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Abstract

Brain Tumor is one of the most serious neurological disorders in which timely

and proper diagnosis has direct implications on treatment and patient survival.

The conventional diagnostic processes are based on the manual interpretation of

MRI images by radiologists which is time consuming and prone to the error of

human interpretation and inconsistency. Although the deep learning approaches

have demonstrated potential in analyzing medical images, the current methods

are mostly dedicated to the binary tumor detection, which is not a granular ap-

proach to classify the various types of tumors, and that is what is most necessary

to implement effective medical intervention. The study constructs a multi-class

brain tumor classifier through examining various deep learning models. Efficient-

NetV2 uses advanced convolutional operations to achieve high classification and

be computationally efficient. Vision Transformer (ViT) uses self-attention to cap-

ture long-range dependencies and global patterns of MRI images. Also, ResNet50

is tested to serve as a convolutional benchmark in order to determine baseline

performance. The models have been trained and tested at a dataset of 7,023 brain

MRI images. EfficientNetV2 had a 95% accuracy and a loss of 0.13 and F1-score,

precision, and recall of 0.96. ViT achieved an accuracy of 90% at a loss of 0.30 and

F1-score, precision and recall of 0.89. ResNet50 attained 93% accuracy. The best

diagnostic accuracy of 96% was achieved when all trained models’ predictions were

combined using a geometric mean ensemble approach. The suggested system is

better than the current classification systems and offers a strong automated brain

tumor diagnostic system. The article contributes to the development of AI in

clinical radiology and proves the feasibility of enhancing the accuracy of diagnoses

in a medical environment.
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Chapter 1

Introduction

1.1 Overview

Among neurological disorders, brain tumors [1] represent one of the most complex

and life-threatening conditions. A brain tumor is an abnormal growth of cells

inside or near the brain, which can suppress brain functionality and result in

neurological complications.

Brain tumors are generally classified as benign (non-cancerous) or malignant (can-

cerous) and their impact on brain tissue depends on size, location, growth rate

and type.

Diseases of the central nervous system need special attention, even minor abnor-

malities can be the reason for serious and life threatening problems. Brain tumors

rank amongst the most complex and pressing neurosurgery challenges, as they

constitute almost 200 different kinds of abnormal tissue formations, which can

profoundly affect brain functions and survival rates [2].

Among these, Gliomas (malignant tumor) originating from glial cells, are fast

growing tumors, constituting about 80% of all tumor cases. Other brain tumors

include meningiomas, which arise from the meninges and pituitary tumors, which

develop in the pituitary gland and can disrupt hormonal regulation [3].

1
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1.2 WHO Brain Tumor Classification

According to theWorld Health Organization Global Cancer Observatory (GLOBO-

CAN 2022), published by the International Agency for Research on Cancer (IARC)

in 2024, approximately 321,624 new brain and CNS tumor cases were reported

worldwide that year, resulting in an estimated 248,403 deaths. This reflects a

significant rise compared to 308,102 cases recorded in 2020, indicating that the

global burden of brain tumors is steadily increasing year by year. These numbers

highlight how serious and widespread this disease has become, making early and

accurate diagnosis more important than ever.

WHO has categorized the primary brain tumors into four grades (I-IV) according

to histological features, behavior of tumor and anticipated clinical prognosis. This

evaluation system is the focal point of diagnosis, treatment planning and evaluation

of prognosis.

1.2.1 Grade I (Low-Grade, Benign)

Grade I are very gradual growing and are normally confined to a single region in

the brain. They can frequently be totally excised in surgery and they do not tend

to recur. These tumors occur more frequently in children and young adults and

majority of the patients resume normal life after treatment. Examples include

Pilocytic astrocytoma, Giant cell astrocytoma that is subependymal, Pituitary

tumor and Meningioma.

1.2.2 Grade II (Low-Grade, Infiltrative)

Grade II tumors develop slowly but spread to the surrounding brain tissue mak-

ing them difficult to excise completely. They have high chances of recurrence

and malignant transformation. Common examples include Diffuse astrocytoma,

Oligodendroglioma, and Low-grade glioma.
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1.2.3 Grade III (High-Grade Malignant)

Grade III tumors grow faster and behave more aggressively. They spread widely

in the brain and cannot usually be removed completely with surgery. Treatment

usually includes surgery, radiation therapy and chemotherapy. Common examples

include Anaplastic oligodendroglioma and High-grade glioma.

1.2.4 Grade IV (Highly Malignant)

Grade IV tumors are the most rapid growing and dangerous brain tumors which

can be referred as malignant or cancerous growths. They grow very quickly, dam-

age surrounding brain tissue and are difficult to control even with intensive treat-

ment. Common example include Glioblastoma (glioblastoma multiforme).

1.2.5 Symptoms and Conventional Diagnostic Methods

The symptoms of brain tumors are varied to a large extent by the location, and the

rate of growth of the tumor. Common symptoms include nausea and vomiting,

vision impairment, speech difficulties, weakness or numbness of the limbs, and

balance or coordination difficulty. More often cognitive and behavioral changes

are also common including loss of memory, personality changes, as well as inability

to concentrate. The symptoms usually manifest slowly and can be increased with

the tumor progression and require medical care.

Accurate diagnosis primarily relies on medical imaging which is critical in identi-

fying, localizing and characterizing brain tumors.The two most common imaging

modalities are Computed Tomography (CT) scans and Magnetic Resonance Imag-

ing (MRI).

MRI was selected as the imaging modality for this study because it provides supe-

rior soft-tissue contrast, higher spatial resolution, and multi-planar imaging capa-

bility compared to CT scans [4]. CT Scans expose patients to ionizing radiation
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and are primarily used in emergency settings for detecting hemorrhage or acute

conditions. For tumor characterization distinguishing tumor type, boundary de-

lineation and assessing infiltration, MRI is the gold standard recommended by

clinical guidelines globally. The dataset used in this study is MRI-based, consis-

tent with standard clinical diagnostic practice for brain tumors.

Following its imperativeness, conventional diagnosis based on imaging has a num-

ber of weaknesses. A high level of expertise is needed when it comes to MRI

interpretation, where radiologists have to inspect a high number of image slices

with their own eyes to detect the presence of abnormalities, determine the bor-

ders of tumors, as well as assess the nature of tissues. The same process may be

time-consuming and relies on the experience of the clinician [5].

In addition, imaging results are frequently subjected to biopsy, which is invasive

and can be fraught with such risks like bleeding, infection or neurological com-

plications. Tumors at the early stage or those with faint imaging changes might

be hard to detect and hence possibility of late or erroneous diagnosis is likely to

occur.

Automation in medical imaging has emerged as a game changing strategy to sup-

port clinicians in making diagnostic workflows more consistent, accurate, and im-

proving efficiency. Automated systems are able to handle high volumes of imaging

information more quickly and without exhaustion as opposed to the slower and

wearisome manual analysis thus minimizing the overall time of diagnosis and the

possibility of human error. This is particularly valuable in diagnosis, when it is

important to accurately assess the location, size and type of tumor and to plan an

effective treatment [6].

The automated imaging systems may carry out a number of significant tasks in

relation to the assessment of brain tumors:

i. Abnormal regions detection: Algorithms are able to detect abnormal areas

in MRI images, which might signify the existence of a tumor even in the

early stages where it is hard to see with human eyes.
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ii. Tumor localization and classification: Automation helps to outline the bound-

aries of tumors, type of tumor and further classify tumor into grades accord-

ing to the patterns that are learned in a previous dataset.

iii. Elimination of needless procedures: Automated systems may reduce the

number of unnecessary biopsies and follow-up imaging, which lowers patient

risk and discomfort, as well as unnecessary procedures.

iv. Early detection and intervention: The primary advantage of early detection

of subtle or small tumors is that the outcomes of patients improve as an

intervention can be undertaken and proper planning of treatment can be

made.

Small changes in diagnostic accuracy can make a huge difference in healthcare

systems, reducing both the financial consequences of delayed or wrong diagnosis

and decreasing the workload of radiologists. Advanced computational techniques,

particularly AI domain i.e machine learning (ML) and deep learning (DL), have

shown remarkable potential in this domain [7] [8]. Such approaches allow the

systems to learn on scale, identify complicated patterns and deliver stable and

objective verification, which underpin more effective and efficient clinical decision-

making. In general, automation of brain tumor imaging is an important move

towards more accurate, efficient and dependable diagnosis towards expert assis-

tance of radiologists, as well as patient care improvement.

1.2.6 Machine Learning Approaches in Brain Tumor

Analysis

Machine learning (ML) [9] has extensively applicated in medical imaging work,

such as tumor detection, classification and segmentation, serving as an extremely

beneficial to clinicians to analyze brain tumors. In traditional ML, mainly hand-

crafted features derived out of MRI scans including texture, shape, intensity and

edge descriptors are used. These characteristics are subsequently inputted into
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classifiers such as SVMs, Decision Trees (DTs), Random Forests (RF) or k-NN to

either differentiate between tumor and non-tumor regions or grade tumors.

Multiple researches have indicated moderate to high classification rates with the

conventional ML technique [10]. These methods have demonstrated moderate

success, with classification accuracies typically ranging from approximately 80%

to more than 90%, depending on the dataset and feature design used. For ex-

ample, studies using SVM or Random Forest classifiers have reported accuracies

around 85%–90% on standard MRI datasets, underscoring the value of careful

feature selection and preprocessing. Though these findings are promising, the

effectiveness of the conventional ML models greatly relies on the features, their

preprocessing, and the domain knowledge, which restricts their generalizability

and implementation into different clinical environments.

The performance of traditional ML models is closely tied to the various factors:

i. Reliance on handcrafted features: the effectiveness of the traditional ML

models is strongly associated with the quality and relevance of manually

designed features, which entails the high level of expertise and might not

reflect all tumor features. Brain tumors have heterogeneous appearances,

such as variations in shape, texture and intensity, which are challenging to

model with using handcrafted features alone.

ii. Low generalizability: these models frequently do not trained to work well

when applied in diverse datasets, MRI scanners, or imaging protocols and

thus have low reliability in multi-centric or real world settings.

iii. Noise and variability sensitivity: image quality, patient anatomy and scan-

ning parameters may vary significantly and have a significant impact on

model performance.

iv. Computational inefficiency in large volume analysis: feature extraction and

preprocessing may be slow, particularly high-resolution 3D MRI volumes.
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In spite of the given drawbacks, the conventional ML solutions formed the basis

of automated brain tumor analysis, which emphasized the significance of quan-

titative imaging characteristics in diagnosis and prognosis of brain tumor. They

also encouraged deep learning-based solutions [11] to be developed that automat-

ically discover hierarchical features on raw imaging information without a lot of

the limitations of handcrafted solutions.

