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ABSTRACT

Accurate image classification is a cornerstone of modern medical diagnostics, enabling
healthcare professionals to extract meaningful insights from various types of medical
imaging. In particular, identifying abnormalities in MRI scans plays a critical role in
early detection and treatment planning for brain-related conditions. This thesis presents
a deep learning-based system aimed at improving brain tumor diagnosis through the
analysis of high-resolution MRI images.

The proposed approach utilizes a dataset of 5,000 multimodal MRI scans, comprising
2,000 images labeled as healthy and 3,000 as tumor-affected. These images were collected
from diverse, credible medical sources and optimized to ensure high quality and diagnos-
tic relevance. A Convolutional Neural Network (CNN) architecture forms the core of
the system due to its strong performance in image-based classification tasks. Addition-
ally, Generative Adversarial Networks (GANs) were employed to synthetically expand
the dataset by generating realistic MRI images, further improving the system’s learning
capability.

Experimental results indicate that the proposed system achieves high classification
accuracy, demonstrating the effectiveness of combining CNNs, data augmentation, and
GANs. These findings underscore the potential of deep learning techniques in supporting
and advancing healthcare systems by providing reliable and efficient diagnostic tools.
Keywords: Deep Learning, Healthcare, Brain Tumor, MRI, CNN, GAN.



Résumé

la classification précise des images constitue une pierre angulaire du diagnostic médical
moderne, permettant aux professionnels de santé d’extraire des informations significa-
tives à partir de divers types d’imagerie médicale. En particulier, l’identification des
anomalies dans les IRM joue un rôle crucial dans la détection précoce et la planifica-
tion du traitement des pathologies cérébrales. Ce mémoire présente un système basé sur
l’apprentissage profond visant à améliorer le diagnostic des tumeurs cérébrales à travers
l’analyse d’images IRM haute résolution.

L’approche proposée utilise un ensemble de données composé de 5 000 images IRM
multimodales, dont 2 000 étiquetées comme saines et 3 000 comme atteintes de tumeurs.
Ces images proviennent de sources médicales diverses et crédibles, et ont été optimisées
afin d’assurer une haute qualité et une pertinence diagnostique. Une architecture de
réseau de neurones convolutifs (CNN) constitue le cœur du système, en raison de ses
performances élevées dans les tâches de classification d’images. De plus, des réseaux an-
tagonistes génératifs (GAN) ont été utilisés pour augmenter artificiellement l’ensemble de
données en générant des images IRM réalistes, renforçant ainsi la capacité d’apprentissage
du système.

Les résultats expérimentaux indiquent que le système proposé atteint une précision de
classification élevée, démontrant l’efficacité de la combinaison des CNN, de l’augmentation
de données et des GAN. Ces résultats mettent en lumière le potentiel des techniques
d’apprentissage profond pour soutenir et améliorer les systèmes de santé grâce à des
outils diagnostiques fiables et efficaces.

Mots-clés: Apprentissage profond, Santé, Tumeur cérébrale, IRM, CNN, GAN.



ڲڪٌۘ
݆݁ اܳݱۜ٭۰ ا༟ීෂ؇ل۰ ሒᇭ ඔ൹ٺۛݱݱৎ৊ا ஓُܝّ݆ ୷ إذ ،೓ಱڎ੆اࠍ اܳޚص ૰૜ۛ٭ݱ؇ت ሒᇭ ا৙৑ݿ؇س ࿭੗ݠ لأُڎّ ይዧݱިر اᄴᄟڢ٭ݑ اܳٺݱྡྷ٭ژ
๴ཏ྘؞ٷ؇ޗৎ৊ا ඔ൹َීෂا ݬިر ሒᇭ اܳލڍوذات ොູڎࢴࣖ لأُڎّ و اܳޚٴ٭۰. اܳݱިر ݆݁ ෛ੼ٺܹڰ۰ أَިاع ݆݁ ݁؞ݞى ذات ݁أߺࠊ݁؇ت اݿٺۛݠاج
ቕሹّگڎ ሌᇿإ ᄭᄟ؇ීݿෂا ۱ڍه ዛኤڎف ً؇ᄴᄟ݁؇غ. اৎ৊ٺأܹگ۰ ਵਦఋዳዧاض ሒᇚఈఃاܳأ واܳٺۛޚ٭ޔ ୍ଲٴৎ৊ا اܳـܝލژ ሒᇭ اᆇᆅ৙৑٭۰ ؐܳ؇ً أਵਦاً (MRI)
اᄴᄟڢ۰. ༟؇ܳ٭۰ ๴ཏ྘؞ٷ؇ޗৎ৊ا ඔ൹َීෂا ݬިر ොູܹ٭ܭ ఈః༠ل ݆݁ اᄴᄟ݁؇غ أورام ૰૜ۛ٭ݧ ඔ൹ܳٺۜފ اܳأ݄٭ݑ اܳٺأ޺޾ ّگٷ٭؇ت আॻ༟ ݁أٺ݄ڎ َޙ؇م
ݬިرة 2000 ؇ዛዊ݁ اஓ஁৙৑؇ط، ݁ٺأڎدة ๴ཏ྘݁؞ٷ؇ޗ ඔ൹َر ݬިرة 5000 ݆݁ ਐಾܝިن ਃಸ؇َ؇ت ۰༟ިᆇ୞୘ আॻ༟ اৎ৊گଫଐح اዛዊܳھ لأٺ݄ڎ
و݁ިٔިڢ۰، ۰༟ި݁ٺٷ ޗٴ٭۰ ݁ݱ؇در ݆݁ اܳݱިر ۱ڍه ᆇُᅹأب وڢڎ ورم. وۏިد ሌᇿإ ଫଃ૰૜ ݬިرة و3000 ݿܹ٭۰݄ ؇ዛኡأ আॻ༟ ݁ݱٷڰ۰
(CNN) ا৖৑ܳٺڰ؇ڣ٭۰ اܳأݱྟ٭۰ ᄎჼاܳލٴ ஓ஁ިذج ႟ၽّ૰ُ૏ اܳྥލۛ٭ݱ٭۰. واᆇᆅ৙৑٭۰ اᄴᄟڢ۰ در༥؇ت আॻ༟أ ܳݯ݄؇ن ؇ዛኤۏިد ඔ൹ފොູ ቕቆو
اܳٺٷ؇ڣފ٭۰ اܳٺިܳ٭ڎل۰ اܳލٴႤၽت اݿٺ༱ڎام ቕቆ პაႰ اܳݱިر. আॻ༟ اৎ৊أٺ݄ڎة اܳٺݱྡྷ٭ژ ዛᔻ؇م ሒᇭ اܳگިي ৙৑داف۬ َޙݠاً اܳٷޙ؇م ୒ୖڍا ا৙৑ݿ؇س
ڢڎرة ّأݞߌ߳ ሒᇭ ݿ؇۱ܾ ؇ᆙᆘ واڢأ٭۰، ๴ཏ྘݁؞ٷ؇ޗ ඔ൹َر ݬިر إਐ಻؇ج ఈః༠ل ݆݁ ሒᇼ؇اݬޚٷ ႟ၽ૰૖ اܳٴ٭؇َ؇ت ۰༟ިᆇ୞୘ ܳٺިݿ٭ؕ (GANs)

اܳٺأ޺޾. আॻ༟ اࡺ࢕ࢦިذج
وّگٷ٭؇ت CNN ނٴႤၽت ඔ൹ً ؕ৵৩ৠا ڣأ؇ܳ٭۰ لଫଊُز ؇ᆙᆘ ༟؇ܳ٭۰، ّݱྡྷ٭ژ دڢ۰ ොຬگݑ اৎ৊گଫଐح اܳٷޙ؇م أن ሌᇿإ اܳٺ۠ݠ཯ྟ٭۰ ༇຀؇اܳٷٺ ଫଃ૰૜
د؜ܾ ሒᇭ اܳأ݄٭ݑ اܳٺأ޺޾ ܳٺگٷ٭؇ت اܳـܝٴଫଃة اႤၽ݁৕৑َ؇ت ༇຀؇اܳٷٺ ۱ڍه ᄕცوّޝ ا৙৑داء. ඔ൹ފොູ ሒᇭ اܳٺިܳ٭ڎل۰ واܳލٴႤၽت اܳٴ٭؇َ؇ت ّأݞߌ߳

