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Abstract

One of the most serious problems that exist today in the field of neurology is brain

tumors, with early and correct diagnosis being essential for effective treatment and

survival of patients. Manual analysis of Magnetic Resonance Imaging scans take much

time, depends on the experience of an individual who analyses it, and requires special

radiology skills, which becomes more challenging. This research work addresses these

challenges through two interconnected contributions under the broader perspective

of deep learning based automated brain tumor detection.A detailed and exhaustive

literature review about automated brain tumor detection techniques developed during

the period from 2020 to 2026 is presented in one contribution. It involves classical

Machine Learning models, deep CNN architectures, transfer learning models, object

detectors like YOLOv5v, Vision transformers and hybrid models. These frameworks

are carefully studied and critically compared to their design, popular datasets such as

BraTS, Figshare, Kaggle Brain MRI dataset and evaluation criteria. Systematically

identified limitations include computational efficiency, class imbalance, explainability

of the model, lack of annotated data and differences between clinical and benchmark

data. Another contribution describes the development of the VGG16 transfer learning

architecture for four-class brain tumor classification involving glioma, meningioma,

pituitary and no tumor class using a publicly available database of 7,023 brain MRI

images.The model presented in this paper uses data augmentation techniques and a

custom classifier head to achieve 96% test accuracy with weighted average precision,

recall, F1-score of 0.96. This research offers not only a resourceful summary but also a

solid baseline approach towards AI-based brain tumor diagnosis.
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Chapter 1

INTRODUCTION

1.1 Overview

The human brain is one of the most complex and important organs in the human body

that controls all the physiological functions, thinking and emotional processes. A brain

tumor is one of the most severe and life threatening neurological diseases that medicine

knows, resulting from any abnormal and uncontrolled growth of cells in the brain. Brain

tumors may be classified as benign or malignant and their aggressiveness depends on

the type, size, location and growth rate. When left untreated or treated incorrectly,

brain tumors can cause major damage to the nervous system and significantly affect the

patient’s survival rate. Medical statistics showed that early and accurate detection is

directly related to the effectiveness of treatment and the survival rate for patients with

brain tumors.

In the clinical diagnosis of brain tumors, magnetic resonance imaging has become

the standard imaging technique that does not involve radiation exposure. MRI, in

contrast to Computed Tomography scans, does not use ionizing radiation to expose

the patient and provides much better soft tissue contrast, allowing physicians to detect

subtle anatomic abnormalities within structures of the brain. Some of the sequences

that can be utilized include T1 weighted sequence, T2 weighted sequence, and FLAIR

sequence, all of which highlight various properties of the tissues and hence suitable

in the identification of certain tumors. However, even with its advantages, the MRI

procedure is still very laborious in the manual data interpretation phase which requires

great expertise from the radiologist.Manual Interpretation of images is a great challenge
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especially in large clinics where many images are captured every single day [12].

The development of AI and ML techniques has presented great opportunities for the

automatic processing of medical images. In the past decade, deep learning techniques

have garnered tremendous attention from researchers for designing automated systems

with high accuracy in detecting and categorizing brain tumors.However, in recent years,

deep learning techniques have received a great deal of attention, especially Convolu-

tional Neural Networks for the design of automated systems with high accuracy in

detecting and categorizing brain tumors [7, 1]. In contrast to previous machine learning

methods, these models can automatically learn these hierarchical representations from

the raw image data without feature engineering. This has resulted in a very promising

area of study that involves artificial intelligence in analyzing medical images, which is

likely to play an important role in improving brain tumor detection.

This thesis contains two related developments to the area of automated detection of

brain tumors from MRI images. One contribution is a systematic overview of the current

state of the art, a comparison of classical machine learning methods, CNN-based deep

learning models, transfer learning approaches, object detection frameworks, Vision

Transformers and hybrid methods with regard to their methodologies, datasets, and

performance metrics [35, 25]. Another is an experimental study of a four-class brain

tumor classification framework, which is based on transfer learning and fine-tuned

on a publicly available MRI dataset, with the VGG16 architecture. In total, the two

contributions not only provide a general overview of the area, but they also provide a

concrete and useful example of an efficient automated brain tumor detection framework

[4].

1.2 Brain Tumors and Clinical Significance

Brain tumors are among the most important diseases affecting the brain. These are

caused by abnormal growth of cells in the brain or surrounding tissue and can have an

impact on the health and lives of patients. Brain tumors can be divided into primary

tumors (those that develop inside the brain) and secondary (or metastatic) tumors

(tumors that develop in other parts of the body and travel to the brain). The most
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important primary brain tumors are gliomas, meningiomas, and pituitary tumors [33,

32, 37], all of which are very different in their origin, clinical behavior, prognosis, and

treatment strategy.

Gliomas are tumors that develop from supportive cells of the brain, called glial cells.

They are the most prevalent form of primary malignant brain tumour and are divided

into grades, with low grades (slow-growing) and high grades (aggressive) including

Glioblastoma Multiforme (GBM). The prognosis for high grade gliomas is very poor

and median survival is often only a few months, even with treatment [7, 39]. On the

contrary, meningiomas develop in the protective membranes that cover the brain and

spinal cord, called the meninges. Most meningiomas are non-cancerous and do not

grow quickly, but because they are found so close to the brain, they can compress

neighbouring brain tissue, resulting in neurological damage.Pituitary tumors are the

types of tumor growths that occur in the pituitary gland found in the base of the brain.

Pituitary tumors disrupt hormone regulation throughout the body. Pituitary tumors are

generally benign tumors but they can have a devastating effect on the body’s endocrine

system.

Accurate diagnosis and classification of brain tumors plays an important role in

determining the method of treatment, such as surgical intervention, radiotherapy and

chemotherapy among others. This will greatly determine the patient’s fate. This clinical

need highlights the importance of having reliable, automated detection systems to

support radiologists and clinicians to make timely and accurate diagnosis [38, 36].

1.3 Role of MRI in Brain Tumor Diagnosis

MRI is considered to be the most useful non-invasive imaging method for imaging

brain structure and identifying pathological changes. The technique of MRI is based

on the magnetic properties of the hydrogen atoms in water molecules within the body,

which are subjected to strong magnetic field and radio frequency pulses that produce

images of the body’s internal structures in cross sections[1]. It is very useful in dis-

tinguishing brain tumors from surrounding normal tissue because of its capacity to

produce high-resolution images with excellent soft-tissue contrast. There is comple-
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mentary information to be gained from different ways in which the MRI is acquired.

T1-weighted images give excellent anatomical information and are frequently used in

conjunction with contrast agents to identify regions of blood-brain barrier disruption

that are typical of malignant tumors [24, 30]. T2-weighted imaging is sensitive to fluid

content and is helpful for assessing the surrounding fluid in tumors. FLAIR sequences

are the sequences that suppress the signal of cerebrospinal fluid, thereby enhancing the

visibility of lesions near fluid-filled spaces. The multi-modal character of MRI imaging

therefore enables a detailed characterization of the tumor, but also poses a challenge

for the interpretation process, as MRI radiologists have to integrate information from

various image modalities.

