enhanced U-Net ), 09192 09165 09141
ToU 0.9952  0.9949  0.9947

4.3.2 Image-Level Classification Results

Image-level labels were derived from the segmentation outputs as described in

Section 3.2. Table 4.3 compares the classification metrics for both networks.

Table 4.3: Image-level classification comparison between Standard and Enhanced

U-Net on the balanced test set.

Class Standard U-Net  Enhanced U-Net
Precision Recall Precision Recall
Background (No Tumor) 0.93 0.93 0.94 0.99
Glioma 0.97 0.87 1.00 0.94
Meningioma 0.95 0.93 0.99 1.00
Pituitary 0.89 1.00 1.00 1.00
Mean 0.935 0.933 0.983 0.983
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The Enhanced U-Net achieves mean precision and recall of 0.983, an improve-
ment of 4.8 percentage points over the Standard U-Net (0.935 and 0.933 respectively).
The Enhanced model reaches precision 1.00 for glioma and pituitary, precision 0.99
for meningioma, and recall 1.00 for meningioma and pituitary. The Standard U-Net
shows a clear weakness in glioma recall (0.87) and pituitary precision (0.89), which
the Enhanced U-Net largely corrects. Figures 4.1 and 4.2 show the corresponding

confusion matrices.
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Meningioma
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Background Glioma Meningioma Pituitary
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Figure 4.1: Normalized confusion matrix for the Standard U-Net on the balanced
test set. Diagonal values represent correct classifications. Note the relatively lower
glioma recall (0.87).

4.3.3 Training Dynamics

Figures 4.3 and 4.4 show the training trajectories of both networks over 80
epochs.

Key observations from the curves:

¢ Convergence speed and stability. Both networks reach a validation Dice of
approximately 0.85 within the first 7-10 epochs. After that point, the Standard
U-Net plateaus and oscillates around 0.84—-0.85 for the remaining 70 epochs,
never exceeding a peak validation Dice of 0.8467. The Enhanced U-Net, in
contrast, continues to improve past epoch 10, climbing steadily through 0.87
and 0.89 and finally reaching its peak validation Dice of 0.9165 in the last
quarter of training. The Enhanced model therefore needs the full 80-epoch
budget to extract its additional 7 percentage points of Dice, while the Standard

model derives no further benefit from training beyond roughly epoch 15.
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Figure 4.2: Normalized confusion matrix for the Enhanced U-Net on the balanced
test set. Diagonal values are higher than for the Standard U-Net across all classes,
particularly for meningioma and pituitary tumors.
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Figure 4.3: Standard U-Net training dynamics: (a) loss, (b) accuracy, (c) Dice, and
(d) IoU for both training and validation sets across 80 epochs. Convergence is stable
with a small train—validation gap.
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Figure 4.4: Enhanced U-Net training dynamics: (a) loss, (b) accuracy, (c) Dice, and
(d) IoU for both training and validation sets across 80 epochs. The Enhanced model
reaches higher final performance than the Standard U-Net, with a validation Dice of
0.8459 by epoch 7.

* Training stability. Both networks converge smoothly with little oscillation.

* Overfitting control. The train—validation gap remains small throughout, so
dropout, L2 weight decay, and batch normalization together effectively limit
overfitting.

* Final performance. The Enhanced U-Net reaches a peak validation Dice of
0.9165 (test Dice 0.9141), well above the Standard U-Net’s peak validation
Dice of 0.8467 (test Dice 0.8423).

4.3.4 Empirical Evidence Against Overfitting

Because brain tumor detection is a high-stakes medical application, the ques-
tion of whether the high reported metrics (test accuracy 99.73%, Dice 0.9141) reflect
genuine generalisation or merely memorisation of the training set deserves an explicit
answer. Five lines of evidence, drawn from the experimental results themselves,
indicate that the Enhanced U-Net does not suffer from overfitting.

1. Small train—validation—test gap. Table 4.2 shows that for the Enhanced
U-Net, training Dice is 0.9192, validation Dice is 0.9165, and test Dice is 0.9141 —
a total spread of 0.0051. The corresponding loss values (0.0142 /0.0151 /0.0155)
and accuracies (0.9976 / 0.9974 / 0.9973) show the same tight clustering. A network

that had memorised the training data would show a much larger drop from training to
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held-out partitions; the small gap is the strongest single indicator that generalisation,
rather than memorisation, is producing the high test metrics.

2. Training curves do not show a validation turnaround. In an overfitting
regime, the training loss continues to fall while the validation loss begins to rise as
the model starts memorising. Figures 4.3 and 4.4 show that the validation loss and
validation Dice of both networks track the training curves smoothly and never diverge
across the 80-epoch budget. The Enhanced U-Net in particular keeps improving on
both training and validation Dice in lockstep up to its peak validation Dice of 0.9165
at the end of training; no over-fitting turnaround is observed in the recorded epochs.

3. Multiple regularisation mechanisms were active throughout training.
The training protocol of Section 3.4 stacks five independent regularisers — L2 weight
decay (A = 107°), progressive dropout (0.1-0.4 with depth), batch normalisation
after every convolution, early stopping monitoring validation Dice (patience 25
epochs), and model checkpointing on best validation Dice. Each of these has
independent theoretical support (Ioffe and Szegedy, 2015; He et al., 2016; Isensee
et al., 2021), and together they reduce the effective capacity of the network during
training and make the final reported model a function of validation rather than
training behaviour.

4. Stratified test split and fixed random seed. The 5% test partition (319
images, ~80 per class) was held out before any training began, was never seen during
training or validation-driven callback decisions, and was kept identical across all
reported experiments (balanced, Dataset 1, Dataset 2, ablation) using a fixed random
seed of 42. The metrics reported in Chapter IV are therefore computed on data that
is unequivocally outside the training and validation pipelines.

5. The comparative experiments rule out trivial explanations. If the high
metrics on the balanced corpus were artefacts of memorisation rather than learning,
one would expect comparable or higher numbers when the same architecture is
trained on smaller or simpler partitions (such as the imbalanced Dataset 2). Instead,
the comparative experiments (Section 4.6) show that the same Standard U-Net
architecture under the same training protocol produces 0% background recall on
Dataset 2 (where no healthy scans are available) and 0.69 glioma recall on Dataset 1
(where glioma is the minority class). These failure modes appear precisely where
the data distribution is mis-aligned with the test distribution, and disappear on the
balanced corpus, which is the behaviour expected of a model that genuinely learns
from data rather than memorising it.

Taken together, these five lines of evidence indicate that the regularisation
strategy succeeds and that the high reported test metrics reflect generalisation rather

than overfitting.
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4.3.5 Per-Class Dice Analysis
Table 4.4 reports per-class Dice for both models.

Table 4.4: Per-class Dice coefficient comparison.

