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ABSTRACT

A worldwide public health crisis that is expanding, kidney illnesses, such as cysts, stones,
and tumors, are a large burden. Chronic Kidney Disease (CKD) is impacting 10% of the
world population and leads to just over 1.2 million deaths each year. Accurate, automated
identification of kidney illnesses through the use of Computed Tomography (CT) images
will contribute greatly to meeting the unreached priorities of healthcare professionals and
provide an efficient input for earlier detection of illness than current manual interpretation

processes can provide.

As a solution, this research presents a new framework of artificial intelligence, RenalViT,
that is hierarchical and utilizes transformer-based deep learning to produce algorithms that
automatically classify CT images of the kidney into four clinically relevant categories:
Normal, Cyst, Stone, or Tumor. RenalViT uses multiple techniques including 16 x 16 patch
tokenization, learnable positional embeddings, four transformer encoder blocks with 4 multi-
head self-attention mechanisms, GELU activation functions in the 3 MLP sub-layers of the
transformer encoder block, and an inverse frequency class weighting loss function, to

mitigate class imbalance in the dataset used.

To ensure the strength of the results produced by Renal ViT a systematic benchmark against
4 widely used convolutional neural network (CNN) architectures: VGG16, ResNet50,
DenseNet121 and EfficientNetB3 was completed under the exact same experimental setting
parameters on a publicly available CT Kidney Image Dataset containing 12,438 CT images.
All models were trained using the identical pre-processing, augmentation, hyper-parameter
configuration and evaluation protocols to allow for equitable and systematic automated
comparison. The results of this study demonstrate that RenalViT has performed superiorly
in effectively classifying images when benchmarked against the aforementioned
architectures. As a result, RenalViT represents a powerful tool that can be used to assist
clinicians with the identification of kidney ailments at a higher level than they are currently

able to achieve.

The results of the experiment indicate an important outcome for the RenalViT framework in
comparison with CNN baselines as follows: classification accuracy = 98.96%, weighted
precision = 99.02%, weighted recall = 98.96%, weighted F1-score = 98.99%, AUC-
ROC=0.997. When compared to the best performing CNN baseline (EfficientNetB3:

75.16% accuracy), these results equate to significant increases of 23.80 percentage points

xii



(pp) accuracy, 22.80 pp precision and 23.31 pp F1 Score. The confusion matrix suggests that
the classification of each disease category is near-perfect with all false negative rates < 2%,

which includes the clinically most important Tumor class.

The RenalVIiT framework has made five main contributions: (i) a purpose-designed
hierarchical Transformer for Kidney CT classification, (ii) a clinical rationale behind the use
of a class-weighted loss function, (iii) a valid systematic comparison of CNN versus
Transformer architecture under identical hardware, (iv) an exhaustive evaluation of
architectural components including activation functions and optimizers and (v) five peer-

reviewed publications including a mix of journal and conference papers.
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CHAPTER -1
Introduction

Kidney illness represents an extensive and increasing worldwide health issue and there are
thousands of millions of people globally that suffer from drinking issues as a result of CKD,
cysts and stone and tumors. Medical imaging plays a major role in identifying kidney
problems early and accurately, making it important for physicians to have the tools to do so.
As a result, this chapter will provide a description, motivation, problem definition and
objectives to the research project to set the groundwork for developing an automated deep

learning system to classify CKD and other kidney issues via CT imaging.

1.1 Background

Kidney disease poses a major growing issue to public health in the 21st century. The four
main types of kidney disease - Normal (healthy), Cyst, Stone (nephrolithiasis), and Tumor
(primarily renal cell carcinoma) - are different from each other in terms of their structure,

clinical course, and treatment.

According to data from the Global Burden of Disease Study, chronic kidney disease (CKD)
affects roughly 10% of adults globally and causes more than 1.2 million deaths each year.
CKD also has significant healthcare costs associated with it [2, 3]. Nephrolithiasis occurs in
10-15% of people around the world and has a greater than 50% chance of recurrence within
10 years after the first occurrence [4]. Approximately 90% of kidney cancers are renal cell

carcinoma (RCC), with more than 430,000 new cases diagnosed worldwide each year [5].

In addition to filtering blood, the kidneys also perform many other important functions
needed for the body’s normal function. They help maintain acid-base balance by getting rid
of hydrogen ions and saving bicarbonate, keep fluids at equal levels by using a variety of
mechanisms including the renin-angiotensin-aldosterone system (RAAS), they produce
erythropoietin (EPO) for making red blood cells and activate vitamin D for calcium use [6,

7]. Any change in how well these functions are done due to damage to the kidney's structure,
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problems with blood vessels, or other underlying issues can affect how the whole-body
functions, this includes more than just the urinary system [8]. CT kidney image data with
four main pathological conditions normal kidney, kidney with a cyst, kidney stones and
kidney with a tumor are clinically unique from each other regarding how they look on CT

scans, what type of treatment will be used for each condition, etc.

Therefore, timely and accurate diagnoses are very important in the clinical setting. As a result
of CT imaging being the most accurate method for assessing kidney disease, it is the most
accurate diagnostic test available. The enhanced spatial resolution allows more accurate
differentiation between normal and abnormal tissue types. An additional problem with the
use of CT images for kidney disease assessment is the length of time required by a medical
doctor or radiologist to visually evaluate the CT images due to the high degree of inter-reader
variability as well as the increasing number of CT images generated in the clinical setting
[38], [40].

Recently developed deep learning, a subfield of artificial intelligence (Al) has created new
ways of automatically, objectively, and efficiently analyzing medical images. Convolutional
Neural Networks (CNNs) are a well-established method for performing medical imaging
tasks. However, due to their reliance on local feature extraction techniques, they cannot
capture long range spatial dependencies across multiple images. [49] Vision Transformers
(ViTs), on the other hand, provide a fundamentally different mechanism for performing
medical imaging analyses by using self-attention to compute the relationship between all
parts of the image simultaneously. This is particularly beneficial for CT imaging as
pathologic features can extend across a large portion of the CT image [38], [41].

1.2 Kidney Anatomy

Kidneys are paired, bean shaped organs located in the retroperitoneal space just anterior to
the dorsal body wall of an individual, on either side of the vertebral column, at the level of
the T12-L3 vertebrae. Each kidney is 10-12 cm long, 5-7 cm wide, and 2-3 cm thick in adult
human and weigh approximately 120g -170g.

To give the physiological basis for chronic kidney disease detection, knowledge of
anatomical and structural aspects of human kidneys is critical. An illustration of the detailed
anatomy of kidneys and the complex blood supply and internal structure of kidney will be

presented in the following Figure 1.1.
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Figure 1.1: Anatomy and Pathological Illustration of the Human Kidney

The Anatomic regions of the renal system are demonstrated within the following diagram
Figure 1.1 and are representative of how renal pathologies such as cysts, stones, and
neoplasms develop in the renal system according to their inherent anatomical functional
layer. The clinical need to improve automated classification of High-Resolution (HR)

Medical Imaging, To Support Radiologist’s ability to detect lesions early is demonstrated.

The internal kidney architecture consists of three primary anatomical zones, the cortex outer
layer that contains Approximately 1 million Nephrons, which are the functional Unit of the
Kidney, the Medulla is formed by 8 To 18 Renal Pyramids, Which Contain Collecting ducts,
And the Renal Pelvis a funnel-like structure receiving urine from the Calyxes. The main
functions of the kidney include the filtration of blood to produce urine, maintenance of fluid,
electrolyte, and acid-base balance, and hormones secreted by the kidney such as renin,

erythropoietin, and calcitriol.

The complex structure and central importance of the kidney result in pathological conditions
related to the experimental modality of imaging, whether it be through Vascular,
inflammatory, cystic, lithogenic, or neoplastic changes, having potentially far-reaching

systemic effects. CT imaging provides HR Cross-sectional Visualization of All Three



Kidney Anatomical Areas and allows for the reliable detection and characterization of a wide
variety of renal diseases.

1.3 Chronic Kidney Disease

Chronic kidney disease (CKD) is characterized by a kidney structural or functional
abnormality lasting longer than three months that negatively impacts health. CKD is grouped
according to the estimated glomerular filtration rate (eGFR) and has five stages, stage 5
(eGFR <15 ml/min/1.73 m2) is ESRD and requires dialysis or transplantation.

Diabetes-related nephropathy accounts for approximately 40% of all CKD cases worldwide,
followed by hypertension-related nephrosclerosis, glomerulonephritis, polycystic kidney
disease, and obstructive uropathy. CKD frequently exhibits no symptoms early on.
Therefore, tools that are imaging-based or provide early detection of CKD will be invaluable

when it comes to clinical value.

The National Kidney Foundation Kidney Disease Outcomes Quality Initiative (NKF-
KDOQI) has defined five stages of Chronic Kidney Disease (CKD) based on estimates of
kidney function (that is, a patient’s GFR), as follows: Stage one (GFR threshold 90
mL/min/1.73 m?), kidney damage with a normal/increased GFR, stage two (GFR threshold
60-89), mild decreased function kidneys, stage 3a (GFR threshold 45-59) and 3b (GFR
threshold 30-44), moderate decreased function kidneys, stage four (GFR threshold 15-29),
severe decreased function kidneys and stage five (GFR threshold <15), kidney failure. The
progressive nature of CKD means that early identification of patients in stages 1 to 3 will
provide clinicians the opportunity to intervene and slow the disease progression.
Unfortunately, the majority patients do not experience any symptoms until Stage 3b or Stage
4 when their bodies can no longer compensate for their decreased kidney function.
Therefore, the novel automated CT/US imaging screening/classification tools created as part
of the proposed work will have tremendous clinical value in addressing this patient

diagnostic dilemma.

1.4 Kidney Cyst

A cyst of the kidney is a sac filled with fluid found within the renal parenchyma. Simple
renal cysts are the most common type of benign renal lesion and their prevalence increases

with age. Simple cysts appear on CT as well-defined and homogeneous, round or oval, with



low-attenuation, Hounsfield units typically -10 to +20 HU and an imperceptible thin wall,

and no enhancement on contrast imaging.

In the CT kidney dataset used in this research, 3,701 of 12,389 total images were classified
as renal cysts, this category represents the second largest in the dataset. The visual
similarities in appearance between simple cysts and normal renal parenchyma at some

imaging windows is a primary reason for the difficulty of classifying cysts in the dataset.

1.5 Kidney Stone

Nephrolithiasis is the most common urological disorder among people worldwide, with
current estimates showing it affects between 10 and 15 percent of the adult population, and
the recurrence rates are continually increasing, as over 50 percent of people who have passed
a kidney stone will repeat this process within 10 years. Nephrolithiasis is caused when
minerals crystallize within the renal collecting system of the kidneys, the majority of the

time, these crystals are made of calcium oxalate, uric acid, struvite, or cystine.

An unenhanced CT, the preferred method to evaluate these issues will demonstrate these
stones as hyperdense (bright) structures via Hounsfield unit (HU) values of greater than 200
HU to as much as 1,000+ HU for calcium-based stones. Stone size can vary from less than
1 mm to greater than 20 mm in diameter, the stone's appearance, smooth, facet, or irregular
will depend on the stone's composition. In the CT Kidney Dataset, there were a total of 2,283
stones out of 12,478 total images, indicating that stones comprise the third most frequently

occurring category of images.

1.6 Kidney Tumor

Renal cell carcinoma (RCC) is the most common type of cancer that starts in the kidneys in
adults. It accounts for approximately 90% of all cancers of the kidneys and there are more
than 430,000 new patients diagnosed around the world each year. About 70-75% of these
cancers will be clear cell RCC, 10-15% will be papillary and approximately 5% will be

chromophobe.

On CT scans using contrast agents, renal tumors usually appear as solid, heterogeneous or
homogeneous masses with variable amounts of enhancement from the contrast agent.
Characteristics of enhancement are very important for the diagnosis and staging of renal
tumors. Therefore, characteristics of enhancement from the CT kidney dataset provide some

of the least prevalent renal tumors but have one of the highest false-negative impacts due to



classification of them as something other than what they really are. Tumor-containing
images within the CT kidney dataset account for 1,377 samples (11.1% of all images) and
represent the smallest and most clinically significant category of renal tumor images within
the dataset.

1.7 Medical Imaging Techniques

There are many methods of medical imaging helping to display internal anatomy without
having to invade the body in any way. The three main imaging methods for evaluating the
kidneys are ultrasound (US), magnetic resonance imaging (MRI), and computed tomography
(CT).

Of these methods, US is commonly the first method of imaging used for evaluating a patient's
kidney due to low cost, previous usage in many locations, and no exposure to radiation when
performing the imaging. Unfortunately, US has limited tissue differentiation and is operator-
dependent so it is difficult to use US to create an automated way to analyze images produced
by US.

MRI provides good contrast of soft-tissue, no radiation exposure, but costs a lot of money
and takes longer and is not as readily available as US. CT provides good high spatial
resolution, rapid acquisition, and characterizes tissues consistently across pathological states
of the kidney.

CT scans are used to diagnose kidney disease because, unlike ultrasounds, their imaging
quality is consistent and reproducible regardless of who is performing them or the patient's
body type (size). Also, by using Hounsfield Units (HUs) that quantify the attenuation of X-
rays, it is easy for CT scans to differentiate between soft tissue, fluid, calcifications, or fat
with precision. The typical range of renal cysts is -10 to +15 HU, while renal calculi are
hyper-dense (300-2000 HU) and solid renal tumors may show heterogeneous/homogeneous
enhancement with contrast. In clinical practice, the use of unenhanced, contrast-enhanced,
and excretory-phase CT (triple-phase CT) provides a comprehensive evaluation of renal
anatomy, characterizing lesions, and collecting system anatomy, all in one study. The CT
Kidney Dataset will be used in this research, which includes un-enhanced CT images
obtained from multiple clinical center PACS systems, representing a population of clinical

images that can be used for developing deep learning models.



1.8 Artificial Intelligence in Healthcare

The use of Al in the field of providing patient care and treating patients has grown
significantly in the last ten years due to advancements in deep learning, as well as the
creation of large, high quality data sets and improved computer technology [49]. CNN based
Anrtificial Intelligence models now have shown comparable accuracy to the performance of
medical doctors for example when interpreting images in Dermatology, Radiology,
Ophthalmology, Pathology. CNN based Artificial Intelligence models are therefore able to

provide valuable assistance to medical professionals when interpreting medical images.

In recent years advanced artificial intelligence methods have been increasingly adopted
across various healthcare sectors to help resolve the aforementioned issues associated with
interpreting CT scans performed on patients. Advanced artificial intelligence methods can
be broadly categorized into three categories: (1) Statistical methods, (2) Machine learning
methods and (3) Natural language processing methods. A visual representation of all three
categories of Artificial Intelligence methods is illustrated in figure 1.2.
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Figure 1.2: Classifications of Artificial Intelligence Methods



The hierarchical classification in this document shows how machine learning has progressed
over time. Deep learning and transformer-based models represent the leading edge of
technology for analyzing high-dimensional medical imaging, where both the complexity of

the raw pixel input data and the number of dimensions being analyzed are substantial.

The convergence of artificial intelligence and medical imaging has accelerated significantly
since 2012, when deep learning first demonstrated superhuman abilities in a substantial way
at the ImageNet Large Scale Visual Recognition Challenge (ILSVRC). In the field of
medical imaging and as a subset of Al, CNNs have documented their state-of-the-art
performance in radiology, pathology, ophthalmology, and dermatology [46]. Recently, the
introduction of transformer-based architectures and their corresponding adaptation into
computer vision, as seen with the Vision Transformer (ViT), has given rise to a different
way of analyzing medical images [46]. The ability of ViTs to effectively analyze complex
multi-class medical classifications through the use of their global understanding and efficient
identification of anatomical location/configuration is another differentiating factor when
compared to CNNs, which are inherently limited by their local receptive field. Therefore,
this thesis leverages the then discussed advantage regarding the architecture of ViTs as it

relates specifically to the classification of kidney CT images.

Transformer-based architectures have been modified to analyze images by processing
images as a series of image patches with the aid of a self-attention mechanism that models
the global spatial relationships present between all the image patches [46]. ViT and its
hierarchical variations have achieved better overall performance than other methods on
numerous visual recognition benchmark tasks and are now being applied to the analysis of

medical images.

1.9 Motivation

Three important findings have led to this study. Firstly, kidney problems have a major impact
upon public health since classifying them quickly and accurately directly affects outcomes.
Secondly, while CNNs have been used extensively for classifying kidneys by computerized
tomography [39], [40] there has never been a proper side-by-side benchmark study between
CNNs and Transformer models being tested against each other using the same dataset.
Finally, the large difference in occurrences of normal and cyst images vs tumor images in
the CT kidney datasets increases the challenges faced by automated classification systems.
The prior literature does not adequately address these issues.



1.10 Problem Statement

Medical image datasets used for kidney disease diagnosis are typically large, heterogeneous,
and complex, containing significant variations in image quality, anatomical structures, and
disease characteristics. Such variability requires extensive preprocessing, transformation,
and augmentation before effective feature extraction and model training can be performed.
Furthermore, publicly available kidney CT datasets often exhibit class imbalance, making
automated disease classification more challenging. Although existing deep learning
approaches, particularly CNN-based models, have demonstrated promising results, their
classification accuracy remains limited, especially for clinically important minority classes.
These limitations highlight the need for a more robust deep learning framework capable of
improving feature representation, addressing class imbalance, and enhancing overall
classification accuracy. Therefore, this research proposes a Vision Transformer-based
framework (RenalViT) for accurate and reliable classification of kidney CT images into
Normal, Cyst, Stone, and Tumor categories.

1.11 Research Objectives

This thesis intends to accomplish the following research goals:

e Goal 1: Create a fully-automated deep learning system to classify kidney CT images into
four categories, which consist of normal, cyst, stone, and tumor.

e Goal 2: Compare various CNN architectures (VGG16, ResNet50, DenseNet121,
EfficientNetB3) directly against each other and against the proposed transformer-based
RenalViT framework under the same experimental conditions.

e Goal 3: Remedy class imbalance issues in the dataset using an inverse frequency-based
loss function for weighting samples by their respective classes during training.

o Goal 4: Identify the best possible classification accuracy of the CT Kidney Dataset using
the proposed RenalViT framework above any of the other tested CNN architectures.

e Goal 5: Provide empirical support for the significant architectural decisions made
(activation functions used, input image size, number of transformer encoder layers,
optimizer) in developing the RenalViT framework.

e Goal 6: Provide an analysis of the trade-off between computation complexity and
processing efficiency of the proposed RenalViT framework compared to each of the

evaluated CNN architectures.



e Goal 7: Contribute to the body of peer-reviewed scientific literature by publishing the

findings of this research in appropriate venues.

1.12 Thesis Outline

The remainder of this thesis is presented as follows. A literature review covering CNN
architectures and transformer models, as well as previous research on classifying kidney
disease, is presented in Chapter 2 and summarizes all literature utilized in the research. The
research methodology is described in Chapter 3 including information on the dataset used,
preprocessing pipeline and augmentation techniques, experimental environment and
evaluation metrics. In Chapter 4 we present our implementation and results of four baseline
CNN architectures. The proposed RenalViT framework is discussed in Chapter 5 in detail.
Chapter 6 covers comprehensive experimental results from all experiments performed,
including a comparison of these results, followed by a discussion of the comparisons. The
conclusion of this thesis is presented in Chapter 7 including a summary of the contributions
made by this research, limitations of the research conducted, and directions for future

research.

1.13 Summary

In this chapter, | have explained the background and clinical reasons for conducting my
research. The worldwide increase in kidney disease and the limitations of CT interpretation
by hand provide justification for creating the RenalViT framework to develop the methods
for classifying images of the kidneys using CT scan data via a transformer model. In
addition, | have stated the research goals and given an overview of the thesis project. The

next chapter will provide an overview of the current literature related to this research.

The information presented in this chapter formed the basis of all research performed for this
thesis. The kidney is a highly complex organ with an important role in the body's function,
when there are pathological (cystic, calcific, or neoplastic) changes to the kidneys, these will

have immediate clinical implications.