Although manual MRI image analysis is advantageous for diagnosis, it is a signifi-

cant challenge in clinical practice. Manual analysis is cognitively demanding because of

the vast number of images captured in modern hospitals and the fact that brain tumors

manifest in different ways from patient to patient and imaging protocol to imaging

protocol. These restraints have sparked an urgent demand for computer-aided diagnosis

systems that are able to automatically, consistently, and accurately analyze MRI images

at the level of a human expert or better [15, 28].

1.4 Need for Automated Detection Systems

Several key challenges from the current clinical diagnostic landscape drive the develop-

ment of automated brain tumor detection systems: Several important challenges exist

within the current state of clinical diagnosis that motivate the development of automated

brain tumor detection systems: Manual interpretation of MRI is observer dependent

and the quality and accuracy of diagnosis may vary significantly from one radiologist to

another depending on their experience, fatigue, and familiarity with different presenta-

tions of tumors. This variation may result in confusing diagnosis and sometimes even

misdiagnosis and dire clinical implications [17, 23].

Second, with MRIs becoming more widely available and used around the world, the

amount of medical imaging data has grown exponentially, far outpacing the ability of

human experts to process it in a timely manner. The diagnostic bottleneck is further
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compounded by the lack of skilled radiologists, especially in low- and middle-income

countries. Automated systems can be used to analyze the vast number of imaging data

in a timely and consistent manner, without getting tired, and can be helpful for triaging

patients and prioritizing cases for expert review [11, 18].

Third, there is a high correlation between early diagnosis of brain tumors and

favorable outcomes. By being able to develop algorithms that are capable of detecting

subtle features in tumors in their early stages, which might not necessarily be easy to

detect manually, this would make a considerable impact on the outcome of the patients.

AI tools for diagnostics are capable of transforming the healthcare industry in numerous

ways [6, 31].

All these aspects have driven a lot of studies regarding machine learning and deep

learning algorithms for automated diagnosis and classification of brain tumors from

MRI scans. In the last decade, tremendous progress has been achieved in this domain

and now models can achieve accuracy levels comparable to that of trained radiologists

using standard data sets [39, 21]. One objective of this research work is attempted

through the analysis of previous literature while the other one is attempted through

building a new system of classification.

1.5 Problem Statement

Despite considerable achievements in implementing AI methods for the analysis of

medical images, there are still some challenges that need to be overcome in order to

develop an effective solution for automated detection of brain tumors. Some of these

difficulties are considered below as part of the current thesis:

Manual MRI analysis of the images for detecting brain tumors is a very time-

consuming task, highly susceptible to errors due to humans and requiring much ex-

perience from specialists. Automated solutions, even though being efficient in their

operations, have been tested independently without taking into account other models

and conditions.

Furthermore, the majority of deep learning based classification models that classify

brain tumor suffers from the lack of training data that is both small and in some cases
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unbalanced also [2, 3]. Visual ambiguity among various tumor types when represented

in MRI images presents another challenge, as not all models are able to properly classify

them, especially those characterized by minor differences, such as glioma. Lastly, there

is a dearth of interpretable models that, while providing an accurate classification, can

offer an intelligible rationale for the classification itself.

These issues are being tackled in this thesis via: (1) conducting an all-encompassing

and thorough analysis of existing approaches of automated brain tumor detection using

MRIs by looking at their methodologies, datasets used, and performance measures in

order to see what is currently known and what are their limitations; and (2) presenting

a transfer learning based classification system based on the VGG16 neural network

model that performs accurately when classifying four classes of brain tumors.

1.6 Research Objectives and Contributions

The main objectives of this thesis are as follows:

• Objective 1: The aim is to perform a review of some recent developments re-

lated to the detection of tumors in brains through MRI images using automated

approaches including classical machine learning techniques, CNN based deep

learning techniques, transfer learning techniques, object detection techniques,

Vision Transformer technique, and also hybrid methods. The objective is to

make an effective comparison between different methods in use by discussing

various methodologies involved in each method, datasets utilized for testing, and

performances achieved.

• Objective 2: The objective of designing, implementing, and evaluating a transfer

learning-based brain tumor classification model utilizing the VGG16 architecture

of deep learning. The system aims to solve the multi-class problem consisting of

classifying between glioma, meningioma, pituitary tumor, and no tumor, based on

a public dataset of MRI images through the assessment of various performance

parameters such as accuracy, precision, recall, and F1-score.
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1.7 Thesis Organization

The rest of this thesis is arranged as follows:

In Chapter 2 we present a detailed review of earlier research carried out in the

field of automatic segmentation of brain tumors using MRI scans. Traditional

ML methods, CNN-based deep learning approaches, transfer learning algorithms,

object detection models, Vision Transformers, as well as hybrid models have been

considered in this chapter, which ends with conclusions and identified research

gaps.

Chapter 3 details the methodology used in the proposed VGG16-based brain

tumor classification technique, considering data preparation, pre-processing,

model architecture, training, and evaluation.

Chapter 4 includes the results of experiments conducted, such as training perfor-

mance graphs, quantitative evaluation results, class-based classification reports,

confusion matrix analysis, as well as qualitative predictions of the model.

Chapter 5 concludes the thesis paper by providing key findings of the work along

with future directions for research.
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Chapter 2

LITERATURE REVIEW

2.1 Theoretical Background

2.1.1 Brain Tumor Detection in Medical Imaging

Brain Tumor Detection is a very vital issue in the medical image processing because,

the right detection of the abnormal brain tissues is a direct indication of whether the

patients will survive or not as well as how they will be treated. Medical imaging data is

difficult to detect tumors because tumor shape, size and location and intensity patterns

vary among different patients. Also, the tumors may mimic the normal brain structures,

and thus, manual examination is a bother. These issues are attempted to be resolved by

the automated methods of detecting brain tumors that rely on the computational models

that can capture the complex patterns of medical images and provide clinicians with a

clearer and more assertive judgment in their diagnosis [33, 37, 17].

2.1.2 Magnetic Resonance Imaging (MRI)

The Magnetic Resonance Imaging (MRI) is one of the most commonly utilized medical

imaging techniques in the diagnosis of brain tumours. It employs the magnetic fields

and radio frequency waves of high strength to produce detailed images of the brain

structures [12, 1]. MRI has a better soft-tissue contrast in comparison to Computed

Tomography, which makes it possible to detect brain tissue abnormalities in the patient.

Nevertheless, it may be difficult to manually examine MRI images that are complicated

by brain structures and huge amount of medical imaging data which has given rise to
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automated tumor detection systems.

2.1.3 Machine Learning in Medical Image Analysis

ML is a subfield of AI that allows computer systems to learn trends based on data

and provide predictions without being instructed to do so. ML methods have been

applied in medical image analysis to analyze imaging data and identify patterns which

are linked to diseases. Conventional machine learning methods usually consist of a

number of steps such as image preprocessing, feature extraction and feature selection as

well as classification. The extraction of features during the feature extraction stage is a

production of significant properties in the form of MRI images as a result of the texture,

shape, and intensity patterns. Classification algorithms are then applied to these features

to classify normal and abnormal brain tissues. The support vector machines, random

forest, and clustering-based methods are some of the machine learning algorithms that

have been studied to perform tumor classification tasks [8, 27].Despite the encouraging

outcomes of these approaches, they tend to use handcrafted characteristics and take a

long time to preprocess prior to classification.