1.2.7 Deep Learning for Brain Tumor Detection

To address these challenges, deep learning methods such as Convolutional Neural

Networks (CNNs) [12] [13] [14], have gained popularity in brain tumor analysis.

These models are able to learn and extract complex hierarchical features directly

on the raw imaging data without having to extract any features by hand.

The common DL-based [15] workflows of brain tumor detection include prepro-

cessing, which could also involve noise removal, normalization, and amplification

of tumor-relevant patterns, and the segmentation step, which is used to outline the

boundaries of tumors. The process of segmentation [16] is commonly improved

with techniques like edge detection, morphological operations etc. Recent models

have shown that CNN-based models could obtain a high classification accuracy

typically surpassing 95% with certain transfer learning models like ResNet50, In-

ceptionV3 and hybrid models [17] [18] [19] attaining even greater classification

accuracy of over 98-99%.

These models have been applied not only in classifying the type of tumors but

also in localizing tumor sites and also estimating tumor size [20] [21]. Brain

tumor detection frameworks such as YOLOv2, YOLOv3 and Faster R-CNN have

been modified to be used in detecting brain tumors and detection of tumors can

be performed quickly and accurately using MRI images [22] [23].

In summary, deep learning has revolutionized the diagnosis of brain tumors, and

it can be said to be better than traditional machine learning techniques. Nev-

ertheless, the study should be extended with additional research in the field
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of early-stage tumor detection, the ability to remain robust to various imaging

datasets, and to simplify the process of preprocessing, segmentation and classifi-

cation pipeline integration [24].

These efforts offer the motivation to the current work that seeks to build a usable,

automated and scalable system of identifying brain tumor with respect to MRI

scans.

1.2.8 Research Motivation

Brain tumors are among the most complex and serious neurological disorders.

Early and correct diagnosis is essential in the successful treatment and better

patient outcomes.

MRI is the standard tool for tumor identification due to its high-resolution visu-

alization of brain tissues. Manual interpretation of MRI scans is however time-

consuming, subject to error and a part of the radiologists, which may lead to late or

inaccurate diagnosis. The current development in the deep learning showed good

prospects in the automatization of tumor classification. Different Deep learning

models [25] are able to detect complex patterns in MRI images, enhancing the

accuracy of the classification process and eliminating the need to use manual anal-

ysis. Regardless of these developments, there are still difficulties especially in the

ability to differentiate among various types of tumors and guarantee excellent per-

formance under various imaging conditions. This research is motivated by the

need to develop an efficient and automated classification framework that enhances

diagnostic precision, supports clinical decision-making, and improves patient care

outcomes.

1.2.9 Problem Statement

Despite significant progress in deep learning for medical image analysis, many

existing brain tumor classification systems still focus on binary detection or rely
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on single-model architectures that struggle with accurate multi-class classification.

Similar visual patterns in MRI scans make tumor classification challenging, while

individual deep learning models often fail to capture both local features and global

contextual information effectively. Therefore, an ensemble-based deep learning

framework is needed to combine the strengths of multiple models for more accurate

and reliable brain tumor classification.

1.2.10 Research Aim and Objectives

The aim of this research is to develop a deep learning framework for multi-class

brain tumor classification from MRI images by using convolutional neural networks

and vision transformer architectures. Objectives include:

i. To design an efficient deep learning framework for accurate multi-class clas-

sification of brain tumors from MRI images.

ii. To enhance classification performance and generalization capability through

model architecture and ensemble strategies.

1.2.11 Research Questions

i. How effectively can deep learning models classify brain tumors into Glioma,

Meningioma and Pituitary types from MRI images?

ii. To what extent can an ensemble of various architectures improve multiclass

brain tumor classification accuracy compared to individual deep learning

models on MRI images?

1.2.12 Significance of the Study

This research advances the domain of medical image analysis by introducing an

automated deep learning framework for the classification of brain tumors from

MRI scans that supports radiologists in routine diagnostic workflows
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i. It helps reduce the burden of manual MRI interpretation by providing au-

tomated and consistent predictions.

ii. The use of ensemble learning improves reliability by combining the strengths

of multiple deep learning models.

iii. The proposed approach can assist in tumor classification, which is essential

for best early treatment.

iv. By minimizing diagnostic errors and delays, the frameworkcan contribute to

improve patient outcomes and clinical efficiency.

v. In addition, the proposed framework can be extended to support advanced

tasks such as tumor segmentation and real-time deployment in healthcare

environments.

1.2.13 Thesis Organization

This thesis is organized into six chapters. Chapter 1 introduces the problem do-

main and research motivation. Chapter 2 reviews related literature. Chapter 3

presents the proposed methodology. Chapter 4 discusses experimental results.

Chapter 5 mentions about limitations and constraints while Chapter 6 concludes

the research and outlines future directions.



Chapter 2

Literature Review

2.1 Overview

The chapter presents a comprehensive overview of the latest developments in the

area of brain tumor detection and classification in terms of medical imaging and

deep learning methods. The review studies the metamorphosis of the old-fashioned

approaches to diagnostics to the state-of-the-art approaches that are based on

artificial intelligence, giving a special focus to the developments since 2022 to

2025. The difficulties of multi-class tumor classification, limitation of datasets,

and the issue of continuous concern regarding model generalizability in various

imaging conditions and patient populations have particular attention.

A structured literature search was conducted across IEEE Xplore and Google

Scholar, targeting peer-reviewed studies on deep learning-based brain tumor detec-

tion and multi-class classification using MRI. Papers were included if they clearly

described their methods, used MRI data and reported measurable results. Papers

were excluded if they used other imaging modalities, lacked sufficient detail or had

no original experimental work. After careful screening, more than 70 studies were

selected. These studies revealed common gaps in the current methodologies where

they lack the diversity in the datasets, problems with class imbalances, as well as

11
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the requirement of clinically validated AI systems that can support radiologists in

real-world situations.

The review illustrates that traditional CNN-based methods, although good, fre-

quently have issues with including world-contextual information in medical images,

which can be overcome by transformer-based networks.

Besides, the chapter also studies the trade-offs between model complexity, comput-

ing needs, and diagnostic performance, indicating that hybrid methods involving

CNNs and transformers are a promising way of building a strong multi-class brain

tumor classification.

This thorough discussion gives the required background to place the proposed Ef-

ficientNetV2 and Vision transformer-based model in the existing body of study,

showing how it can overcome the disadvantages that exist by providing optimiza-

tion in feature extraction, effective computation structure, and combination learn-

ing approaches.

Finally, this chapter provides a transition between the literature and the method-

ological contributions in this thesis, both creating a clinical importance and a

technical need of future development of automated brain tumor detection systems.

2.2 Brain Malignancies and Deep Learning

Foundation

Lah et al. [26] offer an in-depth analysis of brain malignancies, in terms of

glioblastoma or brain metastases. The authors discuss the molecular pathophysi-

ology, clinical manifestation and treatment issues of these aggressive brain tumors.

They emphasized the significance of timely detection and accurate classification

in improving patient outcomes in the management of brain cancer as glioblastoma

is one of the deadliest primary brain tumors whose median survival rates have not

yet improved despite improvements in treatment.
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The proposed study is a 3D-stacked multistage multiphase inertial microfluidic

chip created by Xu et al. [27] to enrich circulating tumor cells in high through-

put. The authors investigate new microfluidic technology which makes it possible

to separate and enrich CTCs in the blood samples. Their system also exhibits the

possibility of detecting and monitoring cancer non-invasively to provide a comple-

mentary method to the conventional imaging-based tumor detection methods and

can be used in early cancer detection and monitoring treatment.

Ker et al. [28] provide a comprehensive overview of deep learning applications

in the analysis of medical images. The authors examine various neural network

models, including CNN-based and recurrent architectures, together with their ap-

plications across different medical imaging modalities. Their survey shows how

modern deep learning approaches have advanced medical imaging by achieving

superior performance over conventional machine learning algorithms, with special

focus to the automated feature extraction and end-to-end learning features.

Fan et al. [29] present Multiscale Vision Transformers (MViT) to perform video

recognition. The authors discuss a hierarchical structure that handles visual data

at various scales and thus allows the efficient appearance of fine-grained features

as well as coarse features. Although intended as a video understanding frame-

work, their architecture proves the potential of transformer architectures to visual

recognition with competitive performance on different benchmarks at reduced com-

putational complexity relative to standard vision transformers.

2.3 Transfer Learning and Attention-Based Ar-

chitectures

Ahmmed et al. [30] perform a comprehensive study of transfer learning in various

types of brain tumor.

Authors discuss different ready to use deep learning models such as VGG16, ResNet50,

InceptionV3 and DenseNet that can be used in brain tumor classification. They
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show their experimental findings that transfer learning can greatly enhance the

accuracy of classification, with ResNet50 having an accuracy rate of 98.7% on

multi-class brain tumor data.

The authors focus on the usefulness of using pre-trained models in addressing

the scarcity of medical imaging data. Alzahrani [31] proposes ConvAttenMixer, a

novel architecture combining convolutional mixers with external and self-attention

mechanisms for brain tumor detection and classification. The author discusses the

mechanisms of attention that improve feature representation by emphasizing the

relevant areas in MRI images.

The model is able to reach 99.17% accuracy when working on the brain tumor

classification tasks, which proves the better performance in comparison with the

conventional CNN architectures through the integration of attention-based feature

refinement. Galic et al. [32] provide a comprehensive review of machine learning

frameworks that enable the personalization of medicine based on the analysis of

medical images.

The authors discuss several methods such as supervised and unsupervised learn-

ing and deep learning methods, which are used in various modalities in medical

imaging. Their analysis emphasizes the value of machine learning in facilitating

individualized diagnostic and therapeutic plans based on the analysis of patient-

specific imaging information, which can help to promote the area of precision

medicine in oncology and other medical areas.