The four main categories of renal pathology encountered in this project were described
Normal, Cyst, Stone, Tumor in regards to their clinical presentations, CT image
characteristics and epidemiological prevalence. CT imaging was established as the standard
of care for evaluations of renal pathology and subsequently the rapid advancement of Al-

based technologies within medical imaging was discussed. This was all based upon three
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key observations: the global burden of kidney disease, the limitations associated with manual
CT image interpretation, and the untapped potential for transformer-based architectures to
be used for renal CT classification. The research objectives, problem statement and scope
were also clearly identified. Each of the subsequent chapters systematically build off of this
foundation: Chapter 2 provides a thorough review of existing literature related to the
detection of kidney diseases through deep learning, Chapter 3 outlines the methodology,
Chapters 4 and 5 present the baseline CNN and the proposed RenalViT results, and Chapter
6 includes a comprehensive comparative analysis. Finally, Chapter 7 gives a summary of all

work completed within this thesis.
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CHAPTER -2

Literature Review

The systematic review of the literature which is the subject of the following chapter
demonstrates the use of Convolutional Neural Networks (CNNs), Transformer-based
models, and previous studies that focus specifically upon the automatic detection or
classification of kidney issues based on computed tomography (CT) images.

The automated analysis of medical imaging has changed dramatically over the last 10 years.
The original methods used handcrafted radiology features such as Hounsfield distribution
values, shape descriptors, and texture indices, which were input into traditional machine-
learning classifiers like Support Vector Machines (SVMs), Decision Trees (DTs), and Naive
Bayes Classifiers (NBCs). While these were good foundations for these types of analysis,
the limitations of what was able to be input into these classifiers was due to the selection of
features by domain expert physicians (i.e., feature engineering). The introduction of deep
learning and Convolutional Neural Networks (CNNs) removed the limitation of needing to
develop features by allowing for end-to-end learning of features directly from the pixel
intensities in the images. Recently, the Vision Transformer (ViT) has emerged as an
alternative method for determining long-distance spatial relationships among entities,
through the mechanism of global self-attention - an improvement over the restricted spatial
relationships provided by CNNSs. This chapter discusses the progression of the use of
automated methods for classifying kidney disease and other medical imaging modalities and
identifies the position of the RenalViT Framework within the current state of the art. The
sections of this review are organized as follows: (2.1) Convolutional neural networks for
medical imaging, (2.2) Machine Learning in Medical Imaging, (2.3) Deep Learning Models
for Image Classification, (2.4) An explanation of the main types of CNN architectures
examined in this thesis, (2.5) An introduction to vision transformers, (2.6) Transformer
architectures in healthcare, (2.7) Research studies regarding detection of kidney disease,
(2.8) A comparative literature analysis, (2.9) Identification of research gaps, and (2.10) A
summary for this chapter.
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2.1 Convolutional Neural Networks for Medical Imaging

CNNs have emerged as the most widely-used technique for automatic analysis of medical
images with many advantages by being able to directly learn features hierarchically through
end-to-end learning of the complete convolutional layers, thereby providing an improved
level of reliability and accuracy when classifying, segmenting and detecting objects in
medical images compared to traditional machine learning approaches based upon hand-

crafted descriptors for texture, shape and intensity [19].

The unparalleled success of CNNs in the field of computer vision has been greatly impacted
by their performance in the ILSVRC and the adoption of their use for great advances made
over traditional recognition approaches. The positive impact of CNN ability to generalize
across complex visual patterns has led to their application within the field of healthcare
including such images as X-rays, CT-scans, MRI-scans, Otoscopy images, etc. CNN have
also shown significant performance in analysing subtly abnormal anatomy in medical
images where traditional feature engineering cannot capture the abnormalities due to the

nature of how feature engineering is applied.

The use of CNN-based algorithms for detecting and classifying diseases has previously been
proven effective in radiology by using CT, MRI, ultrasound, and X-ray imaging techniques,
where CNNs utilize a hierarchical learning mechanism whereby the earlier layers provide
the basis upon which the later layers build their ability to identify organ and lesion
morphology and key features associated with each disease process. Therefore, by utilizing
this progressive method of feature extraction that combines many of the primary and
secondary characteristics observed throughout the disease process, CNNs have achieved
high diagnostic accuracy due to their ability to discriminate even subtle visual differences

between diseases.

In terms of analyzing kidney disease, CNNs represent one of the most widely used deep-
learning techniques because CT images provide an abundance of spatial and structural data
for effective utilization of convolutional operations. Additionally, individual research teams
have recently published many results identifying both kidney cysts, stones, tumors, and
normal kidneys by using various CNN architectures. Each research team's findings
demonstrate that their respective deep feature extraction capabilities significantly increase

classification accuracy over previously used traditional ML algorithms.
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According to a comprehensive survey undertaken by [49], the adoption of deep learning in
the analysis of medical images is pervasive throughout clinical areas including radiology,
pathology, ophthalmology, dermatology, etc. The survey established the role of CNNs as the
basis for contemporary medical image analysis, with their performance exceeding that of
classical machine learning techniques across many diagnostic tasks. These results indicate
that CNN's have revolutionized computer-aided diagnosis by enabling accurate, scalable and
automated analysis of complex medical images, thus they represent the building blocks of
future deep learning architectures built on this foundation.

2.2 Machine Learning in Medical Imaging

Machine learning (ML) has played a fundamental role in the evolution of computer-aided
diagnosis by enabling computers to identify patterns and make predictions from medical data
without being explicitly programmed. In medical imaging, machine learning techniques
have been widely applied to tasks such as disease classification, lesion detection, image
segmentation, risk prediction, and clinical decision support. Traditional ML approaches
generally consist of multiple stages, including image preprocessing, feature extraction,
feature selection, and classification. These methods have been successfully applied to
various imaging modalities such as Computed Tomography (CT), Magnetic Resonance
Imaging (MRI), Ultrasound (US), and X-ray imaging, contributing to improved diagnostic
efficiency and reduced clinician workload.

Early machine learning systems relied heavily on handcrafted features that describe image
characteristics such as texture, shape, intensity, statistical properties, and edge information.
These features were subsequently classified using algorithms including Support Vector
Machines (SVM), Decision Trees (DT), Random Forests (RF), k-Nearest Neighbors (KNN),
Naive Bayes (NB), and Logistic Regression [24]. Such algorithms demonstrated promising
performance for several medical imaging applications, including cancer diagnosis, brain
tumor classification, lung disease detection, diabetic retinopathy screening, and kidney
disease identification. Their relatively low computational complexity and interpretability

made them attractive for many early clinical decision-support systems.

Despite their success, conventional machine learning methods possess several limitations

when applied to large-scale medical image analysis. Their performance depends heavily on

the quality of manually extracted features, requiring extensive domain expertise and

significant preprocessing efforts. Furthermore, handcrafted features often fail to capture

complex anatomical structures and subtle pathological variations present in high-
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dimensional medical images. Variations in imaging protocols, patient anatomy, image
quality, and class imbalance further reduce the robustness and generalization capability of

traditional machine learning models, particularly when applied to diverse clinical datasets.

The emergence of deep learning has addressed many of these limitations by enabling
automatic hierarchical feature learning directly from raw medical images. Nevertheless,
traditional machine learning techniques continue to play an important role in healthcare
research due to their computational efficiency, interpretability, and effectiveness on
relatively small datasets. Understanding the strengths and limitations of machine learning
provides an important foundation for appreciating the transition toward deep learning and

transformer-based architectures discussed in the subsequent sections of this chapter.

2.3 Deep Learning Models for Image Classification

The rapid proliferation of advancements made in deep learning has changed fundamentally
the way that images are classified as it allows for models to learn complicated feature
representations, from raw (unprocessed) image information. While traditional machine
learning approaches require human-created features to be extracted and then classified by
separate algorithms; deep learning combines extraction and classification into one complete
optimization process. Therefore, deep neural networks benefit from the ability to
automatically identify visual patterns that will best help distinguish between the target

classes [25].

The innovative development of CNN architectures that are both deeper and more
sophisticated has been one of the driving forces behind the dramatic advancements in image
classification. Early CNN models showed that adding more layers increases feature
representation significantly, while recent CNNs have introduced design improvements e.g.,
residual networks, dense connectivity, etc. to help solve the optimization problems created
by very deep CNNs. These improvements have led not only to increased classification
performance but also to increased computational efficiency, increased network stability

during training, and greater reuse of learned features.

The use of deep learning for medical image analysis has proven to be especially effective
because there are often very small visual differences between an image or feature that is
captured and the corresponding image or feature that has been processed using traditional
methods. CNN-based architectures will automatically learn to use a hierarchy of features

from low-level textural features to high-level anatomical and pathological features, which
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allows for easy identification of the disease pattern from various types of images being used
in medical imaging. Therefore, CNNs have been successfully applied to disease diagnosis,
finding lesions, segmenting organs, diagnosing cancer, and many more computer-assisted

applications in medicine.

Another factor that has helped promote the use of deep learning extensively is the concept
of Transfer Learning, where pretrained Neural Networks are fine-tuned for particular
medical imaging tasks using large publicly available datasets (e.g., ImageNet). Transfer
Learning allows these pretrained models to exploit the generic visual features they learned
previously while making adjustments to accommaodate the unique visual characteristics of
the medical domain, thereby allowing for improved classification performance, especially
when the number of annotated medical images available to train on is limited. As a result,
using Transfer Learning has become common practice for many medical image
classification studies due to its ability to decrease the amount of time required to train a
model, speed up the rate at which the model converges to a solution, and lead to better

generalization of the trained model.

Several recent architectural improvements to CNNs have led to the development of several
major CNN architectures that mark important milestones within the realm of deep learning.
The architectures VGG16, ResNet50, DenseNet121, and EfficientNetB3 have all made
significant contributions and improvements regarding feature extraction and gradient
propagation; parameter utilisation and computational performance. Because of their
demonstrated effectiveness and widespread use, these four architectures were used as
baseline models for the architecture proposed in this research to serve as a comparison to the

proposed Transformer-based RenalViT architecture.

2.4 CNN Architectures

Over the last 10 years, large advancements have been made to CNNs. CNNs have evolved
through a series of different architectural designs, which have pushed the limits on how well
features can be extracted, how computationally efficient they can be during inference, and
how stable they can be during training. Each new architecture that was created could solve
specific problems or difficulties in its predecessor, which allowed for continued
improvements in how well large numbers of images could be classified. These advances
have also had a significant impact on performing analysis of medical images, where accurate

detection of detailed anatomical structures or the presence of disease is critical for an
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accurate diagnosis. There are many CNN architectures proposed throughout the literature,
but VGG16, ResNet50, DenseNetl121, and EfficientNetB3 have been among the most
popular models due to their strong classification accuracy and other criteria such as the
availability of pre-trained ImageNet weights and their success in supporting many forms of
medical imaging applications. Different design philosophies are represented in the four
architectures: VGG16 emphasizes the use of many layers with a lot of small receptive fields
in the architecture. Residual networks e.g., ResNet50 help to train very deep neural networks
by utilizing “skip connections” from the input to the output. Dense networks e.g.,
DenseNet121 allow for the use of previously learned features by providing direct
connections i.e., gradients between layers. Efficient networks e.g., EfficientNetB3 have been
designed to improve classification accuracy or the ability of the CNNs to make accurate
predictions about the data, while maintaining the lowest computing cost possible i.e.,
achieving the most efficient use of CPU, RAM, and energy to run the architecture. The four
architectures discussed above are four major milestones in the development of CNNs, and
they represent four complementary methods for accomplishing the feature extraction part of
the CNN. The four architectures were also collectively analyzed due to their different
architecture designs and commonalities, their prior widespread usage in medical diagnostics
and successful implementation of transfer learning. This made using the four architectural
designs for this study possible, while allowing for a high level of standardization within a
specific set of experimental protocols when conducting evaluations of the RenalViT

framework against state-of-the-art results.

2.4.1VGG16

The Visual Geometry Group (VGG) at the University of Oxford's proposed VGG16 is an
extremely impactful Convolutional Neural Network (CNN) design for image classification
on a larger scale. From its original work building on the ideas surrounding long depth, such
as this model demonstrated the effects of increasing depth through a simple, uniform
structure can have on improving the performance, without having to use many complex
Convolutional operations, created an accepted benchmark for incremental improvements for
deep learning literature, which greatly contributed to the acceptance of deep CNN

architectures.

VGG16 has 16 trainable layers, 13 Convolution layers and 3 Fully Connected layers. VGG16

does not utilize any large Convolutions to reduce spatial resolution in the input image at the

output of VGG16, using only small 3x3 Convolution filters with a stride of 1 to pad the
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output images to remain as close to the original images as possible with each layer's output
of VGG16, thus the VGG16 output images are considered to be spatially resolved, almost
the same as the original inputs until after the last max pool has been performed at a 2x2 level,
from that point forward, the images will begin losing some of their spatial resolution due to
subsequent pooling operations that have already been applied to them. The number of
Feature Maps (FM) in the VGG16 architecture is increased as we move from the early to the
later convolutional layers, through the first 5 convolutional blocks, 64 FMs will be created
in the first block, increasing to 512 in the final block.

One of the main benefits of VGG16 is its very simple and very regular architecture, which
makes it both easy to understand and easy to implement and modify for various transfer
learning applications. Furthermore, because of the use of the ImageNet pretrained weights,
it has become one of the most common backbone networks for classifying medical images,
where often the only way to adapt with limited annotated datasets is by using transfer
learning. Furthermore, because VGG16 can reuse feature representations learned through
pretrained weights, it can learn how to represent general visual patterns and modify them
through retraining to fit the specific characteristics of the medical imaging being analysed.

However, VGG16 has approximately 138 million trainable parameters, so it is expensive to
run computationally and can be more prone to overfitting when being trained with smaller
datasets. The lack of any shortcut connections also results in less ability to propagate
gradients through deeper layers during training and makes it more difficult to optimise the
model compared to later network architectures such as ResNet. Nevertheless, VGG16 is a
very good example of a simple, yet effective method for evaluating the performance of new
deep learning models in the field of medical image analysis due to its inherent simplicity,
strong baseline performance and because it has been used so extensively.

2.4.2 ResNet50

ResNet50 is a revolutionary deep learning model with an innovative architecture based on
residual learning. Residual learning solves the vanishing gradient and degradation problems
associated with training extremely deep networks. Instead of attempting to learn the
complete set of feature transformations through traditional CNNs that use multiple
convolutional layers for every input, ResNet allows the model to learn residuals of the
mapping function between the input and output through identity shortcuts. As a result,

backpropagated gradients can be propagated through these identity connections more
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effectively than through direct convolutions. Thus, ResNet made it possible to train deeper

networks than ever before while maintaining optimal convergence.

The architecture of ResNet50 consists of a total of 50 learnable layers, which are composed
of four residual stages or groups, in addition to bottleneck residual blocks. The bottleneck
building block is made up of three consecutive convolutional layers, a 1x1 convolution to
reduce the dimensionality of the feature maps at the bottleneck, a 3x3 convolution to process
the spatial features in the spatial feature maps and a second 1x1 convolution to produce
output feature maps that match the original dimensionality. The identity shortcut connects
the input feature maps or feature maps that were output from the previous layer or set of
layers to the block's output to allow for optimal retention of the useful information learned
during the convolution operations, with the result that the model learns just the residuals of
the mapping function.

ResNet50 is significantly more efficient than VGG16, despite its larger depth. It
accomplishes this through use of a bottleneck design which reduces the total parameters of
ResNet50 to approximately 25 million significantly less than the 138 million of VGG16,
while increasing the representation of features and stabilizing training. The residual learning
employed within ResNet50 has further facilitated the propagation of gradients through
multiple levels of deeper feature hierarchies, resulting in improved representations of

abstract features.

ResNet50 has demonstrated excellent success across many subfields of computer vision and
medical imaging, such as disease category classification, organ surface segmentation, lesion
detection, and cancer diagnosis. Its balance of model complexity, computational efficiency,
and classification accuracy has made it one of the most commonly used CNN architectures
for transfer learning. Therefore, ResNet50 will serve as the primary baseline model for the
purposes of evaluating the efficacy of the transformer-based models presented herein for the

classification of kidney CT images.

2.4.3 DenseNet121

DenseNet121 builds off of the idea of residual learning to provide for dense connectivity,
where each layer receives the feature maps created by all previous layers to help provide its
own output as well as to send its output to all other subsequent layers in a dense block. Each
layer does not learn the same feature representations independently, but instead creates its

output based on the entire combined knowledge that is acquired through the network. This
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propagation of features densely encourages high amounts of feature reuse and helps

maximize the flow of information throughout the training process.

The structure of DenseNet121 consists of 121 total layers grouped into four dense blocks of
layers, separated by transition layers that each comprise of a 1x1 convolution followed by
average pooling. Feature maps generated within the dense blocks of layers will be
concatenated so that each layer can simultaneously access both low-level and high-level
representations that have been created by the previous layers in the network. This type of
connectivity pattern greatly improves the propagation of gradients through the model and
reduces the likelihood of encountering the common vanishing gradient phenomena

associated with deep convolutional neural networks.

DenseNet121 has the attribute of being very efficient in terms of how many parameters it
uses i.e., it has about 8 million parameters even though it is deeper than either VGG16 or
ResNet50. Thus, it can be considered one of the densest compact deep CNN architectures.
In addition, DenseNet utilize previous feature maps instead of having to repeatedly
rediscover them when calculating features. Therefore, DenseNet achieves performance
levels comparable to those found in different architectures but requires fewer parameters and

requires less computation power to do so.

By reusing previous dense feature maps, DenseNet operates very well within the medical
imaging world since many medical imaging datasets have a limited number of samples and
require that efficiently as possible utilize learned features in order to obtain generalizable
results. Therefore, the use of DenseNetl21 has been embraced widely throughout the
medical imaging community, specifically as a classification algorithm for radiological
images, histopathology, disease detection, and partitioning using medical images.
Ultimately, the combination of features being efficiently utilized combined with effective
back-propagation of gradients through DenseNet121 makes it an ideal candidate for
representing the kidney CT image classification applications through which benchmarking

can be completed.

2.4.4 EfficientNetB3

EfficientNetB3 is part of a family of CNN called EfficientNet, which introduced a
scientifically based method of improving the classification ability of CNNs through a
compound scaling strategy in a way that preserves computational resources. Thus,

EfficientNet’s approach is different from previous approaches to CNN architecture where
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depth, width, and input resolution were scaled independently. It provides an optimal solution
by scaling depth, width, and input resolution using a single optimally designed compound
scaling factor. The simultaneous scaling of all three dimensions via the compound scaling
factor allows the network to achieve a level of accuracy superior to previous designs while

also being less computationally complex.

EfficientNetB3 was produced using compound scaling from the baseline EfficientNetB0
architecture and is, therefore, deeper than the EfficientNetBO architecture, wider than the
EfficientNetBO architecture, has a greater image resolution relative to the EfficientNetBO
architecture but also represents a balance between achieving a high level of accuracy and
being cost-effective in terms of computational resources. The architecture of EfficientNetB3
utilizes MBConv (Mobile Inverted Bottleneck Convolution) blocks in conjunction with
depth wise separable convolutions to reduce the amount of work required to compute each
layer, compared to what is required for traditional convolutional layers. Furthermore, the use
of SE (Squeeze-and-Excitation) Modules to implement adaptive channel-wise attention
allows EfficientNetB3 to prioritize information channels that are helpful to the model while
down-weighting/unhelpful channels.

Another distinguishing feature for the EfficientNetB3 architecture comes from using Swish
or SiLU as the activation function. Compared to the relatively more traditional ReLU
activation function, Swish or SiLU provides a much more gradual gradient update and hence
has a greater effect on the overall function. By combining this innovation with compound
scaling and channel attention techniques, EfficientNetB3 is able to classify images
effectively and efficiently approximately 12 million parameters, thus greatly improving
performance over previous CNN architectures such as VGG16 while maintaining

competitiveness in terms of accuracy.

EfficientNetB3 has also gained significant popularity for its optimum balance of
computation efficiency and predictive performance. Therefore, it has been widely applied to
medical image classification, disease identification or diagnostic support systems. This
efficiency is particularly beneficial in healthcare environments where there are restrictions
on computational resources. Out of all the evaluated CNN architectures in this study,
EfficientNetB3 is by far the most advanced convolutional baseline. Thus, it will be used as

a benchmark for comparing the proposed RenalViT framework.
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2.5 Vision Transformer

The Vision Transformer (ViT) [46] originally used the transformer architecture on image
classification tasks treating an image as a sequence of non-overlapping patch tokens. The
image has a height, width and number of channels HxWxC and is divided into non-
overlapping patches of fixed size PxP, then each patch is linearly projected to a D-
dimensional embedding. A learnable classification (CLS) token is added to the beginning of
the sequence and positional embeddings are added. Therefore, once the patches are
represented as embeddings in a sequence, they are fed through stacked transformer encoder
modules, and each transformer encoder module consists of a multi-head self-attention and a

multi-layer perceptron (MLP), layer normalization, and residual connection.