2.1.4 Deep Learning for Brain Tumor Detection

Deep learning is a more sophisticated branch of ML that is based on neural networks

with multiple layers, which learns complex representations of data automatically. Deep

learning-based methods have advanced the effectiveness of medical image analysis

systems in the past years dramatically. CNNs are also successful in image related tasks

since it is able to automatically extract spatial functionality in raw images. CNN-based

architectures have been successfully utilized in detecting and classifying brain tumors

with MRI images and they have shown great accuracy in differentiating tumorous tissues

and healthy brain tissues [5, 12]. Besides the traditional CNN models, researches have

also studied the use of transfer learning to enhance the performance of the models in

case big medical data is unavailable [40, 22]. Moreover, the recent works have also

mentioned transformer-based architecture and hybrid models in order to capture global

contextual information in the medical images and improve the performance of the
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tumor detectors [13]. In general, the methods of AI, in particular, deep learning models,

have demonstrated great possibilities to enhance automated brain tumor detectors.

Nevertheless, there are still a number of issues, such as the insufficiency of annotated

medical data, inconsistency of tumor appearance, and the necessity of interpretable AI

models in healthcare practice. All these factors leads to conducting more research in

order to create efficient and reliable brain tumors detection systems.

2.2 Existing Techniques and Comparative Analysis

Literature was reviewed to find relevant studies conducted from 2020 to 2026 with the

use of keywords like brain tumor detection, MRI, deep learning, CNN and transformers.

The databases searched include IEEE Xplore, Google Scholar among others. Redundant

and less relevant papers were removed and recent studies on automated brain tumor

detection using MRI were shortlisted for comparison.

2.2.1 Overview of Brain Tumor Detection Techniques

It has suggested a number of methods of detecting brain tumors with MRI images

automatically. Initial methods largely used manual techniques of ML in which features

of MRI images were manually calculated and classifiers like SVM and Random Forest

were used to classify them [8, 27]. As artificial intelligence has improved, deep learning-

based models, specifically the CNNs, have become popular in the medical image

analysis because of the capability to automatically learn complex features of an image[5,

12]. More recently, more sophisticated methods like object detection networks and

transformer-based models have also been investigated to enhance further the results

of tumor detection performance [16, 13, 36]. The summaries and comparisons of the

available literature are presented in the following tables by the methodology and data

they address as well as the results they report.



11

2.2.2 Theoretical Comparative Study

Table 2.1: Comparative Analysis of Existing Brain Tumor Detection Techniques

No. of Ref. Paper Title (Year) Purpose / Results Limitations
[8] Innovative Machine

Learning Techniques
for Brain Tumor Classi-
fication in MRI Using
Hybrid Approach

The study proposes a hybrid
machine learning approach for
classifying brain tumors from
MRI images and improves
classification accuracy.

Performance depends
on effective feature
extraction and labeled
MRI datasets.

[5] Inception V3 Infused
Neural Network for
Brain Tumor Detection

A deep learning model based
on the InceptionV3 archi-
tecture automatically detects
brain tumors in MRI images
with high accuracy.

Requires large training
datasets and high com-
putational resources.

[10] Hybrid Model for Brain
Tumor Detection, Clas-
sification and Segmenta-
tion

Combines multiple techniques
for tumor localization and seg-
mentation to enhance diagnos-
tic accuracy.

Increased computa-
tional complexity and
longer training time.

[16] Utilizing YOLOv5x for
the Detection and Classi-
fication of Brain Tumors

Uses YOLOv5x object detec-
tion to identify tumor regions
in MRI images.

Requires powerful hard-
ware and large anno-
tated datasets.

[20] CNN-Based Multiscale
Feature Extraction with
MobileNetV2

Integrates multiscale CNN fea-
tures with MobileNetV2 to im-
prove tumor classification per-
formance.

Model complexity in-
creases due to hybrid ar-
chitecture.

[1] Deep Transfer Learn-
ing Networks for Brain
Tumor Detection Using
MR Images

Evaluates different transfer
learning models and shows im-
proved tumor classification us-
ing pretrained networks.

Performance depends
on similarity between
pretrained and medical
datasets.

[27] Brain Cancer Detection
Using CNN and Ran-
dom Forest

Combines CNN feature extrac-
tion with Random Forest clas-
sification to improve detection
accuracy.

Hybrid pipeline
increases training
complexity.

[35] ViRCNN: Fusion of Vi-
sion Transformers and
Faster R-CNN

Hybrid architecture combin-
ing Vision Transformers and
Faster R-CNN improves tumor
detection accuracy.

High computational re-
quirements and com-
plex architecture.

[25] MRI-Based Brain Tu-
mor Detection Using Vi-
sion Transformers

Vision Transformer with trans-
fer learning improves classi-
fication performance on MRI
datasets.

Requires large datasets
and significant compu-
tational power.

[4] Evaluating CNNs and
Vision Transformers for
Brain Tumor Detection

Compares CNN and Vision
Transformer models showing
CNN is computationally more
efficient.

Transformer models re-
quire higher computa-
tion and longer training
time.
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2.2.3 Dataset Comparative Study

Table 2.2: Dataset Comparative Study

Ref Dataset
Name

Description No. of
Images

Imaging
Type

Usage in Study

[8, 27] Kaggle
Brain
MRI
Dataset

Public dataset contain-
ing labeled MRI im-
ages for brain tumor
classification.

∼3000
images

MRI Used for training ma-
chine learning and hy-
brid CNN models for
tumor classification.

[5, 20, 25] Figshare
Brain
Tumor
Dataset

Public dataset contain-
ing three tumor classes:
glioma, meningioma,
and pituitary.

3064 im-
ages

MRI Used for CNN-based
and transformer-based
tumor classification
studies.

[10, 1, 14, 35] BraTS
(Brain
Tumor
Segmen-
tation
Chal-
lenge)

Widely used bench-
mark dataset for brain
tumor detection and
segmentation research.

2000+
MRI
scans

MRI Used for deep learn-
ing, transfer learning,
and transformer-based
tumor detection mod-
els.

[16] Custom
MRI
Dataset

MRI images collected
from medical institu-
tions or research cen-
ters.

∼1200
images

MRI Used for training ob-
ject detection models
for tumor localization.