Genereux and Akilan [33]develop an efficient CNN-BiLSTM model for multi-class

intracranial hemorrhage classification.

The authors explore the combination of convolutional neural networks for spatial

feature extraction with bidirectional long short-term memory networks for tempo-

ral pattern recognition.

Their model has an accuracy up to 95.3% in classifying various intracranial hem-

orrhages, indicating that hybrid architectures are efficient in medical image clas-

sification problems involving sequential or multi-view data.
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2.4 Genomic Analysis and Molecular Biomark-

ers

Chen et al. [34] study the RNA adenosine alterations concerning the prognosis and

immune infiltration of osteosarcoma. The authors discuss the role of RNA modifi-

cations in cancer biology and their potential as prognostic biomarkers. Their anal-

ysis reveals significant associations between specific RNA modification patterns

and patient outcomes, contributing to understanding of molecular mechanisms

underlying osteosarcoma progression and potential therapeutic targets. Huang et

al. [35] introduce SLNL, a novel method for gene selection and phenotype classifi-

cation. The authors discuss sparse learning and network-based strategies in order

to discover the most important genetic markers of high-dimensional genomic data.

Their approach is more effective in feature selection tasks with accuracy of above

90% on various cancer data sets showing it has been able to deal with the curse

of dimensionality in genomic studies.

He et al. [36] develop a machine learning framework to trace tumor tissue-

of-origin for 13 cancer types based on DNA somatic mutations. The author’s

study explore random forest and support vector machine classifiers that are trained

using mutational signatures. Their framework achieves 88% accuracy in identifying

primary tumor sites, which is very useful in the diagnosis of cancer where the

location of the primary tumor is unknown, an important factor used in determining

which cancer treatment approach should be used.

2.5 Explainable AI and Transformer Models for

Medical Imaging

Hussain and Shouno [37] explore an explainable deep learning approach for classifi-

cation of multi-class brain tumors by Gradient-weighted Class Activation Mapping

(Grad-CAM). The authors consider the issue of interpretability in deep learning,
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visualizing those areas of MRI images that make classification decisions. They re-

port 97.87% accuracy while providing visual explanations making it good enough

and easy to understand model predictions in medical diagnosis. Jun et al. [38]

present Medical Transformer, a universal brain encoder for 3D MRI analysis. The

authors discuss self-attention mechanism that has been adopted for the volumet-

ric medical imaging data, which is efficient in 3D brain scans. Their transformer

architecture has shown excellent results on several neuroimaging tasks that in-

clude tumor detection, segmentation and classification, indicating the diversity of

transformer models in medical image processing.

2.6 Brain-Computer Interfaces and Neural Sig-

nal Processing

Li et al. [39] developed a brain-computer interface that is based on Compact

Vision Transformer (CVT) for brain-controlled robot navigation. The authors

explore vision transformers for their application in visual stimuli processing in BCI

systems. Their approach achieve an accuracy of 92.5% in navigation tasks, which

shows how the transformer architectures can be used to improve human-machine

interfaces by augmenting visual stimulus classification in real-time brain-controlled

interfaces.

Si et al. [40] suggest DBJNet a cross-subject emotion recognition brain-computer

interface, which is founded upon functional near-infrared spectroscopy (fNIRS).

The authors discuss the domain adaptation methods in order to deal with indi-

vidual variations in brain signals. Their model achieves 76.8% accuracy in cross-

subject emotion classification, which is a step towards generalisable systems of BCI

technology that can be applied in a wide range of individuals without extensive

calibration.

In their work, Bao et al. [41] examine predicting moral elevation conveyed in

danmaku remarks based on the signals of electroencephalography. The authors
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address the neural correlates of moral emotions and develop machine learning

models to decode them based on brain activity. Their research has an accuracy

of 73.2% in predicting moral elevation, which helps to comprehend how emotion

works and its possible application in affective computing.

2.7 Residual Networks and Advanced Segmen-

tation Techniques

Kumar et al. [42] present a proposal of a multi-class brain tumor classification

model with residual networks and global average pooling. The authors consider

deep residual learning networks which solve the vanishing gradient issues of very

deep networks. Their model has an accuracy of 97.8% on multi-class brain tumor

data sets which reflects the capability of residual connections and global pooling

to enhance feature representation and performance in medical images.

Luo et al. [43] develop a medical image segmentation universal model based on

prompt-guided transformers. The authors examine the use of natural language

prompts to influence the segmentation models to adapt to different anatomical

structures and imaging tasks. Their strategy has been able to perform competi-

tively with regard to various segmentation standards showing that prompt-based

learning can be used to develop a flexible medical imaging system.

Meshram et al. [44] apply Swin Transformers for brain tumor detection tasks.

The authors discuss the hierarchical vision transformers with shifted windows that

can facilitate the efficient computation and capture of multi-scale features. Their

implementation shows that Swin Transformers can effectively achieve high accu-

racy in detecting brain tumors while maintaining computational efficiency relative

to the conventional CNN systems.

Prathaban et al. [45] explore deep learning techniques of identifying tumor infiltra-

tion in diffuse gliomas. The authors discuss convolutional neural networks trained

to identify subtle infiltrative patterns in MRI images. Their model achieves 91.3%
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sensitivity and 88.7% specificity in detecting tumor infiltration and can be used

as a helpful resource in surgical planning and developing a treatment strategy in

the treatment of glioma.

2.8 Optimization Strategies and Comprehensive

Surveys

Ramakrishnan et al. [46] suggest an optimized hybrid CNN architecture to classify

brain tumors by using oneAPI optimization. The authors discuss the balancing

accuracy and computational efficiency through hardware-aware optimization.

Their model achieves 98.5% accuracy, 40% lower inference time than unoptimized

variants, demonstrating optimization does matter when it comes to deploying a

deep learning model to clinical settings.

Shamshad et al. [47] present a comprehensive survey of transformers in medi-

cal imaging applications. The authors discuss various transformer architectures

such as Vision Transformers (ViT), Swin Transformers and their adaptations for

medical image analysis tasks.

Their review includes application in segmentation, classification, reconstruction

and registration, hihglighting that transformers are better at capturing long-range

interactions and global context, than CNNs.

Rastogi et al. [48] develop a multi-class system of brain tumor classification based

on multi-branch networks and Inception blocks with a five-fold cross-validation.

The authors investigate parallel convolutational processes that extract features

at various scale levels in parallel. Their framework has an accuracy of 99.3% in

classifying brain tumor MRI samples, which proves the usefulness of using multi-

scale feature extraction with Inception modules.
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2.9 Generative Models and Uncertainty Quan-

tification

Liu et al. [49] present the concept of virtual formalin-fixed and paraffin-embedded

staining of fresh brain tissue with stimulated Raman imaging and CycleGAN mod-

els. The authors explore the use of generative adversarial networks to translate

label-free Raman images to virtually stained histopathology images. Their tech-

nique achieves high-quality virtual staining that is quite similar to conventional

histology, potentially enabling rapid intraoperative diagnosis without physical tis-

sues processing.

The article by Hu et al. [50] offers a reliable multi-stage liver tumor segmenta-

tion model using evidence-based uncertainty quantification The authors explore

evidential deep learning to estimate prediction uncertainty and improve segmen-

tation reliability. Their model achieves 89.2% Dice coefficient while providing

calibrated uncertainty estimates, which increases clinical credibility by determin-

ing situations in which model results may be unreliable. Tan and Liang, [51]

come up with a multiclass malaria parasite recognizer system, which is based on

transformer models and generative adversarial networks. The authors explore vi-

sion transformers for microscopic images classification combined with GANs for

data augmentation. Their approach achieves 98.1% accuracy of identifying various

species of malaria parasites, showing the transformers to be useful in the analysis

of medical images.

2.10 AI Paradigm Comparisons and Hybrid Net-

works

According to Tandel et al. [52], multiclass magnetic resonance imaging brain tu-

mor classification system is proposed using artificial intelligence paradigms. The

authors discuss the different machine learning and deep learning methods such as
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support vector machine, random forest and convolutional neural networks. The re-

sults of their overall comparison reveal CNNs with the highest accuracy of 97.5, es-

tablishing deep learning superiority in complex medical image classification tasks.

The authors Zheng et al. [53] present a unified visualization and classification

model for grade glioma using MRI. The authors examine joint learning of segmen-

tation and classification tasks. Their model has a 94.6% accuracy of classifying

glioma while providing interpretable visualizations of tumor regions, so the clin-

ician can understand and verify model predictions. Zhou et al. [54] develop a

method for generating 3D brain tumor regions in MRI using vector-quantization

generative adversarial networks. The authors discuss discrete latent represen-

tations for high-quality 3D medical images. Their approach generates realistic

tumor regions can augment training datasets, addressing data scarcity issues and

improving model generalization.

Parshapa and Rani [55] present a survey on the effective identification and analysis

of brain tumor diagnosis using machine learning. The authors discuss various

algorithms such as decision trees, SVMs and neural networks in the identification

and classification of tumors. According to their review, what has changed with

time is the fact that the traditional machine learning is now replaced with deep

learning methods, which are more accurate and automated in the diagnosis of

brain tumors.

2.11 Advanced Transformer Architectures and

Diffusion Models

Zhu and Wang [56] demonstrates a thorough review of transformers and their

usage in medical image processing.

The authors discuss transformer architecture that can be applicable to several

medical imaging tasks such as classification, segmentation, detection and recon-

struction. Their review shows that transformers can capture global context and
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long-range dependencies and achieving state-of-the-art performance on various

medical imaging benchmarks.

A dual-domain diffusion model that is suggested by Yang et al. [57] supports

sparse-view CT reconstruction. The authors discuss diffusion probabilistic models,

which can work in both image and sinogram space to synthesize high-quality CT

images with limited projections.

Their algorithm attains a PSNR value of 34.2 dB during reconstruction challenges,

which shows that diffusion models can solve ill-posed inverse tasks in medical

imaging.

Zheng et al. [58] develop a lightweight transformer image feature extraction

network to obtain an efficient visual recognition. The authors consider parameter-

efficient transformer design that do not impair the performance but with lower

computational needs. Their network achieves 89.4% accuracy on image classifica-

tion benchmarks using 60% less parameters than standard transformers, and thus

can be used in resource-constrained medical imaging applications.