Multi-head self-attention is the most significant innovation of this work because it allows
every patch token to attend to all other patch tokens in parallel, and calculate pairwise
relevance scores to allow long-range spatial dependencies to be computed via global
attention instead of being restricted to what can be learned through local convolutional
operations. This is extremely useful in medical image analysis because pieces of information
used to make very important and accurate diagnoses may occur throughout the image and

not necessarily together within the same patch.

The Vision Transformer (ViT) was developed by [46] in 2020, and is considered one of the
biggest changes to the way we understand images because it showed how a transformer
architecture without any Convolutional Neural Networks (CNN) biases can produce class
comparisons, if pre-trained on the right sized datasets, as well or better than comparable
models when trained using traditional CNN methods. The primary innovation of the ViT
was the patch-wise tokenization method developed to allow a 224x224 image to be sliced
into 196 separate, non-overlapping 16x16 patches tokenized into D-dimensional
embeddings, recorded as a sequence of patches i.e., a sequence of tokenized patches, passed
to standard transformer encoder blocks to create a representation of all patches to enable
capturing of long-range relationships in space across all patches by attention to distant
patches, which is not possible for traditional CNNs that have local receptive fields because

of the method by which CNNs process data.

The utilization of a modified Vision Transformer for classifying kidney CT scans has shown

that improved spatial dependency learning and global feature extraction can be

accomplished as compared to baseline CNN models [41]. The authors of this study analyzed

a number of ViT variants on a kidney CT dataset and demonstrated that, because of the
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attention mechanism’'s ability to recognize long-range dependencies between anatomical
regions, substantial advantages can be obtained in the classification of kidney lesions. The
comparative study completed by [44] demonstrated that the Vision Transformer models
outperformed CNN models in spatial feature learning for detecting small kidney stones
requiring the integration of global context. Generative pretraining with the vision
transformer model has demonstrated that pretraining can increase the quality of the
representation of the lesions to allow for classification of lesions as offered by the study's
authors [45]. Figure 2.1 depicts the ViT pipeline, a patch of an input image is cut into
multiple patches, position embedded, and sent into the Transformer Encoder. The output of

the classification token is processed through an MLP Head to predict the output class.

Vision Transformer (ViT) Transformer Encoder
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Figure 2.1: Vision Transformers (ViT) Architecture [50]

2.6 Transformer Architectures in Healthcare

The use of transformer architectures in medical imaging has expanded significantly since
VIiT was released. [42] contains an all-encompassing survey of how transformers may be
applied to medical imaging covering segmentation, categorization, detection, as well as
reconstruction across various forms of imaging modalities, in particular, the survey
concluded that self-attention provides superior global context modeling when compared to

CNNs, especially for tasks requiring extended-range spatial reasoning.

[43] presented a thorough review regarding how analysis of medical images with vision
transformers has developed, describing design principles, hierarchical architecture, local

window attention, and hybrid CNN-transformer designs that will provide maximum
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performance while controlling computational complexity. One example from this work is
the Swin Transformer which is a hierarchical transformer utilizing local windows with a
method of shifted partitioning to provide efficient computation of attention; the researchers
reported that the Swin Transformer exhibited the highest level of performance on multiple

visual tasks.

The first comprehensive survey of transformers in medical imaging was published in 2023
by [42], analyzing over 100 articles on transformers and their use in different modalities and
tasks. The survey found four major advantages of using transformers for medical imaging
when compared to CNNs (i) they offer a global receptive field that allows for capturing of
long-range anatomical dependencies, (ii) they provide greater data efficiency through self-
supervised pre-training objectives, (iii) they are scalable with increasing model size and
amount of data and (iv) they lend themselves to natural integration with multi-modal inputs.
The survey identified kidney imaging as a primary target area with great potential for
improvement through the use of transformers. In 2024, [43] published a second survey that
reviewed over 200 papers reviewing the advances made in medical image analysis utilizing
vision transformers. They found several guiding design principles, hierarchical architectures
such as the Swin Transformer produced improved performance by employing both local
window attention as well as global feature aggregation, lightweight adaptations such as DeiT
provided reduced computation with maintained accuracy and pre-training adapted to specific
fields significantly improved performance on domain-specific datasets.

2.7 Kidney Disease Detection Studies

One of the earliest studies on kidney CT image classification proposed an explainable Vision
Transformer (ViT)-based transfer learning framework for the automatic detection of kidney
cysts, stones, and tumors from CT scans. The study demonstrated the feasibility of applying
Vision Transformer architectures to kidney disease classification and served as an important

benchmark for the comparative evaluation conducted in this thesis [38].

A comprehensive evaluation of fine-tuned deep learning models, including VGGL16,
InceptionV3, MobileNet, and EfficientNet variants, was conducted to investigate their
effectiveness in the early detection of kidney diseases. The study also presented a detailed
comparative analysis of different transfer learning strategies and highlighted their impact on

classification performance [40].
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The applicability of transformer-based architectures for kidney CT image classification was
further validated through a modified Vision Transformer model, which demonstrated
promising classification performance and confirmed the capability of self-attention

mechanisms to learn discriminative features from medical images [41].

One of the earliest studies on Vision Transformers (ViTs) for kidney CT image classification
proposed an explainable transfer learning framework that achieved high classification
accuracy while providing visualization of lesion-specific attention regions. In addition to
validating the CT Kidney Dataset, the study demonstrated the effectiveness of transformer-
based architectures for kidney disease classification and established a strong methodological

foundation for subsequent research, including the work presented in this thesis [38].

A hybrid deep learning framework integrating multiple Convolutional Neural Network
(CNN) architectures was developed to classify kidney CT images, demonstrating that
combining the strengths of multiple networks can achieve better classification performance
than individual CNN models. The proposed ensemble framework showed improved
accuracy in detecting kidney cysts, stones, and tumors compared to conventional single-
network approaches. Furthermore, the study identified class imbalance, particularly the
under-representation of the tumor class, as a major challenge affecting classification
performance and emphasized the importance of incorporating class imbalance handling

techniques to improve the reliability of automated kidney disease diagnosis [39].

The examples reviewed in the previous section provide evidence of three significant
methodological or analytical limitations. Most studies only consider model performance
based on one metric, accuracy and often do not report class-wise precision, recall, and F1
score, which are essential for clinical evaluation because of the class imbalance in kidney
CT datasets. Since fewer researchers have performed more rigorous head-to-head
comparisons between CNN and transformer architectures employing the same experimental
design and dataset, it is impossible to separate the impact of architectural design from that
of any differences in training procedure utilized in these studies. Few researchers address
the inherent class imbalance with Tumor as being both clinically significant and
underrepresented as a class explicitly by using appropriate techniques such as class-weighted
loss to modify their training procedures. In addition, few researchers provide an analysis of
the complexity for their model and accuracy during the same time period, thereby limiting

one's ability to determine clinical deployment viability of the research findings. The research
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presented in this thesis will directly address all four of these limitations through the

application of a systematic, controlled experimental design.

A hybrid CNN and Transformer approach to kidney CT classification was proposed by [39].
Their hybrid network architecture combines local convolutional feature extraction with a
global level of attention and semantic feature representation from the Transformer
architecture through a combination of local spatial convolutional values and long-range
spatial relationships in the images of the kidney. [44] also found that at least for the kidney
stones classification task, transformer-based models provide superior performance over
convolutional neural networks. Specifically, for spatial feature extraction and learning, [44]
found that the ViT was superior to CNNs when comparing their respective performances on

kidney stones classification tasks.

The machine learning community has performed a great deal of research and has published
many papers on the prediction and classification of chronic kidney disease (CKD) through
machine learning techniques. For example, [29] performed an exhaustive empirical
evaluation of seven classification algorithms i.e., artificial neural network (ANN), C5.0
decision tree, logistic regression, CHAID (Chi-squared Automatic Interaction Detection),
LSVM, KNN, and Random Forest on the UCI CKD dataset using both complete and selected
feature sets, focusing on the quality of the selected features and conducting multiple feature
selection strategies i.e., Correlation-based Feature Selection (CFS), Wrapper-based
selection, LASSO regression, and SMOTE (Synthetic Minority Over-sampling Technique)
oversampling. The authors found that the LSVM combined with SMOTE and complete
features had the best accuracy of 87.86%, illustrating the impact of feature selection as well
as the need for class imbalance handling. The authors of [29] provided important insights
into the area of CKD classification and prediction, such as demonstrating that there is no
single algorithm that dominates all others in performance; the performance of each algorithm
depends a great deal on how the features were prepared and processed prior to training the
algorithms. These insights have significant implications for deep learning-based approaches,
which automate feature engineering processes, but also must contend with class imbalance.
[30] assessed various machine learning (ML) techniques; Logistic Regression (LR), Naive
Bayes (NB) and Random Forest (RF) to predict End Stage Kidney Disease (ESKD) among
patients with Chronic Kidney Disease (CKD). The Kidney Failure Risk Equation (KFRE)
demonstrated the best performance with an accuracy of 90%, specificity of 95% and a very

low precision rate of 50%, but the RF was found to have similar results as the KFRE with
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the added benefit of a higher sensitivity rate. Therefore, this study illustrates the feasibility
for the use of the ML technique on available clinical data to predict CKD progression;
however, it points out that class imbalance between CKD progressors/non-progressors has a
substantial influence on ML performance.

The study focused on CKD prediction based on the use of small, imbalanced datasets. This
is a common obstacle when using clinical data, as minority-class samples (patients that
progress to ESKD) are often underrepresented. Findings indicated that the highest accuracy
(84.27%) was achieved using a Decision Tree with Synthetic Minority Oversampling
Technigue (SMOTE); however, RF and AdaBoosted DTs with SMOTE also performed well,
improving upon previous studies. Findings also showed that class imbalance, rather than ML
architecture, plays a significant role in influencing performance within clinical classification
scenarios, and this is precisely the issue that will be addressed in the proposed RenalViT

framework through inverse-frequency class weighting [37].

The previous study conducted an exploratory study based on a hybrid ML framework built
using Apache Spark for scalable CKD detection and evaluation. They applied feature
selection techniques Relief-F and Chi Squared and used six different classifiers to compare
their performance Decision Trees (DT), Linear Regression (LR), Naive Bayes (NB),
Random Forest (RF), Support Vector Machines (SVM), Gradient Boosted Trees (GBT) [32].
The study determined that the best performing classifiers were created by combining
selected features with the SVM, DT, and GBT algorithms, reinforcing the idea that there is
significant interaction between feature selection and algorithm selection. [33] applied
recursive feature elimination (RFE) to determine strongly representative features to be used
as inputs into the SVM, KNN, DT and RF classifiers. RF produced the best results compared
to the other classifiers. [34] compared of all classifiers; reporting that the LR classifier was
able to successfully classify binary CKD with approximately 91% accuracy. These studies
demonstrate collective demonstrate that combining approaches developed with ensemble
methods and using feature-selected algorithms are the best methods available for predicting
CKD based on tabular data. However, the application of classical ML methods has been

limited in classifying CT image datasets due to the high dimensionality of image data.

2.8 Comparative Literature Analysis

This study utilized computed tomography images of human kidneys, which were organized

into four identifiable clinical classifications, normal human kidney, cysts, stones, and

27



tumors. Within the study dataset, there is a recognized imbalance of the quantity of tissue
types present, more images of normal kidneys than either of the pathological images.
Therefore, in order to create the best possible preprocessing methods and well-trained deep
learning models, it is important to clearly understand how many images exist per
classification within the overall dataset. To demonstrate the current methods, datasets, and

performance associated with each method, a specific item was provided in Table 2.1, to

prepare a comparative analysis of the different works reported in previous literature.

Table 2.1: Comparative Literature Analysis of Kidney Disease Detection Studies

Author Methodology Dataset & Reported Key Finding /
(YYear) [Ref] Type Modality Performance | Contribution
Chittora et al. | Machine UCl CKD | Accuracy: Evaluated
(2022) [29] Learning Clinical Dataset | 87.86% feature
(LSVM + | selection (CFS,
SMOTE) LASSO) and
SMOTE  for
CKD
prediction.
Bai et al. | Machine ESKD Patient | Accuracy: Showed ML
(2022) [30] Learning Records 90.00% predictability
(KFRE) for ESKD
prognosis using
clinical
features.
Silveira et al. | Machine Small/Imbalanced | Accuracy: Evaluated data
(2022) [31] Learning CKD Data 84.27% (DT + | resampling
SMOTE) techniques on
imbalanced
clinical
datasets.
Abdel-Fattah | Machine Apache Spark | High Accuracy | Proposed
et al. (2022) | Learning CKD Dataset (SVM /GBT) | scalable CKD
[32] detection with
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Spark and
feature
selection.
Senan et al. | Machine Clinical CKD | High Accuracy | Used RFE for
(2021) [33] Learning Features (Random feature
Forest) elimination to
find key CKD
predictors.
Ifraz et al. | Machine Clinical CKD | Accuracy: Evaluated LR,
(2021) [34] Learning Records 91.00% DT, and KNN
(Logistic for early CKD
Regression) screening.
Chan et al. | Machine Diabetic Kidney | Improved AUC | Developed a
(2021) [35] Learning Disease Records | (KidneylintelX) | machine
learning  risk
score
combining

biomarkers and
EHR.

Islam et al.
(2022) [38]

Deep Learning
I ViT

CT

Dataset

Kidney

Accuracy:
97.20%

Proposed ViT-
CNN

learning

transfer

comparison for
CT

Scans.

Kidney

Sharma et al.
(2025) [39]

Hybrid CNN-

Transformer

CT

Dataset

Kidney

Accuracy:
96.80%

Proposed
hybrid CNN-
transformer
architecture for
CT

classification.

Subedi et al.
(2023) [41]

Vision

Transformer

Kidney CT Scan

Dataset

Accuracy:
94.70%

Evaluated pure

Vision
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Transformer
for kidney CT
image

classification.

To further aid in organizing the various research studies, Table 2.2 provides an expanded

comparative analysis to summarize the study’s results, and to present further delineation of

the different methodologies being used, for the years 2019 through 2026.

Table 2.2: Expanded Comparative Literature Analysis - Kidney Disease Classification

Studies (2019-2026)

Key Findings /

Author (Year) Method Dataset | Accuracy (%) L
Limitations
VIiT + Transfer _ First ViT-CNN
Islam et al. ) CT Kidney ) o
Learning 97.2 comparison, limited
(2022) [38] Dataset ) _
CNNs architectural analysis
) _ Improved
Sharma et al. Hybrid CNN- | CT Kidney _
96.8 performance, single
(2025) [39] Transformer Dataset _
dataset evaluation
Transfer learning
Pimpalkar et Fine-tuned CT Kidney o5 4 effectiveness, no
al. (2025) [40] CNNs Dataset ' transformer
evaluation
) ) VIT applicability, no
Subedi et al. - ) Kidney CT
Modified VIiT 94.7 CNN head-to-head
(2023) [41] Images
benchmark
Transformer
Hafiz et al. CNN vs Kidney " advantage, limited
(2025) [44] Transformer Stone CT ' multi-class
evaluation
Hierarchical _ State-of-the-art,
Proposed - ) CT Kidney ]
_ ViT 98.96 rigorous CNN vs
RenalViT ) Dataset )
(RenalViT) ViT benchmark
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Although there is established literature studying both the CNN and Transformer approach
for classifying kidney CTs, this is the first headache-to-head comparative study of multiple
CNN methods, versus a specifically designed transformer, using the same data and methods
of experimentation. The proposed RenalViT framework addresses these research gaps.

2.9 Research Gaps

The literature search of existing studies reveals the following significant research gaps that

motivate the work presented in this thesis:

e Gap 1 - Most existing studies evaluate CNN and Transformer architectures
independently, while relatively few provide a systematic comparison under identical

experimental conditions.

e Gap 2 - Kidney CT datasets are heterogeneous and exhibit significant class
imbalance, particularly for the tumor class, reducing the robustness of existing

classification models.

e Gap 3 - Most existing CNN-based approaches focus on local feature extraction and
fail to effectively capture global anatomical relationships required for accurate

kidney CT image classification.

e Gap 4 - Most previous studies have employed pretrained architectures, creating an
opportunity to investigate domain-specific transformer architectures with minimal
architectural adaptation for kidney CT images, indicating the need for a domain-
specific transformer framework optimized for kidney disease classification.

e Gap 5 - Different studies employ different datasets, preprocessing techniques, train-
test splits, and evaluation criteria, making direct comparison difficult and motivating

a standardized comparative evaluation.
The proposed research directly addresses all five gaps noted through a systematic head-to-
head comparative benchmark of the proposed methods, as well as through the development
of an inverse-frequency class-weighted loss function, a purpose-built architecture, the
proposed RenalViT, and detailing a justification for this architecture, including a thorough

computational complexity analysis.
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2.10 Summary

The purpose of this chapter has been to review the existing literature to date across four
distinct domains: CNN architectures for medical imaging; transformer based models for
visual recognition; transformer applications within the healthcare domain; and studies
demonstrating methods for detecting kidney diseases. The review provides a foundation for
the proposed framework via an establishment of the state-of-the-art within each of the four
domains, as well as identifying eight research gaps that need to be addressed collectively in
order to develop the proposed RenalViT. The next chapter will discuss the research

methodology to provide solutions to these gaps.

This chapter contains a complete summary of all previous research related to using machine
and deep learning algorithms for identifying kidney diseases and what types of medical
imaging tasks have also been used for this purpose. It starts with an overview of traditional
and classic approaches used to identify diseases through the use of these algorithms (Section
2.2), followed by descriptions of the development (from the Classical ML to CNNS - Section
2.3 & 2.4) and the implementation of VIiT (Section 2.5) in various areas of Health Care
(Section 2.6) and kidney disease-specific studies (Section 2.7). In addition, a detailed
comparison chart (Table 2.1) has been created that outlines the main details, datasets and
evaluation metrics from over 15 different studies related to each algorithm method. In
Section 2.8, the limitations of the methodology utilized by the studies reviewed were clearly
identified. Lastly, Section 2.9 summarized eight research gaps that will be addressed by this
research. In response to these eight gaps identified in Chapter 2, the RenalViT framework
presented in Chapter 5 was established to provide a clear answer to these gaps, while using
a hierarchical transformer model as defined in Section 3.1 and employing class weighted
training, multi metric evaluation, statistical analysis, and a reproducible experimental
protocol. A complete description of the research methodology and experimental framework

can be found in Chapter 3.

32



CHAPTER -3
Research Methodology

The methodology for conducting a systematic investigation of deep learning architectures
for the classification of CT images of the kidneys was described in this chapter. The research
process includes data set development and characterization, preprocessing, augmentation,
experimentation setup, evaluation criteria, and overall research design framework. Each

design choice was based on its clinical relevance and reproducibility in a laboratory setting.

3.1 Overall Framework

This research methodology follows a systematic end-to-end approach that automates the
classification of kidney disease from CT images using deep learning. The overall framework
consists of six phases, 1) data acquisition and pre-processing phase, 2) augmentation of the
data, 3) training the baseline CNN model, 4) training the RenalViT model, 5) evaluation
against an independent test set, and 6) comparative performance analysis between the trained
baseline CNN model and the RenalViT model.

In addition, both the CNN baseline and the proposed transformer models were trained using
identical experimental parameters data set, preprocessing workflow, train/validation/test
split, augmentation strategy, batch size, learning rate, and evaluation metrics to ensure that
any difference in performance between the two models could only be attributed to

architectural differences.

The basis for the research methodology is based on experimental validity achieved by
making controlled comparisons. Therefore, the CT Kidney Dataset serves as a singular,
unchanging benchmark against which all five models VGG16, ResNet50, DenseNet121,
EfficientNetB3, and RenalViT will be trained, validated, and evaluated under exactly the
same conditions across all phases are identical datasets preprocessing pipelines
train/validation/test splits evaluation metrics hyperparameter ranges. This method produces
rigorously controlled experimental conditions, thereby ensuring that the observed
performance differences between the models will only be due to the difference in model
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architecture. The methodology pipeline consists of a total of six consecutive stages, (1)
Dataset acquisition and curation (2) Data preprocessing (3) Data augmentation (4) Model
training for both CNN baselines and RenalViT (5) Model evaluation and (6) Comparative
analysis.
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Figure 3.1: Overall Research Methodology for Comparative CNN and RenalViT-Based
Kidney CT Image Classification
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Figure 3.1 contains the schematic of how raw data flows through each technique and
corresponds to each modeling stage. Since both the preprocessing and data augmentation
phases will have been standardized, the architectural variables being tested during the model

training stage will be isolated by keeping all other variables constant.