Class Standard U-Net Enhanced U-Net
Background 0.9971 0.9984
Glioma 0.8234 0.8962
Meningioma 0.8156 0.9088
Pituitary 0.7332 0.8529
Weighted Mean 0.8423 0.9141

Background segmentation is excellent for both models (Dice above 0.99),
which is expected because background pixels dominate the image. The tumor classes
show larger differences. The Standard U-Net’s lowest Dice is on the pituitary class
(0.7332), reflecting the small size and well-defined boundaries of pituitary tumors.
The Enhanced U-Net improves all three tumor classes, increasing pituitary Dice by
16.3% (from 0.7332 to 0.8529) and glioma Dice by 8.8% (from 0.8234 to 0.8962).

4.4 Qualitative Results

Figure 4.5 shows representative segmentation outputs from the Enhanced
U-Net for cases across all four classes.

Visual inspection shows several qualitative gains of the Enhanced U-Net over
the Standard baseline:

* Boundary precision. Tumor contours are visibly sharper and more aligned
with ground-truth delineations, consistent with the boundary-aware loss and

attention gates.

* Small tumor detection. Compact lesions (especially pituitary tumors) are

more consistently detected.

» Fewer false positives. Spurious predictions in healthy tissue occur less fre-
quently, reflecting the selectivity introduced by SE recalibration and attention

gating.

* Class discrimination. Where tumor borders blur into surrounding tissue, the

Enhanced U-Net produces more consistent categorical assignments.
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Figure 4.5: Qualitative segmentation results, showing representative samples from
each tumor class. Each row displays, from left to right, the original MRI image,
the ground-truth segmentation mask, and the Enhanced U-Net prediction. Colors
indicate tumor classes: red (glioma), yellow (meningioma), blue (pituitary).
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4.5 Ablation Study

An ablation study was carried out to measure the individual contribution of
each of the three architectural enhancements introduced in Section 3.2.3: residual
connections, attention gates, and Squeeze-and-Excitation (SE) blocks. The study
starts from a deliberately small baseline U-Net of approximately 7.77 M parameters —
referred to in this section as the ablation baseline — and then adds the three modules
one at a time, in fixed order, training each resulting model under identical conditions
on the balanced test set. The purpose of using this 7.77 M-parameter baseline rather
than the full 31 M-parameter Standard U-Net of Table 4.1 is to keep the parameter
counts of the four ablation rows in the same range as configurations commonly
reported for Residual U-Net, Attention U-Net, and SE-augmented U-Nets in the
literature, so that the per-module deltas can be interpreted on a consistent capacity
scale. The relative ordering and magnitude of the module-level improvements are
what the ablation is designed to measure, and these are not sensitive to the exact
baseline capacity. Each row in Table 4.5 therefore corresponds to a specific model:
row 1 is the ablation baseline (no enhancements); row 2 is the same baseline plus
residual connections; row 3 adds attention gates on top of row 2; row 4 (the full
Enhanced U-Net) adds SE blocks on top of row 3.

Table 4.5: Ablation study isolating the contribution of each Enhanced U-Net module.
Metrics are reported on the balanced test set; the ablation baseline uses a smaller
capacity configuration than the full Standard U-Net in Table 4.1.

Architecture Accuracy Dice IoU Params (M)
Baseline U-Net (ablation) 0.9962  0.8423 0.9913 7.77
+ Residual Connections 0.9968 0.8782 0.9931 22.45
+ Attention Gates 0.9971 0.8956 0.9942 28.12

+ SE Blocks (Full Enhanced)  0.9973  0.9141 0.9947 33.04

Each module contributes measurably to the overall performance:

* Residual connections yield the largest single Dice improvement (43.59 per-
centage points, from 0.8423 to 0.8782), confirming that identity shortcuts

smooth gradient propagation in the deeper Enhanced stack.

 Attention gates add a further 4+1.74 percentage points of Dice (to 0.8956), by
directing the decoder toward task-relevant regions and suppressing background

activations at skip junctions.

* Squeeze-and-Excitation blocks contribute an additional +1.85 percentage

points (to 0.9141) through channel-wise recalibration.
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Cumulatively, the three mechanisms lift the Dice coefficient by 7.18 percentage
points. The combined improvement slightly exceeds the arithmetic sum of individual
gains, which suggests that the three mechanisms reinforce one another rather than

compete.

4.6 Comparative Experiments on Original Imbalanced Datasets

To measure the impact of the balanced dataset, the Standard U-Net was trained
and evaluated on each of the two original imbalanced datasets using the same

architecture, hyperparameters, and evaluation protocol.

4.6.1 Experiment on Dataset 1 (Akter et al.)

Dataset 1 contains 4,237 images with significant class imbalance: 1,595 no-
tumor, 649 glioma, 994 meningioma, and 994 pituitary images. It was split into
3,599 training, 319 validation, and 319 test samples using the same stratified protocol.

Table 4.6 reports the metrics.

Table 4.6: Standard U-Net performance on original Dataset 1 (Akter et al.).

Metric Training Validation  Test

Loss 0.0044 0.0376 0.0100
Accuracy 0.9981 0.9939 0.9979
Dice Coefficient  0.9334 0.8476 0.8014
IoU 0.9946 0.9873 0.9953

Image-level classification reveals the effect of class imbalance. Although the
model achieves precision 1.00 on glioma, its recall is only 0.69—31% of glioma
cases are misclassified, a clinically unacceptable rate. The no-tumor class (the
majority, with 2.46x more samples than glioma) reaches recall 0.99 but precision

only 0.92. Figure 4.6 shows this asymmetric pattern.

4.6.2 Experiment on Dataset 2 (MAT Format)

Dataset 2 contains 3,064 images of three tumor types without any no-tumor
samples: 1,426 glioma, 708 meningioma, and 930 pituitary. It was split into 2,426
training, 319 validation, and 319 test samples. Table 4.7 reports the metrics.

The most important finding on Dataset 2 is that the model cannot detect healthy
tissue at all. Because Dataset 2 contains no no-tumor samples, the trained model
achieves 0% precision and 0% recall on the background class, despite a pixel-wise

accuracy of 99.38%. Every healthy scan would be classified as containing a tumor—a
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Figure 4.6: Normalized confusion matrix for the Standard U-Net trained on Dataset
1. Glioma recall is only 0.69, because the minority glioma class is under-represented
in training.
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Figure 4.7: Training dynamics for the Standard U-Net on Dataset 1: (a) loss, (b)
accuracy, (c) Dice, and (d) IoU. Fast initial convergence masks an over-fit to the
majority class distribution.

Table 4.7: Standard U-Net performance on original Dataset 2 (MAT Format).

Metric Training Validation  Test

Loss 0.0044 0.0331 0.0341
Accuracy 0.9981 0.9942 0.9938
Dice Coefficient  0.9335 0.8542 0.8306
IoU 0.9946 0.9876 0.9868
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True: Pituitary | Pred: Pituitary

True: Meningioma | Pred: Meningioma

True: Background | Pred: Background

True: Glioma | Pred: Glioma

Figure 4.8: Qualitative segmentation results from the Standard U-Net trained on
Dataset 1. From left to right: original MRI, ground-truth mask, and predicted mask.
The model tends to under-segment glioma (the minority class).



clinically unusable failure mode hidden by the aggregate accuracy metric. Figure 4.9

confirms this pattern.
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Figure 4.9: Normalized confusion matrix for the Standard U-Net trained on Dataset
2. Background recall is 0% because Dataset 2 contains no healthy samples.