.ᄭᄟ؇وڣأ ݁ިٔިڢ۰ ૰૜ۛ٭ݱ٭۰ أدوات ቕሹّگڎ ఈః༠ل ݆݁ اܳݱۜ٭۰، ا༟ීෂ؇ل۰ أَޙ۰݄ وّޚިߌߵ
ا৖৑ܳٺڰ؇ڣ٭۰، اܳأݱྟ٭۰ اܳލٴႤၽت ،๴ཏ྘؞ٷ؇ޗৎ৊ا ඔ൹َීෂا اᄴᄟ݁؇غ، أورام اܳݱۜ٭۰، ا༟ීෂ؇ل۰ اܳأ݄٭ݑ، اܳٺأ޺޾ اिऻء׫ոؼמ١: اڤոஈ࿦࿮ت

اܳٺٷ؇ڣފ٭۰. اܳٺިܳ٭ڎل۰ اܳލٴႤၽت
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General Introduction

1 Introduction

Artificial intelligence is a branch of computer science capable of analysing complex med-
ical data[1]. Their potential to exploit meaningful relationship with in a data set can be
used in the diagnosis, treatment and predicting outcome in many clinical scenarios.The
expression “Medical Technology” is widely used to address a range of tools that can enable
health professionals to provide patients and society with a better quality of life by per-
forming early diagnosis, reducing complications[2]. Among AI methodologies, Machine
Learning (ML) and Deep Learning (DL) have emerged as two key subfields that drive
innovation in the healthcare sector. ML algorithms are particularly effective in extracting
hidden patterns from large-scale healthcare data, while DL techniques - especially deep
neural networks (DNN) - have demonstrated superior performance in image-based pat-
tern recognition tasks. These models are able to handle complex data structures, making
them highly suitable for applications such as image classification, segmentation, fusion,
and registration [3].

The growing availability of electronic health records and the advancement of big data
technologies have further enabled the successful deployment of ML and DL techniques in
real-world clinical environments. One particularly notable area of application is Magnetic
Resonance Imaging (MRI), which offers excellent soft tissue contrast and has benefitted
substantially from the application of deep learning methods to improve diagnostic preci-
sion and efficiency [4].

There are many aspects of deep learning that could be helpful in health care, such
as its superior performance, end-to-end learning scheme with integrated feature learn-
ing, capability of handling complex and multi-modality data and so on. To accelerate
these efforts, the deep learning research field as a whole must address several challenges
relating to the characteristics of health care data (i.e. sparse, noisy, heterogeneous, time-
dependent) as need for improved methods and tools that enable deep learning to interface
with health care information workflows[5].

1



List of Tables

2 Problematic
Brain-related diseases, particularly tumors, are among the most complex conditions that
require an accurate and timely diagnosis due to their direct impact on the patient’s
life. Magnetic Resonance Imaging (MRI) is one of the most essential tools used to de-
tect these tumors. However, analyzing MRI scans demands advanced medical expertise
and may be subject to variability among specialists or delays in urgent cases. With the
rapid advancement in artificial intelligence technologies , it has become possible to de-
velop intelligent systems capable of analyzing medical images and extracting indicators
of pathological changes or abnormalities. Accordingly, this thesis aims to explore the
potential of deep learning techniques to build a model capable of accurately analyzing
MRI images and identifying cases that show signs of brain tumors. This approach con-
tributes to supporting diagnostic efforts, enhancing the accuracy of early detection, and
reducing reliance on manual interpretation. Nevertheless, one of the key challenges in
developing such models is the limited availability of labeled medical images, especially
for less common tumor types. To address this, image generation techniques such as Gen-
erative Adversarial Networks (GANs) can be employed to artificially expand the training
dataset by creating realistic MRI scans. This augmentation process helps improve the
model’s generalization capability, reduces overfitting, and ultimately enhances detection
performance, particularly when data is scarce or imbalanced.

3 Motivation Behind the Thesis
The motivation behind this research lies in the urgent need to improve diagnostic accuracy
and efficiency in healthcare systems, especially in the early detection of critical diseases
like brain tumors. Traditional diagnostic methods often rely on manual interpretation of
medical images, which can be time-consuming, subject to human error, and limited by
the experience of the radiologist.

With the growing availability of MRI imaging data and the rapid advancements in
deep learning, particularly in Convolutional Neural Networks (CNNs), there is a strong
opportunity to enhance medical image analysis by developing automated, accurate, and
reliable tools.

By applying deep learning techniques to brain MRI images, this study aims to:

• Support early and precise tumor detection, which is crucial for effective treatment
and patient survival.

• Reduce the workload on medical professionals and minimize diagnostic errors.

• Contribute to the ongoing development of AI-powered healthcare solutions, making
healthcare systems smarter, faster, and more accessible.
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• Ultimately, this research seeks to bridge the gap between advanced AI technol-
ogy and real-world medical practice, helping to build more efficient and intelligent
healthcare infrastructures.

4 Contributions

Our contributions to the field of medical image classification, particularly in brain tumor
detection from MRI scans , can be summarized as follows:
• We introduce a deep learning-based diagnostic system that combines Convolutional
Neural Networks (CNNs) with Generative Adversarial Networks (GANs) to improve the
detection of brain tumors in high-resolution MRI scans . The CNN serves as a robust im-
age classifier capable of distinguishing between healthy and tumor-affected brain images
with high accuracy.

• To enhance the diversity and quality of training data, we employ GANs to generate
realistic synthetic MRI scans that simulate both healthy and abnormal cases. This aug-
mentation addresses the challenge of data scarcity and helps improve the generalization
ability of the CNN model, especially when dealing with rare or complex tumor patterns.

• We conduct a comparative evaluation between our CNN-GAN-based approach and
traditional CNN models trained without synthetic data, demonstrating the superior per-
formance of the hybrid system in terms of classification accuracy, sensitivity, and relia-
bility.

• We validate our model on a curated dataset consisting of 5,000 multimodal MRI
images, including 2,000 healthy and 3,000 tumor-labeled scans, sourced from credible
medical imaging databases. The model achieves a high classification performance, indi-
cating its potential for real-world deployment as a clinical decision-support tool.

Overall, this work highlights the practical value of integrating CNNs and GANs in
medical imaging, offering a scalable and accurate solution to assist radiologists and im-
prove diagnostic workflows in healthcare environments.

5 Structure of the Thesis

The rest of this thesis is structured as follows:

• In Chapter 1, explains the general background to the work, which includes general
concepts such as medical image and Machine learning, computer vision, CNN, etc.

• In Chapter 2 ,We will begin by presenting a detailed overview of the baseline
method, highlighting its limitations. This will be followed by a comprehensive
description of our proposed methodology and the specific steps involved.
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• In Chapter 3 ,We will describe the experimental setup and procedures, along with
the evaluation metrics used. Subsequently, we will analyze and discuss the results
obtained.

• Finally, We will draw the general conclusion of the thesis, highlighting the main
outcomes and discussing potential future work and research directions.
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Chapter 1

Work Background

1 Introduction
In the field of artificial intelligence, deep learning (DL) is a process that mimics the
mechanism of human intelligence in processing big data and creating patterns to make
decisions. Deep learning or neural network has been used in many fields such as computer
vision, speech recognition and natural language processing, where it has greatly improved
the accuracy of diagnosis, treatment planning and disease monitoring. In this chapter
we explore the fields of artificial intelligence, computer vision, deep learning and medical
image analysis and how they contribute significantly to improving the fields of healthcare
systems.

2 Definition of Artificial Intelligence
Artificial Intelligence (AI) refers to the capability of machines to mimic human intelligence
and is a key branch of computer science. It enables machines to learn from experience
and perform tasks typically associated with human cognition, such as problem-solving,
reasoning, and natural language understanding [6]. AI developments can be broadly
classified into two main categories.The first includes methods and systems that simulate
human experience and draw conclusions from a set of rules, such as expert systems..
The second includes systems that model the way the brain works,with artificial neural
networks (ANNs) being a prime example [7].