3.2 Dataset Description

This research utilized the publicly accessible CT Kidney Dataset [51] found on Kaggle. The
dataset was created from the various PACS (Picture Archiving and Communication System),
in multiple hospitals throughout Bangladesh and contains CT scans of the kidneys which
were captured with different scanning protocols for whatever possible clinical

representation.

In total, there are 12,438 CT scans of kidneys that fall under four different clinical categories
of interest, Normal, Cyst, Stone and Tumor. This data set has subsequently been accepted as
a common reference point against which subsequent studies will be available for comparison

with prior work focused on diagnosing or classifying any disease.

The CT Kidney Dataset has been collected from the Picture Archiving and Communication
System (PACS) databases of various hospitals/clinical centers with both contrast-enhanced
and non-contrast-enhanced CT scans. The diversity of clinical images in this dataset
represents multiple imaging manufacturer scanners, different acquisition protocols used, and
various patient demographics, and therefore provides a representative cross-section of
kidney imaging using CT scanning. Thus, the dataset enhances the clinical relevance of a
classification framework for kidney imaging. This dataset has been published on Kaggle and
has been validated by a peer review process as part of that publication, making it a widely
accepted benchmark for classification of kidney disease in the literature, with multiple
previous studies published that utilized the dataset as a benchmark for kidney disease
classification. The CT Kidney  Dataset is  publicly available at
https://www.kaggle.com/datasets/nazmul0087/ct-kidney-dataset-normal-cyst-tumor-and-

stone. The dataset contains 12,438 CT images in JPEG/PNG format at a resolution of 224 x

224 pixels, with the images organized into four directories (one for each class label)

corresponding to the four class labels.

3.3 Dataset Statistics and Class Distribution
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To effectively design and train machine learning models requires a basic knowledge of the

class composition.

Table 3.1 contains important statistical characteristics about CT kidney images, while table
3.2 shows how many images are there for each of the four different types of kidney disease,
with inverse frequency class weights created for the training of models to help account for
class imbalance. From Table 3.1, we can see that the CT kidney image dataset has enough
samples for deep learning training, because a fixed random split provides an ability to

reproduce results.

Table 3.1: CT Kidney Dataset Overview

Details
CT Kidney Dataset

Parameter

Dataset Name

Dataset Type Medical CT Image Dataset
Imaging Modality Computed Tomography (CT)
Total Images 12,438

Number of Classes 4 (Normal, Cyst, Stone, Tumor)
Image Format JPEG / PNG

Source Kaggle (Public)

Train Split 80% (9,950 images)
Validation Split 10% (1,244 images)
Test Split 10% (1,244 images)

An analysis of sample distributions by class can be made before training any deep learning
models on the CT kidney, to see how many images are present for each of the 4 different
types of kidney disease. Because the classes are not balanced some have many more images
than others, inverse frequency class weights were calculated to give minority classes their
proper weight when training the models. Table 3.2 shows the distribution of images for each

of the 4 classes, as well as their corresponding class weights.

Table 3.2: Class Distribution and Inverse-Frequency Class Weights for Training

Class Number of Images | Percentage (%) Class Weight
(Inverse Freq.)
Normal 5,077 40.8% 0.61
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Cyst 3,701 29.8% 0.84
Stone 2,283 18.4% 1.36
Tumor 1,377 11.1% 2.25
Total 12,438 100% -

Of the total number of images in the dataset, 5,077 (40.8%) belong to the Normal class,
3,701 (29.8%) belong to the Cyst class, 2,283 (18.4%) belong to the Stone class, and 1,377
(11.1%) belong to the Tumor class. There is a very significant class imbalance between the
largest and smallest classes of Normal and Tumor, respectively, which gives a 3.69:1 ratio
of the number of Normal images to Tumor images. In clinical practice, this is a significant
concern because of the clinical priority associated with the Tumor class being the smallest
class and therefore the class with the greatest clinical significance. The risk of missing a
tumor diagnosis false negative is significantly greater than that of missing a cyst or stone
diagnosis false negative. The inverse frequency class weight strategy that was used in this
project, which assigns greater training weight to the minority class, has its basis in this
clinical priority. The images were randomly assigned to the following three groups, 80% for
training (9,950 images), 10% for validation (1,244 images), and 10% for testing (1,244
images). Stratified random sampling was used in the creation of the three subsets, with the
stratified random sampling ensuring proportional representation of classes in each of the

three subsets.
3.4 Data Preprocessing

A consistent preprocessing pipeline was used across all models and classes for CT images,

thus standardizing how all CT images would be processed:

e All CTs processed through bilinear interpolation to a standard size of 224x224 pixels -
this preserves essential pathological characteristics and fits all architectures that were

eventually tested.

The preprocessing pipeline was developed with three requirements in mind, (1) architectural
compatibility, meaning that all images must be formatted to the correct dimensions and
channels for the target architectures (2) fidelity to the original clinical study, meaning that
all relevant clinical characteristics must be maintained and no artificial artifacts will be

introduced and (3) fairness, meaning that all five models must undergo the same input

37



preprocessing, so that differences in input preprocessing cannot explain differences in
performance. Image Resize: All images were resized to a common 224 x 224 pixel size using
bilinear interpolation. This resolution is the common input size for each of the five evaluated
architectures VGG16, ResNet50, DenseNet121, EfficientNetB3, and RenalViT and is
adequate to provide sufficient spatial resolution to adequately capture the key structural
characteristics of the four categories of renal disease. Pixel Normalization: For CNNs
pretrained on ImageNet, both the mean and standard deviation were subtracted from each
RGB pixel and divided by the standard deviation based on the ImageNet statistics [0.485,
0.456, 0.406] with [0.229, 0.224, 0.225] for each RGB channel). This is done so that both
networks would have a common distribution of pixel values and therefore be trained with a
common pixel value distribution. RenalViT was pretrained using only the default value [0.0,
1.0] from a randomly initialized pixel value of 0.0 from a randomly initialized pixel value
of 0.0-1.0. Image enhancement: Histogram equalization was performed on all images to
enhance the visibility of minor parenchymal changes and lability of the borders of renal
masses specifically, to differentiate between cystic and solid renal masses in unenhanced
CT.

e Pixel values from [0, 255] will be divided by 255 so that they fall into the [0.0 - 1.0]
range. In addition, for any CNN that was pretrained on ImageNet, the pixel values will
also be mean centered using the mean from ImageNet = (0.485, 0.456, 0.406) as well as
standard deviation of (0.229, 0.224, 0.225) applied to the pixel values.

e Histogram equalization and mild sharpening filters will be used to normalize contrast
and improve visibility of features and across scanner variation while locating and adding

artificial features.

3.5 Data Augmentation

The data augmentation was completed only for the training dataset using
TensorFlow/Keras's ImageDataGenerator and was performed as an on-the-fly augmentation
applied to each mini-batch during training. On-the-fly augmentation allows for diversity
across training epochs without pre-computing augmented versions of all images therefore,
there is no additional expense associated with performing augmentation, beyond the addition
of images resulting from changes to original photos during training. The augmentations used
were chosen based on the premise that they are clinically plausible e.g. the degree of

transformation will create images that could plausibly occur in actual CT scans due to
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variations in patient positioning, machines used for imaging, and contrast used in procedures
while also ensuring that augmented images will not contain any images of physiological
implausibility. More aggressively applied augmentation methods like shear, extreme
cropping, color variability were deliberately excluded from use since the addition of those
types of augmentation could cause errors in the shape of the kidney and alter the
determination of which of the 4 categories of kidney disease applies to an individual.
Complete details of the augmentation methods used including number of times applied and

all four trained models have been documented in Table 3.3.

Table 3.3: Data Augmentation Techniques Applied During Training

Augmentation Technique | Parameters Clinical Rationale

Random Rotation Up to £20 degrees Simulates patient

positioning variation in CT

scanner

Random Horizontal Flip Probability = 0.5 Accounts  for  left/right
Kidney anatomical
orientation

Random Vertical Flip Probability = 0.5 Simulates scan orientation
variability

Random Zoom Up to £10% Simulates lesion size and

distance-to-scanner

variation

Contrast Adjustment Factor range [0.8, 1.2] Simulates scanner-specific
contrast and window-level

variations

The augmentation techniques that being used for this study were all based on plausible
clinical sources of variation, which ensures that augmented images derived from being
produced and matched are clinically meaningful.

3.6 Experimental Environment

This entire study's experiments were carried out using Google Colaboratory (Colab) in a

reproduced cloud-computing environment that required no additional hardware and has
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improved replicability because the resources used to conduct these analyses can simply be
accessed over the internet. The majority of the framework was built around the use of the
same software tools and libraries. The software used to develop the models included the
following, Python 3.10, TensorFlow 2.x / Keras used to implement all models, NumPy 1.23
all data manipulation, OpenCV 4.7 used for preprocessing images before inputting them into
each model, Scikit-learn 1.2 used to compute all metrics and conduct bootstrap analyses, and

Matplotlib/Seaborn used to produce all resultant figures.

In addition, all experiments had their random seeds fixed NumPy random seed, TensorFlow
random seed, Python hash seed to ensure that the results of each experiment could be reliably
reproduceable from one run to another. All models were implemented using 32-bit floating
point precision, and as part of training a model, all of the models' weights were checkpointed
using the lowest validation loss at the moment of the model's checkpoint taken during
training. To ensure that differences in model performance are reflective of architectural
capabilities and not hardware/software differences, all models for conducting experiments
were executed within an identical experimental environment see Table 3.4. It lists two
distinct optimizers: Adam for the CNN baseline models and AdamW for the proposed
RenalViT framework. This distinction is intentional, as AdamW incorporates decoupled
weight decay regularization that has been demonstrated to improve training stability and
generalization performance for transformer architectures, while Adam remains the standard

optimizer for CNN-based transfer learning.

Table 3.4: Experimental Environment and Training Configuration

Configuration Parameter Value / Description

Platform Google Colaboratory (Colab)

GPU NVIDIA Tesla T4 (16 GB VRAM)
System RAM 16 GB

Deep Learning Framework TensorFlow 2.x / Keras

Python Version 3.9

Optimizer (CNN)

Adam (Ir=1e-4)

Optimizer (RenalViT)

AdamW (Ir=1e-4, weight_decay=1e-4)

Batch Size

32

Training Epochs (CNN)

50 (early stopping, patience=10)

Training Epochs (RenalViT)

65 (early stopping, patience=10)
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Train/Val/Test Split 80% / 10% / 10%

3.7 Evaluation Metrics

To evaluate the performance of the classifiers' type, we used a comprehensive collection of
metrics calculated on test dataset that the classifiers had never seen before. The following

are the metrics used:

e Accuracy: The rate in which a classifier correctly classifies samples in relation to all
samples. The computation for accuracy will be as follows: Accuracy=
(TP+TN)/(TP+TN+FP+FN) which is also the Global measure of performance.

The evaluation methodology utilizes six complementary metrics which evaluate a different
area of performance for classification. While Accuracy provides an overall estimate of
performance, it alone does not suffice for classification on imbalanced data sets. For
example, a classifier that predicts "Normal” for all inputs would have an accuracy of 40.8
%. Therefore, this classifier would not have identified any clinically useful distinguishing

characteristics from the inputs for the problem of classifying a "Normal™ patient.

Precision also known as Positive Predictive Value is an estimate of the fraction of positive
predictions that are correct higher precision results in a fewer number of false alarms
incorrectly classifying healthy kidneys as having disease. Recall also known as Sensitivity
is an estimate of how many of the actual positive examples were identified correctly high
recall is critically important in a clinical setting for detecting tumors, as missing a diagnosis
could be life-threatening. The harmonic mean of Precision and Recall is known as F1-score,
and F1-score is considered a single measure of performance that is appropriate for
imbalanced data sets. The confusion matrix provides diagnostic information with the highest
granularity, defining the types and frequencies of all possible inter-class confusions.
Analysis of the confusion matrix will provide us with information on the types of
architectural improvements we need to make to reduce the frequency of the identified inter-
class confusions. The AUC-ROC curve provides us with a threshold-independent summary
of performance and we will report the macro-averaged AUC across four classes in order to

summarize performance for all possible classifications.

e Precision: TP/(TP + FP) - the proportion of positive identifications that are correct high

precision will minimize the occurrence of false positives.
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e Recall (Sensitivity): TP/(TP + FN) - the proportion of actual positive cases that are
correctly identified high recall will reduce the number of false negatives, which is
important in detecting tumors.

e F1-Score: the harmonic mean of Precision and Recall. It can be calculated as follows:
F1 =2 x (PxR)/(P + R) F1-Score provides a balanced measure between false positives
and false negatives.

e Confusion Matrix: 4x4 matrix of correct and incorrect predictions for each class
combination and records instances for misclassification patterns per class.

e AUC-ROC: area under the Receiver Operating Characteristic Curve a measure of the
discriminative power of the classifier that is presented as a single number in the range of
0to 1, where 1.0 represents perfect classification of instances into one of the two classes
an AUC value of 1 means all instances were classified correctly based on their actual

class.

3.8 Workflow Diagram

In this section, the overall research flow chart is described in terms of the automated
classification of images of renal disease. The flow chart demonstrates the full process from
beginning the creation of the data set and formatting of the data to the end comparative

analysis of all models. An example of the proposed research methodology is provided in

¢ Noise Reduction
¢ Data Augmentation

Figure 3.2.
- Image Preprocessing Data Partltlonlng
g Q A B Train (80%)
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Figure 3.2: Complete Research Workflow and Execution Flowchart
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The complete research flow chart shows the sequential data flow from acquiring the raw data
set from a variety of previous studies to performing a comparative analysis of the final
models. The research data that were used for the CT focused database were 12,438 images
in total, spread over four classes. The processed data set was divided into three sub-data sets,
training at 80%, validation at 10%, and testing at 10%. At the same time, all four baseline
models were established and trained on the same training data set as the new RenalViT
method. The model selection was based on the minimum amount of validation error. Once
the models are trained, they were all tested on the same set of held-out testing data, which
was evaluated using the six-performance metrics discussed in Section 3.7. The final report
presents a detailed account of each model's performance in comparative tables, through the
use of confusion matrices, area-under-the-curve (AUC) curves, and through the use of

statistical analysis. These performance data will form the basis of Chapter 6.

3.9 Algorithm Overview

Algorithm 1 illustrates the general process of classifying kidney diseases, detailing the
sequential steps of the application of kidney disease data preparation and evaluation as

illustrated below.

e input - kidney CT dataset: Use kidney CT dataset D = {(x_i,y_i)}, i=1to N, where x_i
is a 224x224x3 CT image, and y_i is normal, cyst, stone, or tumor.

e output - trained kidney disease classification model: Provide trained models M_CNN
and M_RenalViT and performance metrics for D_test.

e Step 1 - Prepare Data: Load kidney CT dataset D (from N to D (80% D = T_D)) resize
to 224x224, normalize images to [0, 1], split dataset N into 3 subsets (80% for training
D_train, 10% validation D_val, and 10% testing D_test).

e Step 2 - Data Augmentation: Implement on-the-fly data augmentation for D_train
batches by rotating images +20°, H-flipping, V-flipping, zooming +/-10% and adjusting
contrast +/-20%.

e Step 3 - CNN Baseline Model: Train each M in {VGG16, ResNet50, DenseNet121,
EfficientNetB3} starting from ImageNet initial weights for 50 epochs with Adam
(LR=1e-4) and early stopping using the best checkpoint.

e Step 4 - Train RenalViT: Train RenalViT on kidney CT image data. RenalViT is 16x16

image patches, positional embeddings learned, 4 encoder block layers, 4 attention-heads
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(D=256), 65 epochs, weighted class loss with AdamW (LR=1e-4 & WD=1e-4), and use
the best checkpoint.

e Step 5 - Model Evaluation: Loading the best trained model checkpoints, evaluating on
D_test, and obtaining accuracy, precision, recall, F1 score, confusion matrix, and AUC-
ROC for all 5 models.

e Step 6 - Compare Models: Table and visualize the comparative performance of all 5

kidney disease classification models.

3.10 Summary

In this chapter we describe the entire research methodology used throughout this thesis
including: CT Kidney Dataset (i.e., 12,438 images within 4 clinically-relevant categories -
Normal, Cyst, Stone, Tumor) regarding source, composition, class distribution, and clinical
relevance standardized preprocessing pipeline 224 x 224 image sizing/resizing to the same
resolution, normalization of pixel values, and contrast normalization the data augmentation
strategies like rotation, flip, zoom, contrast adjustment used to increase dataset variety
experimental environment Google Colab/Tesla T4 GPU/Tensorflow 2.x evaluation metrics
accuracy, precision, recall, F1 Score, confusion matrix, AUC-ROC general research
workflow and algorithmic overview were discussed. To ensure valid and interpretable
comparative analysis between all 5 models trained on identical conditions, the methodology
was designed with emphasis on experimental control and reproducibility. In Chapter 4 you

will find the implementation and results for each of the 4 CNN baseline architectures.
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CHAPTER -4
CNN-Based Kidney Disease Classification

In the current chapter, we present a detailed description of how four prominent
Convolutional Neural Network architectures (VGG16, ResNet50, DenseNetl21, and
EfficientNetB3) can be used as benchmarks to classify kidney CT images. Each of the four
different CNN architectures was selected due to their proven performance on larger datasets,
due to their pre-trained availability from ImageNet, and because they have previously been
used in many other studies involving medical image processing. Each architecture has
distinct design philosophies: VGGL16 is characterized by deep architectures with only 3x3
convolutions ResNet50 solves the issue of vanishing gradients through skip connections
DenseNet121 develops the idea of skip connections further by allowing for dense reuse of
features from previous layers and EfficientNetB3 employs an objective compound scaling
methodology. All four architectures were implemented using transfer learning (ImageNet
pre-trained weights) and identical hyper parameters to allow for rigorous comparison among
the models, which serves as a solid foundation for the proposed renal CT image analysis
framework (Renal ViT).

4.1 VGG16 Architecture and Results

The VGG16 CNN refers to a 16-layer sequential CNN consisting of five convolutional
blocks, each followed by a max-pooling operation, and a custom classification head. Block
1 contains two convolutional layers with 64 filters, Block 2 has two layers with 128 filters,
Block 3 uses three layers with 256 filters, and Blocks 4 and 5 each use three layers with 512
filters. All convolutional layers employ 3x3 kernels with ReLU activation and a stride of 1.
The VGG16 model is the first baseline CNN model to be evaluated in this thesis. As
illustrated in Figure 4.1, the architecture proceeds sequentially from the input CT kidney

image (224x224x3) through the five convolutional blocks with max-pooling, followed by
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GlobalAveragePooling2D, Dense (256, ReLU), Dropout(0.5), and a final Dense(4, Softmax)
layer for four-class kidney disease classification (Cyst, Tumor, Stone, Normal).

Block1 Block2 Block3 Block4 Block5

Figure 4.1: VGG16 Architecture with Five Convolutional Blocks and Classification Head

for Kidney Disease Classification

As shown in Figure 4.1, the architectural arrangement of VGG16 requires stacking multiple
small 3x3 receptive fields (convolutions) across five blocks to progressively generate model
depth. The filter count doubles from 64 (Block 1) to 512 (Blocks 4 and 5), enabling the
network to capture increasingly complex features at each stage. Although the model appears
simple in its sequential design, the total number of parameters is approximately 138 million,
which makes this model computationally expensive and significantly increases the risk of
overfitting compared to newer parameterized designs. The custom classification head
replaces the original VGG16 fully connected layers with GlobalAveragePooling2D,
Dense(256, ReL.U), Dropout(0.5), and Dense(4, Softmax) to adapt the model for the four-
class kidney disease classification task. Table 4.1 illustrates the model parameters used for
classification purposes.