2.2.4 Performance Metrics Comparison

Table 2.3: Performance Comparison of Brain Tumor Detection Techniques

Ref Brain Tumor Detection

Techniques

Accuracy

(%)

Precision

(%)

Recall

(%)

F1-score

(%)

[8] Hybrid Machine Learn-

ing model for MRI tumor

classification

96.2 95.8 94.9 95.3

[5] InceptionV3 Convolu-

tional Neural Network

(CNN)

98.3 97.6 97.1 97.3
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Ref Brain Tumor Detection

Techniques

Accuracy

(%)

Precision

(%)

Recall

(%)

F1-score

(%)

[12] Deep Learning CNN clas-

sification model

97.1 96.5 95.8 96.1

[16] YOLOv5x object detec-

tion for tumor localiza-

tion

97.9 96.7 96.1 96.4

[20] CNN with multiscale fea-

ture extraction + Mo-

bileNetV2

98.1 97.3 96.9 97.1

[1] Transfer learning using

pretrained deep networks

98.0 96.9 96.7 96.8

[27] CNN feature extraction +

Random Forest classifier

97.6 96.9 96.3 96.6

[14] Deep Neural Network ar-

chitecture comparison

97.3 96.4 96.1 96.2

[35] Vision Transformer +

Faster R-CNN hybrid de-

tection

98.2 97.5 97.0 97.2

[25] Vision Transformer with

transfer learning

98.1 97.1 97.0 97.0

[4] CNN vs Vision Trans-

former comparative

model

98.3 97.2 97.1 97.1

2.2.5 Synthesis and Discussion

In order to find the most topical techniques to be employed in automated brain tumor

detection, we compared and contrasted current research works, depending on algorithms

of detection, datasets, and performance characteristics. The analyzed articles prove that

AI methods have contributed greatly to the accuracy and efficiency of tumor detection
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devices with MRI images. Deep learning methods are the most popular methods of

detecting brain tumors in the existing literature. The use of CNN is rather common

since they do not require any manual feature-setting, though they automatically acquire

complicated image features and achieve high classification rates [33, 37, 15]. Another

common use of transfer learning methods is to enhance the performance of models when

the number of training data is low [28]. Moreover, there is the recent work examining

higher-level architectures including object detection systems and Vision Transformers,

which can improve the localization and classification of tumors [23]. There is also a

study that explores hybrid methods, that is, combining deep learning models with other

machine learning classifiers, to enhance the detection accuracy even further [17].

CNN-based methods have achieved good results on many MRI datasets due to the

local spatial information encoding capability of convolution layers and their robust

performance with relatively small training data. It is possible to model long-term

dependencies by transformer architecture, but it requires more data and computing

power.In this regard, CNNs are still considered the main technique to identify brain

tumors, while transformers and hybrid models are seen as an improvement.

The issue of class imbalance (when there are unequal amounts of different tumors)

is critical for any medical image dataset because it may make the model biased and

underperforming on some tumor types. Such issues can be solved with balanced

sampling,data augmentation and cost-sensitive learning. The following issues can be

outlined as those related to the study of brain tumors due to such comparative analysis.

The following problems can be outlined as the ones associated with brain tumor

detection research through such comparative studies as:

1. Limitations in the availability of varied medical data: There are several cases

when a specific study uses available publicly accessible datasets, including BraTS,

Figshare, and Kaggle Brain MRI datasets, which can be limiting the variety of

training data and can influence model generalization [6].

2. Reliance on big annotated data sets: Training in deep learning to perform well

requires large annotated MRI datasets, which are not always easily accessible

since medical data privacy and annotation might be needed [7].
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3. High computational complexity: New models of deep learning, particularly

transformer-based architecture and hybrid detection systems are frequently com-

putationally expensive and time-consuming to train [23].

4. Model ininterpretability in clinical settings: As much as deep learning models

are very accurate in detection, most of the models are black-box and medical

professionals cannot interpret the prediction and have trust in them [19].

5. Minimal clinical testing: Most of the proposed models are tested on just bench-

mark data and their effectiveness in actual clinical settings is still a key area of

future research [32, 9].



16

Chapter 3

EXPERIMENTAL DESIGN

3.1 Proposed Approach

The experiment design employed in this research work for detecting and classifying

brain tumors from MRI images using a transfer learning approach is elaborated in this

chapter. The experiment involves the description of the dataset, data preprocessing

techniques employed, the proposed model architecture, model training parameters, and

performance metrics used for evaluating the model.

In this work, the proposed approach has been designed with an emphasis on the use

of a transfer learning approach, specifically by leveraging the use of the pre-trained

VGG16 deep learning model on the large-scale ImageNet dataset. Transfer learning has

been adopted as the central approach in this project due to its unique ability to employ

feature representations learned from the large general-purpose dataset to carry out

specialized tasks, such as classifying brain tumors from MRI images [1, 11, 34]. The

incorporation of transfer learning into the medical image processing domain becomes

imperative because the creation of annotated large datasets specifically for the purpose

becomes immensely difficult and expensive. By doing so, only the pretrained model

needs to be employed for the extraction of feature representation, after which the

custom-built classification layer must be trained, hence limiting the risk of overfitting

by virtue of lower parameter learning [26, 30].

The reason why VGG16 was chosen as the fundamental architecture in this study

is because even though there are new and improved architectures like the ResNets,

DenseNet121 and Xception architectures, they are composed of numerous layers and



17

parameters making them inappropriate to be applied on small datasets because they

are well suited for generalized and larger datasets[23, 34]. Nevertheless, VGG16 is a

reasonable model, which has excellent properties related to the extraction of features

and good size, making it a suitable one for solving this four-class classification task.

Additionally, VGG16 represents a commonly used architecture in many transfer learning

studies, making it a good fit for demonstrating the efficiency of transfer learning on this

dataset.

The complete process of this pipeline architecture is shown in Figure 3.1 below.

The original MRI image undergoes some preprocessing techniques such as resizing and

normalization before being fed into the model. The training data set goes through some

data augmentation techniques. After preprocessing, the image passes through the fixed

convolutional part of the VGG16 model, where it learns some valuable feature maps.

The features learned are then fed into the custom classifier head made up of a densely

connected fully connected layer and Softmax output layer, giving the probability score

of all four classes—glioma, meningioma, pituitary, and no tumor.

Figure 3.1: Overall workflow of the proposed VGG16-based brain tumor classification
system.
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3.2 Dataset

3.2.1 Dataset Description

The data set chosen for this research work is ’Brain Tumor MRI Dataset’ which is

freely accessible from Kaggle. The total number of MRI brain scans in this data set

is 7,023. These images have been categorized into four classes which include glioma,

meningioma, pituitary tumor, and no tumor. The images in this data set have already

been split up into two sets which are termed as training data (5,712) and testing data

(1,311). Thus, there is an approximate split ratio of 80% training data and 20% testing

data in this data set. This helps facilitate replicability by providing the ability to compare

the results with those obtained by other researchers on this data set.

3.2.2 Class Distribution

The dataset is made up of four categories, each depicting a unique clinically identifiable

class of brain scan. The glioma class includes MRI scans of brains with gliomas.

Gliomas are brain tumors that originate from glial cells and are among the most prevalent

and dangerous types of brain tumors. The meningioma class includes brain scans with

meningiomas. Meningiomas are benign tumors that originate from the meninges. They

are usually located in such a way that they may lead to severe neurological issues. The

pituitary class includes brain scans with pituitary tumors. Pituitary tumors grow in the

pituitary gland and interfere with hormonal balance. The no-tumor class includes brain

scans without any detectable tumors; this class acts as the negative class. The test set

consists of 306 images of glioma brain scans, 300 images of meningioma brain scans,

405 images of no-tumor brain scans, and 300 images of pituitary brain scans.