3 Definition of Machine learning
Machine learning, an evolving branch of artificial intelligence, plays a vital role in enabling
machines to gain human like intelligence without the need for explicit programming.
Instead, algorithms learn to recognize patterns and make predictions from examples in
the data. Machine learning involves applying statistical models to data using computers
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and uses a wider range of statistical methods than those typically used in fields such as
medicine. Advanced techniques, such as deep learning, rely on models that make fewer
assumptions about the data, allowing them to process and learn from more complex
datasets [8].

4 Definition of Deep learning
Deep Learning (DL) is a subset of Machine Learning (ML) that provides great flexibility
and learning power by representing the world as concepts with a nested hierarchy, where
these concepts are defined in simpler terms and a more abstract representation that
reflects less abstract concepts.In the case of face recognition, dark or light areas must be
identified first before geometric primitives such as lines and shapes.[9] Each node refers to
an aspect of the entire network, providing a complete representation of the image when
grouped together. Each node has a weight that reflects the strength of its association
with the output. The weights are then adjusted as the model is developed. The benefit of
DL is that it is supported by massive amounts of data. This opens up more opportunities
for innovation[9].

5 Types of learning

5.1 Learning problems
Supervised learning

is the search for algorithms that infer from externally supplied instances to produce
generalized hypotheses, which then make predictions about future instances. The goal
is to build a summary model of the distribution of class labels in terms of predictive
attributes [10].

Unsupervised machine learning

is a machine learning training method for statistical analysis. Its main goal is to dis-
cover hidden properties inherent in a dataset by calculating the commonalities between
unlabeled samples. To avoid the labeling issue in supervised learning, it is often used
as a powerful tool for label-free analysis or irrelevant applications, and has significant
advantages in real-time data analysis [11].

Reinforcement learning

This type of learning is a set of challenges in which users must learn to utilize feedback to
take action in a specific context. Although similar to supervised learning, reinforcement
learning has delayed feedback and a noisy system because it looks for difficult responses
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and models to link causality. Examples of reinforcement learning algorithms include
temporal contrast, deep reinforcement [9].

6 The difference between ML and DL

Machine learning and deep learning are both branches of artificial intelligence. Machine
learning focuses on developing algorithms that can adapt and improve automatically
without human intervention, by using structured data to produce the desired outcomes.
In contrast, deep learning is a specialized subset of machine learning that leverages neural
networks to learn autonomously from unstructured or unlabeled data. Machine learning
applies algorithms to analyze data, extract patterns, and make informed decisions based
on what it has learned. Deep learning, however, structures these algorithms into multiple
layers, forming artificial neural networks capable of learning and making decisions inde-
pendently. These layered models process data step by step, with each layer contributing
a more refined level of analysis [3].
This image shows the difference between Machine learning and Deep learning [9].

Figure 1.1: The difference between DL and ML[9]

7 Computer Vision

Computer Vision is a field focused on understanding and describing the world through
visual data by interpreting, reconstructing, and extracting meaningful features from im-
ages. It involves the development of artificial systems capable of addressing visual tasks
of interest, utilizing various techniques from image processing and analysis to achieve this
goal [12].
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8 Applications of Computer Vision

8.1 Computer Vision for Fabric Defect Detection
Computer vision-based models are increasingly utilized across various applied domains,
particularly in solving industrial problems. In the textile industry, traditional inspec-
tion methods that rely on manual human effort are no longer sufficient or efficient to
meet current production demands. To improve product quality and reduce production
costs, there is a growing need to adopt industrial automation in the inspection process.
Computer vision offers a powerful foundation to bridge this gap by enabling accurate,
fast, and automated inspection systems, which significantly enhance both efficiency and
reliability in textile manufacturing [13].

8.2 Computer Vision for Healthcare research
CV has many potential uses in the healthcare sector; scientific research and technological
advancements indicate this. This will have a significant positive impact on both patients
and medical institutions. The amount of data about healthcare is growing exponentially.
It has excellent potential to be mined and analysed to provide better, individualised
treatment, lower medical mistakes, and allow early illness diagnosis. Medical image
analysis, predictive analysis, health monitoring, and many more CV applications are
used in healthcare to help medical professionals diagnose patients more accurately. CV
application in the healthcare industry helps advance medical research, enhance patient
care, and enhance medical procedures and treatments. It helps medical practitioners
make better choices about patient care [14].

8.3 Computer Vision for Dynamic Intrusion Surveillance and Threat
Analysis

Computer vision techniques play a pivotal role in the development of intelligent surveil-
lance systems by analyzing live video feeds in real-time, enabling rapid and accurate
detection of unauthorized individuals or activities. These techniques rely on a range of
advanced algorithms such as motion detection and tracking, as well as face recognition,
to enhance the accuracy and efficiency of detection processes and distinguish between dif-
ferent elements within security scenes. The application of these algorithms demonstrates
a high capability to handle diverse security scenarios, thereby improving the reliability
and performance of dynamic surveillance and threat analysis systems [15].

8.4 Computer Vision for Analyse medical images
Computer vision (CV) plays a pivotal role in medical image analysis, particularly in the
detection and classification of tumors. Initially applied to brain tumor identification,
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recent advancements have expanded its capabilities to detect lung tumors and other
malignancies with improved sensitivity and accuracy. By integrating machine learning
(ML) algorithms, CV systems can analyze CT, MRI, and biopsy images more quickly
and precisely than human clinicians, significantly enhancing cancer screening and early
diagnosis.

CV mimics the human brain’s visual recognition ability by training on large datasets
using pattern recognition and deep learning techniques. These models have proven effec-
tive in dermatology, identifying malignant skin developments through the examination of
sequential photos or videos. In ophthalmology, CV is increasingly used to detect clinically
relevant features for both diagnostic and predictive purposes.

Moreover, healthcare CV helps reduce the diagnostic workload by enabling even less-
experienced practitioners to objectively and efficiently interpret medical images. Deep
convolutional neural networks (CNNs) are widely applied in radiology, particularly for
classifying benign and malignant nodules in lung CT scans. Thanks to these capabili-
ties, CV has become a critical tool in modern medicine, enhancing diagnostic accuracy,
accelerating treatment decisions, and supporting more personalized patient care [14].

8.5 Computer Vision for Remote health monitoring

Remote health monitoring scenarios, self-service accessibility, and other benefits of medi-
cal automation for patients are made possible by the numerous CV medical applications.
The most important thing to remember is that CV applications in medical contexts
save lives and lessen medical procedures’ severity, trauma, and expense. Using CV in
treatment planning helps clinicians better comprehend the impact of different treatment
modalities by comparing photos taken before and after the therapy on patients. Doctors
can watch patients remotely and promptly treat patients, particularly the elderly, us-
ing computer vision. Home-based patient monitoring and rehabilitation are examples of
CV applications in healthcare, where clinicians digitally watch patients’ vitals and follow
their progress [14].

8.6 Computer Vision for Reduce treatment time

This system reads images in real time while assisting in image processing to detect par-
ticular sickness symptoms. When a CV is appropriately used in medicine, it may help
reduce the time wasted on pointless diagnostic tests and provide medical professionals
with the tools they need to order more precise diagnoses and successful treatments. CV
has developed to the point where it can now assist with various medical duties and other
functions. As a result, an increasing number of professionals may now benefit from a
range of benefits that these breakthroughs have brought about [14].
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8.7 Computer Vision for Lowering diagnostic mistakes

Using CV in healthcare applications benefits both clinicians and patients. By offering an
opinion on diagnostic findings and spotting the minor irregularities and deviations from
the norm that doctors may miss during manual observations, CV mainly assists clinicians
in lowering the number of diagnostic mistakes and false positives. To preserve a patient’s
life, physicians must diagnose certain illnesses, including cancer, in the early stages.
Both false-negative and false-positive findings have the potential to be very damaging.
In such circumstances, a patient may either delay initiating therapy or base essential
choices on their understanding of a supposedly nonexistent ailment. In specific ways, CV
eliminates the risk of human mistakes and helps radiologists. It may assist clinicians in
the early detection of a variety of diseases. Healthcare practitioners may visualise data
in 3D, which is more informative than 2D using computer vision, and they can decide
on patient treatment with knowledge. CV is also a practical answer to the shortage of
radiologists and MRI technicians in the healthcare industry [14].