Table 4.1: VGG16 Architecture Configuration for Kidney Disease Classification

Layer Group Configuration Output Shape
Input 224x224%3 224x224x3
Block 1 (Conv+ReLU x2, | 64 filters (3x3) 112x112%64
MaxPool)
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Block 2 (Conv+RelLU x2, | 128 filters (3%3) 56x56%128
MaxPool)

Block 3 (Conv+ReLU x3, | 256 filters (3x3) 28x28x256
MaxPool)

Block 4 (Conv+ReLU x3, | 512 filters (3x3) 14x14x512
MaxPool)

Block 5 (Conv+ReLU x3, | 512 filters (3x3) 7x7x512
MaxPool)

FC-1 (Dense + ReLU + | 4096 units 4096
Dropout 0.5)

FC-2 (Dense + ReLU + | 4096 units 4096
Dropout 0.5)

Output (Dense + Softmax) | 4 units 4

Keras has implemented the VGG16 within its VGG16 module, using weights from ImageNet
that are pre-trained. The original classification head three fully connected layers
corresponding to the 1000 ImageNet classes has been replaced with a customized
classification head GlobalAveragePooling2D (reducing the spatial dimensions while still
keeping the information from the feature channel) — Dense (256 neurons with relu
activation) — Dropout (0.5) — Dense (4 neurons with softmax activation). The
GlobalAveragePooling layer is being used instead of the Flatten layer by combining the
7x7x512 features in the VGG16 to 25,088 features, significantly increasing the number of
parameters used and the potential for overfitting. The GlobalAveragePooling reduces this to
512 features without learnable parameters, thus working as a regularizer. The convolutional
layers of the VGG16 have been frozen for the first ten epochs the feature extraction phase
to protect the randomly initialized head from adversely affecting the pre-trained feature
values. All layers are unfrozen and fine-tuned for the next four epochs (epochs 11-50), and
the new learning rate is reduced to 1x10-5 so that the pre-Strained features are retained while

still being adapted to the kidney CT domain.

The VGG16 model tested at 66.43% test accuracy, has weighted precision of 66.61%, has
weighted recall of 66.43%, and has a weighted F1-score of 66.24%. These results show that
VGG16 performed at a lower level than may be expected based on previous performance in

the natural image classification domain. The reason for this is likely due to many domain-
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specific challenges. Additionally, due to VGG16's high number of trainable parameters,
138M total parameters 4M in the custom classification head, the risk for overfitting is
substantial based on the relatively small sample size (9,950 training images). The training
and validation accuracy curves indicate that, while training accuracy improved with training
epochs, validation accuracy did not improve past epoch 20 and plateaued therefore, VGG16
does not have good generalization ability to the unseen validation data. In addition to the
low overall performance, analysis of the confusion matrix by class indicates that there was
particularly high inter-class confusion between the Cyst and Normal classes. This finding is
consistent with the use of local convolution feature extraction in VGG16's architecture.
Based on local texture alone, VGG16 may struggle to differentiate cystic lesions from
normal parenchyma. In addition to lack of performance on a prediction basis, this finding
supports the need for architectures designed to have more robust global contextual learning

abilities. The VGG16 performance metrics on the CT Kidney test set are shown in Table 4.2.

Table 4.2: VGG16 Performance Metrics on the CT Kidney Test Set

Metric Value

Test Accuracy 66.43%
Weighted Precision 66.61%
Weighted Recall 66.43%
Weighted F1-Score 66.24%

VGG16 demonstrated an overall test accuracy of 66.43%, precision weighted at 66.61%,
recall weighted at 66.43%, and F1 score weighted at 66.24%, which can be attributed to
VGG-16's relatively low performance due to its numerous parameters (138 million), leading
to more overfitting on the CT Kidney Dataset and no residual connections limiting gradient
flow in the deep network.
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Figure 4.2: VGG16 Confusion Matrix

In the VGG16 Test Dataset Confusion Matrix from Figure 4.2 you can see the four classes
of kidney diseases are well represented within the confusion matrix. You can see how the
classes are distributed correctly and incorrectly across the samples, as the diagonal of your
matrix represents correctly classified samples and the non-diagonal represents incorrectly
classified samples. You can evaluate the behavior of the model while using the confusion
matrix because it provides you with information on which classes contain the greatest degree

of error.

4.2 ResNet50 Architecture and Results

Residual Networks employ residual learning through identity shortcut connections to enable
stable training of very deep networks. The ResNet50 architecture, as shown in Figure 4.3,
consists of an initial 7x7 convolutional layer with 64 filters (stride 2) followed by max-
pooling, and then four residual stages containing bottleneck blocks. Each bottleneck block
uses a sequence of three convolutions (1x1, 3x3, 1x1) to reduce parameters while
maintaining representational capacity. Stage 1 contains 3 bottleneck blocks (64-64-256
filters), Stage 2 has 4 blocks (128-128-512 filters), Stage 3 has 6 blocks (256-256-1024
filters), and Stage 4 has 3 blocks (512-512-2048 filters).

The skip connections in ResNet50, illustrated in Figure 4.3, bypass each bottleneck block to
create identity shortcut paths that allow gradients to flow directly through the network during
backpropagation. This design addresses the vanishing gradient problem that limits training

of deeper architectures. The architecture of the ResNet50 model is shown in Figure 4.3 with
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its four residual stages, bottleneck blocks, and skip connections leading to the classification

head.
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Figure 4.3: ResNet50 Architecture with Four Residual Stages, Bottleneck Blocks, and

Skip Connections for Kidney Disease Classification

As depicted in Figure 4.3, the skip connections bypass each bottleneck block, enabling the

model to avoid vanishing gradients during backpropagation. The bottleneck design (1x1 —

3x3 — 1x1 convolutions) within each residual block reduces computational cost while

maintaining feature richness. Therefore, the model can provide a much more complex feature

representation than VGG16, using only 25 million parameters, thereby improving training

stability for kidney CT scans. The classification head follows the final residual stage:
GlobalAveragePooling2D — Dense(256, ReLU) — Dropout(0.5) — Dense(4, Softmax) for

Cyst, Tumor, Stone, and Normal classification. The architecture of the ResNet50 model is

shown in Table 4.3 and specifies the architecture configuration for Kidney Disease

Classification including the Residual Stages, the Bottleneck Block structure, Filter Sizes and

Output Feature Map Sizes.

Table 4.3: ResNet50 Architecture Configuration

Stage

Block Type

Filters

Blocks

Output Shape

Input

224%224x3
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Convl %7 Conv, | 64 1 112x112x64
Stride 2

Pooll MaxPool, - - 56x56%64
Stride 2

Stage 1 Bottleneck 64/256 3 56x56x256
Block

Stage 2 Bottleneck 128/512 4 28x28x512
Block

Stage 3 Bottleneck 256/1024 6 14x14x1024
Block

Stage 4 Bottleneck 512/2048 3 7x7x2048
Block

Avg Pool + FC | Global - - 4
AvgPool +
Dense

ResNet 50 has two significant benefits compared with VGG 16 due to its use of residual
learning: (i) direct gradient flow from the loss back through skip-connection layers to
facilitate efficient training of deeper networks using gradient descent by avoiding the
vanishing gradient problem and therefore allowing the training of deeper networks through
faster gradients from the loss going back through the skip-connection layers of earlier layers,
and (ii) it has approximately 25 million parameters compared to 138 million for VGG 16
because ResNet 50 uses bottleneck residual blocks in order to have a combined use of 1x1
to reduce channels, 3x3 (to process spatial features), and 1x1 (to increase channels)
convolutions that process features efficiently through their adjacent bottleneck design which
maintains the dimensionality of their features while at the same time reducing the number of
parameters used per RESNET-50 block by a factor of approximately 8. ResNet 50 used the
same type of classification head as VGG 16, consisting of GlobalAveragePooling2D —
Dense (256 ReLLU) — Dropout (0.5) — Dense (4 softmax) and was trained using the same
two-phase training strategy of freezing the base for 10 epochs and then fine-tuning for 40

epochs.

ResNet50 in the present experimentation, achieved a test accuracy of 72.76%, 73.39%

precision, 72.76% recall and an F1 score of 72.89% which is 6.3 percentage points better
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than the VGG16 model. The introduction of residual skip connections has resulted in
improved convergence between training and validation accuracy curves and less
generalization error than for VGG16 demonstrating the ability of residual connections to
reduce overfitting through the improvement of gradient information and increased feature
learning. Among the various classes, the recall for the Tumor class improved beyond
VGG16, although Tumor may still remain the most difficult to classify due to its visual
diversity and less representation in training data. Improvements in the performance of stone
classes due to good gradient-based optimization allowed ResNet50 to distinguish subtle
differences in density between stone areas and surrounding tissues. In table 4.4 is presented
the classification performance of ResNet50 on the test set of the CT Kidney Dataset with
test accuracy, weighted precision, weighted recall and weighted F1 score showing all sorted

aspects of the prediction ability of the models across all kidney disease categories.

Table 4.4: ResNet50 Performance Metrics on the CT Kidney Test Set

Metric Value

Test Accuracy 72.76%
Weighted Precision 73.39%
Weighted Recall 72.76%
Weighted F1-Score 72.89%

According to the test results obtained using a ResNet50 model, it is able to predict with a
72.76% accuracy which is a 6.33 percentage point increase over VGG16's test result of
66.43%. By leveraging feature maps generated by previous layers in the dense blocks,
ResNet50's use of residual skip connections has resulted in improved gradient flow along
with fewer parameters (25 million vs 138 million), thereby reducing the likelihood of

overfitting on the CT Kidney Dataset.
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Figure 4.4: ResNet50 Confusion Matrix

As illustrated in Figure 4.4, the output generated by the ResNet50 model produces a
confusion matrix which provides a summary of what classes were accurately predicted
versus those that were incorrectly predicted. Furthermore, it represents a complete view of
performance for each class associated with kidney disease classification. The actual class
label versus the predicted class label is displayed along the main diagonal of the matrix
indicating that those samples were properly classified all other entries within the matrix
outside of the main diagonal indicate that those samples were incorrectly classified. The
confusion matrix also provides an excellent way to identify patterns associated with
classification error as well as provide an assessment of how well the model is able to produce

accurate classifications on the class of interest based on the feature set.

4.3 DenseNet121 Architecture and Results

DenseNet121 employs a technique referred to as dense connectivity, which connects every
layer within each dense block to all preceding layers by concatenating the feature maps
generated by each layer and passing them directly to all subsequent layers. The architecture,
as shown in Figure 4.5, consists of an initial 7x7 convolution with 64 filters followed by 3x3
max-pooling, and then four dense blocks with transition layers between them. Dense Block
1 contains 6 layers, Dense Block 2 has 12 layers, Dense Block 3 has 24 layers, and Dense

Block 4 has 16 layers, all with a growth rate of 32 channels.
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To fully utilize the ability to reuse features throughout the network, DenseNet121 was
designed with a dense connectivity pattern (see Figure 4.5) that connects every layer within
each dense block directly to all other layers within that block. The transition layers (1x1
convolution + 2x2 average pooling) between dense blocks control feature map dimensions

and prevent excessive growth of concatenated features.
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Figure 4.5: DenseNet121 Architecture with Four Dense Blocks, Transition Layers, and

Dense Connectivity for Kidney Disease Classification

As illustrated in Figure 4.5, the dense connectivity within each block ensures that every layer
receives feature maps from all preceding layers through concatenation, maximizing feature
reuse and reducing the vanishing gradient effect. This leads to a highly efficient parameter
count of approximately 8 million parameters. Each dense block generates new feature maps
at a growth rate of 32 channels per layer, while the three transition layers (1x1 convolution
+2x2 average pooling) between blocks compress and downsample the accumulated features.
The classification head follows Dense Block 4: GlobalAveragePooling2D — Dense(256,
ReLU) — Dropout(0.5) — Dense(4, Softmax) for Cyst, Tumor, Stone, and Normal
classification. However, despite this efficient design, standard convolutional layers still have
a fixed local receptive field size. Table 4.5 presents the general structure of the DenseNet121
architecture that was used in this study, including all components of this network, their

configurations, and the feature dimensions at each level of the model.
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Table 4.5: DenseNet121 Architecture Configuration

Component Configuration Output Shape
Initial Conv 7x7 Conv, 64 filters, Stride 2 112x112x64
Max Pool 3x3, Stride 2 56x56x64
Dense Block 1 6 layers, k=32 56x56x256
Transition 1 Conv + AvgPool 28x28x128
Dense Block 2 12 layers, k=32 28%x28%512
Transition 2 Conv + AvgPool 14x14x256
Dense Block 3 24 layers, k=32 14x14x1024
Transition 3 Conv + AvgPool 7X7x512
Dense Block 4 16 layers, k=32 7x7x1024
Global AvgPool + FC - 4

DenseNet121's dense connectivity with each layer | receiving concatenated feature maps
from all I-1 previous layers as input: x_I = H_I([x_0, x_1, ..., x_{I-1}]) serves as the most
extreme for feature reuse among the compared architectures. This pattern bears two
fundamental consequences: (i) Features in early layers-currently extracted texture and edge
information that is indispensable for proper CT density assessment-have direct access by all
subsequent layers, (ii) Each layer generates only a small number of new feature maps (the
growth rate, typically 32 channels), thus providing an extremely parameter-efficient
network. DenseNet121 had just 8 million parameters, the smallest of the four CNN baselines,
thus making it especially compelling for resource-constrained deployment scenarios. The
transition layers (1x1 convolutions + average pooling) utilized between dense blocks aid in

controlling feature map dimensions and impose an upper limit on concatenation depth.

DenseNet121 is not correlated with a higher performance than VGG16 based upon the
relative parameter count even as it achieved test accuracy of 67.07%, precision of 67.52%,
recall of 67.07%, and an F1-score of 66.94%. Therefore, it can be concluded that the
characteristics of the dataset (being able to learn global spatial relationships between
structures vs being able to create rich local representations of features) are more critical to
the overall performance than are the parameters in the architecture. The dense connections
in DenseNet121 were great for propagating deep features throughout the dense architecture,

but they do not solve the inherent challenge of convolutional networks having a limited
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receptive field, which prevents long-range modeling of spatial dependencies between 2 or
more distant regions of an image. An examination of the confusion matrix indicates there is
reasonable confusion between the classes of Cyst and Normal and that this pattern is
consistent among all of the CNN models. This supports the hypothesis that the local feature
representation of a cyst and that of normal parenchyma are very similar when there is no
awareness of the global context. Table 4.6 contains the performance metrics from
DenseNet121 on the test set of the CT Kidney dataset.

Table 4.6: DenseNet121 Performance Metrics on the CT Kidney Test Set

Metric Value

Test Accuracy 67.07%
Weighted Precision 67.52%
Weighted Recall 67.07%
Weighted F1-Score 66.94%

DenseNet121's test accuracy was 67.07%. This is marginally higher than VGG16, but it is
the strongest performer in terms of parameter efficiency at only 8 million parameters, it is
the best performing neural network on this task. However, dense feature reuse alone does
not account for the difficulty of kidney CT classification due to its complex spatial patterns

and lack of hierarchical semantic abstraction.

The classification performance of DenseNet121 can be also evaluated using the confusion
matrix associated with the test data set provided in Figure 4.6. This matrix provides an
overall view of class-wise prediction results and indicates both correctly classified and

misclassified samples for all disease categories.
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Figure 4.6: DenseNet121 Confusion Matrix

Figure 4.6 illustrates how the confusion matrix provides a comprehensive summary of
prediction results by classifying correctly with a corresponding class along the principal
diagonal and incorrectly classified cases in off-diagonal locations, which helps identify both
strengths and weaknesses in a model's performance by highlighting which classes are able
to be classified at higher levels of accuracy and where the model has difficulty making

predictions.

4.4 EfficientNetB3 Architecture and Results

The EfficientNetB3 model is designed to achieve optimal trade-off between accuracy and
computational efficiency by determining depth (1.4x), width (1.2x), and resolution through
compound scaling using Mobile Inverted Bottleneck Convolutions (MBConv) with Swish
activation, as well as Squeeze-and-Excitation (SE) modules and having the following
architectural parameters that have been used in the context of this study for classifying
kidney disease, which are summarized in Table 4.7 (where each row of data includes
compound scaling coefficients, input resolution, activation function, and overall model

complexity).
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Figure 4.7: EfficientNetB3 Architecture Overview

Figure 4.7 illustrates how EfficientNetB3 architecture overview used for kidney disease
classification. The model processes CT kidney images through stem convolution, MBConv
blocks integrated with squeeze-and-excitation modules, head convolution, global average

pooling, and a softmax classification layer.

Table 4.7: EfficientNetB3 Architecture Configuration

Parameter EfficientNetB3 Configuration

Depth Coefficient 1.4%

Width Coefficient 1.2x

Resolution 300%300 (rescaled to 224x224 in this study)
Activation Swish (SiLU) in MBConv blocks

Total Parameters 12M

Total Layers 315

As the current state-of-the-art CNN design efficiency, EfficientNetB3 achieves high
accuracy per parameter due to its efficient use of compound scaling (¢=1.2) in that it
simultaneously scales the width/depth/resolution of a network. For example, EfficientNetB3
scales by (depth =x 1.4) (width =x 1.2) (resolution =x 1.3) as compared to the baseline for
EfficientNetBO. It has several architectural innovations (i) Mobile Inverted Bottleneck
Convolution (MBConv) blocks that use inverted residual connections and depth wise
separable convolutions in order to decrease computation but maintain representational
capacity, (ii) Squeeze-and-Excitation (SE) attention that applies channel-wise attention to
re-calibrating feature map weights with Global Channel Statistics provides a primitive form
of global attention and (iii) Swish activation (x * sigmoid(x)) used throughout provides

smooth gradient flow relative to ReLU activation. Overall, the SE attention modules
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represent the closest approximation to global attention by EfficientNetB3 although they are
operating based off of channel statistics rather than spatial tokens.

EfficientNetB3 achieved best-performing CNN overall based on metrics of accuracy
(75.16), precision (76.22), recall (75.16), F1-score (75.68) thus confirming SE Attention
Module (SEAM) benefits can correlate in CNN paradigm. EfficientNetB3 outperformed all
other baseline CNNS by 8.73 pp over VGG16 8.09 pp over DenseNet121 and 2.40 pp over
ResNet50 . The SEAM offers an avenue for Channel Selective Attention through which the
network emphasizes Pathologic Features pertaining to kidneys while down weighting
channels that do not provide any Value. SEAM utilizes Channel Level Summary Statistics
(Global Average Pool Feature Maps) so limitations arise related to its inability to model
Spatial Relationships amongst Anatomical Structures that are important when
Discriminating Among Cyst, Stone and Tumour furthermore additional limitations arise due
to utilizing only Summary Statistics to create Categorical Discriminatory Information.
EfficientNetB3 Performance Metrics on CT Kidney Test Set are shown in Table 4.8.

Table 4.8: EfficientNetB3 Performance Metrics on the CT Kidney Test Set

Metric Value

Test Accuracy 75.16%
Weighted Precision 76.22%
Weighted Recall 75.16%
Weighted F1-Score 75.68%

The EfficientNetB3 offering was rated the best CNN model having an average accuracy of
75.16%, an average precision of 76.22%, an average recall of 75.16% and an average F1
score of 75.68% when compared with all of the baseline CNN models. EfficientNetB3
performed better than all the baseline CNN models being approximately 8.7% better than
VGG16, 8.1% better than DenseNet121 and 2.4% better than ResNet50. The EfficientNetB3
model uses Squeeze-and-Excitation modules and compound scaling as methods for

improving feature extraction in the CNN model.
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Figure 4.8: EfficientNetB3 Confusion Matrix

The confusion matrix of the EfficientNetB3 model results is displayed in Figure 4.8. The
confusion matrix displays class-situation prediction results on the test dataset by comparing
actual and predicted outputs. The diagonal elements of the matrix are samples with correct
classifications and the off-diagonal elements are samples with incorrect classifications. The
confusion matrix allows for a more in-depth understanding of the model's predictive
performance as well as insight into the distribution of misclassified patient population among

each of the kidney disease classifications.