Liu et al. [59] provide the critically detailed survey of visual transformers cov-

ering architectural innovations and applications. The authors examine diverse

forms of transformers such as hierarchical transformers, efficient attention mech-

anisms, and hybrid CNN-transformers. Their review systematically categorizes

transformer developments and discusses their impact on computer vision tasks,

providing insights applicable to medical image analysis.

2.12 CNN Optimization and Ensemble Methods

Irmak [60] presents a multi-classification mechanism of brain tumor MRI im-

age with deep convolutional neural networks. The author explores the methods

of hyperparameter optimization such as batch normalization, and dropout reg-

ularization. The optimized model obtains 96.05% accuracy in multi-class brain
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tumor classification, which proves that systematic optimization is significant to

the performance of deep learning.

Sadad et al. [61] build brain tumor detection and multi-classification models based

on the advanced use of deep learning methods. The authors explore ensemble

methods combining multiple CNN models such as VGG, ResNet, and DenseNet.

Their ensemble approach achieves 98.69% accuracy on brain tumor classification

task, how model combination can improve robustness and performance beyond

individual models.

Ben Naceur et al. [62] propose a brain tumor segmentation system using deep

learning based selective attention with overlapping patches and multi class weighted

cross-entropy.

The authors discuss the attention mechanisms to concentrate on the tumor re-

gions while handling class imbalance through weighted loss functions. Their model

achieves Dice scores of 0.88, 0.83, and 0.78 for whole tumor, tumor core, and en-

hancing tumor respectively. Muhammad et al. [63] presents a perspectives survey

about deep learning in multigrades brain tumor classification.

The authors discuss various deep learning architecture, data augmentation tech-

niques, and transfer learning approaches for brain tumor grading. Their com-

prehensive review discusses challenges including class imbalance, and model inter-

pretability, giving the directions of future studies in intelligent healthcare systems.

2.13 Hyperparameter Tuning and Vision Trans-

formers

Kumar and Mankame [64] establish an optimization based deep convolutional

neural network for brain tumor classification.

The authors discuss genetic algorithm-based optimization for architecture search

and hyperparameter tuning. Their optimized model has 97.1% accuracy rate in
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classifying brain tumors, which proves the use of evolutionary algorithms in au-

tomating neural architecture design in medical imaging tasks.

Asiri et al. [65] propose an enhanced brain tumor diagnosing system with the

optimized CNN hyperparameters to enhance the accuracy and reliability. The au-

thors address the topic of Bayesian for systematic hyperparameter search across

learning rates, batch sizes, and network depths. Their optimized model achieves

99.32% accuracy with improved generalization on the brain tumor classification

tasks which highlights the importance of hyperparameter tuning in clinical deploy-

ment.

The research by Asiri et al. [66] presents a comparative study of the fine-tuned

vision transformers using pre-trained models to classify brain tumors. The au-

thors explore different versions of ViT such as ViT-B/16, ViT-L/16 and DeiT and

compare them in terms of their results on brain tumor datasets. Their findings

indicate that ViT-L/16 has reached 99.5% accuracy, demonstrating vision trans-

formers’ superior performance compared to traditional CNNs through effective

transfer learning from large-scale datasets.

2.14 GANs, Graph Networks andMeta-Analysis

Asiri et al. [67] pioneer next-generation brain tumor classification using deep

learning and fine-tuned conditional generative adversarial networks.

The authors explore cGANs for generating synthetic brain tumor images to aug-

ment training datasets, addressing class imbalance.

Their combined approach of data augmentation and deep classification achieves

99.17% accuracy, demonstrating how generative models can enhance supervised

learning in limited data scenarios.

Gürsoy and Kaya [68] present a graph convolutional neural network image brain

tumor detector named Brain-GCN-net.
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The authors discuss the representation of brain MRI images in the form of graphs

where nodes represent image regions and edges encode spatial relationships.

Their GCN-based model attains an accuracy of 98.74% in brain tumor classifi-

cation, which proves the possibility of the graph-based representation to capture

structural patterns in medical images.

In an article by Alzahrani et al. [69], an amyotrophic lateral sclerosis predic-

tion framework is developed on the basis of multi-level encoders-decoders based

ensemble architecture.

The authors explore hierarchical encoder-decoder networks that process medical

data at multiple resolutions.

Their ensemble ables to predict ALS with 94.3% accuracy and demonstrating the

effectiveness of multi-scale processing in neurological disease classification.

In the study conducted by Wang et al. [70], a systematic review and meta-analysis

of artificial intelligence-based brain tumor detection and segmentation models are

carried out in the context of magnetic resonance imaging.

The authors explore the performance measures in 89 studies and discuss aspects

that influence model performance.

Their meta-analysis demonstrates the brain tumor pooled sensitivity of 87% and

specificity of 85% for brain tumor detection, highlighting variability in performance

and need for standardization in AI medical imaging research.

Moya-Sáez et al. [71] propose brain tumor enhancement prediction based on pre-

contrast traditional weighted images using the synthetic multiparametric mapping

and generative AI.

The authors discuss the use of generative models for synthesizing contrast-enhanced

images out of non-contrast scans.

Their method yields Dice coefficient of 0.78 in predicting tumor enhancement

patterns, potentially reducing need for contrast agent administration in certain
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clinical scenarios. Sravani et al. [72] develop methods for enhancing brain tumor

diagnosis using generative adversarial networks. The authors discuss StyleGAN

and CycleGAN to be applied in data augmentation and image-to-image translation

in brain MRI.

Table 2.1 provides a comparative analysis that highlights how this research com-

bines disparate capabilities into a deployable framework, specifically tailored to

the tumor detection, to bridge a clear gap in the existing literature.

Table 2.1: Performance Comparison of CNN, LSTM and BiLSTM Models

Author(s) &

Year

Methodology AccuracyKey Innovation Limitation

Ahmmed et

al. (2023)

ResNet50 Trans-

fer Learning

Brain tumor

classification on

MRI

98.7% Comprehensive

transfer learn-

ing comparison

across VGG16,

ResNet50, In-

ceptionV3,

DenseNet

Limited to

2D slices;

requires large

pre-trained

datasets

Alzahrani

(2023)

ConvAttenMixer

Brain tumor

detection &

classification on

MRI

99.17% Novel combina-

tion of convo-

lutional mixers

with attention

mechanisms

High compu-

tational cost;

attention

mechanisms

increase

model com-

plexity

Their GAN-based augmentation improves classification accuracy by

shows how synthetic data generation can mitigate limited training

data challenges in medical imaging.

3.5%, which

data challeng
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Table 2.1: Performance Comparison (Continued from previous page)

Author(s) &

Year

Methodology AccuracyKey Innovation Limitation

Genereux &

Akilan (2023)

CNN-BiLSTM

Intracranial

hemorrhage

classification on

CT

95.3% Hybrid spatial-

temporal archi-

tecture

Sequential

processing

increases

inference

time; limited

to temporal

data

Hussain

& Shouno

(2023)

CNN + Grad-

CAM Multi-

class brain

tumor clas-

sification on

MRI

97.87% Explainable AI

with visual in-

terpretability

Grad-CAM

visualiza-

tions may

not capture

all relevant

features

Kumar et al.

(2021)

ResNet +

Global Aver-

age Pooling

Multi-class

brain tumor

classification on

MRI

97.8% Addresses van-

ishing gradient

with residual

connections

Deep ar-

chitecture

requires

significant

training

resources

Ramakrishnan

et al. (2024)

Optimized

Hybrid CNN

(oneAPI) Brain

tumor clas-

sification on

MRI

98.5%

(40%

faster)

Hardware-aware

optimization

for clinical

deployment

Platform-

specific

optimiza-

tion; may

not general-

ize to other

hardware
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Table 2.1: Performance Comparison (Continued from previous page)

Author(s) &

Year

Methodology AccuracyKey Innovation Limitation

Rastogi et al.

(2024)

Multi-branch In-

ception Network

Multi-class brain

tumor classifica-

tion on MRI

99.3% Multi-scale par-

allel feature ex-

traction with 5-

fold CV

Complex

multi-branch

architecture;

high memory

requirements

Tan & Liang

(2023)

Transformer +

GAN Malaria

parasite clas-

sification on

microscopy

98.1% Combines vision

transformers

with GAN

augmentation

Limited to

microscopy

images; GAN

training

instability

Tandel et al.

(2020)

CNN vs ML

Paradigms

Multi-class

brain tumor

classification on

MRI

97.5%

(CNN

best)

Comprehensive

AI paradigm

comparison

study

Traditional

ML methods

significantly

underperform

Irmak (2021) Fully Opti-

mized Deep

CNN Multi-class

brain tumor

classification on

MRI

96.05% Systematic hy-

perparameter

optimization

framework

Time-

consuming

optimiza-

tion process;

overfitting

risk



Chapter 3

Research Methodology

3.1 Introduction

This chapter presents a comprehensive methodology for automated multi-class

brain tumor detection using ensemble deep learning models and transformer ar-

chitectures.

The proposed framework trains EfficientNetV2, Vision Transformer (ViT-B/16)

and ResNet-50 independently, followed by an ensemble approach integrating all

three models to improve classification accuracy and compares the ensemble per-

formance with individual standalone models for evaluation.

By leveraging the strengths of convolutional neural networks and transformer-

based representations, the methodology aims to achieve accurate and reliable clas-

sification of brain tumors from MRI scans.

The approach to the methodology is organized in a systematic way, starting with

the description of the dataset and the preprocessing pipeline, then continuing with

a systematic description of the architecture with mathematical formulas, ensemble

strategy, training processes and evaluation metrices.

28
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3.2 Proposed Framework

The proposed system operates through a sequence of stages MRI images are first

obtained and preprocessed to have uniformity and use as model input. The pro-

posed framework exploits the complementary strengths of the employed archi-

tectures. EfficientNetV2 emphasizes computational efficiency and effective fea-

ture extraction, while Vision Transformer (ViT-B/16) models long-range depen-

dencies by capturing global contextual information through self-attention mecha-

nisms. ResNet-50 provides deep hierarchical feature representations through resid-

ual learning.