9 Medical image

Medical imaging is an essential part of disease diagnosis and treatment and represents
various imaging modalities. These include X-rays, computed tomography (CT), and mag-
netic resonance imaging (MRI). These modalities play a vital role in revealing anatomical
and functional information about various body organs for diagnostic and research pur-
poses. Medical imaging is also an essential aid in modern healthcare systems. Machine
learning plays a vital role in CADx with its applications in tumor segmentation, cancer
detection, classification, and image processing [16].

9.1 X-rays

X-rays are a form of electromagnetic radiation , A definite value of wavelength, amplitude,
frequency and velocity are the main advantage of electromagnetic waves. X-rays are a
medical imaging technique ,used to identify hard tissues and bone structures. In an X-
Ray system the patient is exposed to X-ray radiation (which have frequency in the range
of 1016- 1019 Hz and wavelength in the range of nanometers 109)and the reflection is made
to be produced on 2-dimensional projection radiographs. The X-ray images are a 2-D
projection of the internal body organs in different shades of black and white owing to the
varied amount of absorption of radiations by bones and tissues [17].
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Figure 1.2: pine and Feet X-RAy (left and right) [17]

9.2 Magnetic resonance imaging (MRI)

MRI is basically a non-invasive technology which produces detailed anatomical images
without the damaging radiation as is the case in X-Ray radiography. In magnetic reso-
nance imaging technology, the subject under study is subjected to strong magnetic field
align the protons in the body according to that field.Basically, the protons in the body
spin out of equilibrium and begin to strain under the pull of magnetic force when radio
frequency current is pulsated through the human body [17].

Figure 1.3: MRI scans showing axial and sagittal views of the brain (left and right) [17].

9.3 Computerized tomography (CT scan)

Computed tomography, also known as computed tomography, was introduced as a clinical
application in 1971 as a development of X-ray imaging technology that was limited to
axial images of the body. CT has become an essential tool in patient treatment and
follow-up programs and is widely used in radiation therapy procedures [17].
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Figure 1.4: Computed Tomography of heart for pneumonia [17]

9.4 Ultrasound (US)
A typical medical ultrasound system consists of a transmitting probe, which emits a
pulsed signal with frequencies ranging from 20 kilohertz to several gigahertz, and a re-
ceiving display. This facilitates the production of real-time images of living tissues within
the body. Sound waves propagate through the body and reach soft tissue, fluid, or bone.
These waves are reflected off flat surfaces within the body and recorded and displayed on
a computer. Ultrasound is used diagnostically to image internal body structures, such as
joints, tendons, ovaries, uterus, tendons, and muscles, and most importantly in obstetrics.
It is also used to visualize temporal changes in tissue, blood location, cyst presence, and
tissue stiffness and movement by exploiting the acoustic impedance of tissue [17].

Figure 1.5: Fundamental algorithms generally used in US imaging analysis. (a) Image
classification of whether the fetal US image contains a diagnostically useful cross-section
such . (b) Detection of the fetal heart for evaluation of fetal heart structure. (c) Segmen-
tation of the boundaries or regions of the fetal heart to measure the fetal cardiac index
such as cardiothoracic area ratio (CTAR) [18]

9.5 Emission Computed Tomography
SPECT (Single Photon Emission Computed Tomography) and PET (Positron Emission
Tomography) are two medical imaging techniques that fall under the umbrella of Emission
Computed Tomography (ECT). These imaging methods utilize radioactive substances to
examine various physiological properties and patterns within the body. In SPECT, the
term ”single” refers to the emission of a single photon resulting from radioactive decay,
whereas in PET, the decay results in the emission of a single positron. ECT operates
on the tracer principle, which posits that the physiological processes of the body can be
assessed by tracking the gamma rays emitted from these radioactive materials. PET, as
a form of nuclear medicine imaging, allows for the visualization of various functional and
metabolic processes occurring within the body [17].

12



Chapter 1. Work Background

10 Image segmentation
It is a specific image processing technique used to divide an image into two or more
meaningful regions. Image segmentation can also be considered the process of identifying
boundaries between separate semantic entities in an image. From a technical perspective,
image segmentation is the process of assigning a label to each pixel in an image, such
that pixels with the same label are associated with specific visual or semantic properties
[19].

Figure 1.6: Semantic Image Segmentation [19]

11 Artificial Neural Network (ANN)
ANNs are artificial adaptive systems that are inspired by the functioning processes of
the human brain. They are systems that are able to modify their internal structure in
relation to a function objective. They are particularly suited for solving problems of the
nonlinear type, being able to reconstruct the fuzzy rules that govern the optimal solution
for these problems.

• The basic elements of an artificial neural network are the nodes, called processing
elements (PE), and the connections. Each node has its own inputs, from which
it receives communications from other nodes, and each node has a function that
converts its global inputs into outputs [20].

• In mathematical terms, the function of a neuron is expressed as follows:

vk =
m∑

j=1
wkjxj (1.1)

yk = φ(vk + bk) (1.2)

• A function that receives an input signal and produces an output signal after a
certain threshold value is called an activation function. However, artificial neural
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Figure 1.7: Input and output of information from neurons [21]
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Figure 1.8: A sigmoid function.

networks use different functions other than activation functions, and most of them
use sigmoid functions, which are also called logistic functions. The sigmoid function
is easy to calculate compared to other functions and is expressed by the following
equation.

σ(x) = 1
1 + e−x

(1.3)

• The hyperbolic tangent (tanh) activation function is another commonly used non-
linear activation function in neural networks [22].

f(x) = tanh(x) = ex − e−x

ex + e−x
(1.4)

• Rectified linear unit function (ReLU) provides a very simple nonlinear transforma-
tion [22]:

ReLU(x) =

x, if x > 0

0, if x ≤ 0
(1.5)

• We also have loss functions, used to evaluate the performance of the model between
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Figure 1.9: Rectified Linear Unit function [22]

expected values and actual values, best known as MSE and MAE:

• Mean Absolute Error: Absolute Error, also known as L1 loss, is the absolute
difference between a predicted value and the actual value.

L1 = |yactual − ypredicted| (1.6)

MAE = 1
N

N∑
i=1

|yi − ŷi| (1.7)

Here, N is the number of data samples, yi is the true value, and yˆi is the predicted
value. Mean Absolute Error is a simple yet robust loss function used in regression
models. [23]

• Mean Squared Error: Squared Error Loss, also known as L2 loss, is the squared
difference between the prediction and actual values.

L2 = (yactual − ypredicted)2 (1.8)

MSE = 1
N

N∑
i=1

(yi − ŷi)2 (1.9)

Here, N is the number of data samples, yi is the true value, and yˆi is the predicted
value. MSE is also referred to as a quadratic loss because the penalty is squared
rather than directly proportional to the error. The outliers are given more weight
when the error is squared, creating a smooth gradient for minor errors[23].

11.1 The biological inspiration for ANN
A neuron (or nerve cell) is a special biological cell that processes information . It is
composed of a cell body, or soma, and two types of out-reaching tree-like branches:
the axon and the dendrites. The cell body has a nucleus that contains information
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about hereditary traits and a plasma that holds the molecular equipment for producing
material needed by the neuron. A neuron receives signals (impulses) from other neurons
through its dendrites (receivers) and transmits signals generated by its cell body along
the axon (transmitter), which eventually branches into strands and substrands. At the
terminals of these strands are the synapses. A synapse is an elementary structure and
functional unit between two neurons (an axon strand of one neuron and a dendrite of
another). When the impulse reaches the synapse’s terminal, certain chemicals called
neurotransmitters are released. The neurotransmitters diffuse across the synaptic gap,
to enhance or inhibit, depending on the type of the synapse, the receptor neuron’s own
tendency to emit electrical impulses [24].