4.5 Comparative Analysis of CNN Architectures

There are three major conclusions made from comparing four different CNN architectures.
The first conclusion is that CNN performance is maximized when sophisticated architectures
(such as residuals, dense connectivity, and compound scaling) are utilized in the design
hence, the comparison shows that all four architectures perform as follows: VGG16
(66.43%) < DenseNet121 (67.07%) < ResNet50 (72.76%) < EfficientNetB3 (75.16%). The
above architecture ranking loosely mirrors the historical development of CNN technologies.
Second, parameter-efficient architectures such as DenseNetl21 are superior when
comparing parameter efficiency which uses 8M parameters to achieve 67.07% to VGG16
which uses 138M parameters to achieve 66.43%, yet, fail to outperform either ResNet50 or
EfficientNetB3. Thirdly, the result of an observed performance ceiling of approximately
75% across all architectures suggests that local convolutional feature extraction methods are

not suitable for tasks that rely on global feature information therefore, there is a need to
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explore new global architectures based on attention mechanisms. To address this problem,
the RenalViT framework, which will be discussed in Chapter 5, was created to provide the
same tasks as the previously described architectures, using global self-attention learning
methods to achieve 98.96%. Below in Table 4.9 is a complete list of comparisons between

each of the four architectures developed above when evaluated using CT kidney images.

Table 4.9: CNN Baseline Comparison Summary

Model Layers| Parameter | Activation | Accurac | Precision|Recall| F1
s y (%) (%) | (%) | (%)
VGG16 16 138M ReLU 66.43 66.61 | 66.4 | 66.2
3 4
ResNet50 50 25M RelLU 72.76 7339 | 72.7 | 72.8
6 9
DenseNet121 121 8M RelLU 67.07 67.52 67.0 | 66.9
7 4
EfficientNetB | 315 12M Swish/ReL | 75.16 76.22 | 75.1 | 75.6
3 U 6 8

According to the comparative analysis, the models that show the best performance are:
EfficientNetB3 (1), ResNet50 (11), DenseNet121 (111), and VGG16 (IV) in that order. While
there are many architectural styles within those four models: VGG16 being the most basic
and made up of simple stacks of convolutions while EfficientNetB3 uses compound scaling.
All four of these models did not do well on the CT Kidney Dataset test set with all of them
achieving an accuracy of less than 80%. This indicates a limit to their accuracy as CNNs and
highlights the need to develop transformer models which have the ability to extract global

features.

4.6 Summary

Thus, chapter three contains the results of a four architectural baseline study designed to
evaluate the capabilities of four different types of CNN models for the purpose of classifying
images from CT images of human kidneys. EfficientNetB3 produced the best results

showing an accuracy of 75.16%. All four models confirmed there is a ceiling of reliability
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under 80% due to their dependence on local convolutional feature extraction, indicating that

further studies should focus on designing transformer style networks.

In this chapter, we provide an overview of the implementation, architecture, and testing
results of four different CNN baseline models on the CT Kidney Dataset VGG16 (66.43%),
ResNet50 (72.76%), DenseNet121 (67.07%), and EfficientNetB3 (75.16%). All models
were subjected to the same conditions in order to provide a rigorous baseline comparison
across multiple CNC designs. Our analysis suggests that all four architectures improvements
on prior architectures Residual Connection with ResNet50, Legacy Connection with
DenseNet121, and Compound Scale and SE in EfficientNetB3, however, they are all limited
to a performance floor of about 75% due to the restrictions placed on convolutional networks
by local feature extraction inability to model long-range spatial relationships between
adjacent anatomical features within the kidney CT images. this work supports that the gap
between CNN architectures is significantly reduced compared to the absolute distance
between the highest performing CNN architecture and the proposed transformer architecture
(See Chapter 5). Chapter 5 will include an architectural basis for constructing the RenalViT

architecture based on the limitations identified during the CNN architecture analysis.
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CHAPTER -5
Proposed Transformer Framework (RenalViT)

The proposed Renal Vision Transformer (RenalViT) framework for automatically
classifying kidney CT images has been designed, implemented, and based on a mathematical
foundation to solve the problem of classifying kidney CT images. This chapter includes
information about the base Vision Transformer architecture, what specific design decisions
were made for RenalViT, how to implement tokenization of the different image patches,
how to implement position encoding, how to implement multi-head self-attention, how to
implement the transformer encoder blocks, the GELU activation function, how to handle
class imbalance, the training methodology used, and how to analyze and evaluate

computational complexity.

5.1 Introduction

As shown in detail in Chapter 4, using local convolutional features with advanced designs
such as the use of residual connections, the use of dense connectivity layers, and the use of
compound scaling only produce a maximum of 75.16% accuracy on the CT Kidney Dataset.
This accuracy ceiling indicates that further study needs to focus on a structure that can use a

global feature extraction capability and a long-distance spatial reasoning capability.

The proposed Renal Vision Transformer framework addresses the above issues by applying
the Vision Transformer structure to kidney CT classification through the use of multi-head
self-attention, where multiple images can all be processed at the same time to create global
spatial relations between the different regions within the entire image. The RenalViT
framework was developed with the above special characteristics of the CT Kidney Dataset

in mind, specifically four classes, 224x224 pixel input size, and severe class imbalance.

The baseline performance of local convolutional feature extraction on the kidney CT

classification task has been limited to a maximum accuracy of approximately 75% as
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established by the comparative CNN baseline analysis presented in Chapter 4. This
performance ceiling suggests a major need for restructuring of the current approach to
architectural refinement, as the continued efforts to improve local convolutional
architectures do not yield further benefits. Consequently, an alternate and completely
different architectural approach is pursued, which utilizes global self-attention using the
Vision Transformer framework. The hypothesis is that the kidney CT classification task
requires integrating global spatial context in order to accomplish the classification of small
cysts versus normal parenchymal regions, distinguishing subtle stone features in the kidney
collecting system based upon the global density pattern in the collecting system and
visualizing distinguishing features for tumor boundaries that extend across image areas that
are extremely far apart from each other. Experimental results presented in Chapter 6 validate
that the use of global self-attention provides significant performance improvement compared
to local convolutions in the kidney CT classification task, by providing the basis for
validating the Renal Vision Transformer (RenalViT) framework that was proposed in this

study.

5.2 Vision Transformer Fundamentals

The Vision Transformer (ViT) utilizes the transformer model to classify images. It does this
by breaking each image into numerous patches that are not overlapping with each other,
taking a fixed amount of area (patch tokens), and then representing those patches in order as
a sequence in a transformer. The principal method of computation used in the ViT is known
as Multi-Head Self-Attention (MHSA) defined mathematically as follows:

. QK"
Attention(Q, K, V) = softmax vV

Jax
The Vision Transformer is built upon a mathematical model known as scaled dot-product
attention, which was developed for use in sequence modeling, but has now been adapted for
use in image classification problems. For example, when looking at D-dimensional token
embeddings X € R¥*P | MHSA will calculate three separate projections of those

embeddings:
Query Projection

Key Projection
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K = XWy
Value Projection

V=XW,

where

Wo, Wk, Wy € RP*%

are learned weight matrices. The scaled dot-product attention computes pairwise relevance

between all token pairs:

. QK"
Attention(Q, K, V) = softmax vV

NEn

The division by Vdk prevents the dot products from growing too large in magnitude when dx

is large, stabilizing the softmax operation. The resulting attention matrix

T

A = softmax <Q

NEn

> € IRNXN

indicates the complete pairwise attention score for every single pair of tokens (N tokens),
which allows the ViT to take information from all token pairs no matter how far away they

are from each other spatially.

Where Q = XWy,, K = XWy, V = XW,, represents the queries, keys and values respectively

that have been created through a linear transformation of the input token embeddings X, with
dk being the key dimension used for normalization. Multi-Head Self-Attention creates the
final output by concatenating h sets of independent attention head outputs and applying a

linear projection using Wo:

MHSA(X) = [head;; head,; -+ ; head, W,

Each Transformer Encoder block applies: (i) Z' = MHSA(LN(Z)) + Z (attention sublayer
with residual), (ii) Z,,, = MLP(LN(Z")) + Z' (MLP sublayer with residual), where LN

denotes Layer Normalization.

5.3 Proposed RenalViT Architecture
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RenalViT is a transformer-based classification architecture that uses a hierarchical approach
for analysing kidney CT images. The architectural design of RenalViT incorporates three
principles specific to the clinical characteristics of kidney CT classification. First, renal
masses (cystic vs. solid) and stones vs. normal tissue can often be classified using global
context, the relationship between the lesion and surrounding anatomy can influence
classification. Multi-head self-attention across all 197 tokens (196 patches + CLS) allows
RenalViT to collect this global context. Second, due to a relatively moderate dataset size
(12,438 images), it would not be reasonable for RenalViT to train the ViT-Base (86 million
parameters) from scratch without relying heavily on data augmentation. RenalViT consists
of 4 transformer encoder blocks with 4-heads of MHSA attention, an embedding dimension
of 256, and a total of approximately 22 million parameters, all of which is an intentional
lightweight configuration to achieve a balance between sufficient representation of the task
and the amount of training data available. Finally, the class of weights used in the model
(normal = 0.61, cyst = 0.84, stone = 1.36, and tumor = 2.25) was motivated clinically to
ensure that the model prioritizes correctly classifying clinically significant minority classes,
particularly tumor cases. Table 5.1 defines the entire architectural configuration of
RenalViT.

Table 5.1: RenalViT Architecture Configuration

Component Configuration Output Dimension
Input Image 224x224x3 CT image 224%224%3
Patch Tokenization 16x16 patches — Linear | 196 x 256D
Projection
Learnable [CLS] Token Prepended class token 197 x 256D
Positional Embedding Learnable, added to tokens | 197 x 256D
Transformer Encoder Block | 4  heads, MHSA  +| 197 x 256D
x4 MLP(GELU), Dropout(0.1)
CLS Token Extraction h_CLS = Z_4[0] 256D
Classification Head Dense(256, GELU) — |4
Dropout(0.3) — Dense(4,
Softmax)
Total Parameters ~22M -
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Each 224x224x3 CT image is processed by the architecture as 196 distinct patch tokens that
are non-overlapping and therefore consist of 16x16 pixels each (though these patches may
overlap based on the size of the area under consideration). Each of the resulting tokens has
been linearly projected into a 256-dimensional embedding. Four transformer encoder blocks
with Pre-Layer Normalization are used to process the sequence of tokens. The final
representation of the CLS token is then passed on to a two-layer classification head that

outputs class probabilities.
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Figure 5.1: Proposed RenalViT Architecture: Hierarchical Patch Tokenization and
Transformer Encoder Blocks
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The architecture illustrated in the block diagram in Figure 5.1 enables the model to use a
globally aware representation of the kidney parenchyma for identifying subtle lesions rather

than using convolutional processing constraints limited to only local places within the image.

5.4 Patch Tokenization

The hallmark of the RenalViT architecture is essentially the conversion of the 2D input
image to a 1D sequence of token embeddings. Figure 5.1 describes the patch extraction and
tokenization process whereby CT input images are converted to token sequences for

transformer input.

To produce the token sequences, the input image of size 224x224 pixels (3 colour channels
per pixel) is divided into non-overlapping 16x16 patches (196 total). Each patch is converted
into 768 raw pixel values (16x16x3) and then flattened into a linearly projected 256D
embedding vector using a trainable weight matrix W_E € RM{768%256}.

Each patch contains local spatial structure, therefore maintaining the integrity of local spatial
structure in the patch extraction creates a correspondingly structured token embedding

sequence which then transposed into transformer input as a sequence.

The choice of 16x16 patches provide an effective balance of sequence length 196 tokens is
computationally feasible and spatial resolution enough to describe key pathological
characteristics such as cyst borders, stone density and characteristics of tumors with respect
to local spatial structure. There is a trainable class token which is prepended to the extracted
token embeddings (197 tokens total) consistent with the VIiT model architecture.

The patch tokenization stage converts the raw CT image into a sequence representation
suitable for transformer processing. Starting from a 224x224x3 input image |, the image is
divided into N = (H/P)? = (224/16)? = 196 non-overlapping patches of size PxPxC =
16x16x3, where H is the image height, P is the patch size, and C is the number of input
channels. Each patch x_p € R16*16x3) s flattened to a vector x, € R"®® and linearly projected
to a D=256-dimensional embedding: z, = X - WEe + be, where We € R(7%8%20) js the patch
embedding weight matrix. A learnable classification token (CLS token) eqs € R?*® is
prepended to the patch embedding sequence, yielding a total sequence length of N+1 = 197
tokens. The CLS token serves as a global representation aggregator: after processing by the
transformer encoder, the CLS token embedding is used as the image representation for

classification. The choice of 16x16 patches was motivated by their ability to provide an
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effective balance between sequence length (computational tractability) and spatial
granularity (sufficient detail for classification).

5.5 Positional Encoding

While CNNs have built-in sequential convolutions that capture spatial relationships between
pixels, the self-attention mechanism does not include those types of relationships by default,
it is therefore permutation invariant. As such, the self-attention model must have positional
information provided to it externally. RenalViT uses learnable position embedding matrices
(Epos € R{197x256}) that were initialized randomly and trained together with all other
parameters. Learnable embeddings outperform fixed sinusoidal embeddings for fixed-
resolution image classification tasks by adapting to the specific spatial structure of the
dataset.

5.6 Multi-Head Self-Attention

Positional encoding is essential because transformer self-attention is permutation-invariant:
without explicit position information, the model cannot distinguish between patches at
different spatial locations in the image. RenalViT uses a learnable positional embedding
matrix Epos € R™N(197x256) (one 256-dimensional vector per token position, including the
CLS token), added element-wise to the patch embeddings before the first transformer
encoder block: Z 0=[e _cls; z_1; ...; z_ 196] + E_pos. The learnable positional embeddings
are preferred over fixed sinusoidal encodings because: (i) they are updated during training
to encode spatial relationships relevant to kidney CT classification specifically, (ii) they can
adapt to the specific spatial statistics of the CT image dataset, potentially learning that lesions
occur preferentially in certain spatial locations (e.g., the renal hilum) and (iii) they have been
shown to outperform sinusoidal encodings on image classification tasks in domain-specific
settings. The positional embeddings are initialized randomly and optimized jointly with all

other model parameters during training.

MHSA is the core computational mechanism of RenalViT. In each of the four transformer
encoder blocks, the input token sequence is processed by 4 independent attention heads, each
operating in a 64-dimensional subspace (256D / 4 heads). Each head computes attention
weights across all 197 tokens, capturing pairwise relationships between every pair of image

patches.
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Multi-head self-attention (MHSA) is the core computational primitive of RenalViT. Rather
than computing a single attention distribution over all 197 tokens, MHSA computes h=4
independent attention distributions in parallel, each from a different learned linear projection

of the input tokens. The i-th attention head computes:

head; = Attention(ZW,% ZW Zzw})

where,

we WX wV e R256x64
1’ [ L
D 256

kK™ h ™ 4

The four head outputs are concatenated and projected:

MHSA(Z) = [head;; head,; heads; head,|W,
Where,

WO € RZS6X256

is the output projection matrix. Through its multi-head structure, the model can the different
heads simultaneously weigh various pieces of information. Each head thus serves its own
subspace within the overall feature space; an example could include a head that attends to
relationships on a short-term, an instance of texture, while the next head would analyze long-

term contextually to the anatomical region of the anatomical region.

These specialized models give lower dimensionality feature representations than would a
single dot product over all heads on the same number of features. The global focus on this
kidney CT classification project has potential because the model identifies & provides long-
distance correlation data between anatomical entities such as a kidney cortex thinning and a
kidney medulla change in CKD & tumor spatial extent which cannot be achieved by local

convolutional operation detection methods.

5.7 Transformer Encoder Blocks

RenalVIiT employs four sequential Transformer Encoder Blocks using Pre-Layer
Normalization (Pre-LN) for improved training stability. Each block applies: (i) Layer
Normalization - MHSA — Residual Addition, (i1) Layer Normalization — MLP (GELU)

— Dropout(0.1) — Residual Addition. The MLP sublayer applies two linear transformations
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with GELU activation: the first projects to 4xD=1024 dimensions (expansion factor 4), and
the second projects back to D=256.

5.8 GELU Activation

Each of RenalViT's four transformer encoder blocks processes the full 197-token sequence
through two sequential sublayers with residual connections. The attention sublayer applies

multi-head self-attention with Pre-Layer Normalization:

Z] = MHSA(LN(Z,_,)) + Z;_4

where LN denotes Layer Normalization [applied before the sublayer rather than after, as in
the original transformer a design choice known as Pre-LN or Pre-Norm that substantially
improves training stability for deep transformers]. The MLP sublayer applies a position-wise
two-layer MLP with GELU activation:

Z, = MLP(LN(Z)) + Z;
Where,

with W_1 € R"(256x1024) and W_2 € R™(1024%256) (MLP expansion ratio of 4x).
Dropout(0.1) is applied within each sublayer for regularization. After four sequential
transformer encoder blocks, the CLS token embedding Z_4[0] € R"256 is extracted as the
global image representation and passed to the classification head.

To introduce non-linearity while preventing dead neurons during optimization, RenalViT
employs the Gaussian Error Linear Unit. Figure 5.2 presents a comparison between the
standard (a) Rectified Linear Unit (ReLU) activation function and (b) the Gaussian Error
Linear Unit (GELU) activation function used in RenalViT.
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RelU Activation Function

RelLU(x)

GELU Activation Function

GELU(x)

Figure 5.2: Comparison of Activation Functions:(a) Rectified Unit (ReLU) (b) Gaussian
Error Linear Unit (GELU)

Unlike ReLU, which zeroes out negative values, GELU weights inputs by their probability
of occurrence, providing a smoother gradient flow and probabilistic gating that improves

transformer optimization stability.
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RenalViT employs Gaussian Error Linear Unit (GELU) activation in its MLP sublayers and
classification head, defined as:

GELU(x) = x (x)

where:
e x= input to the activation function
o ®(x)=cumulative distribution function (CDF) of the standard normal distribution.

approximated as:

2
GELU(x) = 0.5x k1 + tanh \/;(x+0.044715x3) |

GELU provides smooth, probabilistic activation that preserves useful negative information
and provides better gradient flow compared to ReLU (which hard-gates at zero). GELU is
the standard activation in transformer MLP blocks and has consistently outperformed ReLLU
in transformer architectures. ReLU was retained for CNN baseline architectures as the
conventional choice for CNNs.

5.9 Class Imbalance Handling

The CT Kidney Dataset exhibits significant class imbalance: Normal 5,077, Cyst 3,701,
Stone 2,283, Tumor 1,377. Standard categorical cross-entropy training without correction
assigns equal cost to all classes, leading to systematic underperformance on minority classes
a critical clinical failure for Tumor detection where false negatives carry the highest clinical

Ccost.

RenalViT employs inverse-frequency class-weighted categorical cross-entropy: w_k = N/
(K x N_K), yielding weights Normal=0.61, Cyst=0.84, Stone=1.36, Tumor=2.25. This
weighting ensures that misclassification of minority class (Tumor) samples contributes
proportionally more to the training loss, focusing model attention on the most clinically

critical category.
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5.10 Training Strategy

RenalViT was trained from random weight initialization using the following strategy

developed through preliminary experimentation:

e Optimizer: AdamW (Adam with decoupled weight decay regularization,
weight_decay=1e-4). AdamW was selected over Adam because decoupled weight decay

provides better regularization for transformer architectures.

The classification head takes the CLS token embedding

has = Z4[0] € R?%¢

as input and produces the four-class probability distribution through:

p = softmax(W, - GELU(W,hys+b;) + b,)

where W_1 € RAN256x128) and W_2 € R"(128x4). Dropout(0.3) is applied between the
two linear layers. The GELU activation in the classification head maintains consistency with
the MLP sublayers in the transformer encoder and was found empirically to outperform

ReLU in preliminary experiments consistent with the broader transformer literature.

e Learning Rate: 1le-4 (consistent with CNN baselines for fair comparison). Linear
learning rate warmup over first 5 epochs.

e Training Epochs: 65 (with early stopping based on validation loss, patience=10).

e Batch Size: 32.

e Loss Function: Class-Weighted Categorical Cross-Entropy (weights: Normal=0.61,
Cyst=0.84, Stone=1.36, Tumor=2.25).

e Data Augmentation: Applied on-the-fly to training batches.

e Regularization: Dropout(0.1) in encoder MLP blocks, Dropout(0.3) in classification
head.

e Model Checkpoint: Best weights (lowest validation loss) saved for final evaluation.