3.2.3 Sample MRI Images

Figure 3.2 provides samples of MRI images that represent each of the four categories in

the dataset. In this case, the images serve to show the visual properties of each category

and the difficulty involved in automatic classification, since the tumors may sometimes

share similar visual properties, especially glioma and meningioma.
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(a) Glioma (b) Meningioma

(c) Pituitary (d) No Tumor

Figure 3.2: Sample MRI images representing the four classes in the dataset: glioma,
meningioma, pituitary, and no tumor.

3.3 Data Preprocessing

Input data preprocessing is perhaps one of the most crucial processes in the development

of an efficient deep learning algorithm. Input data was preprocessed in a series of

operations on the whole dataset.

3.3.1 Image Resizing and Standardization

The very first preprocessing task that we did involved normalizing the sizes of all

images. We resized all MRIs in the training set and testing set into 224 × 224 pixels.

This is not a random decision; 224 × 224 pixels happen to be the standard input size in
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the VGG16 model, which was pretrained on the ImageNet dataset at this resolution. By

standardizing image sizes, we ensure that our inputs are compatible with the pretrained

model and can extract features from all images uniformly regardless of their original

sizes.

3.4 Data Augmentation

In fact, data augmentation was widely used during training as one of the essential

techniques for achieving higher generalization and stability of the model. In the field

of medical image processing, the amount of annotated training samples is usually

insufficient, leading to overfitting when training is conducted using small amounts of

data without augmentation. Overfitting is a scenario where the model memorizes the

properties of the training samples, but does not learn generalized features that can be

applied to other samples. This problem is overcome using data augmentation [2, 3],

which increases the amount of training data by generating new samples using various

random transformations of existing ones.

The following standard augmentation methods were used for the training data during

the training process. The following augmentation methods were used independently on

all training images in each epoch to provide variety in the examples of augmentation.

Rotation: In training images, rotation was performed within a fixed angle range.

Such an approach helps to simulate the variability in the position of the patients’ heads

in MRI scanning and makes sure that the model is invariant to the orientation of the

brain image.

Horizontal flipping: Horizontal flipping was randomly applied in the training images

to simulate the possible left and right scans of the brain structures. Brain MRIs may be

captured in two hemispheres, so horizontal flipping makes sense to use in such cases.

Zoom: Zooming was used to simulate the difference in scale of the brains of different

MRI scans due to the individuality of each person’s brain and scanner setting.

Shearing: Shearing transformations help simulate mild angular transformations in

training images.

The above augmentation methods have been used on the training dataset alone.
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Augmentation was not performed on the test dataset as the purpose of the test dataset is

to offer an objective measure of how the model performs on unseen data.

3.5 Baseline Model — VGG16 Architecture

In the context of this study, the architecture that forms the basis for our analysis is

VGG16, which was created by the Visual Geometry Group at the University of Oxford,

and pre-trained on ILSVRC (ImageNet Large Scale Visual Recognition Challenge)

data set. This architecture has been chosen because of its simple homogenous design

with 16 weight layers, including 13 convolutional layers and three fully-connected

layers, which form stacks of convolutional blocks followed by max-pooling operations.

In all convolutional layers, we used 3×3 filters with a stride size of one along with

same-padding, while in max-pooling operations, we employed 2×2 filters with a stride

size of two. The number of feature maps used in this model gradually increased from

64 in the first block to 512 in the last convolutional block [11, 30].

Figure 3.3: Architecture of the VGG16 deep learning model.

3.5.1 VGG16 as Feature Extractor

In the described solution, the convolutional layer of the VGG16 network, which consists

of 13 convolutional layers as well as the subsequent max-pooling layers, was utilized as
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the feature extraction part. VGG16 is considered suitable for this application because

of its ability to recognize complex patterns and structures in images. The knowledge

obtained by the weights of the convolutional layer of the VGG16 network, trained on

more than a million images belonging to 1,000 categories in ImageNet, contains a wide

range of visual patterns.

3.5.2 Freezing the Convolutional Base

The convolutional layer of the VGG16 network remained unchanged during training,

implying that the weights were not trainable for the whole duration of the training

process. There are two key reasons why this method is employed. First, it ensures

that the network can benefit from the rich set of abstract features learned during the

pre-training phase using the ImageNet dataset, which can be utilized effectively in

extracting features from MRI images. Secondly, by freezing the convolutional layer,

the number of parameters in the network decreases, making overfitting less likely in the

smaller medical dataset [1, 23, 11].

3.5.3 Custom Classification Head

The classification head was customized and added above the VGG16 convolutional base,

which is frozen. This classification head comprises a dense layer and an output layer.

The dense layer performs a nonlinear mapping function on the high-dimensional feature

vector generated by the VGG16 base. The model learns specific classification bound-

aries based on the nonlinearity of the mapping function. The output layer generates

probabilities for the four classes.

3.5.4 Activation Functions

The selection of activation functions was guided by their proven performance in the

domain of deep learning techniques. The ReLU (Rectified Linear Unit) activation

function was used in the hidden dense layer. The use of ReLU ensures that there is a

required non-linearity, which helps the neural network to learn a complicated, non-linear

decision boundary, and prevents the occurrence of the problem of vanishing gradients
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because it allows backpropagation to work efficiently, leading to fast training. The

Softmax activation function was employed in the output layer. The reason why Softmax

is widely used in multi-class classification problems is because it transforms the raw

outputs from the neural network into a probability distribution among the four possible

categories.

3.6 Parameter Settings

3.6.1 Development Environment

The modeling was implemented through the TensorFlow machine learning framework

with its high-level Keras interface. TensorFlow and Keras were selected because of

their flexibility, comprehensive documentation, and strong capabilities in developing

deep learning models. In addition, the development of models through the TensorFlow

library and Keras was conducted within a Python environment. The use of Python

programming language along with TensorFlow and Keras made this combination very

popular among deep learning researchers.

3.6.2 Loss Function

The loss function employed for this classification problem involving multiple classes

was that of the Sparse Categorical Cross Entropy. Such a loss function is the go-to for

a classification problem where the target values are represented in integer form and

not using the one hot encoded vectors representation method. The loss function works

in the sense that the difference between the probabilities predicted from the softmax

output layer and the actual class value is calculated, with the penalty increasing with

the decrease in predicted probabilities for the right class.

3.6.3 Optimizer

Adam optimizer was employed for updating the values of the parameters in the model

during training. It is a powerful and flexible optimization method that adjusts the

learning rates for individual parameters using estimations of the gradient’s first and
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second moments. The use of such a technique ensures faster convergence and better

generalization across a variety of deep learning tasks, which is why Adam has become

the optimizer of choice for many practitioners training their deep neural networks

[18, 22, 29].

3.6.4 Batch Size and Epochs

Training took place over 5 epochs, wherein one epoch corresponds to one pass over the

entire training dataset. The data was split into mini-batches with a size of 32, which

implies that after the model had processed each batch of 32 images, an update would

be made to the internal parameters of the model. Mini-batch gradient descent offers a

compromise between the benefits offered by batch training and the stochasticity which

enables the optimizer to avoid falling into local minima. The short period of training of

5 epochs reflects the approach of transferring knowledge, as well as the intention not to

overfit the new network. All parameters used during training are listed in Table 3.1.