Figure 3.1: Block Diagram of Proposed Research

These three models are first trained independently and then integrated through an

ensemble layer that combines their predictions using averaging to generate the final

ensemble output. The ensemble results are then evaluated against the performance

of each individual standalone model for comparative performance evaluation. Fig-

ure 3.1 shows the block diagram of the system architecture, highlighting the major

functional components and their interconnections within the overall framework.

3.3 Dataset Description

This study employs a publicly available Brain Tumor MRI dataset consisting of

7,023 MRI scans, obtained from Kaggle. The dataset is curated by integrating
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images from three widely used and reliable sources: Figshare, SARTAJ Brain

Tumor Dataset and Br35H.

The MRI images are clustered into four clinically pertinent categories as shown

in Figure 3.2:, which allow the multi-class recognition of the brain tumor instead

of having the task performed by the conventional binary detection. Every class

signifies a particular type of tumor or normal condition, which is differentiated

by the cell-origin, anatomical localization, malignancy and visualization in MRI

images.

Figure 3.2: Dataset Distribution

Although the BraTS (Brain Tumor Segmentation) dataset is widely used in the

literature, it is primarily designed for segmentation tasks on 3D multimodal MRI

volumes, making it less suitable for the classification focused objective of this re-

search. The Kaggle Brain Tumor MRI dataset used in this study consists of 7,023

labeled 2D MRI images categorized into four clinically relevant classes (glioma,

meningioma, pituitary, no tumor), which directly supports multi-class classifica-

tion evaluation. Additionally, this dataset is a combination of multiple verified
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sources (Figshare, SARTAJ, Br35H), providing reasonable diversity while main-

taining class balance, a key requirement for fair model training and evaluation.

3.4 Dataset Overview

3.4.1 Class Distribution

The dataset contains four distinct classes such as Glioma Class: Glioma tumors

originate from glial cells, that are supportive in the central nervous system. These

are malignant and very aggressive tumors as they cause almost 80 percent primary

malignant tumor of the brain. Gliomas tend to develop into brain tissue around

it due to their invasive growth patterns; hence, they are not easy to delimit.

Gliomas in MRI scans are characterised by irregular and not well-defined margins,

the heterogeneous signal intensity, and by different degrees of edema and mass

effect. Accurate classification of gliomas is clinically critical because of their rapid

progression and poor prognosis.

Meningioma Class: Meningiomas develop as a result of the meninges which are

the protective layers of the brain and the spinal cord. They are generally benign

and slow-growing, although malignant variants may occur in rare cases. Their

distinct imaging features and non-invasive nature of behavior make it essential to

differentiate them from more aggressive intra-axial tumors such as gliomas.

Pituitary Class: These tumors grow out of the pituitary gland which is an impor-

tant endocrine gland within the sellar or suprasellar region of the brain. These are

benign adenoma tumors, which may cause severe clinical outcomes of hormonal

imbalance, loss of vision, and neurological symptoms as a result of compression

of adjacent structures, such as the optic chiasm. MRI images of pituitary tumors

are usually characterized by some local lesions and the anatomical localization of

these foci, which is also important in making the correct diagnosis.
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No Tumor Class: The No Tumor category incorporates the MRI scans of healthy

brains that have no tumor or abnormalities. These images make the model under-

stand the distinction between the normal brain structures and the tumour regions.

Normal scans should be included to ensure that the model does not confuse the

normal tissue with a tumor and to enhance the classification system in general.

This study will carry out multi-class classification in contrast to the many in

existence researches where they simply carry out binary tumor versus non-tumor

classification. Types of brain tumors differ significantly with regard to cell type of

origin, the degree of malignancy, therapeutic approaches and prognosis. As such,

specific differentiation of glioma, meningioma, pituitary tumors and normal brain

scans will contribute to greater clinically significant information and can assist in

the making of better diagnostic decisions.

3.4.2 Dataset Split Strategy

The dataset consists of 7,023 Brain MRI scans, which are provided in two prede-

fined subsets: training and testing. It is divided into 80:20 train test split, which

leaves 5,712 images in training and 1,311 images in testing. This split aligns with

standard practices in deep learning–based medical image analysis and ensures suf-

ficient data for effective model training while preserving an independent test set

for performance and unbiased evaluation.

The data used is well balanced in all four categories of glioma, meningioma, pitu-

itary tumor and no tumor which enables the model to learn discriminative features

of each group. Table 3.1 and Figure 3.3 summarizes the detailed allocation of the

MRI scans in class in the training and testing sets.

This structured data partitioning ensures that the proposed deep learning frame-

work is trained, validated and evaluated under realistic conditions. By maintaining

class balance and strict separation between training, validation and testing phases,

the dataset setup supports reliable performance analysis and enhances the clinical

relevance of the reported results.
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Table 3.1: MRI Dataset Distribution

Class Training Images Testing Images Total Percentage

Glioma 1,321 300 1,621 23.1%

Meningioma 1,339 306 1,645 23.4%

Pituitary 1,457 300 1,757 25.0%

No Tumor 1,595 405 2,000 28.5%

Total 5,712 1,311 7,023 100%

Figure 3.3: Training Dataset

3.4.3 Data Preprocessing

To have a high quality, clean and standardized MRI images, data preprocessing

was conducted to guarantee successful training of the deep learning model. In

medical image analysis, proper preprocessing is necessary, which would make the

model more robust, increase the generalization ability and decrease the chances

of overfitting. Data augmentation methods as shown in Figure 3.4 were used to

enhance the heterogeneity of the dataset and enhance the extrapolation of the

models. Augmentation artificially increases the size of the training dataset by

adding manipulated differences to the images, which allows the model to learn the
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invariant and discriminative features. All MRI images were resized and standard-

ized to 224 × 224 × 3 (height × width × RGB channels) prior to model training.

This resolution is consistent with the input requirements of architectures, ensures

uniform input dimensions across all models. The augmentation techniques used

were as follows:

i. Rotation: The images were rotated in diverse angles to present the model

with the tumors in new positions.

ii. Horizontal and Vertical Flipping: Flipping operations imitated changes in

patient position and scanner views.

iii. Scaling and Zooming: These enhancements helped the model to detect tu-

mors of different sizes and spatial distribution.

iv. Brightness Adjustment: There was a slight change in intensity variation that

was added to compensate discrepancies among MRI acquisition conditions

and imaging devices.

Figure 3.4: Data Augmentation
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These strategies of augmentation increased training sample diversity, minimized

overfitting, and augmented generalization to unseen data in a model.

3.5 Proposed Deep Learning Architectures

The automated brain tumor diagnosis is carried out by using various advanced

deep learning models such as EfficientNet V2, Vision Transformer (ViT-B / 16)

and ResNet -50 to assess MRI images into various tumor categories. All the models

learn separately the discriminative features based on the prepared dataset. Be-

sides the individual model analysis, the EfficientNetV2, ViT-B/16 and ResNet-50

are used together in the ensemble approach to compare the results of single-model

evaluation to the outcomes of the ensemble. Standard classification metrics such

as accuracy, precision, recall and confusion matrix are used to assess model perfor-

mance to determine the best strategy of the multi-class brains tumor classification.

This comparative analysis helps to understand the behavior of the models fully

and to be able to choose an optimal diagnostic framework.

3.5.1 EfficientNetV2 Architecture

3.5.1.1 Background and Motivation

EfficientNet V2 is a more advanced convolutional neural network architecture that

is specifically designed to address training bottlenecks while maintaining parame-

ter efficiency and accuracy as compared to the previous EfficientNet models. Al-

though EfficientNetV1 performs well with smaller parameters, it may take a longer

time to train with heavy depthwise convolutions and large input resolutions. In

order to cope with these constraints, The architecture uses training-aware neural

architecture search (NAS) to optimalize the tradeoff between accuracy, parameter

efficiency, and training speed. In comparison to its predecessor, EfficientNetV2

includes Fused-MBConv blocks in addition to the traditional MBConv blocks,
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smaller kernel size with increased depth, and does not include the more compu-

tationally intense final stride-1 stage. In this research, EfficientNetV2 is selected

because EfficientNetV2 offers good trade-offs of model compactness, speed, and

representational power, being very appropriate in automated brain tumor classifi-

cation. Figure 3.5 depicts the schematic shape of the EfficientNetV2 model.

Figure 3.5: Efficientnetv2 Architecture

3.5.1.2 Compound Scaling Strategy

EfficientNetV2 makes use of a compound scaling approach, such that network

depth, width and input resolution are uniformly scaled with a single scaling co-

efficient ϕ. This does not scale inefficiently in a single dimension. The efficient

net compound scaling is represented by the equations below (3.1)–(3.3). The com-

pound coefficient ϕ is employed.:

d = αϕ (3.1)

w = βϕ (3.2)

r = γϕ (3.3)

where α ≥ 1, β ≥ 1, and γ ≥ 1.

where:

d represents network depth (number of layers), w represents network width (num-

ber of channels), r represents input image resolution, α, β, γ ≥ 1 are constants de-

termined through grid search and ϕ is a user-defined coefficient controlling model

size
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FLOPS (Floating Point Operations Per Second) measures the computational cost

of a CNN. When the network is scaled using Equations (3.1)–(3.3), depth increases

linearly, while width and resolution increase quadratically. Therefore, the total

FLOPS increases approximately as shown in equation 3.4:

FLOPS(α · β2 · γ2)ϕ (3.4)

Thus, the compound coefficient ϕ controls the additional computation required

when the network is scaled.

3.5.1.3 Building Blocks of EfficientNetV2

EfficientNetV2 has two convolutional blocks, MBConv and Fused-MBConv. MB-

Conv follows an inverted residual structure with depthwise separable convolutions

and squeeze-and-excitation (SE) modules, which results in parameter effecient for

deeper layers. Fused-MBConv replaces the expansion and depthwise convolution

with a single standard 3×3 convolution, which results in faster and more memory-

efficient and also training at the initial stages is faster where feature maps are

large. This hybrid architecture trades computational and accuracy across the net-

work. Table 3.2 represents the detailed architecture of the EfficientnetV2 used in

this research.

3.5.1.4 Activation Function

EfficientNetV2 uses an efficient activation function called Swish instead of ReLU.