Figure 1.10: A sketch of a biological neuron [24]

11.2 Architecture of Artificial Neural Network

The addition of hidden units allows the network to develop complex feature detectors:

Figure 1.11: Hidden units in a Multi-layer Perceptron [22]
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12 Convolutional Neural Network (CNN)

12.1 Definition of Convolutional Neural Network

In deep learning, Convolutional Neural Networks (CNNs), also known as ConvNets, rep-
resent a prominent class of neural networks that are frequently employed for analyzing
visual data. CNNs are widely used in the field of computer vision due to their ability to
automatically and efficiently extract features from images. The name ’convolutional’ is
derived from the structure of their hidden layers, which typically include convolutional
layers, pooling layers, and fully connected layers. CNNs are applied to a variety of tasks,
including image classification, visual data processing, and regression-based predictions.

Figure 1.12: Convolutional Neural Network [25]

12.2 Convolutional layer

The first convolutional layer is a key component in any CNN architecture. It includes a
set of convolutional filters (also known as kernels) that are applied to the input image
(represented as N-dimensional matrices) through a convolution operation to produce an
output feature map [26].
Activation map =Input * Filter

Output(p, q) =
columns−1∑

y=0

rows−1∑
x=0

Input(p − x, q − y) · Filter(x, y) (1.10)

Figure 1.13: Convolutional Layer [27]
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Convolution Operation

To understand the convolution operation, consider a grayscale image with dimensions
4×4 and a 2×2 kernel initialized with random weights. During the convolution process,
the 2×2 kernel is slid across the entire 4×4 image both horizontally and vertically. At
each position, the corresponding values of the kernel and the image patch are multiplied
element-wise, and the results are summed to produce a single scalar value in the output
feature map. This operation is repeated until the kernel has moved over all valid positions
of the image and can no longer slide further [26].

Figure 1.14: Illustrating the first 5 steps of convolution operation [26]

12.3 Pooling layer

The pooling layer plays a crucial role in reducing the spatial dimensions of the convolved
features, thereby decreasing the computational complexity required for training. This
dimensionality reduction not only enhances efficiency but also facilitates the extraction
of dominant features that are invariant to position and rotation, thus supporting robust
and efficient model training [25]. The pooling layer processes each activation map in the
input and reduces its dimensionality by applying the ”MAX” function. This technique is
commonly used in most convolutional neural networks (CNNs) [28].

Max Pooling

Max Pooling is a technique that selects the maximum value from each submatrix within
the activation map and constructs a new matrix from these values. This process helps
reduce the number of learnable features, thereby simplifying the model, while still pre-
serving the most important and distinctive features of the original image. Max Pooling
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is usually done using a 2x2 filter [29].

Figure 1.15: An example showing some of the initial steps as well as the final output of
the Maximum Aggregation process[26]

12.4 Fully connected layer

The final part or layers of any Convolutional Neural Network (CNN) designed for classi-
fication typically consists of fully connected (FC) layers. In these layers, each neuron is
connected to every neuron in the previous layer. The last fully connected layer functions
as the output layer, serving as the classifier for the CNN. Fully connected layers are a
type of feed forward artificial neural network (ANN) and are based on the principles
of the traditional multi-layer perceptron (MLP) architecture. These layers receive their
input from the last convolutional or pooling layer in the form of feature maps. These
feature maps are flattened into a one dimensional vector, which is then passed through
the fully connected layers to produce the final output of the CNN [26].

Figure 1.16: The architecture of Fully Connected Layers [27]
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13 CNNS Work

13.1 Input (The Training Data)
he input layer in a neural network is typically represented in three dimensions: width,
height, and depth. This is often written as width × height × depth, where the input is
a matrix of pixel values. For instance, an input of (64×64×3) means the image has:
- Width: 64 pixels.
- Height: 64 pixels.
- Depth: 3, which refers to the color channels (Red, Green, Blue) in an RGB image.
Usually, the input layer dimensions are even numbers, allowing them to be repeatedly
divided by 2 during operations like pooling or convolution without loss of structure.

13.2 Filter
Also called kernels or feature detectors, filters are small matrices used for feature de-
tection. Each kernel is a grid of discrete values, where each value represents a weight.
At the start of CNN training, these weights are usually initialized randomly, though
other initialization methods may be applied [26]. During training, over multiple epochs,
the weights are gradually updated, enabling the kernel to learn and extract meaningful
features from the input data [29].

13.3 Convolved Feature
The Convolved Feature, also known as the Feature Map or Activation Map, is the output
generated when a filter moves across the input image. At each position, the filter computes
the dot product with the corresponding submatrix of the image, resulting in an output
volume that captures the presence of specific features [29].

13.4 Receptive Field
The Receptive Field refers to the specific region of the input matrix that matches the
size of the filter. This is the portion of the input that the filter interacts with at each
step during the convolution process [29].

13.5 Depth
The number of filters [29].

13.6 Depth Column
Also known as a fiber, it is a cluster of neurons that all respond to the same receptive
field [29].
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13.7 Stride

Stride determines how far the filter moves after each convolution step. A larger stride
results in a smaller output volume. For example, with a stride of 2, the filter shifts
by 2 columns after each convolution. It is important to choose the stride so that the
output volume remains an integer. Smaller stride values are typically used to achieve
more precise results [29].

13.8 Zero Padding

Zero padding involves adding zeros around the edges of the input volume to preserve
the spatial dimensions of both the input and output volumes. Without zero padding,
information at the borders of the image may be lost, and the dimensions of the volume
will shrink, which can reduce performance [29].

13.9 Parameter Sharing

When a specific feature appears frequently across many images, it is efficient to use
parameter sharing to detect that feature in all images. However, this practice is not very
common. For example, in face detection, if the face always appears in the same position
in each image, there may be no need to repeatedly search for facial features[29].

13.10 Dilation

Dilation refers to filters that contain gaps between their cells. For example, consider a
one-dimensional filter W of size 3 and an input X:

• With a dilation rate of 0:

w[0] × x[0] + w[1] × x[1] + w[2] × x[2]

• With a dilation rate of 1:

w[0] × x[0] + w[1] × x[2] + w[2] × x[4]

This spacing allows the filter to cover a wider area without increasing its size [29].

13.11 ReLU Layer

The ReLU layer applies an activation function element-wise that transforms all negative
values to zero, effectively setting the threshold at zero. This operation does not change
the volume or affect any hyperparameters [29].
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14 Popular CNN Architectures

14.1 LeNet

Currently, the development of LeNet has reached the LeNet-5 version. This version is a
gradientbased CNN learning structure and was first introduced for digital handwriting
character recognition [27].

Figure 1.17: LeNet-5 Architecture [27]

14.2 AlexNet

This architecture is one of CNN architectures with a basic, simple,yet effective layer
design.AlexNet has five convolutional layers, followed by a pooling layer on its fourth
layer and three layers of a fully connected layer on its fifth. In AlexNet architecture, the
convolutional kernels are extracted during the back-propagation optimization procedure
by optimizing with the stochastic gradient function[29].

14.3 VGGNet

The latest version of VGGNet is VGGnet-16. This architecture employs 13 convolutional
layers and 3 fully connected layers. The size of the convolutional layer in VGG16 is 3×3
with an aggregation and padding layer of size 1. Meanwhile, the size of the aggregation
layer is 2C2 with a step size of 2. The resolution of the input image in VGG-16 is
224×224[27].

Figure 1.18: VGGNet Architecture [27]
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15 Generative Adversarial Networks (GANs)

15.1 What Is The Generative Adversarial Networks

Generative Adversarial Networks (GANs) are a type of artificial intelligence algorithm
developed to address the problem of generative modeling. The primary objective of a
generative model is to analyze a set of training data and learn the underlying probability
distribution that produced those examples. Once trained, GANs can generate new, sim-
ilar examples by sampling from the learned distribution [30]. While deep learning-based
generative models are widely used, GANs stand out as some of the most effective, partic-
ularly for generating highly realistic, high-resolution images. They have been applied to
a broad range of tasks, primarily in research contexts. However, GANs still pose unique
challenges and open research questions, as they rely on game-theoretic principles, in con-
trast to most other generative models that are based on standard optimization techniques
[30].