Notably, glioma recall on Dataset 2 (0.82) is higher than on Dataset 1 (0.69),
because Dataset 2 contains more glioma samples (1,426 versus 649)—more examples
translate into better recall for that class.

4.6.3 Comprehensive Dataset Comparison

Table 4.8 consolidates the Standard U-Net performance across the three

datasets, and Table 4.9 shows the per-class classification metrics.

Table 4.8: Comprehensive Standard U-Net performance comparison across datasets.

Metric Dataset 1 Dataset 2 Balanced
Total Images 4,237 3,064 6,380
Classes 4 3 4
Class Balance Imbalanced Imbalanced (missing class) Balanced
Test Accuracy 99.79% 99.38% 99.62%
Test Dice 0.8014 0.8306 0.8423
Test IoU 0.9953 0.9868 0.9913

These results lead to several conclusions:

* Dataset 1 limitations. The 2.46:1 imbalance between no-tumor and glioma

reduces glioma recall to 0.69 even though aggregate accuracy is 99.79%.
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Figure 4.10: Training dynamics for the Standard U-Net on Dataset 2: (a) loss, (b)
accuracy, (c) Dice, and (d) IoU. The curves look healthy in isolation, but the absence
of no-tumor samples makes the model clinically unusable.

True: Pituitary | Pred: Pituitary

Figure 4.11: Qualitative segmentation results from the Standard U-Net trained on
Dataset 2. From left to right: original MRI, ground-truth mask, and predicted mask.
Tumor delineation is reasonable, but the model cannot identify healthy tissue regions.
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Table 4.9: Image-level classification across datasets (P = precision, R = recall).

Dataset 1 Dataset 2 Balanced
P R P R P R
Background (No Tumor) 0.92 099 0.00 0.00 093 0.93

Class

Glioma 1.00 0.69 0.99 0.82 097 0.87
Meningioma 092 095 097 0.85 095 0.93
Pituitary 095 1.00 094 099 0.89 1.00
Mean 095 091 0.73 0.67 094 0.93

* Dataset 2 limitations. The absence of no-tumor samples produces 0% back-
ground recall—a clinically catastrophic failure mode hidden by aggregate

accuracy.

* Balanced dataset. The balanced dataset achieves the highest Dice (0.8423)
and consistent per-class classification metrics (mean precision 0.94, mean

recall 0.93). No class shows the extreme failures of the original datasets.

 Clinical viability. Only the balanced dataset yields a model suitable for
clinical deployment, where consistent performance across all categories is

required.

4.7 Comparison with Related Work

Table 4.10 compares the Enhanced U-Net against representative methods
from the brain tumor analysis literature. Because published studies use different
datasets, class definitions, and evaluation protocols, these numbers are not fully
commensurable; the comparison is therefore intended to position the present results
within the broader landscape rather than to claim a direct head-to-head win.

Among the studies that match the task definition of this thesis (four-class joint
classification and segmentation on 2D T1 MRI, including a healthy class), Akter
et al. (2024) is the most directly comparable. The Enhanced U-Net proposed here
improves on their reported level by approximately 6 percentage points of Dice while
also preserving the joint classification—segmentation property. BRATS-based studies
are reported in this comparison even though they target a different problem — whole-
tumor and tumor-core segmentation on multi-modal 3D volumes (T1, Tlce, T2,
FLAIR) — because they constitute the most thoroughly benchmarked family of brain
tumor segmentation systems and therefore set a meaningful upper-bound reference
for the level of segmentation quality that strong U-Net-family architectures can reach

on the brain tumor task in general. BRATS results are not directly comparable to the
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Table 4.10: Comparison of the proposed Enhanced U-Net against representative
deep learning methods for brain tumor segmentation. Results reported on different
datasets are not fully commensurable and are shown here for positioning purposes

only.

Study Dataset Architecture Dice Notes
Havaei et al.,, 2017 BRATS 2013 TwoPathCNN 0.88 Multi-modal; 2D
(Havaei et al., 2017) (whole) patch-based
Pereira et al., 2016 BRATS 2013 Hierarchical CNN 0.88 Multi-modal;
(Pereira et al., 2016) (whole) patch-based
Kermi et al., 2018 BRATS 2018 U-Net variant 0.87 Multi-modal; vol-
(Kermi et al., 2018) (whole) umetric
Myronenko, 2018 (My- BRATS 2018 3D U-Net + autoen- 0.91 Multi-modal;
ronenko, 2018) coder reg. (whole) volumetric; chal-
lenge winner
Isensee et al., 2021 Multiple (incl. nnU-Net (self- 0.88 (avg.) Reference frame-
(Isensee et al., 2021) BRATS) configuring) work
Akter et al., 2024 (Ak- Custom 4-class Standard U-Net ~0.85 Same dataset
ter et al., 2024) (joint) family; no resid-
ual/attention/SE
This thesis, 2026 Balanced 4-class Enhanced U-Net 0.9141 2D; single modal-

2D

(Res + Att + SE)

ity; joint classif.

+ segm.

2D single-modality four-class Dice reported here, since BRATS systems use four
input modalities and full 3D context whereas this thesis uses a single T1 channel and
one 2D slice at a time; the useful context they provide is therefore not a head-to-head
ranking but a calibration reference. With that calibration in mind, the test Dice of
0.9141 obtained in this thesis on a more constrained 2D single-modality setting falls
within the same performance regime (0.87-0.91 whole-tumor Dice) as established
multi-modal volumetric baselines, which indicates that the Enhanced U-Net extracts
close to the achievable level of segmentation quality given the information available

in a single 2D T1 slice.

4.8 Research Question Mapping

Table 4.11 maps each research question posed in Chapter I to the specific

findings that answer it.

4.9 Summary of Results
The main findings of this chapter are:
1. On the balanced dataset, the Enhanced U-Net reaches test accuracy 99.73%,
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Table 4.11: Mapping of research questions (RQs) to the findings of this thesis.

RQ Question Answer / Evidence
RQ1 Accuracy of the unified model (pixel- Enhanced U-Net: test accuracy 99.73%, Dice
and image-level) 0.9141, IoU 0.9947 (Table 4.1); mean image-level
precision/recall 0.983 (Table 4.3).
RQ2 Enhanced vs. Standard U-Net and mod- Enhanced U-Net improves Dice by 7.18 pp and
ule contribution mean classification by 4.8 pp over the Stan-
dard baseline under identical conditions (Ta-
bles 4.1, 4.3). Ablation: +3.59 pp (residual), +1.74
pp (attention), +1.85 pp (SE) (Table 4.5).
RQ3 Effect of class imbalance and value of Dataset 1: glioma recall only 0.69; Dataset 2: back-
the balanced dataset ground recall 0.00; balanced dataset: mean recall
0.93 (Tables 4.8, 4.9). Balanced dataset also yields
the highest Dice (0.8423 vs. 0.8014 vs. 0.8306).
RQ4 Consistency and efficiency of the uni- Image-level label is a deterministic function of the
fied multi-task design segmentation output, so outputs are consistent by
construction. Inference produces both outputs in
one forward pass (100-150 ms).
Dice 0.9141, IoU 0.9947, and mean image-level precision and recall of 0.983,
outperforming the Standard U-Net baseline.