The Swish activation function is defined as shown in Equation (3.5)

Swish(x) = x · σ(βx) (3.5)

where the sigmoid function is given in Equation (3.6):
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Table 3.2: EfficientnetV2 Architecture Layers

Stage Operator Stride Channels Layers Expansion

0 Conv 3×3 2 24 1 -

p 1 Fused-MBConv 1 24 2 1

2 Fused-MBConv 2 48 4 4

3 Fused-MBConv 2 64 4 4

4 MBConv + SE 2 128 6 4

5 MBConv + SE 1 160 9 6

6 MBConv + SE 2 256 15 6

7 Conv 1×1 + GAP + FC - 1280 1 -

σ(z) =
1

1 + e−z
(3.6)

In this equation, β is a trainable parameter that allows the network to control the

shape of the activation function.

Swish is non-monotonic and smooth, thus facilitating the gradients flow in back-

propagation effectively. This enhanced gradient flow also makes training deep

networks more stable and often leads to better performance compared to ReLU.

3.5.2 VIT-b16

Vision Transformer (ViT) is a neural network architecture that applies transformer

principles and self-attention techniques from language modeling to image analysis

applications. Unlike convolutional neural networks, which rely on local recep-

tive fields, ViT models global contextual relationships across an entire image by

processing it as a sequence of patches.

Figure 3.6 depicts the schematic shape of the VIT-b16 model. In this study, the

ViT-B/16 model is employed for multi-class brain tumor classification using MRI
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images. The main stages involved in the ViT-B/16 architecture are described as

follows:

Figure 3.6: VIT-b16 Architecture

i. Input Layer: The input MRI image I ∈ RH×W×3 isfirst adjusted to a fixed

resolution of 224 × 224 pixels. The resized image is then partitioned into

separate 16 × 16 image patch without overlap. The total number of patches

N is as shown in Equation (3.7) :

N =
H ×W

P 2
=

224× 224

162
= 196 (3.7)

Each patch captures local visual features of the image.
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ii. Patch Embedding Layer: Each patch is flattened and projected into a d-

dimensional embedding space (d=768) using a learnable projection matrix

E ∈ R(162·3)×d as shown in Equation (3.8):

z0i = xiE, i = 1, 2, . . . , N (3.8)

where xi is the i-th flattened patch.

iii. Class Token and Positional Embedding: A learnable class token xcls is con-

sidered to the patch embeddings. A learnable positional embedding is added

to retain spatial information which is represented in Equation (3.9) :

Z0 = [xcls; z
0
1 ; z

0
2 ; . . . ; z

0
N ] + Epos (3.9)

iv. Transformer Encoder Block: Each encoder layer processes the input sequence

through the following steps:

a. Layer Normalization (LN): Normalizes input features for stable train-

ing.

b. Multi-Head Self-Attention (MHSA): Captures global dependencies be-

tween all patches represented by (3.10)–(3.12) :

Q = ZWQ, K = ZWK , V = ZWV (3.10)

Attention(Q,K, V ) = softmax

(
QKT

√
dk

)
V (3.11)

MSA(Z) = Concat(H1, H2, . . . , Hh)WO (3.12)

c. Residual Connection: Adds the MHSA output to the original input of

the layer as shown in Equation (3.13):

Z ′
l = MSA(LN(Zl−1)) + Zl−1 (3.13)
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d. Feed-Forward Network (FFN): A two-layer MLP with GELU activation

applied to each token represented by Equation (3.14):

Zl = FFN(LN(Z ′
l)) + Z ′

l , l = 1, 2, . . . , L (3.14)

e. Stacking Layers: The encoder contains L = 12 identical layers, each

performing the above operations sequentially.

Figure 3.7: Transformer Encoder block
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v. Final Embedding and Classification: After the last encoder layer, the output

corresponding to the class token is extracted as the global representation as

shown in Equation (3.15):

v = Z
[CLS]
L ∈ Rd (3.15)

This vector is passed through a fully connected layer followed by a Softmax

function for multi-class tumor classification represented by Equation (3.16):

ŷ = Softmax(Wv + b) (3.16)

Figure 3.7 depicts the functionality of transformer encoder.

The ViT-B/16 model effectively models both local and global features, enabling

accurate multi-class MRI tumor classification.

3.5.3 ResNet-50

ResNet-50 is a deep convolutional neural network that is useful in addressing the

vanishing gradient problem in very deep models. It is a 50-layers network that is

based on residual learning in which a shortcut connection allows the network to

learn residual mappings, which leads to a more stable and more efficient training

process.

For an input feature map x, the residual block output is given by Equation (3.17):

y = F (x) + x (3.17)

ResNet-50 uses bottleneck residual blocks that are made up of 1×1 convolution

to reduce the dimensionality, 3x3 convolution to extract the spatial features, and

1x1 convolution to restore the original dimensionality. ReLU activation and Batch

Normalization are applied after every convolution.
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The network is structured into five sequential stages. The first stage applies a 7×7

convolution followed by max pooling to capture low-level features such as edges

and basic textures from the MRI input. The second and third stages introduce

bottleneck blocks that progressively learn basic spatial patterns and mid-level se-

mantic features respectively. The fourth stage increases network depth to extract

high-level discriminative features essential for differentiating tumor types. The

fifth and final stage produces rich semantic representations through deeper bottle-

neck blocks, whose output feature maps are then passed to Global Average Pooling

and a fully connected Softmax layer for final tumor classification. In this study,

ResNet-50 is adopted as the complete classification model for brain tumor diag-

nosis from MRI images, where the entire network is trained end-to-end to directly

map input MRI scans to their corresponding tumor categories.

Finally, Global Average Pooling is applied to the output feature maps, and a fully

connected layer with Softmax generates the final classification output.

ResNet-50 is especially effective on classification of brain tumors because it has

a hierarchical feature learning, stable gradient flow, and strong transfer learning

property.

3.5.4 Ensemble Learning

Ensemble learning is a technique in which predictions from two or more models

are combined together to achieve better performance than any individual model.

The primary concept of ensemble learning is that different models learn different

feature representations and make varying errors. These errors can be minimised

by pooling their predictions, which increases the accuracy and reliability of the

results.

To minimize overfitting, ensemble learning combines the predictions of multiple

independently trained models rather than relying on a single model. Since Effi-

cientNetV2, ViT-B/16, and ResNet-50 are trained separately, each model develops
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its own decision boundary and generalizes differently to the data. When their pre-

dictions are combined, the errors of individual models are averaged out, reducing

the overall variance and making the final prediction less sensitive to noise or over-

fitting present in any single model.

Weighted averaging assigns different importance values to individual models based

on their predictive effectiveness or validation performance. For positive-valued

data, extreme values and outliers, geometric mean averaging can be useful in

calculating the geometric mean of all model predictions.

In this research, EfficientNetV2, Vision Transformer (ViT-B/16), and ResNet-

50 are used for ensemble learning. All three models are trained individually on

the same MRI dataset. EfficientNetV2 captures local spatial patterns, Vision

Transformer (ViT-B/16) models global contextual relationships, and ResNet-50

provides deep hierarchical feature representations; combining all three allows the

ensemble to leverage complementary feature representations for more accurate

classification. During inference, the predictions from all three models are fused

using averaging to generate the final classification output.

3.5.4.1 Simple Average Ensembling

In simple average ensembling, the individual predictions from each base model

are summed up and divided by the total number of models to obtain the final

output(computing the arithmetic mean of outputs).

ȳ =
1

n

(
n∑

j=1

yj

)
= y1 + y2 + · · ·+ yn (3.18)

The average ensemble prediction is computed as shown in Equation (3.18), Where

ȳ is the arithmetic mean and n is the mean of n values. y1 + y2 + y2.........yn

This method is straightforward, effective when models have same degree of re-

liability and minimizes variance in predictions. Each model contributes equally
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to the final decision. For EfficientNetV2 and ViT-B/16, simple averaging allows

combining local and global features to improve classification sensitivity.

3.5.4.2 Weighted Average Ensembling

Weighted average ensembling is an expansion of simple averaging, which uses

different weights on each model according to its performance. In contrast to the

situation where all the models are treated equally, greater weighting is put on the

model that has a better validation accuracy. The weighted ensemble prediction is

computed as shown in Equation (3.19)–(3.20)

ȳ =

∑n
j=1wjyj∑n
j=1wj

(3.19)

which expands to:

ȳ =
w1y1 + w2y2 + · · ·+ wnyn

w1 + w2 + · · ·+ wn

(3.20)

EfficientNetV2 and ViT-B/16 predictions are combined using weights proportional

to their accuracy, giving more influence to the stronger model.

3.5.4.3 Geometric Average Ensembling

Geometric mean ensembling combines predictions of models by taking the geomet-

ric mean of the probability outputs. This approach, as opposed to arithmetic av-

eraging, puts an emphasis on consensus among the models and reduces the impact

of extreme probability values. After computing the geometric mean, the resulting

probability vector is normalized so that the sum of probabilities equals one. The

class with the highest normalized probability is selected as the final output. The

geometric ensemble prediction is computed as shown in Equation (3.21)

ȳ =
(
n
j=1yj

) 1
n = n

√
y1 · y2 · · · · · yn (3.21)
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In the proposed approach, the geometric mean is applied to the predictions of Ef-

ficientNetV2, Vision Transformer (ViT-B/16), and ResNet-50, and the resulting

outputs are normalized to obtain a valid probability distribution. This method

favors predictions where all models agree with high confidence, making the classi-

fication more conservative and accurate.



Chapter 4

Results and Discussion

The chapter presents a complete experimental analysis of deep learning systems

to classify brain tumors from MRI images. The study examines three state-of-the-

art neural network architectures namely ResNet50 (representing residual learning),

EfficientNetV2 (compound-scaled architecture), and Vision Transformer ViT-B16

(attention-based mechanism). The main goal is not only to get high classification

accuracy but also an insight into the generalization abilities, and clinical usefulness

of each architectural approach in the medical imaging domain.

The experimental design splits the dataset into a stratified dataset to provide a

comparison of models as fair and statistically reliable. Moreover, the study ex-

plores ensemble learning methods to establish whether there are synergistic ben-

efits to using a combination of predictions using multiple architectures compared

to the performance of individual models.

4.1 Experimental Setup and Implementation

This section provides a comprehensive description of the hardware configuration,

software environment and training setup employed in the experiments.