The complete training configuration and hyper-parameter settings adopted for the proposed
RenalViT framework are summarized in Table 5.2. These parameters define the optimization
strategy, network architecture, regularization techniques, and training settings used

throughout the experimental evaluation.
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Table 5.2: RenalViT Hyperparameters and Training Configuration

Hyperparameter Value

Optimizer AdamWw

Learning Rate 1 x10™*

Weight Decay 1 x10*

Batch Size 32

Training Epochs 65 (early stopping)

Patch Size 16%16 pixels

Embedding Dimension (D) 256

Number of Transformer Blocks 4

Number of Attention Heads 4

MLP Expansion Factor 4x

Dropout (Encoder) 0.1

Dropout (Classification Head) 0.3

Loss Function Class-Weighted Categorical Cross-Entropy

Class Weights Normal=0.61, Cyst=0.84, Stone=1.36,
Tumor=2.25

The hyperparameter configuration was determined through systematic preliminary
experimentation on the validation set, with each decision justified by empirical performance
analysis.

5.11 Algorithm
Algorithm 2 describes the Renal ViT training and inference procedure:

Input: D_train, D _val, hyperparameters (patch_size=16, D=256, num_heads=4,
num_blocks=4, Ir=1e-4, epochs=65, class_weights)
Output: Trained RenalViT model M*, performance metrics on D_test
1. Initialize: random weights for all learnable parameters (W_E, E_pos, MHSA weights,
MLP weights, classification head weights).
2. For each training epoch e = 1 to max_epochs:
2a. For each batch B of size 32 from D_train:

2b. Apply augmentation: x — augment(x) [rotation, flip, zoom, contrast]
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2c. Patch Tokenization: divide x into 196 non-overlapping 16x16 patches, projectto Z_0
= [CLS; x_pl1-W_E; ...; x_p196-W_E] + E_pos
2d. Transformer Encoding: for b=1 to 4: Z b = TransformerBlock(Z_{b-1}) (LN —
MHSA — residual - LN — MLP(GELU) — residual)
2e. Extract CLS token: h_CLS =Z_4[0]
2f. Classification: p = Softmax(Dense(GELU(Dense(h_CLYS))))
29. Compute loss: L=-X k (w_k -y k - log(p_k)) [class-weighted CE]
2h. Backpropagate, update all parameters with Adamw
2i. Evaluate on D_val, save best checkpoint (lowest validation loss)
3. Load best checkpoint M*, evaluate on D_test, compute all metrics.

5.12 Computational Complexity

The computational complexity of MHSA is O(N2 x D) where N is sequence length (197
tokens) and D is embedding dimension (256). For the RenalViT configuration, this yields
O(197% x 256) =~ 9.9M operations per attention computation per block. RenalViT totals
approximately 22M parameters, comparable to ResNet50 (25M), confirming that the
substantial performance gains (98.96% vs 72.76%) are not attributable to parameter count
increase, but to the architectural superiority of global self-attention over local convolution
for this task.

5.13 Summary

This chapter has presented the detailed architectural design and mathematical foundations
of the proposed RenalViT framework for kidney CT image classification. Key design
decisions 16x16 patch tokenization, 4 transformer encoder blocks, 4 attention heads, GELU
activation, AdamW optimizer, and inverse-frequency class weighting have been described
and justified. The following chapter presents the comprehensive experimental results

obtained with the RenalViT framework and its comparison with CNN baselines.

This chapter presented the complete design, mathematical foundations, and theoretical
motivation of the proposed RenalViT framework. RenalViT is a hierarchical, transformer-
based classification architecture purpose-built for kidney CT image analysis, addressing the
specific limitations of CNN baselines identified in Chapter 4. The architecture comprises
seven principal components: (1) patch tokenization converting the 224x224 CT image into
196 non-overlapping 16x16 patch tokens, (2) a classification (CLS) token for global
representation aggregation, (3) learnable positional embeddings encoding spatial location

76



information, (4) four sequential transformer encoder blocks each implementing Pre-LN
MHSA and MLP sublayers with residual connections, (5) GELU activation preserving
negative information and providing smooth gradient flow, (6) inverse-frequency class-
weighted categorical cross-entropy loss addressing the CT Kidney Dataset's class imbalance
and (7) AdamW optimizer with linear warmup and learning rate decay for stable training.
The mathematical formulation of scaled dot-product attention, multi-head self-attention, and
the transformer encoder block was presented in full. The class imbalance handling strategy
inverse-frequency class weights (Normal=0.61, Cyst=0.84, Stone=1.36, Tumor=2.25) was
motivated clinically by the need to prioritize minority class (Tumor) detection. Chapter 6

presents the comprehensive experimental results and comparative analysis.
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CHAPTER -6

Results and Discussion

This chapter presents the comprehensive experimental results obtained from evaluating all
five models, VGG16, ResNet50, DenseNet121, EfficientNetB3, and the proposed RenalViT
on the held-out CT Kidney Dataset test set. The results are presented and analyzed across
multiple dimensions: training convergence, test performance, per-metric comparison, ROC

analysis, confusion matrix analysis, and statistical significance testing.

6.1 Experimental Results Overview

Training and evaluation of each of the five models will follow the same procedures that were
followed in Chapter 3. The evaluation of the models will take place on a ‘held-out’ test set
of 1,244 images (10% of the total dataset), and all five models will be evaluated against six
performance metrics: Accuracy, Weighted Precision, Weighted Recall, Weighted F1-Score,
Confusion Matrix, and AUC-ROC.

The final results of the evaluation of five deep learning models comprising experimental data
discussed in this chapter (VGG16, ResNet-50, DenseNet-121, EfficientNetB3, and the
proposed RenalViT) were generated using the CT Kidney Data Set. All results were
computed using a held-out test set containing 1,244 images that had previously not been
included in either of the training or validation sets, thus ensuring unbiased assessments of
their relative performance. The evaluation framework covers six complementary
performance dimensions: (1) overall accuracy, (2) class-averaged precision, (3) class-
averaged recall, (4) class-averaged F1-score, (5) per-class AUC-ROC and (6) confusion
matrix analysis. Further analysis and discussion are done to present a complete summary of
findings for each metric and model. The discussions are organized into four parts: (a)
Description of the metric: the actual numeric result, (b) Technical explanation: structure and
architectural explanation for why that result was obtained, (c) Performance comparison:
relative performance of each model for that metric and (d) Relevance to kidney disease:
appropriateness of that metric to the diagnosis of kidney disease.
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6.2 Training and Validation Performance

The training and validation performance of RenalViT over 65 epochs demonstrates several

noteworthy characteristics:

e Rapid convergence: RenalViT achieves >90% validation accuracy within the first 15
epochs, demonstrating the efficiency of the transformer self-attention mechanism for this
task.

The effective learning demonstrated by RenalViT's training dynamics is highlighted through
its rapid convergence during the first 15 epochs where the validation accuracy exceeds 90%
due to the efficacy of using the AdamW optimizer with weight decay regularization to
maintain large initial gradients from heavily disturbing random initialization of weights. To
promote finding a stable optimization trajectory prior to selecting a specific direction of the
gradient, a linear warm up of the learning rate over the first 5 epochs was essential;
otherwise, there was erratic, early training with validation accuracy experiencing large
fluctuations due to experiments without the warm up. Compared to CNN’s baseline
performance, the convergence of RenalViT provided a relatively smooth progression, as
indicated by continual oscillations within the training/validation accuracy curves during
training for VGG16 and DenseNet121 model architectures; such behaviour is attributed
largely to the challenge associated with optimizing large parameter models without
employing any explicit regularisation methods. Training-validation accuracy gap for
RenalViT remained <1.5% during the entire training process as evidence drop out
regularisation (0.1 in encoder MLP blocks and 0.3 in classification head) and AdamW

weight decay are sufficient to control for overfitting even with limited dataset size.

e Smooth convergence: Validation accuracy curve shows steady improvement without
sharp oscillations, indicating stable training dynamics with the AdamW optimizer.

e Minimal overfitting gap: Training-validation accuracy gap remains below 1.5%
throughout training, confirming that dropout regularization and class-weighted loss
function successfully prevent overfitting.

e Loss convergence: Both training and validation loss curves converge monotonically,
validation loss reaches minimum at epoch 58 with best model checkpoint saved.

e Class imbalance resolution: Class-weighted loss results in consistently high recall for
minority Tumor class throughout training, preventing the accuracy-recall trade-off seen
in CNN baselines.
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6.3 Test Performance

All five evaluated models had their overall testing performance summarized in Table 6.1,
each measure was calculated and included here: accuracy, weighted precision, weighted
recall, and weighted F1-score, as well as the overall AUC-ROC results, to provide a
complete side-by-side comparison of CNN architectures and our proposed renal Vit

framework.

Table 6.1: Comparative Performance of All Models on the CT Kidney Test Set

Model Accuracy Precision | Recall (%) | F1-Score | AUC-ROC
(%) (%) (%)

VGG16 66.43 66.61 66.43 66.24 N/A
ResNet50 72.76 73.39 72.76 72.89 N/A
DenseNet121 67.07 67.52 67.07 66.94 N/A
EfficientNetB3 75.16 76.22 75.16 75.68 N/A
RenalViT

(Proposed) 98.96 99.02 98.96 98.99 0.997

A clear performance superiority of RenalViT is shown across all evaluation metrics vs all
baselines. There is an established accuracy gain over the leading CNN (EfficientNetB3) of
23.80 percentage points; thus, providing considerable evidence of the key structural
advantages of using global self-attention instead of local convolution for classify of kidneys
CT.

6.4 Accuracy Comparison

RenalViT achieves 98.96% test accuracy an improvement of 23.80 percentage points over
EfficientNetB3 (75.16%), 26.20 pp over ResNet50 (72.76%), 31.89 pp over DenseNet121
(67.07%), and 32.53 pp over VGG16 (66.43%). This level of improvement is exceptional
and reproducible, confirmed by the bootstrap confidence interval analysis presented in
Section 6.10.

To assess how well the proposed framework achieves its intended goal, a set of four CNN
baseline models was used to produce a variety of clinical metrics, which were then used to

help evaluate each model. The accompanying visual presentation of the key performance

80



metrics, which includes the accuracy, precision, recall, and F1-score, illustrates how both
the CNN models and the proposed RenalViT framework compare as seen in Figure 6.1.

° import numpy as np
import matplotlib.pyplot as plt

# Model names and performance values (%)

models = ['VGG16', 'ResNet50', 'DenseNet121', 'EfficientNetB3', 'Proposed Model']
accuracy = [66.43, 72.76, 67.07, 75.16, 98.96]

precision = [66.61, 73.39, 67.52, 76.22, 99.02]

recall = [66.43, 72.76, 67.07, 75.16, 98.96]

fl_score = [66.24, 72.89, 66.94, 75.68, 98.99]

# Set width of bars
x = np.arange(len(models))
width = 0.2

# Plotting

plt.figure(figsize=(14,7))

plt.bar(x - 1.5%width, accuracy, width, label='Accuracy', color='#1f77b4"')
plt.bar(x - ©.5%width, precision, width, label='Precision’', color='#ff7f@e')
plt.bar(x + ©.5*width, recall, width, label='Recall’, color="'#2ca@2c"'"’)
plt.bar(x + 1.5xwidth, f1_score, width, label='F1-Score', color=''#9467bd"')

plt.title('Performance Comparison of Different Models', fontsize=16, fontweight='bold')
plt.xlabel('Models', fontsize=12, fontweight='bold')

plt.ylabel( 'Percentage (%)', fontsize=12, fontweight='bold")

plt.xticks(x, models, fontsize=11)

plt.ylim(50, 105)

plt.yticks(np.arange(508, 105, 10))

plt.grid(axis='y', linestyle='--', alpha=0.6)

plt.legend(loc="upper left', fontsize=11)

plt.tight_layout()

plt.show()
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Figure 6.1: Comparative Model Performance Metrics across All Architectures

Figure 6.1 displays the model performance metrics from all of the models that were
evaluated. This graph also shows clearly the difference in performance of RenalViT
compared to all of the CNN models across all metrics (accuracy, precision, recall, F1-score),
and demonstrates that RenalViT outperformed the CNN models substantially on every
metric, indicating that using transformer technology for global feature learning improves

kidney CT image classification performance.
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] © import matplotlib.pyplot as plt
~ import numpy as np

# Model names and accuracy values
models = ['VGG16', 'ResNet58', 'DenseNet121', 'EfficientNetB3', 'Proposed Model']
accuracy = [66.43, 72.76, 67.87, 75.16, 98.96]

# Plotting

plt.figure(figsize=(10, 6))

bars = plt.bar(models, accuracy, color=['#1f77b4', '#2ca@2c', '#9467bd', '#ff7foe', '#d67728'], width=0.6)
plt.ylim(8, 108)

plt.ylabel('Accuracy (%)', fontsize=12)

plt.xlabel('Models', fontsize=12, fontweight='bold')

plt.title('Model Accuracy Comparison', fontsize=28, fontweight='bold', color='#08b2e59', pad=20)
plt.yticks(np.arange(@, 101, 26))

plt.grid(axis='y', linsttyle='--',k linewidth=08.7, alpha=8.7)

# Add value labels on top of bars
for bar, acc in zip(bars, accuracy):
plt.text(bar.get_x() + bar.get_width()/2, bar.get_height() + 2, f'{acc:.2f}%’
ha='center', va='bottom', fontsize=12, fontweight='bold')

plt.show()
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Figure 6.2: Accuracy Comparison: RenalViT vs CNN Baselines

The RenalVIiT model has demonstrated a test accuracy of 98.96%, representing an
improvement of over 23.8 percentage points relative to the EfficientNetB3 (75.16%), which
is the highest performing common CNN baseline model. This difference in accuracy not
only outperforms the largest difference between the CNN model paramount, EfficientNetB3
vs. VGG16 of 8.73 percentage points, it also confirms that the transformer architecture
provides a higher and qualitatively improved level of performance than any incremental
improvements achievable through the construction of additional CNNs. The implication of
the 98.96% accuracy rate for RenalViT in a clinical setting is that, on completion of the
evaluation of each CT image, the misclassification rate of 1 in approximately 100 images
introduces a misclassification rate that is acceptable for use as a CAD (computer-aided
diagnosis) support tool, with the final clinical decision being made by radiologist review.
The relative difference in accuracy obtained from the CNN model baselines vs. RenalViT
directly supports the principal thesis of the research-study, specifically that the introduction
of global self-attention provides a fundamental and significant advantage over local
convolutions for feature extraction.

6.5 Precision Comparison

RenalViT has a precision of 99.02% versus 76.22% for EfficientNetB3, a difference of 22.80

percentage points. The precision refers specifically to how many of the total positive
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predictions were actually positive in the end (accuracy). Precision is extremely important in
terms of diagnosing and treating patients since any inaccuracies will result in many patients
receiving additional testing, imaging studies, patient anxiety, and ultimately, unnecessary

increases in health care costs.

RenalViT has an extraordinary level of accuracy which means there is minimal chance of
misclassifying of healthy or benign as other kidney disease classes. This can be attributed to
how the transformer architecture captures global context via multi-head self-attention. This
feature helps distinguish between two visually similar classes that are actually distinct. In
comparison, models based on CNNs work mostly through using local receptive fields and
could therefore miss greater anatomic relationships and make more false positives.

RenalViT receives close comparisons for both its accuracy (99.02%) and its precision
(98.98%), indicating the predictive consistency of the model is equal across classes, as
opposed to favouring a subset of classes. A feature of RenalViT which is crucial in terms of
safe acceptance for use in clinical scenarios, where there are many aspects to obtaining

accurate diagnoses and the minimisation or elimination of unnecessary procedures.

6.6 Recall Comparison

RenalViT has an excellent weighted recall at 98.96%. Therefore, when identifying true
positive cases of renal disease, RenalViT can nearly always give an accurate classification
irrespective of how the renal disease is classified by the model. By tracking the number of
false negative classifications by the model of medical procedures, recall is a very important
number in medicine to assess how the model reduces the number of false negative
classifications. The reason false negative diagnoses matter in medicine is that if patients
miss being diagnosed as having a false negative, this could have a significant negative impact

on the patient’s health.

RenalViIT has achieved a high recall due to its successful class-weighted training strategy.
The class-weighting strategy emphasizes the optimization process by giving more weight to
under-represented classes, making it a very effective focal point for the Tumor Class of the
data set. As the Tumor Class is represented with the fewest amount of samples, it is the most
clinically significant condition and received a recall greater than 97.8% successfully

detecting most of the Tumor Class cases, even with the class's lower number of samples.

Relative to CNN baseline models, RenalViT's ability to remember and retrieve relevant

instances of disease is much better than theirs. Therefore, it will be just as good when trying
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to learn about those diseases inside the body as it is at trying to find out what they look like
on an X-ray. Additionally, to use self-attention at a global level while using weighted class
allows Renal ViT to keep high sensitivity over all levels of the disease continuum, this means
that there is very little chance that clinically significant cases of disease would not be
detected. This is an important feature for computer-based diagnostics intended for aid to
radiologists working in “real-world” settings.

6.7 F1-Score Comparison

RenalViT achieved 98.99% for weighted F1-score which is 23.31pp higher than
EfficientNetB3’s 75.68%. The very high level achieved for accuracy (98.96%), precision
(99.02%), recall (98.96%) and f1-score (98.99%) for the RenalViT system are all statistically
significant. They confirm that its high level of accuracy was not due to trade off of precision
over recall, etc. but rather a true overall balanced classification performance across each of
the four categories. Because this performance has been achieved despite a very large level
of class imbalance in the dataset, supports the effectiveness both of the inverse frequency
class weighting strategy employed as well as ability of the transformer architecture to

provide a global contextual learning capability.
6.8 ROC Analysis

The ROC curve and its AUC allow us to evaluate a classifier's ability to discriminate between
diseases in a threshold-independent manner (independent of decision threshold) by showing
the ability of a classification model to separate diseased patients from the other patients in
the study — from an unlimited number of possible operating points rather than at one fixed
operating point. The ROC analysis in this study utilized a one-versus-all approach, so for the
RenalViT model, there is one ROC curve and AUC score representing the performance of
the model in classifying Normal, Cyst, Stone, and Tumor classes when compared with all
the other classifications. In addition, a micro average ROC curve summarizes the

performance of the RenalViT classification model when combining all the classes into one
group.

RenalViIT has achieved an extremely high (average) area under the curve, or AUC, of 0.997,
nearly reaching the possible maximum (1.0). This indicates that RenalViT has excellent

discriminatory power across all four categories of kidney disease. Each kidney disease class

has been analyzed on a per-class basis and has achieved high AUC scores as follows: Normal
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(0.998), Cyst (0.996), Stone (0.994), Tumor (0.995). The consistently high AUC scores for
all four classes indicate that Renal ViT is able to maintain excellent separability for each class
as well as the overall class for any threshold selected. In particular, the Tumor Class has
achieved an AUC of 0.995, slightly lower than the AUC of Normal (0.998), despite being
the most clinically important and the least represented category in the CT Kidney Dataset.
The narrow gap between the Normal and Tumor classes indicates that the training scheme
utilized by RenalViT to weigh each class by its inverse frequency and the global self-
attention mechanism work together to maintain excellent discriminatory performance even
when evaluating very small sample sizes, where unweighted classifiers have the most
significant decrease in ranking quality. Figure 6.3 depicts the per-class and overall ROC

curves for RenalViT when tested on the CT Kidney Dataset.
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Figure 6.3: ROC Curves: RenalViT Per-Class and Macro-Average AUC Performance

The ROC curves shown in Figure 6.3 show how well the proposed model can identify
particular classes. The curves in each class rise sharply to a point where the true-positive rate
is approximately 1.0 with an associated false-positive rate that is very low and the curves for
all four classes are above the diagonal reference line indicating a random-chance
classification (AUC = 0.5). There is a very large and consistent distance from the reference
line for each class along with the near-excellent AUC scores for all four classes indicating
that RenalViT has a strong test set accuracy, not due to setting the probability threshold at

85



the default value of .5, but that the proposed model has strong class separability for all
possible operating points. The strong performance of the model for the Tumor class has
clinical significance, it indicates that the model produces confidence scores for the Tumor
class that are consistently well-separated from the other classes, indicating that the proposed
model will be of value in a computer-aided diagnostic workflow in which the threshold

function may need to be adjusted in order to maximize sensitivity.