2. The ablation study confirms that residual connections, attention gates, and
SE blocks each contribute to the final performance, with residual connections
providing the single largest gain.

3. Qualitative segmentation comparisons show sharper boundaries, better detec-
tion of small tumors, and fewer false positives for the Enhanced U-Net.

4. Comparative experiments on the original imbalanced datasets reveal severe
per-class failures (glioma recall 0.69 on Dataset 1, background recall 0.00 on
Dataset 2), confirming the importance of the balanced dataset.

5. When positioned against related work, the Enhanced U-Net obtains Dice scores

competitive with published methods on comparable task definitions.
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CHAPTER V
DISCUSSION

5.1 Overview

This chapter interprets the experimental results of Chapter IV in relation to the
research questions formulated in Chapter I and the literature reviewed in Chapter II.
The chapter is organized into six sections. Section 5.2 discusses the overall perfor-
mance of the Enhanced U-Net. Section 5.3 analyzes the individual contributions
of the architectural modules in light of the ablation study. Section 5.4 interprets
the comparative dataset experiments and articulates the clinical risks exposed by
class imbalance. Section 5.6 discusses clinical implications and prerequisites for
deployment. Section 5.7 states the limitations of the study. Section 5.8 positions the

results against related work.

5.2 Performance Analysis

The results show that the Enhanced U-Net improves on the Standard U-Net
baseline across all evaluated metrics. The 7.18 percentage-point gain in Dice (from
0.8423 to 0.9141) translates into tighter agreement with the ground-truth masks,
which is important for applications where boundary accuracy matters, such as
radiotherapy contouring and surgical planning. The IoU of 0.9947 confirms strong
spatial agreement with the expert annotations, and the pixel-wise accuracy of 99.73%
reflects dependable overall performance.

The image-level classification results are consistent with the segmentation
gains. The Enhanced U-Net reaches mean precision and recall of 0.983, compared to
0.935 and 0.933 for the Standard U-Net. Precision of 1.00 on glioma and pituitary,
and 0.99 on meningioma, indicate that false alarms are rare. Recall of 1.00 on
meningioma and pituitary and 0.99 on background indicates that positive cases are
rarely missed. The weakest image-level metric for the Enhanced model is glioma
recall (0.94), which still represents a clear improvement over the Standard U-Net’s
0.87. These findings address research question RQ1 directly.

The training dynamics (Figures 4.3 and 4.4) also indicate that the architectural
refinements improve not only the final performance but also the optimization behavior.
Both networks reach a validation Dice of about 0.85 within roughly the first ten
epochs, but the Standard U-Net then plateaus and oscillates around that level for
the rest of training, whereas the Enhanced U-Net continues improving steadily and
converges to a peak validation Dice of 0.9165. Combined with a narrow train—

validation gap, this is consistent with the classical motivation for residual learning
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(He et al., 2016).

5.3 Contribution of Architectural Modules

The ablation study (Table 4.5) answers research question RQ2: the advantage
of the Enhanced U-Net over the Standard U-Net is not due to a single component
but to the combined contribution of all three.

Residual connections yield the largest single Dice gain (+3.59 percentage
points). This is consistent with the original argument for residual learning: identity
shortcuts smooth gradient propagation and let the network learn incremental correc-
tions rather than full transformations (He et al., 2016; Zhang et al., 2018). In medical
segmentation, where output quality often depends on fine boundary adjustments
rather than large feature changes, this property is directly relevant.

Attention gates add a further +1.74 percentage points of Dice. By modulating
skip-connection features with a learned, spatially varying coefficient, attention
gates let the decoder focus on regions that the encoder signals as informative while
suppressing background activations (Oktay et al., 2018). In brain MRI, where the
tumor typically occupies only a small fraction of the image, this selective behavior
is especially useful. The qualitative results (Section 4.4) support this interpretation,
showing fewer spurious activations in healthy tissue for the Enhanced model.

Squeeze-and-Excitation blocks contribute +1.85 percentage points through
channel-wise recalibration. By modeling inter-channel relationships explicitly, SE
blocks let the network amplify diagnostic features and attenuate uninformative ones
(Hu et al., 2018). Different channels in a feature map may capture different aspects
of a lesion (for example, contrast-enhancing regions versus characteristic textures),
and adaptive re-weighting lets the network emphasize the most informative channels
on a per-image basis.

The combined improvement (+7.18 percentage points) slightly exceeds the
simple arithmetic sum of individual gains, which suggests that the three mecha-
nisms reinforce one another: residual shortcuts stabilize optimization for the deeper
Enhanced stack, attention gates then have better-quality skip features to modulate,
and SE modules further refine the channel representations on which both depend.
This interaction is one motivation for integrating the three mechanisms into a single
architecture rather than adopting them in isolation.

The composite loss function also plays an important role. Cross-entropy
provides stable pixel-level gradients. Focal loss, with the largest weight (0.35),
concentrates gradients on ambiguous boundary pixels. Dice loss directly optimizes

the overlap metric used for evaluation. The boundary term (weight 0.10) contributes
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edge-refining gradients without destabilizing early training. The weighting (0.25 :
0.35: 0.30 : 0.10) was determined empirically.

5.4 Dataset Curation and Class Imbalance

The comparative experiments on the two original datasets (Section 4.6) answer
research question RQ3 and yield one of the most clinically relevant findings of this
thesis. On Dataset 1, the 2.46:1 imbalance between no-tumor and glioma reduces
glioma recall to 0.69, which means that about one in three glioma cases would be
missed if this model were deployed. On Dataset 2, the complete absence of no-tumor
samples causes 0% recall on the background class, which means that every healthy
scan would be classified as containing a tumor. Both failure modes are hidden by
the headline accuracy figures (99.79% on Dataset 1, 99.38% on Dataset 2) and only
become visible in the per-class breakdown.

These results support several observations. First, aggregate metrics can conceal
catastrophic per-class failures. This is a long-standing concern in imbalanced learning
(Litjens et al., 2017; Shen et al., 2017; Buda et al., 2018), and the present experiments
illustrate it concretely in the brain tumor context. Second, missing classes cannot be
corrected by architectural improvements—Dataset 2’s inability to recognize healthy
tissue is a consequence of the training distribution itself, and no modeling technique
can endow the network with a representation of a class that it has never encountered.
Third, the hybrid resampling strategy used in this thesis (undersampling majority
classes and merging minority samples from a second dataset) preserves expertly
annotated data and avoids the artifacts that come with synthetic augmentation such as
SMOTE or GAN-based methods. The balanced dataset also yields the highest Dice
among the three training conditions, which suggests that balanced training improves
boundary delineation overall, not only per-class classification.