15.2 How Does The GAN Work

GANs are inspired by game theory, where the generator and the discriminator compete
with each other during the training process in an attempt to reach a Nash equilibrium.
The principle of generator G is to generate fake data as much as possible to fit the

Figure 1.19: The architecture of Generative Adversarial Networks[31]

potential distribution of real data, while the principle of discriminator D is to correctly
distinguish real data from fake data. The input of the generator is a random noise vector
z (usually a uniform or normal distribution). The noise is mapped to a new data space
via generator G to obtain a fake sample, G(z), which is a multi-dimensional vector. And,
the discriminator D is a binary classifier, it takes both the real sample from dataset, and
the fake sample generated by generator G as the input, and the output of discriminator
D represents the probability that the sample is a real rather than a fake. When the
discriminator Dcannot determine whether the data comes from the real dataset or the
generator, the optimal state is reached. At this point, we obtain a generator model G,
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which has learned the distribution of real data [31]. The generator and the discriminator
can be viewed as two competing players, each with its own objective function, denoted
as J(G) and J(D), respectively. The discriminator D, acting as a binary classifier, is
trained using a cross-entropy loss function defined as:

J(D) = −1
2
Ex∼pdata

[log D(x)] − 1
2
Ez∼pz [log(1 − D(G(z)))] (1.11)

Here, x represents a real data sample drawn from the true data distribution pdata, and
z is a noise vector sampled from a prior distribution pz (typically uniform or normal).
The generator maps z to a synthetic data sample G(z), which is then evaluated by the
discriminator.

The discriminator’s objective is to maximize the probability of correctly identifying
real samples and minimizing the probability of misclassifying fake samples generated by
G. Hence, it seeks to make D(x) → 1 and D(G(z)) → 0. Conversely, the generator aims
to deceive the discriminator by generating samples that are indistinguishable from real
data, thus driving D(G(z)) → 1.

This adversarial relationship between the generator and discriminator forms a zero-
sum game, where the improvement of one network leads to a loss for the other. Conse-
quently, the generator’s loss function can be defined as the negative of the discriminator’s
loss [31]:

J(G) = −J(D) (1.12)

16 Conclusion
In conclusion, this chapter has explored an overview of some basic and important con-
cepts, including deep learning, neural networks, and computer vision techniques in the
field of medical image analysis and classification to diagnose medical conditions, and we
have highlighted the importance of these techniques in improving healthcare systems.Our
goal was to provide some details about the background of the work, making it easy to
understand and clearly contextualized.
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Chapter 2

Proposed Method

1 Introduction

The increasing global burden of brain tumors has intensified the need for accurate and
efficient diagnostic systems. Magnetic Resonance Imaging (MRI) plays a crucial role in
brain tumor detection due to its high-resolution imaging capabilities. However, manual
interpretation of MRI scans remains time-consuming and prone to human error, especially
in regions with limited access to experienced radiologists. To address these challenges,
researchers have turned to artificial intelligence, particularly deep learning, to automate
and improve the diagnostic process.

This chapter presents a comprehensive approach to brain tumor classification using
convolutional neural networks (CNNs) and Generative Adversarial Networks (GANs). It
begins by describing the structure and distribution of a multimodal MRI dataset used
for training, validation, and testing. It then outlines the proposed classification pipeline,
including preprocessing techniques and the architecture of a lightweight CNN designed
for binary classification (tumor vs. no tumor). Furthermore, the chapter introduces
the integration of GANs for synthetic data generation, enhancing the dataset and miti-
gating overfitting challenges. This combination of CNN and GAN aims to increase the
generalizability of the model and improve the classification accuracy on limited medical
datasets.

2 An Overview on The Proposed Method

Brain tumors cause a high mortality rate around the world. Therefore, the automatic
classification of brain tumors has attracted a lot of attention from researchers. Designing
a system capable of accurately and effectively identifying tumors without human inter-
vention is a major challenge. Figure 2.1 provides a general description of the classification
of brain tumors. Figure 2.1 illustrates the main steps, which are the pre-processing and
segmentation of medical MRI images, the extraction and selection of the most relevant
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features, and finally the application of machine learning algorithms.

Brain MRI Image Data

Image Processing(Canny Edge Detection, Image Cropping)

Training And Testing

Classification(CNN Model, GAN Model)

Yes
No Positive / CancerousNegative / Non Cancerous YesNo

Figure 2.1: General outline for detecting brain tumors.

The proposed work includes an automatic detection process and a diagnosis model to
predict brain tumors on MRI images. The first step involves acquiring data in the form
of brain MRI images from the Kaggle dataset. Each image is then processed individually
using various pre-processing techniques, namely resizing, cropping, Subsequently, the pre-
processed images were processed with a training and testing phase with pre-trained CNN
models and GAN to predict brain disease.

26



Chapter 2. Proposed Method

Original MRI dataset

CNN design and training GAN network design

MRI image training on GAN

Synthetic data generation via trained GAN

Extended dataset

Extended data training on CNN

Tumor classification with improved accuracy

Figure 2.2: Diagram showing the classification of brain tumors by CNN and GAN

3 The CNN Model
The proposed method starts with the design of a lightweight convolutional neural network
(CNN) to classify MRI images: tumor or no tumor. The network architecture consists
of three convolutional layers followed by maximally dense clustering layers, providing a
balance between performance and computational efficiency. Some of the basic structures
used in CNNs are as follows.

• Convolutional layers (Conva 2D): Three layers with each layer containing 32 filters
of size (3×3) with a ReLU activation function were used to add nonlinearity.

• Layers MaxPooling2D:Used to reduce the dimensions of an image to reduce the
number of coefficients and improve efficiency by taking maximum values from small
areas (2×2).

• Layer Flatten:To convert the data from the convolutional layers into a flat vector
form that can be fed into the layers Dense.

• Two layers Dense:The Fully Connected Layer uses two layers, the first layer contains
32 neural units that receive the input from the previous layer, while the second
layer contains two units dedicated to binary classification, such as “tumor” and “no
tumor”.

- Activation function:The ReLU activation function encourages the model to learn
quickly and avoids the problem of vanishing gradients. The output layer does not
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Layer (type) Output Shape Param #
conv2d_15 (Conv2D) (None, 62, 62, 32) 896

max_pooling2d_10 (MaxPooling2D) (None, 32, 32, 32) 0
conv2d_16 (Conv2D) (None, 32, 32, 32) 9,248

max_pooling2d_11 (MaxPooling2D) (None, 16, 16, 32) 0
conv2d_17 (Conv2D) (None, 16, 16, 32) 9,248
flatten_5 (Flatten) (None, 8192) 0
dense_10 (Dense) (None, 32) 262,176
dense_11 (Dense) (None, 2) 66

Table 2.1: Table showing the CNN structure in MRI image classification

contain activations (logits) because it is used with SparseCategoricalCrossentropy(from-
logits=True).
- Kernel size: A 3×3 pixel filter kernel in each convolutional layer.
- Stride: The default step when moving is 1 in each direction.
- Padding ’same’: Maintains image dimensions after wrapping by appropriate padding.
- Loss function:Suitable for multi-class classification (here 2 classes), without activating
softmax in the output layer.
- Learning rate: Default update rate for the Adam algorithm.
- Epochs: We used 10 epochs to train the model.

• This miniaturized design was chosen to minimize overlearning and reduce train-
ing time, while maintaining a robust feature extraction capability, especially when
dealing with small medical datasets.

• In this project, we designed a new CNN model to achieve a balance between accu-
racy, computational efficiency, and training speed, rather than using existing CNN
networks for several reasons:
- Lightweight: The designed model contains far fewer layers and parameters.
- Simplicity of the task: Since the classification task is binary (tumor/healthy) and
the images are small in size (64×64), there is no need for deep and complex models
to achieve good performance.
- Designing the model from scratch gives us complete control over the architecture,
making it easy to modify layers and filters to suit the nature of the data.
Pre-trained models are usually huge and can lead to overfitting, especially when
dealing with limited data.