Table 3.1: Training Configuration and Parameter Settings of the Proposed VGG16
Model

Parameter Value
Input Image Size 224 × 224 pixels
Optimizer Adam
Loss Function Sparse Categorical Crossentropy
Number of Epochs 5
Batch Size 32
Output Classes 4 (Glioma, Meningioma, Pituitary, No Tu-

mor)
Output Activation Softmax
Hidden Layer Activation ReLU
Development Framework TensorFlow / Keras (Python)

3.7 Performance Measures

For conducting an assessment of the model performance, a series of metrics were

employed to evaluate it in its totality. These metrics give alternative angles of insight

into how the classification model operates, as elaborated further in the sections below
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together with their formulas. In the formulas, the notation TP stands for true positive,

TN for true negative, FP for false positive, and FN for false negative.

3.7.1 Accuracy

The accuracy refers to the general percentage of images that are properly categorized

within the four classes. The accuracy can be computed through dividing the total

number of samples that are correctly categorized by the total number of samples.

Accuracy =
T P+T N

T P+T N +FP+FN
(3.1)

3.7.2 Precision

Precision refers to the accuracy of positive predictions. It is a measure of the model’s

skill in not making any negative predictions positive. This is especially significant in

disease diagnostics since a false positive would subject patients to undue anxiety.

Precision =
T P

T P+FP
(3.2)

3.7.3 Recall

Remembering, also called sensitivity, is the percentage of all positives that were suc-

cessfully predicted by the classifier. In medical imaging, remembering is an important

metric because it tells how well the classifier is able to predict the disease. When there

is a low value of remembering in a certain class, it means the classifier is predicting

fewer positive examples in that class.

Recall =
T P

T P+FN
(3.3)

3.7.4 F1-Score

The F1-Score calculates a single performance metric of the model based on the harmonic

mean between the Precision and Recall scores. The F1-Score is a more meaningful
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single score than accuracy because it takes into account the imbalance in the dataset

and punishes algorithms with high precision but low recall, or vice versa.

F1-Score = 2× Precision×Recall
Precision+Recall

(3.4)

3.7.5 Confusion Matrix

Along with the above scalar measures, a confusion matrix was calculated based on the

predictions made by the model on the test data set. The confusion matrix will provide

us with an evaluation of the performance of our model, based on how many examples

there have been in each class that have either been correctly or wrongly classified. We

can use this technique to find any peculiar trends in terms of the errors made in the

classification process. This is something that we might be able to use in order to find

out the types of tumors that gets mixed up with each other.

Table 3.2: Basic Structure of a Confusion Matrix

Actual / Predicted Positive Negative
Positive True Positive (TP) False Negative (FN)
Negative False Positive (FP) True Negative (TN)

3.8 Computational Environment

The experiments were done using Google Colaboratory as the primary platform. Google

Colaboratory is a free software development cloud computing service offered by Google.

It is used to run Python code using a Jupyter notebook format. This tool allows for

GPU and TPU computations, making the training of deep learning models much

faster compared to CPU calculations. The use of GPU computations became quite

important for the current study because it would cost much to train the VGG-16 based

classifier with more than 7,000 MRI images on a personal computer. Google Colab

was combined with widely used Python packages for deep learning and data science,

including TensorFlow, Keras, NumPy, Matplotlib, and scikit-learn, all of which were

employed at various stages of this research in developing, training, evaluating, and
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visualizing the results of different models. Being a cloud-based platform, it was possible

to do quick iterations during the experimentation phase, whereby different types of

model architecture, hyperparameters, and image preprocessing could be experimented

upon and fine-tuned. In addition, regarding the use of Colab, the ability to integrate

with Google Drive made it easy to save and access the dataset and weight parameters,

thereby making my project sustainable.
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Chapter 4

RESULTS AND DISCUSSION

This chapter provides an exhaustive analysis of the performance of the VGG16 brain

tumor classifier after its training. First, the performance of the model during the training

process will be evaluated in terms of how well it learned from the training dataset. The

next part of this chapter will evaluate the performance of the model based on the test

dataset which is unknown to the model. Finally, some qualitative aspects of predictions

will be evaluated.

4.1 Model Training Performance

The model was trained for 5 epochs altogether, while accuracy and losses of the model

on training and validation sets were evaluated after every epoch. The learning curves of

the model are shown in Figure 4.1.

Training and validation accuracy graphs show an even increase in accuracy in all

epochs, which means that the model was getting better at distinguishing four types of

tumors. Training and validation losses decreased proportionally with the number of

epochs, showing that the more iterations the model performed during training, the more

accurate its predictions became. The even decrease in accuracy and losses in the last

few epochs shows that the model converged and learned everything possible from the

dataset.

The stability in the validation set is especially helpful since the validation set gives us

an unbiased measure of how our algorithm performs on unseen data. The resemblance

between both the training and the validation curves in all epochs assures us that there
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was no overfitting on the training dataset, hence proving the effectiveness of the whole

process where we freeze the VGG16 pre-trained convolutional layer while training only

the classifier we created. The training of our model for just a few epochs is intentionally

done to ensure that we train our classifier fully without overfitting [1, 11].

Figure 4.1: Training and validation accuracy and loss curves of the VGG16-based
model.

4.2 Quantitative Evaluation on Test Data

4.2.1 Overall Performance Metrics

After training, the performance of the model on the test dataset of 1,311 images not

seen by the model during training was calculated. The performance of the model on

this dataset is shown in Table 4.1 below.

Table 4.1: Overall Performance Metrics on the Test Set

Metric Score
Accuracy 96.0%
Precision 0.96

Recall 0.96
F1-Score 0.96

The proposed VGG16-based model achieved an impressive final test accuracy of

96.0%. The class-wise average of precision, recall, and F1 score was 0.96, 0.96,
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and 0.96, respectively. This indicates that the model exhibited strong and consistent

prediction capability for all four classes of tumors. These findings indicate that VGG16-

based transfer learning technique can produce impressive results for four-class brain

tumor classification [14, 23].

4.2.2 Class-wise Classification Report

The performance of the model on a class-by-class basis is summarized in Table 4.2

below and includes the precision, recall, F1-score, and support of each of the four

classes.

Table 4.2: Classification Report on the Test Set

Class Precision Recall F1-Score Support
Glioma 0.96 0.90 0.93 306

Meningioma 0.94 0.96 0.95 300
No Tumor 1.00 1.00 1.00 405
Pituitary 0.94 0.99 0.96 300

Accuracy 0.96 1311
Macro Avg 0.96 0.96 0.96 1311

Weighted Avg 0.96 0.96 0.96 1311

From these findings, it can be concluded that the model had a high level of perfor-

mance in terms of classifying brain scan images that belong to the no tumor class. In

fact, the model achieved a perfect precision and recall rate of 1.00, as a result getting a

perfect F1 score of 1.00. The finding suggests that the model is highly dependable and

accurate in the classification of normal brain scans compared to those that are infected

with brain tumors. The same level of performance was also recorded for meningioma

and pituitary classes, whose respective F1-scores were 0.95 and 0.96. Glioma class got

an F1-score of 0.93 with a precision of 0.96 and recall of 0.90 [39, 21].