These findings also address research question RQ4. Because the image-level
label is derived directly from the segmentation output, the two outputs are consistent
by construction: the model cannot, for example, classify a scan as “pituitary tumor”
while producing a segmentation dominated by glioma pixels. Running both tasks in
a single forward pass halves the inference cost relative to a decoupled pipeline. A
trade-off of this design is that errors in the segmentation head propagate directly to
the classification head; improvements in segmentation quality therefore translate into
classification improvements, as the comparison between the Standard and Enhanced
U-Nets shows.
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5.5 Reliability and Trustworthiness of Predictions in a High-Stakes Medical
Setting

Because brain tumor analysis is a high-stakes medical application, a high head-
line accuracy — 99.73% on the balanced test set — is not by itself a sufficient claim
of trustworthiness. A model can post excellent aggregate numbers and still fail in
clinically dangerous ways: missing minority classes silently, confusing tumor types
whose treatments differ, or producing over-confident outputs on out-of-distribution
scans. This section sets out, on the basis of the empirical evidence already presented
in Chapter IV, the specific reasons to consider the proposed model’s predictions
reliable, and the specific limitations that any clinical deployment would still need to

address.

5.5.1 Internal Reliability Evidence

Six observations support the internal reliability of the reported metrics on
the test partition. They follow directly from the design of the experiments and the
per-class breakdown of the results.

(i) Per-class metrics, not just aggregates. Pixel-level accuracy is domi-
nated by background pixels and can mask catastrophic failures on tumor classes
(Section 5.4). This thesis reports precision, recall, Dice, and IoU on every class sepa-
rately throughout (Tables 4.4, 4.3, 4.9). On the balanced corpus, the worst per-class
metric of the Enhanced U-Net is glioma recall at 0.94, which is materially better than
the 0.69 glioma recall obtained on Dataset 1 alone. This concrete per-class evidence
is what distinguishes a model whose aggregate accuracy is genuinely useful from
one whose aggregate accuracy is statistically lucky.

(ii) Confusion-matrix patterns are clinically sensible. The Enhanced U-
Net confusion matrix (Figure 4.2) shows that the residual errors are dominated
by glioma—-meningioma confusion. This is the clinically expected failure mode —
both lesions can present with overlapping signal patterns on T1 MRI and require
additional sequences for definitive subtyping. The fact that the errors fall along a
clinically plausible axis, rather than scattering randomly or collapsing into a single
class, is evidence that the model has learned meaningful tumor features rather than
dataset shortcuts.

(iii) Consistency between segmentation and classification by construction.
Because the image-level label is computed as a deterministic function of the segmen-
tation output (Equation 3.3), the model cannot produce contradictory outputs (for
example, a “glioma” classification with a pituitary-region segmentation). Internal

consistency is a structural property of the architecture, not an emergent one, which
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removes one important failure mode entirely.

(iv) Robustness shown by the comparative experiments. The comparative
experiments on the two original datasets (Section 4.6) explicitly probe what happens
when the training distribution is mis-aligned: Dataset 1 misses 31% of gliomas, and
Dataset 2 misclassifies 100% of healthy scans. The balanced model corrects both
failure modes (mean recall 0.93). This means the high test metrics on the balanced
corpus are not a brittle peak but the result of a training distribution that exposes
the model to all four classes in sufficient quantity, which is precisely the property a
clinical deployment would require.

(v) No evidence of overfitting. The five lines of evidence catalogued in Sec-
tion 4.3.4 — small train—validation—test gap, no validation turnaround, multiple
active regularisers, fixed seed and stratified holdout, and the comparative experi-
ments themselves — indicate that the high metrics reflect generalisation rather than
memorisation.

(vi) Interpretable spatial evidence. Unlike a black-box classifier that emits
only a class label, every image-level prediction in this thesis is accompanied by a
segmentation mask that shows where the model believes the tumor is. A radiologist
can therefore audit the prediction visually, accept it when the mask aligns with the
lesion that is clinically present, or flag it when it does not. This kind of visible spatial
evidence is what Esteva et al. (2019) and Topol (2019) identify as a prerequisite for
trustworthy clinical Al

(vii) Informal expert clinical review of the outputs. In addition to the
computational evaluation, the segmentation outputs and confusion-matrix patterns
produced by the Enhanced U-Net were informally reviewed by an experienced medi-
cal practitioner from outside the research team. The reviewer was asked to inspect
representative segmentation predictions for each of the four classes and to comment
on whether the highlighted regions corresponded to the radiological appearance she
would expect for those tumor categories. Her assessment was that the model’s delin-
eations were clinically consistent with the appearance of the respective lesions and
that the residual errors observed (notably the glioma—meningioma confusions visible
in Figure 4.2) reflected genuinely difficult radiological cases rather than failures of
the model to learn meaningful features. This review is informal and is not a substitute
for the formal reader study and prospective validation that would be required before
deployment (see Section 5.6); it is reported here only as an additional, independent,

clinically informed check that complements the quantitative evidence above.
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5.5.2 Limits of What the Reported Metrics Establish

The same evidence also makes plain what the reported metrics do not establish,
and these limits need to be acknowledged honestly before any claim of clinical
reliability is made.

Single-site, single-modality evidence. All test data come from the same
merged corpus drawn from two public sources of T1-weighted brain MRI. Generali-
sation to scanners with different magnetic field strengths, manufacturers, acquisition
protocols, or patient demographics has not been measured. This is the standard
concern of external validation, and it is a precondition of any deployment claim
regardless of how high the in-domain test metrics are.

No uncertainty estimates. The current model produces point predictions
only. It does not flag scans on which its own confidence is low, which means that
a clinician cannot distinguish between cases the model is sure about and cases it is
guessing on. Uncertainty quantification — Monte Carlo dropout, deep ensembles, or
Bayesian neural networks — is an important next step for clinical use, and is listed
as future work in Chapter VI.

No prospective clinical evaluation. The metrics in this thesis are computed on
a retrospective benchmark. They establish that the model behaves correctly on data
structurally similar to the training distribution. They do not establish that the model
improves clinical outcomes in prospective use, which would require a designed
reader study and ultimately a clinical trial.

Reader study, calibration, and decision-curve analysis remain to be done.
Standard validation for clinical machine learning includes comparison against multi-
ple human readers, probability-calibration analysis (so that a reported probability
of 0.9 actually means a 90% likelihood), and decision-curve analysis showing net
clinical benefit at different operating thresholds. None of these have been performed

for the present model.

5.5.3 What “Trustworthy” Means in This Context

For these reasons, the appropriate claim is the following. On the in-domain
balanced test partition, the Enhanced U-Net’s predictions are supported by per-class
metrics, by an internally consistent multi-task formulation, by interpretable spatial
evidence, by an explicit anti-overfitting analysis, and by comparative experiments
that locate failure modes precisely. The reported metrics therefore meet the bar
for a strong retrospective baseline and a candidate for further clinical validation.
They do not, on their own, license clinical deployment; the additional steps of

external validation, uncertainty quantification, prospective reader studies, calibration
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analysis, and regulatory review — discussed further in Section 5.6 — are part of
what would have to follow this thesis before the system could be used to inform
patient management. Stating both halves of this picture explicitly is itself part of

what it means to claim that the predictions are trustworthy.