47
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4.1.1 Hardware Setup

All the experiments were carried out on Kaggle Notebook platform using NVIDIA

Tesla P100 (16 GB VRAM) GPU accelerator. Kaggle environment allows an

approximate of 13 GB of system RAM to be used in computation and memory

allocation. With a cloud-based GPU, it was guaranteed:

i. Consistent computational environment

ii. Fair comparison across models

iii. Reproducibility of experimental results

iv. Efficient training time for transfer learning models

4.1.2 Software Environment

The complete implementation was performed using the following software stack:

i. Python: 3.10

ii. TensorFlow: 2.x (Keras integrated)

iii. Keras API: Used for model construction and training

iv. NumPy: For numerical computations

v. Pandas: For dataset handling

vi. Scikit-learn: For evaluation metrics and confusion matrix

vii. Matplotlib & Seaborn: For visualization

viii. OpenCV: For image preprocessing

Transfer learning was applied by initializing models with ImageNet pre-trained

weights.
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4.1.3 Training Configuration

Following training parameters were used:

i. Batch Size: 64

ii. Number of Epochs: 20

iii. Optimizer: Adam

iv. Learning Rate: 0.001

v. Loss Function: Categorical Cross-Entropy

vi. Callbacks: Early Stopping

Early stopping was used to prevent overfitting by monitoring validation perfor-

mance during training.

4.2 Performance Metrics and Evaluation Frame-

work

ModelS Performance is measured by evaluation metrices such as Accuracy, Pre-

cision, Recall, F1-score, Confusion matrix and Top-3 accuracy. Simple accuracy

can mislead in medical contexts where class imbalance, varying clinical costs of er-

rors and confident predictions necessitate nuanced evaluation. All these measures

offer a comprehensive and holistic picture of the performance of the classification

models.

4.2.1 Accuracy

Accuracy shows the percentage of correctly classified samples as shown in Eq. (4.1).
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Accuracy =
TP + TN

TP + TN + FP + FN
(4.1)

It gives an overall performance measure but does not show how errors are dis-

tributed across classes.

4.2.2 Precision

Precision measures how many predicted positive cases are actually correct, as

expressed in Eq. (4.2)

Precision =
TP

TP + FP
(4.2)

High precision means fewer false alarms (false positives), which helps avoid unnec-

essary treatments or patient anxiety.

4.2.3 Recall

Recall measures how many actual positive cases are correctly identified as shown

in Eq. (4.3).

Recall =
TP

TP + FN
(4.3)

High recall ensures real tumor cases are not missed, which is very important in

medical screening.

4.2.4 F1-score

F1-score is the harmonic mean of precision and recall. it’s formula is represented

in Eq. (4.4).
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F1-Score =
2× Precision× Recall

Precision + Recall
(4.4)

It balances precision and recall and penalizes extreme values.

4.2.5 Confusion Matrix

A confusion matrix is a table that compares actual and predicted classes. It shows

the number of correct and incorrect predictions and helps identify where the model

makes mistakes.

4.2.6 Top-3 Accuracy

Top-3 accuracy measures whether the correct class appears in the top three pre-

dicted classes, as shown in Eq. (4.5).

Top-3 Accuracy =
Number of samples where true class is in top 3 predictions

Total number of samples
(4.5)

Top-3 accuracy is reported to determine whether the correct tumor type appears

among the model’s three highest-confidence predictions, providing a more practical

assessment of diagnostic performance.

4.3 Model Performance and Comparison

4.3.1 EfficientNetV2

As shown in Figure 4.1, EfficientNetV2 achieves high accuracy of 94.89%with

low loss, diagnosing approximately 1,302 out of 1,371 MRI cases indicating ef-

fective learning of multiclass brain tumor patterns. The model’s high accuracy
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demonstrate balanced handling of positives and negatives, ensuring tumor detec-

tion without excessive false alarms.

Figure 4.1: Loss and Accuracy Graphs of EfficientNetV2

The confusion matrix in Figure 4.2 represents the model correctly classifies the

majority of glioma and meningioma cases, with minor overlap between these two

categories. The no tumor class records the highest number of correct predictions,

confirming strong discrimination between healthy and pathological scans. Pitu-

itary tumors also show very high correct classification rates due to their distinct

structural patterns. Errors mainly occur between glioma and meningioma, reflect-

ing morphological similarity.

As shown in the Table 4.1, the model shows high level of performance in all cate-

gories of brain tumours. Glioma has a precision of 0.97, Recall of 0.95 consequently,

F1-score of 0.96, meaning that it detects accurately and with few false positives.

Meningioma is slightly lower, with a precision of 0.94, Recall of 0.85 and F1-score

of 0.89, indicating occasional misclassification. The no tumor category achieves

almost perfect scores (precision 0.99, recall 0.99, F1-score 0.99) proving effective

detection of healthy scans. In the case of pituitary tumors, the model can achieve

0.91 precision, 0.99 recall, and F1-score 0.95, which implies that it is able to detect
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Figure 4.2: Confusion metrics of EfficientNetV2

with great effectiveness because of the unique anatomical features of this type. On

the whole, the model has an accuracy of 0.95.

Table 4.1: Classification Results for EfficientNetV2

Class Precision Recall F1-Score Support
Glioma 0.97 0.95 0.96 324
Meningioma 0.94 0.85 0.89 308
No Tumor 0.99 0.99 0.99 365
Pituitary 0.91 0.99 0.95 374

4.3.2 VIT-b16

VIT-b16 was able to achieve an overall accuracy of 89.13% as shown in Figure 4.3.

The model showed a high capability of capturing global contextual information

in the MRI images, which is one of the major strengths of transformer-based

architectures. Nonetheless, it seems to have a rather limited performance with

a moderate-sized medical dataset as it showed reduced sensitivity to fine-grained

texture details and noticeable inter-class confusion. Overall, these results reflect
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a known limitation of Vision Transformers on moderate-sized datasets, where the

lack of local convolutional operations makes it harder to distinguish fine differences

between similar tumor types.

Figure 4.3: Loss and Graphs of VIT-b16

The confusion matrix as shown in Figure 4.4 indicates strong overall classification

performance with clear diagonal dominance. The glioma class shows 257 correct

predictions, with most errors toward meningioma (36 cases) and pituitary (14

cases). For meningioma, 227 samples are correctly classified, while misclassifica-

tions mainly occur as pituitary (44 cases) and no tumor (19 cases). The no tumor

class achieves the highest correctness with 373 accurate predictions and only 13

total errors, demonstrating excellent discrimination. Similarly, pituitary tumors

show 365 correct predictions with very few misclassifications. The primary confu-

sion is observed between glioma and meningioma, while no tumor and pituitary

classes maintain strong classification reliability.
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Figure 4.4: Confusion metrics of VIT-b16

Table 4.2 indicates that the glioma class obtains a precision of 0.93, recall of

0.83, and an F1-score of 0.88, showing that a noticeable portion of glioma cases

were misclassified. For meningioma, the precision is 0.83, recall 0.75, and F1-

score 0.79, reflecting comparatively higher inter-class confusion and lower detection

performance among the tumor categories. The no tumor class remains highly

reliable, achieving precision 0.95, recall 0.97, and F1-score 0.96, demonstrating

strong capability in distinguishing healthy brain scans. For pituitary tumors, the

model achieves precision 0.86, recall 0.98, and F1-score 0.91, indicating that most

pituitary cases are correctly detected, although some false positives are present.

Overall, the model attains an accuracy of 89% across all classes.

Table 4.2: Classification Report for VIT-b16

Class Precision Recall F1-Score Support
Glioma 0.93 0.83 0.88 308
Meningioma 0.83 0.75 0.79 303
No Tumor 0.95 0.97 0.96 386
Pituitary 0.86 0.98 0.91 374
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4.3.3 ResNet50

ResNet50 demonstrates strong and stable learning performance with about 93%

percent validation accuracy at the last epochs as shown in Figure 4.5. Both the

training and validation accuracy curves closely follow each other meaning that it

has good generalization and minimal overfitting.

Figure 4.5: Accuracy and Loss Graphs of Resnet-50

The loss curves demonstrate a continuous decrease in both training and validation

loss which eventually stabilizes at a low value. The minimal difference between

training and validation loss also serves as effective indication that the model is

converging without any major variance.

Although its accuracy is slightly lower than EfficientNetV2, ResNet50 exhibits

consistent convergence behavior and reliable performance, making it a compu-

tationally efficient and clinically dependable model for multiclass brain tumor

classification.

4.3.4 Accuracy Comparison of Individual Models

Table 4.3: Accuracy comparison of evaluated deep learning models

Metric EfficientNetV2 ViT-B16 ResNet
Accuracy 0.9489 0.8913 0.9340

As shown in Table 4.3, EfficientNetV2 achieved the highest accuracy (94.89%),

followed by ResNet (93.40%) and ViT-B16 (89.13%). EfficientNetV2 achieved the

highest test accuracy of 94.89%, correctly diagnosing approximately 1,302 out of

1,371 MRI cases. Compared to ResNet50, this represents a +1.75% improvement,
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equivalent to 24 additional correct diagnoses. Compared to ViT-B16, the improve-

ment rises to +5.76%, corresponding to 79 more correctly identified patients. Al-

though 1–2% differences may appear small numerically, in medical diagnosis these

gains significantly reduce misdiagnosis risk, ensuring reliable tumor detection.

4.3.5 Ensemble Performance Results

4.3.6 Simple Averaging

The confusion matrix shown in Figure 4.6 demonstrates strong classification per-

formance with clear diagonal dominance, indicating that the majority of samples

are correctly classified. The glioma class records 285 correct predictions, with lim-

ited misclassification primarily toward meningioma (19 cases). For meningioma,

262 samples are correctly classified, with some confusion observed toward pituitary

(28 cases). The no tumor class achieves the highest level of correctness, with 385

accurately classified samples and only one misclassification, demonstrating excel-

lent discrimination between healthy and pathological scans. Similarly, pituitary

tumors show 371 correct predictions, reflecting reliable detection performance.

An average ensemble improves the performance to 0.9504 as compared to Effi-

cientnetV2 and ViT-b16 with accuracies of 0.9489 and 89.13 respectively, demon-

strating that averaging provides better results than individual models.