4 The GAN Model
We used GAN to generate new images that simulate real MRI images, the model con-
sists of two parts, the Generator and the Discriminator, we trained the generator to
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produce images with dimensions of 128×128 pixels (gray images) based on the real im-
age data, the generator is randomly oriented from (latent space) and passes through a
chain (Conv2DTranspose) that gradually scales the dimensions from 256×8×8 to the
final image of 128×8×1.

Figure 2.3: Examples of Glioma Tumor MRI Images Used in Training

The generator is randomized from latent space and passes through the Conv2DTranspose
chain, which gradually enlarges the dimensions from 256×8×8 to the final 128×128×1
image, while the discriminator receives real or fake images to compare them, so that the
generator can produce high-resolution images.

Layer (type) Output Shape Param #
dense_9 (Dense) (None, 16384) 1,638,400
batch_normalization_30 (BatchNormalization) (None, 16384) 65,536
leaky_re_lu_42 (LeakyReLU) (None, 16384) 0
reshape_6 (Reshape) (None, 8, 8, 256) 0
conv2d_transpose_24 (Conv2DTranspose) (None, 16, 16, 128) 819,200
batch_normalization_31 (BatchNormalization) (None, 16, 16, 128) 512
leaky_re_lu_43 (LeakyReLU) (None, 16, 16, 128) 0
conv2d_transpose_25 (Conv2DTranspose) (None, 32, 32, 64) 204,800
batch_normalization_32 (BatchNormalization) (None, 32, 32, 64) 256
leaky_re_lu_44 (LeakyReLU) (None, 32, 32, 64) 0
conv2d_transpose_26 (Conv2DTranspose) (None, 64, 64, 32) 51,200
batch_normalization_33 (BatchNormalization) (None, 64, 64, 32) 128
leaky_re_lu_45 (LeakyReLU) (None, 64, 64, 32) 0
conv2d_transpose_27 (Conv2DTranspose) (None, 128, 128, 16) 12,800
batch_normalization_34 (BatchNormalization) (None, 128, 128, 16) 64
leaky_re_lu_46 (LeakyReLU) (None, 128, 128, 16) 0
conv2d_18 (Conv2D) (None, 128, 128, 1) 401

Table 2.2: The generator structure shows the output forms and the number of parameters.

• TheTable 2.3 shows a summary of the GAN discriminator architecture created using
the Keras library. We note from the results that the highest value of the coefficients
is in the last layer of Conva2D (819,456), due to the increase in the number of filters.
The model also contains a total of 1,092,865 parameters, which is an appropriate
number for this type of task.
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Layer (type) Output Shape Param #
conv2d_19 (Conv2D) (None, 64, 64, 32) 832
leaky_re_lu_47 (LeakyReLU) (None, 64, 64, 32) 0
dropout_12 (Dropout) (None, 64, 64, 32) 0
conv2d_20 (Conv2D) (None, 32, 32, 64) 51 264
leaky_re_lu_48 (LeakyReLU) (None, 32, 32, 64) 0
dropout_13 (Dropout) (None, 32, 32, 64) 0
conv2d_21 (Conv2D) (None, 16, 16, 128) 204 928
leaky_re_lu_49 (LeakyReLU) (None, 16, 16, 128) 0
dropout_14 (Dropout) (None, 16, 16, 128) 0
conv2d_22 (Conv2D) (None, 8, 8, 256) 819 456
leaky_re_lu_50 (LeakyReLU) (None, 8, 8, 256) 0
dropout_15 (Dropout) (None, 8, 8, 256) 0
flatten_3 (Flatten) (None, 16384) 0
dense_10 (Dense) (None, 1) 16 385

Table 2.3: The Discriminator structure shows the output forms and the number of pa-
rameters.

5 Masure The Size of The Model using FLOPs

The number of floating operations represents the amount of calculations required to pro-
cess an image captured during forward pass within the neural network. It was calculated
manually using the following equation:

FLOPs = Hout × Wout × Kh × Kw × Cin × Cout × 2 (2.1)

- Manual FLOPs calculation: 321,159,168.
This formula was applied to all Conv2D and Conv2DTranspose layers of the generator,
ignoring the effects of Batche and LeakyReLU. where the calculation result for the gen-
erator FLOPs is approximately 2.7 billion calculations. The number of operations also
expresses the number of learnable weights within the model, which is a direct measure
of the model size in memory. These values were extracted using the () model. summray
function from the Keras library.

6 CNN-GAN hybrid scheme

First, we trained the GAN on yes images to generate similar synthetic images. Then, the
generated images were used as part of the CNN training data by feeding them through a
dynamic generator during training. Finally, the CNN was trained using the original data
and the synthetic images generated by the GAN.
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Training GANs on
”tumor” images

Generating similar
synthetic images

Merging syn-
thetic images

with original data

Training CNNs
on new data

Figure 2.4: Demonstrates how to combine a CNN model and a GAN model.

7 Conclusion
n conclusion, this chapter outlined the dataset preparation, preprocessing techniques, and
the architecture of the proposed models for brain tumor classification using MRI images.
A structured approach was employed, beginning with data acquisition and distribution,
followed by the development of a lightweight CNN for classification and the integration
of a GAN model for data augmentation. These methods collectively aim to improve
detection accuracy and generalization, especially when dealing with limited medical data.
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Chapter 3

Experimental Results

1 Introduction
Building on the detailed presentation of our methodology and its implementation in the
previous chapter, this chapter focuses on the experimental results. It delves into the key
aspects of our approach and outlines the steps taken to obtain and analyze these results.

2 Experimental Setup
This section describes the details of the experimental environment, including the data
set, development tools, and metrics used to evaluate performance.

2.1 Dataset Description

This dataset contains a collection of multimodal medical images, specifically MRI for
detecting brain tumors. It also includes high-resolution MRI images with 5000 images
classified as healthy (no) 2000 images and tumor (yes) 3000 images, collected from dif-
ferent sources and optimized for maximum accuracy.

(a) Healthy (b) Tumor

Figure 3.1: Comparison between healthy and tumor MRI images
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• First, we divided the data consisting of two categories (yes, no) into three folders:
Training, Test, and Valid, as shown in the table below:

Class Train Validation Test
healthy (no) 1400 200 400
tumor (yes) 2400 300 600

Table 3.1: Distribution of MRI images across training, validation, and test sets.

• Second, we categorized the images into yes and no in each file in different propor-
tions as follows:
70% training,
20% testing,
10% validation.

2.2 Development Frameworks
The model was implemented using Python 3.10. We used [Keras/TensorFlow/PyTorch...etc]
to build neural networks, along with libraries such as NumPy and Matplotlib...etc. for
preprocessing, visualization, and evaluation. Experiments were conducted on Google
Colab with GPU acceleration enabled.

Google Colab

Google Colaboratory, often known as “Google Colab” or simply “Colab”, is a research-
focused platform designed for building and testing machine learning models using power-
ful hardware like GPUs and TPUs. It offers a cloud-based, serverless Jupyter notebook
environment that supports interactive coding and experimentation.

Just like other G Suite tools, Colab is free to use, making it a popular choice for
students, researchers, and developers working on AI and data science projects[32].

Python

Python is a modern and versatile programming language that supports multiple paradigms,
including object-oriented, functional, and imperative styles. Its clear syntax and user-
friendly design make it an excellent choice for beginners. Although primarily known as a
scripting language, it also offers the ability to be compiled into machine-readable bina-
ries. One of its biggest advantages is that it allows developers to write programs using
significantly fewer lines of code compared to languages like C++, Java, or C [33].

TensorFlow

is a library for high-performance numerical computations . It’s used across various sci-
entific fields. TensorFlow is a framework for defining and running computations that
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involve tensors, which are partially defined computational objects that eventually pro-
duce a value. Key features of TensorFlow are Better computational graph visualizations,
reduces error by 50 to 60 percent in neural machine learning, , TensorFlow is particularly
useful for Speech and image recognition, Text-based applications, Time-series analysis,
and Video detection[34].