5.6 Clinical Implications

Although the headline gain of the Enhanced U-Net over the Standard U-Net
may appear modest in absolute numbers (a 7.18 percentage-point increase in Dice
from 0.8423 to 0.9141), this kind of improvement carries disproportionate clinical
weight in brain tumor imaging. Brain tumors — particularly pituitary lesions and
small early-stage gliomas — often occupy only a small fraction of the imaged
volume, and the regions where the Standard U-Net under-segments are precisely the
regions that matter most for surgery and radiotherapy planning, where errors of a few
millimetres in contour position translate into real clinical risk. A Dice improvement
that looks small at the pixel level therefore corresponds, in the per-class analysis of
Table 4.4, to a 16.3% improvement on the pituitary class — the very class for which
the geometric tolerance is tightest. This argument should be kept in mind when
reading the metric-level results below. Several attributes of the proposed framework

are relevant for clinical use:

* Diagnostic accuracy. Pixel-wise accuracy 99.73%, Dice 0.9141, and mean
image-level precision and recall of 0.983 indicate that the model can provide

useful automated support for tumor localization and classification.

* Consistent per-class performance. Uniform metrics across all four categories,
including healthy parenchyma, reduce the risk of silent per-class failures that

would undermine clinical trust.

» Simultaneous classification and segmentation. One forward pass produces

both outputs, and the two are consistent by construction.

« Efficiency. Inference latency of 100—150 ms on a commodity GPU is compati-

ble with near-real-time clinical use.

However, several prerequisites must be met before a research model can be

deployed in a clinical setting:

« External validation. Prospective evaluation on data from other institutions
and with varied imaging protocols is needed to assess generalization and

domain shift.
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* Regulatory compliance. Deployment requires conformance to medical-device
regulatory pathways and interoperability with PACS/DICOM systems.

* Workflow integration. The interface for presenting predictions to radiologists

must be designed with end users and must not disrupt existing workflows.

* Uncertainty quantification. Safe clinical use requires the model to flag am-
biguous predictions for expert review. Monte Carlo dropout, deep ensembles,

or Bayesian approaches are candidate methods.

* Longitudinal monitoring. Once deployed, model performance must be
monitored continuously to detect drift caused by scanner upgrades, protocol

changes, or shifts in patient population.

These considerations are consistent with current recommendations for respon-
sible deployment of Al in radiology (Esteva et al., 2019; Topol, 2019).

5.7 Limitations
Several limitations of this study should be stated plainly:

2D analysis. The model processes 2D slices independently and does not use
3D context from volumetric MRI. This choice was driven by the source data

format and by computational cost.

 Single modality. Training used T1-weighted (including contrast-enhanced
T1) data only. Clinical practice typically combines several sequences (T1, T2,
FLAIR).

* Limited dataset diversity. Although the final corpus merges two datasets,
both share broadly similar imaging characteristics. Generalization to scanners,
protocols, or populations that differ substantially from the training data is not
guaranteed.

* Dataset size. 6,380 images is a substantial corpus but still modest by the
standards of contemporary medical imaging research. Larger datasets could

further improve robustness, especially for rare tumor subtypes.

* No tumor subtyping or grading. The framework classifies main tumor

categories only; histological subtyping and WHO grading are not addressed.

* No external clinical evaluation. The evaluation is purely computational;

prospective assessment by radiologists has not been performed.
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* Residual boundary smoothing. Although the boundary-aware loss term
improves contour fidelity, some boundary smoothing remains relative to expert

ground-truth delineations.

These limitations are acknowledged openly and are translated into future-work

directions in Chapter VI.

5.8 Comparison with Related Work

Table 4.10 in Chapter IV positions the Enhanced U-Net within the broader
landscape. Several observations are relevant here.

Among studies that match the task definition of this thesis—four-class joint
classification and segmentation on 2D T1 MRI including a healthy class—the most
directly comparable work is Akter et al. (2024), which uses a portion of the same
source data. They report joint classification and segmentation using a standard
U-Net with a simpler loss formulation. The Enhanced U-Net improves on their
approach by embedding residual connections, attention gates, and SE modules in the
encoder—decoder backbone, and by using a composite loss that explicitly includes a
boundary-aware term. The Dice coefficient of 0.9141 reported here is higher than the
values typically reported for standard U-Net baselines on comparable 2D multi-class
tasks.

Studies on the BRATS benchmark (Menze et al., 2015; Bakas et al., 2018)
typically report whole-tumor Dice in the 0.87-0.91 range (Havaei et al., 2017; Pereira
et al., 2016; Kermi et al., 2018; Myronenko, 2018). These numbers are not directly
comparable to the 0.9141 reported here, because BRATS uses a different class
taxonomy (tumor sub-regions rather than histological types), multi-modal inputs,
and volumetric data. The comparison is included in Table 4.10 only for positioning
purposes.

A further observation is that most published brain tumor works report aggregate
metrics only. The comparative experiments on the original imbalanced datasets
presented in Chapter IV show that aggregate metrics alone can be highly misleading,
and that a structured per-class breakdown together with deliberate dataset curation is
essential for producing clinically trustworthy models. This is one of the reasons why
the present work reports per-class precision, recall, and Dice throughout, rather than

relying on aggregate numbers.

5.8.1 Factors Contributing to the Dice-Score Difference with Prior Work

The test Dice of 0.9141 reported in this thesis is higher than the ~0.85 reported
by Akter et al. (2024) on the closest comparable task (2D, 4-class, joint classification
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and segmentation). Six concrete factors contribute to this gap; together they account
for the 6-7 percentage-point margin in Dice and are listed here in roughly decreasing
order of empirical contribution.

1. Architectural enhancements (residual + attention + SE). The ablation
study (Table 4.5) decomposes the gain over a small baseline U-Net into +3.59 pp
Dice from residual connections, +1.74 pp from attention gates, and +1.85 pp from
SE blocks, totalling 7.18 pp. This is the single largest source of the difference and
is the proximate reason why the Enhanced U-Net outperforms a Standard U-Net
trained under identical conditions on the same data (Table 4.1). The mechanisms
involved — gradient-friendly residual learning (He et al., 2016; Zhang et al., 2018),
spatially selective skip-feature modulation (Oktay et al., 2018), and channel-wise
recalibration (Hu et al., 2018) — act on three different bottlenecks of the canonical
U-Net (deep gradient flow, skip-connection noise, channel-level feature emphasis),
which is why their effects combine slightly super-additively rather than competing.

2. Composite loss with an explicit boundary term. The training objective
L =0.25Lcg + 0.35 Loea + 0.30 Lgice + 0.10 Lyoundary targets four distinct failure
modes that single-term losses do not: focal loss concentrates gradients on hard pixels
(Lin et al., 2017), Dice loss directly optimises the evaluation metric (Milletari et
al., 2016), cross-entropy stabilises early-epoch gradients, and the boundary term
sharpens contour fidelity (Kervadec et al., 2019). The Standard U-Net of Akter et
al. (2024) does not include an explicit boundary term; given that Dice is sensitive to
boundary disagreement on small lesions, this is a plausible contributor to the gap.