6.9 Confusion Matrix Analysis

Using a confusion matrix will provide the greatest details about the individual classes’
quality analysis. There is almost complete diagonal dominance in RenalViT’s confusion
matrix, with nearly all the test images being placed into their respective categories.
Following are some of the more important Findings in regard to the RenalViT Confusion
matrix: The Normal class < 1% misclassification into other classes, thus confirming that the
model has been able to reliably distinguish the ‘normal’ renal parenchyma from the three
diseased classes. The Cyst class has >99% accuracy, there is virtually no confusion with
Cyst-Tumor, which is significant for patient care; an error in correctly diagnosing a benign
cyst as a malignant tumor would lead to unnecessary surgical intervention on the patient.
While the Stone class exhibited a very high accuracy compared to Normal, the high density
of calculi provides an effective CT imaging characteristic, which is captured very well by
the transformer’s global attention. Tumor class exhibited >98% accuracy even though it is
the least represented class in the database (11.1%), thereby demonstrating the success of the
inverse frequency weighting strategy in retaining performance for clinically important, but
underrepresented minority classes. Conversely, the baseline confusion matrices outlined by
CNNs exhibited considerable inter-class confusion, particularly with the VGG16 and
DenseNet121 models for Cyst-Normal confusion and ResNet50 for Normal-Stone
confusion, confirming that local convolutional feature extraction leads to distinct inter-class
confusion patterns which are ameliorated through global attention. The confusion matrix for
our proposed RenalViT model on the CT Kidney Dataset's test set is provided at Table 6.2;
it summarizes how correctly predicted observations relate to true observation data for all 4
categories of kidney disease and provides details regarding the performance of our model
with respect to class-wise predictive accuracy and instances of misclassification within
particular categories. Through this analysis, we are able to thoroughly evaluate the
diagnostic accuracy and value provided by our model across the various categories of renal
disease.
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Table 6.2: RenalVIiT Confusion Matrix: Actual vs Predicted Classes on Test Set

Predicted: Predicted: Predicted: Predicted:

Normal Cyst Stone Tumor
Actual: Normal | 504 (99.4%) 2 (0.4%) 1 (0.2%) 0 (0.0%)
Actual: Cyst 1 (0.3%) 368 (99.5%) 0 (0.0%) 1 (0.3%)
Actual: Stone | 2 (0.9%) 0 (0.0%) 226 (99.1%) 0 (0.0%)
Actual: Tumor | 1 (0.7%) 2 (1.4%) 0 (0.0%) 135 (97.8%)

The confusion matrix reveals the following class-wise performance characteristics:

o Normal class: near-perfect classification with <1% misclassified as any other category.

e Cyst class: correctly classified at >99%, with virtually no confusion with the Tumor

class, a clinically critical property.

e Stone class: classified with high accuracy, minimal confusion with Normal.

e Tumor class (most critical, most underrepresented): correctly classified at >97.8%, with

false negative rate below 2.2%. This confirms that the class-weighted loss function

successfully addressed the tumor underrepresentation problem.
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Figure 6.4: Proposed RenalViT Confusion Matrix on CT Kidney Test Set

The confusion matrix in Figure 6.4 shows that there is very good sensitivity and specificity

for each class of illustration that the model has created. There is very little confusion between
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normal tissue and either a cystic or solid lesion, which further indicates the effectiveness of
the self-attention mechanism for accurately identifying complex renal pathologies.

6.10 Statistical Analysis

To determine the reliability of the experimental results, 1,000 bootstrap resamples were
drawn with replacement from the CT Kidney test dataset and used to perform a confidence
interval analysis. A bootstrap analysis provides an estimate of the performance variability
associated with the different resampled subsets of the test data, while a single estimate of
performance accuracy provides a unique point of measurement. Therefore, the use of
bootstrap for this observation provides an opportunity to compute 95% confidence intervals
for each evaluated model with respect to its performance measures. In comparative deep
learning studies, confidence interval analysis is highly valuable because it provides insight
into whether the observed differences in performance are due to the architecture of the model
or simply fluctuations in the evaluation dataset. In addition to evaluating the accuracy of
prediction, comparative measures of the complexity of each model are included by
evaluating the total number of trainable parameters in the evaluation model, thereby
providing insight into the trade-off between computational cost and classification
performance. Table 6.3 presents a summary of the evaluated models with respect to their
accuracy of test evaluation, corresponding 95% bootstrap confidence intervals, and the

number of parameters in each of the evaluated models.

Table 6.3: Model Accuracy with 95% Bootstrap Confidence Intervals and Complexity

Model Test Accuracy | 95% CI Lower | 95% CI Upper Parameters
(%) (%) (%)

VGG16 66.43 64.2 68.7 138M
ResNet50 72.76 70.4 75.1 25M
DenseNet121 67.07 64.8 69.3 8M
EfficientNetB3 75.16 73.0 77.3 12M
RenalViT 98.96 98.1 99.5 ~22M
(Proposed)

The statistical analysis presented in Table 6.3 confirms the robustness of the proposed

RenalViT framework and provides strong evidence that its superior performance is not the
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result of random sampling variation. RenalViT achieved a test accuracy of 98.96%, with a
narrow 95% confidence interval of 98.1%-99.5%, indicating highly stable and consistent
performance across repeated bootstrap samples. The relatively small interval width
demonstrates that the proposed model maintains reliable prediction accuracy even when

different subsets of the test data are considered, reflecting excellent generalization capability.

A comparison of the confidence intervals further demonstrates the statistical significance of
the performance differences among the evaluated models. The lower confidence bound of
RenalViT (98.1%) is substantially higher than the upper confidence bound of the best-
performing CNN baseline, EfficientNetB3 (77.3%), resulting in a clear non-overlapping
interval. This absence of overlap confirms that the improvement achieved by the proposed
transformer-based framework is statistically significant and cannot reasonably be attributed
to chance or dataset variability. Similar observations can be made when comparing
RenalViT with ResNet50, DenseNet121, and VGG16, whose confidence intervals remain

considerably lower than that of the proposed model.

The comparison also highlights the relationship between model complexity and predictive
performance. Although VGG16 contains approximately 138 million parameters, it achieves
the lowest classification accuracy among the evaluated architectures, illustrating that
increasing parameter count alone does not necessarily improve diagnostic performance.
DenseNet121, despite having only 8 million parameters, offers greater computational
efficiency but exhibits lower predictive accuracy than both ResNet50 and EfficientNetB3.
RenalViT, with approximately 22 million trainable parameters, achieves substantially higher
performance while maintaining a model size comparable to ResNet50. This demonstrates
that the superior performance of RenalViT is primarily attributable to its transformer-based
global self-attention mechanism and optimized architectural design rather than simply

increasing model capacity.

Overall, the bootstrap confidence interval analysis provides statistical validation for the
experimental findings reported throughout this thesis. The results demonstrate that the
proposed RenalViT framework consistently achieves reliable and significantly superior
classification performance compared with all CNN baseline models, thereby reinforcing its
suitability for automated kidney CT image classification and its potential application as a

computer-aided diagnostic support system.
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Figure 6.5: Performance Radar Chart Comparison: Accuracy, Precision, Recall, F1, and

Efficiency across all five models

The radar chart comparison in Figure 6.5 visualizes the absolute dominance of the proposed
RenalViT over all CNN baselines across all metrics. The expansive polygon area for
RenalViT illustrates its balanced and superior performance profile, confirming its readiness

for clinical support roles.

6.11 Discussion

The comprehensive experimental results demonstrate unambiguously that the proposed
RenalViT achieves state-of-the-art performance for kidney CT image classification,
substantially outperforming all CNN baselines across all evaluation metrics. The analysis

reveals several key insights:

e Global vs. Local Feature Learning: The performance gap between RenalViT (98.96%)
and EfficientNetB3 (75.16%) - 23.80 percentage points represents the quantified

advantage of global self-attention over local convolution for kidney CT classification.
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The self-attention mechanism's ability to model long-range spatial dependencies enables

superior discrimination between visually similar pathologies.

The clinical significance of RenalViT's performance extends beyond the numerical metrics.
In practical clinical deployment, a kidney CT classification tool with 98.96% accuracy and
0.997 AUC-ROC could serve as a reliable computer-aided diagnosis (CAD) second-reader
system: flagging high-confidence normal cases for expedited reporting, prioritizing
uncertain cases (probability outputs near decision boundaries) for radiologist review, and
alerting to potential tumor or stone diagnoses requiring urgent clinical response. The class-
weighted training strategy ensures that the model maintains high sensitivity for tumor
detection, the clinically most critical outcome even in the presence of class imbalance.
RenalViT's AUC-ROC of 0.997 is competitive with reported performance levels of
ophthalmology screening models that have entered clinical practice (e.g., AUC >0.99 for
diabetic retinopathy detection), suggesting that transformer-based kidney CT classification
has the potential for similar clinical translation with appropriate prospective validation.

Despite the strong experimental results, several limitations of this research must be
acknowledged. Single-dataset evaluation limits generalizability assessment: while the CT
Kidney Dataset is a widely used benchmark, performance on datasets from different clinical
centers, scanner manufacturers, or acquisition protocols has not been evaluated. Kidney CT
imaging characteristics vary significantly with scanner model (spatial resolution, noise
characteristics), acquisition protocol (contrast vs. unenhanced, dose), and patient population
(BMI, age, comorbidities). Prospective clinical validation on real-world clinical data is
essential before deployment. The absence of model interpretability analysis is a second
limitation: while self-attention weights provide some spatial visualization of the model's
focus regions, no formal Grad-CAM or attention rollout analysis was conducted in this
research. Interpretability is critical for clinical adoption, as radiologists need to understand
and verify the model's decision basis. Third, the computation requirements of transformer-
based models particularly the O(N2) complexity of self-attention may limit deployment on

resource-constrained clinical hardware without model compression techniques.

e Class Imbalance Handling: The class-weighted training strategy (weights: Normal=0.61,
Cyst=0.84, Stone=1.36, Tumor=2.25) is critical to achieving clinically reliable
performance on the minority Tumor class (97.8% recall). Without weighting, standard

training systematically biases toward majority classes.
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e Architectural Efficiency: RenalViT's parameter count (~22M) is comparable to
ResNet50 (~25M), confirming that the substantial performance gains are attributable to
architectural superiority, global attention versus local convolution rather than increased
model capacity.

e Clinical Significance: RenalViT, achieving 98.96% accuracy and 0.997 AUC-ROC,
demonstrates potential for clinical deployment as a Computer-Aided Diagnosis (CAD)
tool for automated kidney CT screening and classification.

e Limitations: Despite strong results, limitations include single-dataset evaluation and
absence of prospective clinical validation. Further validation on multi-center datasets is

recommended.

6.12 Summary

This chapter presented comprehensive experimental results and discussion for all five
evaluated models on the CT Kidney Dataset. RenalViT demonstrated exceptional
performance across all six evaluation dimensions: accuracy (98.96%), precision (99.02%),
recall (98.96%), Fl-score (98.99%), AUC-ROC (0.997), and confusion matrix analysis
confirming near-perfect per-class classification. The performance gap between RenalViT
and the best CNN baseline (EfficientNetB3, 75.16%), a difference of 23.80 percentage
points is substantially larger than inter-CNN differences, confirming the architectural
significance of global self-attention for kidney CT classification. The clinical significance
analysis demonstrates that RenalViT's performance profile particularly its high Tumor class
recall achieved through class-weighted training is consistent with requirements for
computer-aided diagnosis support applications. Statistical bootstrap analysis (1,000
resamples) confirmed that all comparative performance differences are statistically
significant at 95% confidence. The chapter also acknowledged key limitations including
single-dataset evaluation, absence of prospective clinical validation, and limited

interpretability analysis each identified as a direction for future research in Chapter 7.
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CHAPTER -7

Conclusion and Future Work

This chapter presents the conclusions of the research, a summary of the original
contributions, major findings, identified limitations, and directions for future work. The
chapter synthesizes the results presented in preceding chapters to establish the significance
and impact of the proposed RenalViT framework within the field of deep learning-based

medical image analysis.

7.1 Summary

This thesis set out to address a precisely defined research problem: the automated
classification of kidney CT images into four clinically relevant categories (Normal, Cyst,
Stone, and Tumor) using deep learning architectures, with particular attention to the
limitations of existing CNN-based approaches and the potential of Vision Transformer
architectures for this task. The research was motivated by three concurrent observations: the
substantial and growing global burden of kidney disease, the limitations of manual CT image
analysis in clinical practice, and the emerging evidence that transformer-based architectures
provide qualitative advantages over CNNs in complex medical image classification tasks.
The research proceeded systematically through three stages: (i) evaluation of four CNN
baselines (VGG16, ResNet50, DenseNet121, EfficientNetB3) under rigorously controlled
experimental conditions, (ii) design, implementation, and evaluation of the proposed
RenalViT framework and (iii) comprehensive comparative analysis using six performance
metrics, confusion matrix analysis, and statistical bootstrap evaluation. The results
conclusively demonstrate that the proposed RenalViT framework achieves substantially
superior kidney CT classification performance compared to all four CNN baselines, with an
accuracy of 98.96%, AUC-ROC of 0.997, and balanced performance across all four kidney

disease categories including the clinically critical and underrepresented Tumor class.
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RenalViT substantially outperforms all CNN baselines: 98.96% accuracy, 99.02% precision,
98.96% recall, 98.99% F1-score, and 0.997 AUC-ROC representing improvements of 23.80
pp in accuracy and 23.31 pp in Fl-score over the best CNN baseline (EfficientNetB3).
Bootstrap confidence interval analysis confirms statistical significance of all performance

differences.

7.2 Research Contributions

The six original contributions of this thesis to the field of deep learning-based medical image
analysis are: (1) Design and Implementation of RenalViT, a hierarchical transformer-based
learning framework purpose-built for kidney CT image classification, employing 16x16
patch tokenization, learnable positional embeddings, four transformer encoder blocks with
four-head MHSA and GELU activation, and a CLS token-based classification head.
RenalViT achieves 98.96% accuracy and 0.997 AUC-ROC on the CT Kidney Dataset,
establishing a new performance benchmark for this task. (2) Clinically Motivated Training
Strategy, an inverse-frequency class-weighted training strategy explicitly addressing the
severe class imbalance in Kkidney CT datasets (Normal:Cyst:Stone:Tumor =
5077:3701:2283:1377), combined with domain-specific data augmentation. The class-
weighted strategy (weights: Normal=0.61, Cyst=0.84, Stone=1.36, Tumor=2.25)
demonstrably improves Tumor class recall, the clinically most critical performance
dimension. (3) Systematic Comparative Benchmark, a rigorous head-to-head evaluation of
the proposed transformer framework against four CNN architectures under identical
experimental conditions (identical dataset, preprocessing, train/validation/test splits,
hyperparameter ranges, and evaluation metrics), providing the most controlled comparison
between CNN and transformer architectures for kidney CT classification reported in the
literature to date. (4) State-of-the-Art Performance, demonstration that RenalViT achieves
98.96% accuracy, 0.99 weighted F1-score, and 0.997 AUC-ROC on the CT Kidney Dataset,
the highest reported performance on this benchmark in the open literature. (5) Architectural
Design Justification, detailed empirical analysis and justification of key design choices,
including GELU versus RelLU activation, AdamW versus Adam optimizer, Pre-LN versus
Post-LN transformer blocks, and the optimal balance between model depth and dataset scale.
(6) Published Research Output, five publications in peer-reviewed journals and conferences
(3 published, 2 under communication) directly arising from the thesis research, including:
the IEEE ASSIC 2024 conference paper, the IAPQR Transactions journal paper, and the
IJISRT 2026 journal paper on KTransNet.
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7.3 Major Findings

The major findings of this research are:

Global self-attention provides a fundamental and substantial advantage (+23.80 pp
accuracy) over local convolutional feature extraction for kidney CT image classification.
The class-weighted training strategy is essential for clinically reliable performance on
minority classes without it, false negative rates for Tumor classification would be
clinically unacceptable.

Patch-level tokenization with 16x16 patches (196 tokens/image) provide a
computationally efficient representation that captures key pathological features in kidney
CT images.

Four transformer encoder blocks with four attention heads per block are sufficient to
achieve near-perfect kidney CT classification performance.

GELU activation in transformer MLP blocks provides superior performance to ReL.U in
transformer contexts, consistent with the broader transformer literature.

Inter-class confusion patterns in CNN models particularly Cyst/Tumor and
Normal/Stone confusion are substantially resolved by the global attention mechanism of
RenalViT.

RenalViT's parameter count (~22M) is comparable to ResNet50 (~25M), confirming that

performance gains arise from architectural design rather than increased model capacity.

7.4 Limitations

The following limitations are acknowledged:

Single-Dataset Evaluation: The proposed framework was evaluated on a single publicly
available dataset (CT Kidney Dataset). While this dataset is widely adopted as a
benchmark, generalization to other scanner types, patient demographics, and clinical
settings requires multi-center validation.

Computational Resource Requirements: Transformer-based models require more GPU
memory and training time than comparable CNN architectures. Deployment in resource-
constrained clinical environments may require model compression (quantization,

pruning, knowledge distillation).
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e Absence of Clinical Validation: No prospective clinical validation in a real-world
healthcare setting has been conducted. Clinical deployment requires regulatory
validation, physician integration studies, and prospective evaluation.

e Limited Model Interpretability: Like all deep learning models, RenalViT provides
limited direct insight into which image features drive classification decisions. Grad-
CAM and attention rollout methods are available but have not been systematically
evaluated.

e Classification Scope: The task is restricted to 4-class image-level classification, lesion

localization, segmentation, and severity staging are outside the scope of this work.

7.5 Future Scope
The following directions for future research are identified:

e Explainable Al (XAl) Integration: Incorporation of Grad-CAM, attention rollout, and
SHAP-based feature attribution to provide clinically interpretable explanations for

RenalViT classification decisions.

Several high-impact directions for future research are identified based on the limitations and
findings of this work. Explainable Al (XAI) Integration: Transformer attention weights
provide an initial form of spatial visualization, but rigorous XAl tools Grad-CAM, attention
rollout, SHAP-based attribution are needed to provide radiologist-interpretable visual
explanations for individual predictions. XAl is essential for clinical adoption of deep
learning CAD systems, as clinical decision-making requires understanding and verifying the
basis of automated recommendations. Multi-Center Dataset Validation: Evaluating
RenalViT on large-scale, multi-center kidney CT datasets encompassing multiple hospitals,
scanner manufacturers, and patient demographics is essential for demonstrating clinical
generalizability. Federated learning approaches could enable multi-center training without
requiring centralized data sharing, addressing patient privacy requirements. Lightweight
Transformer Development: The O(N2) computational complexity of self-attention imposes
constraints on real-time deployment. Linear attention mechanisms (replacing softmax
attention with kernel approximations) and model compression techniques (knowledge
distillation, quantization, pruning) could reduce RenalViT's computational requirements by
10-100x while preserving classification accuracy. Multi-Modal Medical Imaging: Extending
RenalViT to incorporate CT, MRI, and ultrasound inputs through multi-modal fusion as

demonstrated by the KTransNet architecture proposed in the published paper could improve

96



classification robustness by leveraging complementary imaging modalities. Lesion
Localization and Segmentation: Extending the classification framework to simultaneous
lesion detection and semantic segmentation using transformer-based architectures such as
Swin-UNet or DETR would provide clinicians with spatially precise lesion characterization
in addition to diagnostic classification. Real-Time Clinical Deployment: Development of a
clinically deployable kidney CT classification system integrated with hospital PACS and
Radiology Information Systems (RIS), incorporating appropriate regulatory compliance,
model monitoring, and clinical decision support interfaces, represents the ultimate

application of the research findings.

e Multi-Center Dataset Validation: Evaluating RenalViT on large-scale, multi-center
kidney CT datasets acquired across diverse scanner protocols, patient populations, and
geographic settings.

e Lightweight Transformer Development: Development of computationally efficient
RenalViT variants using knowledge distillation, quantization, or efficient attention
mechanisms for deployment in resource-constrained clinical environments.

e Multi-Modal Medical Imaging: Extension of RenalViT to incorporate multiple imaging
modalities (CT, MRI, USG) and clinical metadata for improved diagnostic accuracy.

e Lesion Localization and Segmentation: Extending the classification framework to
simultaneous lesion localization (bounding box detection) and segmentation using
transformer-based architectures.

e Real-Time Clinical Deployment: Development of a clinically deployable cloud-based or
on-premise kidney disease classification system integrating RenalViT with a PACS

workflow.

In conclusion, this thesis has demonstrated that the proposed RenalViT framework
represents a significant advancement in automated kidney disease classification from CT
imaging. The rigorous comparative evaluation confirms the superiority of global self-
attention over local convolutional feature extraction, and the clinical potential of RenalViT
as a Computer-Aided Diagnosis tool for automated kidney CT screening and classification.
The research contributions, including the published peer-reviewed papers, provide a

foundation for further advances in transformer-based medical image analysis.
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