4.2.3 Confusion Matrix Analysis

A confusion matrix of the test set results is provided in Figure 4.2 below. The figure

gives a detailed look at how accurate the model is in its classifications on a per-class

basis.
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As can be seen from the figure above, the model demonstrates excellent overall

classification results. Specifically, when dealing with the no tumor class, the model

was able to classify 403 images correctly and misclassify only two of them in the

meningioma class. Thus, detecting healthy brain scans was almost entirely successful

for the model. When it comes to the pituitary class, 297 out of 300 images were

classified successfully with 1 image being misclassified into the meningioma class and 2

into the glioma class. As for the meningioma class, the model classified 274 images out

of 300 accurately while the remaining 13, 2, and 17 were misclassified into the glioma,

no tumor, and pituitary classes, respectively, which indicates some similarity between

meningioma and other classes visually. When considering the glioma class, 289 out of

306 were correctly classified with 9 being incorrectly assigned to the meningioma class

and 2 to the pituitary class.

Figure 4.2: Confusion matrix of the proposed VGG16 model on the test set.
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4.3 Qualitative Analysis of Predictions

In order to give a more detailed account of how well the model performs, apart from

statistical calculations, Figure 5.3 shows the results of a qualitative evaluation of the

predictions that the model makes based on images taken from a test dataset. For each

example, the image used as input data, the real label, the prediction result, and its

corresponding confidence level are shown.

(a) Glioma Prediction (b) Meningioma Prediction

(c) Pituitary Prediction (d) No Tumor Prediction

Figure 4.3: Qualitative prediction results of the proposed VGG16 model across the
four tumor classes.

The figure indicates that the model gives confidence values close to 100% when

correctly classifying an image for each of the four tumors. For the meningioma sample,

the model gives a confidence score of 99.98%, while the confidence value for the no

tumor sample is 99.21%, the confidence score for the pituitary sample is 100.00%, and

the confidence score for the glioma sample is 100.00%. The ability of the model to
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provide such a high level of confidence values shows its great prediction strength.

Case-based visualization is important because it helps add human-understandable

insights to the dry numerical values by providing examples of how the model behaves.

When analyzing the cases where the model fails, it is possible to get insights into some

of the problems with perception that might happen, including the fact that the visual

differences between different types of tumors can cause the model to make mistakes

when classifying them [8, 20].

4.4 Limitations

4.4.1 Model and Data Limitations

The major drawback associated with the suggested model is that the training and

validation of this model was done using only a single publicly available dataset collected

from Kaggle. Even though this particular dataset contains a reasonably varied set of

MRI scans belonging to all four categories, it does not offer the variation that would be

seen in the MRI scans found in the real world [2]. The MRI scans obtained from various

hospitals across various geographical areas will have differences in image clarity and

even in the appearance of tumors.

One of the other problems associated with this is that of domain shift, and this is also

a major concern in the practical application of deep learning models in medical imaging

[39, 34]. One of the reasons why the variance tends to be very high when applying deep

learning models in the field of MRI is due to the fact that there are two major types of

variations involved. On the one hand, different hospitals may be using MRI machines

manufactured by different firms, which would mean that there is variation in the type of

noise, as well as the amount of signal strength, contrast level and so forth. Secondly,

doctors may be using T1, T2, and FLAIR acquisitions in their work.

In addition to this, the above-described system has never been tested in a real-life

clinical setting [19, 6]. In order to conduct a proper testing of the system described

in this research, the only thing done by its author was to evaluate the system using a

benchmark database, which does not provide enough insight into real-life deployment
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of the system and does not account for such things as image artifacts, motion blur and

unusual presentation of tumors.

4.4.2 Field-wide Limitations

Apart from the particular challenges facing the proposed system, there are various

difficulties associated with automated brain tumor detection from MRI images as a

whole, and that have been pointed out in literature as being constant throughout the

research process.

One of the main difficulties facing this line of work is a lack of diverse imaging data.

It has to be noted that the vast majority of papers, including the one in question, use

a very limited amount of public MRI datasets, namely BraTS, Figshare, and Kaggle

Brain MRI [7, 1].

Another obstacle is the need for large amounts of training data for deep learning

methods. The annotation of medical images entails considerable time and skill require-

ments from highly qualified radiologists, thus posing problems associated with the

high cost and logistically demanding process of gathering data sets annotated manually

[38, 36]. Moreover, it becomes harder to train models that could function accurately

under diverse conditions and among different patients because of this problem.

One cannot ignore the challenge related to the high computational cost associated

with sophisticated deep learning models. Transformers and other hybrid solutions

have significant computation demands,thus complicating their practical implementation,

particularly in the context of healthcare environments. [35, 4].

Finally, there has been no adequate link made between the performance of the

proposed models in benchmarking and their clinical validation, which is still a major

unresolved issue in this area. The majority of proposed models have only been evaluated

through benchmarking, while very little work has been done to assess how they will

perform clinically because of differences in imaging and patients from benchmarks.[19,

13].
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Chapter 5

CONCLUSION AND FUTURE SCOPE

5.1 Conclusion

One of the most serious types of neurology-related disease is brain tumors, and timely

detection plays an essential role in improving the success rate of treatment and increasing

patients’ chances of survival. Although manual MRI interpretation remains an integral

part of the diagnoses brain tumors, it can be considered a time-consuming and observer-

dependent process, which is highly dependent on the radiologist’s experience and skills.

Due to high demand and the volume of imaging data obtained during a day in large

hospitals, such reliance on human analysis poses additional challenges in terms of

inefficiency and inconsistency, thus increasing the need to develop the reliable computer

vision-based algorithms for detecting and classifying tumors from MRI images. Solving

the outlined problems is of critical importance, as it would allow making the process

of identifying and diagnosing brain tumors more efficient and less prone to mistakes.

Throughout this research work two different contributions aimed at addressing this

challenge were made throughout this thesis. Firstly, a detailed examination of the current

state-of-the-art related to the use of automated solutions in diagnosing brain tumors

was conducted, involving a range of techniques from machine learning to various deep

learning models (e.g., CNNs, transfer learning, object detection, Vision Transformers,

and hybrid models). The second contribution was to develop, implement and evaluate a

brain tumor classification system based on transfer learning using the VGG16 neural

network architecture. This was achieved for a four class classification problem, namely

glioma, meningioma, pituitary tumors, and no tumors on a publicly available MRI
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dataset. Both of these contributions directly address the challenge facing clinicians

and researchers in development of an accurate but efficient system that’s backed by the

relevant literature.

This field-wide survey provided several notable results about the current state of

brain tumor detection using automation techniques. First, it was determined beyond any

reasonable doubt that the deep learning paradigm has become the dominant one in the

field. Indeed, the use of deep learning in automated brain tumor detection brought about

significant changes in the field, allowing forming models able to automatically learn

feature representations from raw images of brain tumors without the need of manual

intervention during this stage. In concerns of deep learning-based methods, it was

found that convolutional neural networks can provide impressive results. The use of

transfer learning, in particular, proved to be widespread within the field [1, 14, 11, 26].