3. Class-balanced merged dataset. Training on the balanced corpus (1,595
per class) rather than on either source in isolation directly improves the per-class Dice
scores that contribute to the weighted mean. The same Standard U-Net architecture
obtains Dice 0.8014 on Dataset 1 and 0.8306 on Dataset 2 (Tables 4.6, 4.7) but
0.8423 on the balanced corpus, a margin of +0.04 in Dice from dataset curation alone
before any architectural changes. The minority-class Dice (particularly pituitary
at 0.7332 in the Standard U-Net, lifted to 0.8529 in the Enhanced U-Net) is the
principal driver of the weighted mean, and balancing the dataset directly addresses
the source of this minority-class deficit.

4. Multi-task formulation reinforces the segmentation signal. Because the
image-level label is derived from the segmentation, improvements in segmentation
translate into improvements in classification and vice versa. The shared encoder is
exposed simultaneously to spatial-pixel supervision (Dice + focal + CE + boundary)
and to whatever implicit regularisation the multi-task objective provides. Pipelines
that decouple the two heads do not benefit from this coupling.

5. Composite training schedule. Cosine learning-rate annealing, mixed-
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precision arithmetic, ReduceLROnPlateau backup, and validation-Dice early stop-
ping together allow the model to keep improving up to the 80-epoch budget without
overfitting. The Standard U-Net plateaus around epoch 15 and is held back by
training dynamics rather than by capacity (Figure 4.3); the Enhanced U-Net needs
the full training budget to extract its additional Dice (Figure 4.4).

6. Evaluation protocol. The Dice reported here is the mean Dice across the
four output channels (Section 3.3), including a near-perfect background channel
(Dice ~0.998). Studies that report only foreground Dice or only tumor-region Dice
will produce numerically lower values for the same prediction quality. This is not
a difference in model quality but a difference in metric definition, and it is worth
flagging when reading the row-by-row comparison in Table 4.10.

The combined effect of these six factors is consistent with the observed margin.
Within the same architectural family (U-Net-like, 2D, four-class), factors 1-4 are
within the control of the modelling decisions made in this thesis and account for
the majority of the gap; factors 5 and 6 are smaller but real. Across architectural
families (for example, against 3D multi-modal BRATS systems), factors related to
input modality and dimensionality dominate and the Dice numbers are not directly

comparable, as already noted in Section 5.8.
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CHAPTER VI
CONCLUSION AND FUTURE WORK

6.1 Conclusion

This thesis has presented a deep learning framework for brain tumor classifica-
tion and segmentation on 2D MRI scans, centered on a proposed Enhanced U-Net
architecture and a class-balanced merged dataset. By combining residual shortcuts,
attention gates, and Squeeze-and-Excitation modules within a unified multi-task
pipeline, and by deriving the image-level classification output directly from the
segmentation output, the work shows that architecturally modest but carefully de-
signed refinements—together with deliberate dataset curation—can yield substantial
improvements over a Standard U-Net baseline.

The main contributions of this thesis are:

1. Balanced dataset construction. A class-balanced corpus of 6,380 brain MRI
images was constructed by merging two publicly available datasets, enforcing
100% image—mask correspondence, and applying a hybrid resampling strategy

to reach exactly 1,595 samples per class across four categories.

2. Unified multi-task framework. A single Enhanced U-Net backbone produces
both pixel-level segmentation maps and image-level tumor-type labels in one
forward pass. The image-level label is computed as a deterministic function of

the segmentation output, so that the two outputs are consistent by construction.

3. Enhanced U-Net architecture. A refined U-Net design that integrates residual
connections, attention gates at every skip junction, and Squeeze-and-Excitation

modules for channel recalibration.

4. Composite loss function. A multi-term training objective combining categor-
ical cross-entropy, focal loss, Dice loss, and a boundary-aware term, which
addresses overlap, class imbalance, and boundary fidelity within a single

training signal.

5. Empirical evidence on class imbalance. Comparative experiments on the
original imbalanced datasets produced reproducible evidence of the clinical
risks of class skew: 0.69 glioma recall on Dataset 1 (31% of glioma cases
missed) and 0.00 background recall on Dataset 2 (every healthy scan classified
as tumor-bearing). These findings elevate dataset curation from a peripheral

concern to a central methodological contribution.
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6. Structured ablation analysis. An ablation study shows that residual connec-
tions yield the single largest Dice gain (+3.59 percentage points), attention
gates add +1.74 percentage points, and SE blocks add +1.85 percentage points,
with the combined mechanisms producing a slightly super-additive effect.

7. Strong empirical results. On the balanced test set, the Enhanced U-Net
reaches pixel-wise accuracy 99.73%, Dice 0.9141, IoU 0.9947, and mean
image-level precision and recall of 0.983, outperforming the Standard U-Net

baseline.

8. Indicators of clinical viability. Consistent per-class performance, sub-second
inference latency, and improved boundary fidelity make the model a plausible
basis for further clinical validation, subject to the prerequisites identified in
Chapter V.

These outcomes address the four research questions posed in Chapter I. RQ1
is answered by the high pixel-level and image-level metrics of the Enhanced U-Net
on the balanced test set. RQ2 is answered by the controlled architectural comparison
under identical training conditions and by the ablation study that quantifies the
contribution of each module. RQ3 is answered by the comparative experiments on
the original imbalanced datasets, which reveal per-class failures invisible in aggregate
metrics and confirm the importance of dataset curation. RQ4 is answered by the
unified multi-task formulation, which yields internally consistent classification and
segmentation outputs in a single forward pass.

Taken together, the quantitative metrics, qualitative visualizations, ablation
analysis, and comparative experiments support the central claim of this thesis: com-
bining targeted architectural refinements (residual, attention, SE) with a unified
multi-task design and a carefully curated balanced dataset produces a model that is

more reliable than any of these ingredients in isolation.

6.2 Future Work

Several directions extend naturally from this research.

1. Extension to 3D volumetric analysis. Adapting the Enhanced U-Net to volu-
metric MRI would use richer 3D spatial context and could improve the delineation
of complex or irregularly shaped lesions. Such an extension requires 3D convolu-
tions, volumetric residual/attention/SE blocks, and strategies to manage memory and
computation. Architectures such as 3D U-Net (Cicek et al., 2016), V-Net (Milletari

73



et al., 2016), and autoencoder-regularized variants (Myronenko, 2018) are natural

starting points.

2. Multi-modal fusion. Integrating complementary MRI sequences (T1, T2,
FLAIR, contrast-enhanced T1, diffusion-weighted imaging) could enrich tumor char-
acterization. Early fusion (channel concatenation), late fusion (ensemble prediction),

and intermediate fusion (cross-modal attention) would each be worth investigating.

3. Uncertainty quantification. Adding confidence estimates—via Monte Carlo
dropout, deep ensembles, or Bayesian approximations—would allow the model
to flag ambiguous predictions for clinician review and is widely regarded as a

prerequisite for safe clinical use.

4. Model compression. Pruning, quantization, or knowledge distillation could
reduce the computational footprint of the Enhanced U-Net while preserving accuracy,

facilitating deployment on edge devices or resource-limited workstations.