Table 4.4 indicates that the glioma class obtains a precision of 0.98, recall of 0.93,

and an F1-score of 0.95, demonstrating strong tumor detection capability. For

meningioma, precision is 0.92, recall 0.86, and F1-score 0.89, reflecting balanced

classification performance with slight overlap among tumor categories.

The no tumor class achieves precision 0.98, recall 1.00, and F1-score 0.99, indicat-

ing perfect sensitivity for healthy scans. For pituitary tumors, the model attains

precision 0.92, recall 0.99, and F1-score 0.95, confirming reliable tumor identifica-

tion across the dataset.
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Figure 4.6: Confusion Metrics of Average Ensembling

Table 4.4: Classification Report for Simple Averaging Ensemble

Class Precision Recall F1-Score Support
Glioma 0.98 0.93 0.95 308
Meningioma 0.92 0.86 0.89 303
No Tumor 0.98 1.00 0.99 386
Pituitary 0.92 0.99 0.95 374

4.3.7 Weighted Averaging Ensemble

The confusion matrix shown in Figure 4.7 demonstrates strong diagonal domi-

nance. The glioma class records 286 correct predictions, with 21 misclassified as

meningioma. The meningioma class shows 269 correct predictions, with some con-

fusion toward pituitary (25 cases). The no tumor class achieves 384 correct clas-

sifications with only two minor misclassifications, while pituitary tumors record

372 correct predictions with only 2 misclassifications. This confirms the strong

discriminative ability of the weighted ensemble approach.

Table 4.5 shows that the glioma class achieves a precision of 0.99, recall of 0.93, and

an F1-score of 0.96, indicating highly accurate tumor identification with minimal
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Figure 4.7: Confusion Metrics of Weighted Average Ensembling

false positives. For meningioma, the model attains precision 0.92, recall 0.89, and

F1-score 0.90, reflecting improved balance between sensitivity and specificity com-

pared to individual models. The no tumor class maintains excellent performance

with precision 0.98, recall 0.99, and F1-score 0.99, demonstrating strong reliability

in distinguishing healthy scans. Similarly, pituitary tumors achieve precision 0.93,

recall 0.99, and F1-score 0.96, confirming robust detection capability.

Overall, weighted averaging provides consistently high precision and recall across

all classes, leading to improved overall classification stability.

Table 4.5: Classification Report for Weighted Averaging Ensemble

Class Precision Recall F1-Score Support
Glioma 0.99 0.93 0.96 308
Meningioma 0.92 0.89 0.90 303
No Tumor 0.98 0.99 0.99 386
Pituitary 0.93 0.99 0.96 374
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4.3.8 Geometric Mean Ensembling

The confusion matrix in Figure 4.8 shows strong diagonal concentration, with

286 correct predictions for glioma, 269 for meningioma, 384 for no tumor, and

372 for pituitary. Misclassifications remain minimal, primarily between glioma

and meningioma. Overall, geometric mean ensembling maintains high class-wise

performance and stable generalization across tumor categories.

Figure 4.8: Confusion Metrics of Geometric Mean Average Ensembling

Table 4.6 indicates that the glioma class obtains a precision of 0.99, recall of 0.93,

and an F1-score of 0.95, demonstrating strong detection performance. For menin-

gioma, precision is 0.91, recall 0.87, and F1-score 0.89, showing balanced classifi-

cation with moderate inter-class confusion. The no tumor class achieves precision

0.98, recall 1.00, and F1-score 0.99, reflecting perfect sensitivity for healthy scans.

For pituitary tumors, the model attains precision 0.93, recall 0.99, and F1-score

0.96, confirming reliable tumor identification.
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Table 4.6: Classification Report for Geometric Mean Ensemble

Class Precision Recall F1-Score Support
Glioma 0.99 0.93 0.95 308
Meningioma 0.91 0.87 0.89 303
No Tumor 0.98 1.00 0.99 386
Pituitary 0.93 0.99 0.96 374

4.3.9 Performance Comparison

All ensemble approaches performed better than EfficientNetV2, which was the

best individual model. Weighted Average Ensemble achieved the highest perfor-

mance with best accuracy of 95.62% ( +0.73% over EfficientNetV2) and the top-3

accuracy of 100% as shown in Figure 4.9 and Table 4.7. This is equivalent to 16

more correct predictions on 1,371 samples reducing errors by 20

Figure 4.9: Performance Metrics bar chart

Average Ensemble achieved an accuracy of 95.04% which is a bit lower than that
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of Weighted Ensemble and demonstrates that adding greater weight to Efficient-

NetV2’s reliable predictions enhances accuracy and improves performance. Geo-

metric Mean Ensemble achieved 95.11%, indicating that its consensus-based ap-

proach provides modest gains.

Table 4.7: Performance metrics of evaluated models on the dataset

Model Accuracy Top-3 Accuracy Precision Recall F1 Score

EfficientNetV2 0.9489 1.0000 0.9487 0.9489 0.9485

Resnet-50 0.9989 0.9340 0.9320 0.9335 0.9340

ViT-B16 0.8913 0.9971 0.8919 0.8913 0.8895

Average Ensemble 0.9504 0.9993 0.9509 0.9504 0.9499

Weighted Average Ensemble 0.9562 1.0000 0.9566 0.9562 0.9559

Geometric Mean Ensemble 0.9511 1.0000 0.9516 0.9511 0.9507

The observation of ensemble success confirms the hypothesis that architectural

diversity creates complementary error patterns.

EfficientNetV2 focus on local texture and boundary details, whereas ViT-B16’s

self-attention captures global context and long-range dependencies. Their combi-

nation corrects the errors effectively.

4.3.9.1 Comparison with ResNet-50

ResNet-50, considered individually, achieved 93.40% accuracy, which is almost as

effective as EfficientNetV2 but slightly lower. ResNet50, while achieving strong

performance, was surpassed by EfficientNetV2 despite having 4× more parame-

ters (23.6M vs 5.9M). This indicates that the systematic scale of the compound

in EfficientNetV2 is architecturally sophisticated and therefore exceeds the area

of the number of parameters in transfer learning situations with small training

data. As compared with other models and averaging techniques, Ensembles still

outperform ResNet-50, confirming that leveraging multiple architectures provides

better overall performance.
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4.4 Findings and Discussion

This research demonstrates that current deep learning models are capable of at-

taining clinically significant accuracy in multi brain tumor classification of MRI

images. EfficientNetV2 emerged as the optimal individual model (94.89% accu-

racy) due to its compound scaling strategy balancing depth, width, and resolution

for efficiency. The high generalization of the architecture and parameter efficiency

parameters (5.9M total and 655K trainable) makes it particularly suitable an ef-

fective resource device with regard to clinical implementation.

The finding provides empirical evidence that inductive biases inherent to CNNs

(locality, translation equivariance) provide critical advantages for learning from

limited medical imaging data.

Ensemble learning demonstrated significant performance gains, where theWeighted

Ensemble achieved an accuracy of 95.62%, representing a 0.73% improvement over

the best individual model EfficientNetV2. This corresponds to 16 additional cor-

rect diagnoses and a 20% reduction in classification errors, confirming that combin-

ing architecturally diverse models leads to more reliable and balanced predictions

across all tumor classes.



Chapter 5

Limitations and Constraints

Although this study has shown encouraging findings, it has some significant lim-

itations that cannot be ignored as a way of putting findings into perspective and

offer future direction:

i. Small Dataset: 7,023 images is insufficient by deep learning standards espe-

cially that Vision Transformers are most effective and shows optimal perfor-

mance with 10-100M images. Larger datasets would enable more efficient

model training and validation.

ii. Single Dataset Source: The data was obtained from a single Kaggle dataset.

Models trained on a single dataset may not generalize well across differ-

ent institutions due to variations in scanner models, imaging protocols, and

patient demographics. Pre-clinical validation on external

iii. Non-Clinical Context Integration: Models are trained on images without

patient history, symptoms, age, or with any other clinical feature that radi-

ologists normally use to analyze images.Integrating clinical context through

multi-modal models could improve diagnostic accuracy and clinical utility.
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Chapter 6

Conclusion and Future Work

6.1 Conclusion

In this study, a deep learning framework was developed for multiclass brain tumor

classification, evaluating several state-of-the-art models including EfficientNetV2,

Vit-B16 and ResNet-50. While individual models achieved high performance, the

performance of the ensemble methods was always better as compared to the sin-

gle model approaches. The Weighted Ensemble achieved the highest accuracy of

95.62%, an improvement of 0.73% over EfficientNetV2, with a 100% top-3 accu-

racy, resulting in 16 additional correct predictions out of 1,371 samples and a 20%

reduction in the overall error rate.

It is possible to explain the higher performance of the ensemble methods by the fact

that such method utilizes the complementary features trained by different models

and eliminates the individual model biases and captures various patterns in the

data. These indings demonstrate that the combination of various models offers

more valid and precise evaluation of multiple classes of brain tumors, supporting

its potential utility in aiding clinical decision-making.

Despite acknowledged limitations such as dataset size, 2D only analysis, this work

establishes a solid foundation for AI-assisted neuroradiology. This study provides

clear pathways for improvement, positions automated brain tumor classification as

65
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a near-term with its capability to decrease the time spent in diagnosing patients,

decrease workloads on radiologists, and enhance patient outcomes due to prompt

and more consistent diagnostic results.

6.2 Future Work

Future work for multiclass tumor detection can focus on enhancing model in-

terpretability and generalization. One promising approach is explainability via

Grad-CAM, that can visualize the parts of the MRI images that have the most

significant impact on model predictions. This assists clinicians to believe and be

convinced of the decisions of the model but also identify the possible spurious

correlations.

Additionally, external validation on publicly available data such as the BraTS

challenge or TCIA collections can be used to determine the effectiveness of the

model to a wider range of institutions, scanner, and patient groups, making it

more broadly applicable at the clinical level.

Another avenue is federated learning for privacy-preserving multi-center collabo-

ration, allowing hospitals to train models collaboratively without sharing patient

data. Local model updates are aggregated centrally, effectively increasing the

training dataset size while maintaining privacy. Moreover, one can consider the

exploration of ZU-Net segmentation that would facilitate high-quality tumor de-

lineation, leveraging advanced U-Net architectures for precise multi-class tumor

segmentation in complex MRI scans. These guidelines are designed to improve

performance and clinical confidence on automated systems of tumor detection.
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