Indeed, the ability of transfer learning to deliver highly accurate results when used with

relatively small medical imaging datasets trained on feature representations learned by

neural networks on larger general-purpose ones, such as ImageNet, proved to be an

attractive advantage of transfer learning in a domain where the training datasets are

hard to assemble. Moreover, the research found that the more recent and advanced

architectures, such as Vision Transformers and highly intricate hybrid architectures

that integrate various architectures, have achieved impressive results in improving

performances at the frontier of research in this area. Nevertheless, this is associated with

significantly increased computational costs and the need for large annotated medical

imaging databases, which greatly restricts the practicality of deploying the architecture

in clinical settings where computational resources are limited. Additionally, a number

of major limitations that hinder the use of automated detection systems for brain tumors

in the clinic were outlined, including the scarcity of data across diverse institutions,

the need for large-scale training data annotated by experts in deep learning, high

computational costs associated with the most recent architectures, and the considerable

disparity between the benchmark and clinical validation performance.

The experimental part of this thesis managed to implement and validate the deep

learning algorithm for automated multi-class brain tumor classification from MRI scans
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successfully. With the help of a transfer learning technique that uses a pre-trained

VGG16 model, fine-tuned on the target brain MRI dataset, the proposed system was

able to reach 96% final test accuracy on an external dataset consisting of 1,311 MRI

scans. In addition, the weighted average precision, recall, and F1-score of the model in

all four classes reached 0.96, indicating a reliable and accurate prediction capability of

the proposed system. Moreover, it is worth noting that the proposed model managed to

show excellent performance in classifying meningioma and pituitary cases, reaching

an F1-score of 0.95 and 0.96, respectively. In other words, the proposed deep learning

model showed promising results while tackling the entire four-class problem. One of the

key advantages of the proposed deep learning system is that it can be considered highly

efficient and straightforward, as the authors did not train the convolutional layer, but

only the custom classification head.As can be seen from the research results, an effective

single-model transfer learning scheme can achieve a very high level of competitiveness

in brain tumor classification, having great potential to be used in radiology practice

in order to improve diagnosis speed, increase capacity, and ensure more consistent

decisions during diagnostics. In addition, the results provide important information

regarding the level of competitiveness of the proposed solution in comparison to the

existing state-of-the-art models: although novel networks, such as ResNet, DenseNet,

and Vision Transformer, have outperformed the proposed model by some level of

accuracy, their superiority cannot compete with the proposed architecture in terms of

computational complexity level [35, 25, 4].

In sum, both the contribution of the thesis in terms of a comprehensive review

and the experimental implementation of a transfer learning framework for brain tumor

classification from MRI data indicate the immense potential of both deep learning and

transfer learning algorithms in establishing an effective, reliable and robust framework

for detecting and classifying brain tumors using MRI data. First, the field-wide survey

serves as a useful reference for researchers and practitioners to have a consolidated view

of the state-of-the-art techniques in the field, to compare their respective advantages

and disadvantages, and to identify the challenges that must be overcome before the field

can realize its full clinical applications. Second, the experimental implementation of
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the proposed transfer learning framework serves as a useful baseline for implementing

a brain tumor classification model based on MRI data that provides validation of the

method on the specific problem of brain tumor classification among four classes of

brain tumors. These form a basis for furthur research involving the improvement of

ensemble learning, architecture and clinical usage.

5.2 Future Scope

A key immediate area of further research is the augmentation of the training data set

with MRI data from multiple institutions. The model built during this study was trained

and tested using only one publicly available MRI dataset from Kaggle, which, although

valuable and popular for testing purposes, does not fully represent the heterogeneity of

the actual clinical MRI images. MRI scans performed in different hospitals, geographi-

cal locations, and in different patients can exhibit notable differences in image quality,

resolution, acquisition parameters; manufacturer of the scanner, and presentation of

brain tumors [39, 22]. It is unlikely that a model trained on only one source of MRI

images will be able to generalize well in clinical settings where the MRI data will not

have the same characteristics as the training data, an effect referred to as domain shift.

It is important that the next stage of development includes building an extensive MRI

dataset obtained from multiple hospitals and featuring multiple MRI sequences, such as

T1-weighted, T2-weighted, and FLAIR images.

Enhancements in the architecture design and the investigation of additional sophisti-

cated deep learning frameworks is another logical area to consider in future research.

Although it can be stated that the VGG16 system based on transfer learning performed

very well from a classification perspective, it should also be noted that according to

the literature, even more sophisticated architectures such as ResNet50, DenseNet121,

Xception and InceptionV3 have been successful in providing better results when dealing

with similar problems [31, 21]. Fine-tuning should be considered as an option that in-

volves the process of freezing some specific layers of a pre-trained base model alongside

with training a classification part. Moreover, it would be worth investigating ensemble

approaches in which the output of several independently trained models is combined
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into one decision. It is noted from the existing literature that ensemble models result

in high precision and accuracy in the classification of brain tumors due to the fact that

the combination of different model outputs results in low variance and minimizes the

shortcomings of each of the models [36]. Another approach worth exploring is the

combination of the unique characteristics of convolutional neural networks and vision

transformers. The increasing availability of powerful computational resources would

make these complex models much easier to implement.

One of the crucial and urgent directions for future research on the subject of inter-

est concerns the combination of explainable artificial intelligence methods with deep

learning-based brain tumor detection models [19, 13]. XAI is considered one of the

most important prerequisites for the clinically responsible implementation of artificial

intelligence in medicine, especially considering the lack of interpretability of these

systems. Although deep learning models are characterized by very high classification

accuracy, they remain black boxes, as the decision-making process within them cannot

be interpreted by medical specialists. Such an approach significantly restricts the clini-

cal adoption of artificial intelligence algorithms, as medical practitioners need both the

prediction and its explanation to draw a conclusion regarding the patient’s condition.

The introduction of methods for generating explanations, such as Grad-CAM, SHAP,

or LIME, will enable the visualization of the model decision and highlight particular

regions of the MRI scan that contribute the most to the algorithm’s decision. Explana-

tions such as these would add a large amount of transparency and trustworthiness to the

predictions of the model in question, making it much easier for radiologists to detect

instances of clinically implausible behavior by the model.

Finally, and the most important path for future work must be systematic filling of

the substantial gulf between the benchmark evaluation and clinical validation currently

prevalent in the domain of automated brain tumor detection systems. Indeed, virtually

all deep learning models that have been proposed for this task in literature, including

the one that was implemented in the research project, were evaluated in terms of their

performance on manually annotated MRI benchmarks specifically designed for this

purpose. The true event of clinical applicability and safety can only be determined
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via prospective clinical validation studies conducted on data collected under actual

clinical conditions where the imaging modality, demographic characteristics, pathology

of the tumors and accuracy of the manual annotations may significantly differ from

the ones used during the evaluation process [6, 38, 24]. Clinical validation studies

will inevitably involve collaboration between researchers in artificial intelligence and

healthcare organizations that not only possess patients MRI data and radiological

expertise, but also have the ability to integrate artificial intelligence solutions into their

clinical practice. This research area along with developing automated solutions with a

focus on clinical application is definitely the most promising and important direction

for brain tumor detection in the future.
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