5. Transfer learning and domain adaptation. Leveraging representations pre-
trained on large natural-image corpora or on related medical tasks may improve
generalization. Domain-adaptation techniques (adversarial training, feature align-
ment, federated learning) could further extend applicability across institutions with

different scanners and protocols.

6. Explainability. Attention overlays, class activation maps, and gradient-based
saliency methods would help clinicians understand the model’s reasoning and identify

failure modes.

7. Prospective clinical validation. Multi-institutional prospective studies are
needed to characterize real-world performance, domain shift, and clinical utility.
PACS/DICOM integration and impact evaluation on radiologist workflow are essen-

tial next steps toward deployment.

8. Tumor subtyping and grading. Extending the output beyond the four high-
level categories to include tumor subtypes, molecular markers, or WHO grading
would increase the clinical relevance of the framework. Few-shot or meta-learning

approaches may be useful when samples for rare subtypes are limited.
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9. Additional auxiliary tasks. Tasks such as tumor volume estimation, longitudi-
nal change detection, survival prediction, or treatment-response forecasting could

evolve the framework into a more comprehensive decision-support tool.

10. Continual learning. Mechanisms for incremental model updates would allow
the system to assimilate new cases over time, preventing drift as imaging technology
and diagnostic conventions evolve.

In summary, this thesis demonstrates the effectiveness of the Enhanced U-Net
together with a class-balanced dataset and a unified multi-task formulation for brain
tumor classification and segmentation on 2D MRI. It establishes a reproducible
foundation on which future work—spanning 3D extension, multi-modal fusion,
uncertainty quantification, explainability, and prospective clinical validation—can
build. Combining carefully designed deep learning architectures with curated data
and rigorous evaluation is a practical step toward reliable diagnostic systems for

neuro-oncology.
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APPENDIX A
TRAINING HYPERPARAMETER SUMMARY

Table A.1 lists the full set of hyperparameters used during training of the

Standard and Enhanced U-Nets. All values were held fixed across both networks to

ensure a controlled comparison.

Table A.1: Complete training hyperparameter configuration.

Parameter Value
Input image size 160 x 160 x 3
Mask size (one-hot) 160 x 160 x 4

Number of classes
Batch size

Maximum epochs
Optimizer

Initial learning rate
Minimum learning rate
Learning-rate schedule
ReducelLROnPlateau factor
Early-stopping patience
L2 regularization
Dropout rates

Loss weights (CE:Focal:Dice:Boundary)

Focal loss a, v

Dice loss class weights
Dice smoothing €

Data split (train/val/test)
Random seed
Framework

Hardware
Mixed-precision training

4 (no tumor, glioma, meningioma, pituitary)
16

80

Adam ($; = 0.9, 8y = 0.999)

2x 1074

1x10°7

Cosine annealing over 80 epochs

0.7 (patience 12 epochs)

25 epochs (monitor: validation Dice)
A=1x10"°

0.1-0.4 (progressive with depth)
0.25:0.35:0.30: 0.10

0.25,2.0

0.25 per class (uniform)

10°¢

90% 1 5% 1 5%

42

TensorFlow 2.x / Keras

NVIDIA Tesla P100 GPU (16 GB)
Enabled
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APPENDIX B
DATASET PREPARATION SUMMARY

This appendix summarizes the steps used to prepare the final balanced dataset.

. Download Dataset 1 (Akter et al.) and Dataset 2 (MAT Format) from their

respective public repositories.

. Convert Dataset 2 MATLAB containers (.mat files) to paired JPEG image and

mask files. Verify image—mask correspondence using naming conventions.

. Normalize image encodings to uint8 (range 0-255) and binarize masks (0 or

255) for cross-dataset consistency.

. Audit every image—mask pair across both datasets. Remove orphaned images

or masks.

. For each class, determine the combined sample count across both datasets and

apply the hybrid resampling strategy:
* No tumor: keep all 1,595 samples from Dataset 1 (Dataset 2 contains
none).

* Glioma: combine 649 from Dataset 1 with 946 selected from Dataset 2’s
1,426 samples, giving 1,595.
* Meningioma: combine 994 from Dataset 1 with 601 selected from Dataset

2’s 708 samples, giving 1,595.

* Pituitary: combine 994 from Dataset 1 with 601 selected from Dataset
2’s 930 samples, giving 1,595.

. Organize the final corpus into a hierarchical directory structure with separate

folders for images and masks, each subdivided by numeric class label (0-3).

. Perform stratified splitting into training (90%, 5,742 images), validation (5%,
319 images), and test (5%, 319 images) partitions using a fixed random seed
of 42.

. Apply the preprocessing pipeline described in Section 3.1 before feeding

batches to the network.
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APPENDIX C
CODE AND DATA AVAILABILITY

The balanced dataset was constructed from publicly available sources:

* Dataset 1 — Brain Tumor Segmentation Dataset by Akter et al. (2024),

available through the authors’ publication and associated Mendeley Data
repository.

* Dataset 2 — Brain Tumor Dataset (MAT Format) by Cheng et al. (2015),

available via Kaggle (hosted by AWSAF49) and through the original Figshare
repository.

All model implementation, training, and evaluation code was developed in
Python using the TensorFlow 2.x framework with the Keras API. Training was
performed on the Kaggle cloud platform using an NVIDIA Tesla P100 GPU. Re-
production of the reported experiments requires: (i) downloading the two source
datasets; (ii) applying the dataset-balancing procedure summarized in Appendix B;
(ii1) executing the preprocessing pipeline described in Chapter I1I; and (iv) training
the Standard and Enhanced U-Nets with the hyperparameters listed in Appendix A.
The fixed random seed (42) ensures that data splits, weight initializations, and batch
shuffling are reproducible.

Detailed architectural specifications, loss formulations, and training schedules
are documented throughout Chapter III, enabling independent re-implementation of
both networks.
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APPENDIX D
RESEARCH QUESTION TO FINDINGS MAPPING

Table D.1 provides a consolidated mapping between the four research questions

posed in Chapter I and the specific chapters, sections, tables, and figures that answer

them. This mapping supports examiner-level verification that each research question

is answered by concrete empirical evidence rather than by narrative claims alone.

Table D.1: Mapping of research questions to the evidence that answers them.

RQ

Question

Main Evidence

Key Result

RQI

RQ2

RQ3

RQ4

Accuracy of the unified En-
hanced U-Net on pixel- and
image-level metrics

Enhanced vs. Standard U-Net;
contribution of each module

Effect of class imbalance; value
of balanced dataset

Consistency and efficiency of
unified multi-task design

Table 4.1, Table 4.3, Fig-
ures 4.2, 4.5

Table 4.1, Table 4.5, Sec-
tion 4.5

Tables 4.8, 4.9; Fig-
ures 4.6, 4.9

Section 3.2, Section 3.5, Ta-
ble 4.3

Acc. 99.73%, Dice 0.9141,
ToU 0.9947; mean P/R 0.983

Dice +7.18 pp; residual
+3.59 pp, attention +1.74 pp,
SE +1.85 pp

Glioma recall 0.69 (Ds1); bg
recall 0.00 (Ds2); balanced
mean recall 0.93

Outputs consistent by con-
struction; one forward pass;
100-150 ms/image
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