NumPy

is the fundamental package for numerical computation in Python; it contains a powerful
N-dimensional array object. NumPy also addresses the slowness problem partly by pro-
viding these multidimensional arrays as well as providing functions and operators that
operate efficiently on these arrays. Key features of NumPy are Provides fast, precompiled
functions for numerical routines, Array-oriented computing for better efficiency, Supports
an object-oriented approach, and Compact and faster computations with vectorization.
NumPy is particularly useful for Extensively used in data analysis, Creates a powerful
N-dimensional array[34].

Pandas

is a must in the data science life cycle. It is the most popular and widely usedPython
library for data science, along with NumPy in matplotlib. , it is heavily used for data
analysis and cleaning. Pandas provide fast, flexible data structures, such as data frame
CDs, which are designed to work with structured data very quickly and intuitively. Key
features of Pandas are Eloquent syntax and rich functionalities that gives you the freedom
to deal with missing data [34].

Matplotlib

Matplotlib has powerful yet beautiful visualizations. It’s a plotting library for Python
, it’s extensively used for data visualization. It also provides an object-oriented API,
which can be used to embed those plots into applications. Key features of Matplotlib are
Usable as a MATLAB replacement, with the advantage of being free and open-source,
Supports dozens of backends and output types, which means you can use it regardless of
which operating system you’re using or which output format you wish to use [34].

Keras

The Keras [35]library provides a high-level programming interface for building neural
networks. It can work on top of TensorFlow, Microsoft Cognitive Toolkit (CNTK) or
Theano [36] . The library is written entirely in Python and is distributed under the MIT
license. Current version 2.3.1 The library is based on the following principles: ease of
use, modularity,extensibility [37].
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PyTorch

PyTorch was launched in 2016 and revolves around the idea of keeping the API simple,
allowing it to be quickly modified and kept up to date with the latest trends in the field
of AI [38].It does so by adhering to three main principles, of which the first is the method
through which its functions are defined. The framework defines all its components in a
pythonic way, the intent being to make it easily usable to users who are already familiar
with the Python programming language.On the same topic of simplicity, the fact that
components are defined through interfaces is the second principle of PyTorch. Through
this, the complexity of defining and using components is masked by simple initializations
and function calls, leading to a clearer identification of core neural networking concepts
and therefore an easier learning curve[39].

2.3 Evaluation metrics

Evaluation metrics are essential tools for measuring the performance of machine learning
models across various applications such as classification detection. Here, we discuss the
main metrics used in classification tasks.

Accuracy

It is a measure of the performance of models in classifying and segmenting data and is
expressed mathematically as follows:

Accuracy = Number of Correct Predictions
Total Number of Predictions (3.1)

It shows how well the model performs in predicting correctly and is used to compare
models and indicates the model’s ability to predict new data.

Confusion Matrix

The confusion matrix [40] is typically used in machine learning to evaluate or to visualize
the behavior of models in supervised classification contexts [41]. It is a square matrix in
which the rows represent the actual class of the instances and the columns their predicted
class.[42]
is divided into four values:

• True Positive (TP):The test result is positive in the presence of the clinical abnor-
mality.

• False Positive (FP): The test result is positive in the absence of the clinical abnor-
mality.
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• True Negative (TN): The test result is negative in the absence of the clinical ab-
normality.

• False Negative (FN): The test result is negative in the presence of the clinical
abnormality.

Confusion Matrix-derived metrics

• Sensitivity (recall): Measures the model’s ability to detect true positives.

Sensitivity (Recall) = TP

TP + FN
(3.2)

• Precision: Measures the accuracy of the model in predicting only positive cases.

Precision = TP

TP + FP
(3.3)

3 Comparison And Results

3.1 Experiment 1:CNN Model

The Figure3.2 shows the results of the CNN model after training it in the database and
10 epochs. Looking closely at the results shown in the graph, we notice that the training
accuracy and validation accuracy increase significantly from 1-3 epochs, where the value
approaches 0.99, while it stabilizes at 1.
Thus, the values that appeared to us indicate that the model results are excellent and
highly accurate.

(a) Confusion Matrix (b) Accuracy

Figure 3.2: Accuracy and Confusion Matrix of CNN model
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Figure 3.3: Loss of CNN model

• The figure3.3 represents the loss curve for the CNN model. We note that the blue
line is below the orange line, which shows us that the model is learning well, as the
loss clearly decreases across all data from the training and validation data.

3.2 Experiment 2:Generating images using results
After we divided the GAN model into three stages (200 images, 500 images, 1000 images)
and trained it for 200 epochs, we obtained the following results.

(a) 200 Images (b) 500 Images

(c) 1000 Images

Figure 3.4: Comparing the quality and accuracy of images of brain tumors for stages A,
B, and C.

• The Figure 3.4 shows brain images for diagnosis in the event of a tumor using
magnetic resonance imaging for the three stages.It shows us that image (a) is less
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accurate and clear for the tumor, while image (b) is clearer and more accurate, and
image (c) appears more widespread or less specific in some areas,Shown slides.

• The Figure 3.5 shows the accuracy and loss curves of a machine learning model or
neural network over the course of 50 epochs for each stage When comparing the
three images, it becomes clear to us that there is a slight difference between the
stages, and we notice that the Train Accuracy line, which shows the accuracy of
the model on the training set, is increasing rapidly, unlike the Val Accuracy line,
which appears to be slightly less than the accuracy of the training.Therefore, this
graph indicates that the model is learning successfully.Its accuracy improves over
time.

(a) 200 Images

(b) 500 Images

(c) 1000 Images

Figure 3.5: Accuracy-loss curve analysis of the three phases
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(a) 200 image (b) 500 image

(c) 1000 image

Figure 3.6: Confusion matrices across the three training phases

• The Figure 3.6 shows the confusion matrix for the binary classification model,
classifying cases into ”healthy” and ”tumor.” Based on the table 3.1, we note that
the B image shows the least number of errors and accurately diagnoses the presence
of a tumor well, even though the values are close between the stages.
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Phases TN TP FN FP Sensitivity Precision
200 images 389 585 16 11 0.973 0.981
500 images 386 596 4 14 0.993 0.977
1000 images 387 589 12 11 0.980 0.981

Table 3.2: Confusion matrix values

3.3 Experiment 3:The CNN+GAN Model
The images generated in the previous experiment were used to enhance the “tumor”
category in the training data. The CNN model was then retrained on the expanded data.
The results showed a significant improvement compared to the baseline model.

Phases Precision Recall F1-score Accuracy Loss
CNN 0.96 0.94 0.97 0.966 0.109

CNN+GAN 0.977 0.993 0.985 0.984 0.140

Table 3.3: Summary of final values

The table 3.3 shows a comparison of the performance of two CNN models and the
combined CNN+GAN model across different stages, using Precision, Recall, F1-score,
Accuracy, and Loss metrics. It is clear from the table 3.3 that most metrics showed
significant improvement when the GAN model was added to the CNN model. This
means that the combined model is more powerful and effective in the task being evaluated,
reflecting a significant improvement in overall classification performance despite a slight
increase in loss.

4 Conclusion
In this chapter, we present the implementation details of the proposed method, including
the programming language and libraries used. We then report the experimental results
obtained from testing on the dataset, accompanied by interpretations and insights to
facilitate a better understanding of these results.
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Conclusion General

This thesis focused on developing a deep learning system for detecting brain tumors from
MRI scans, aiming to enhance diagnostic accuracy beyond traditional methods. After
an extensive review of existing techniques, we proposed a hybrid model that combines
Convolutional Neural Networks (CNNs) with Generative Adversarial Networks (GANs)
to improve the quality and

We detailed our methodology comprehensively, from data preprocessing to evaluation
procedures. Testing our approach on a large, multimodal MRI dataset demonstrated that
the CNN-GAN hybrid outperforms conventional CNN models in classification accuracy,
sensitivity, and reliability.

The findings emphasize the practical benefits of integrating CNNs and GANs for
medical image analysis, offering a scalable and efficient solution to support radiologists
in early and accurate tumor detection while minimizing diagnostic errors. Overall, this
study highlights the transformative potential of AI-driven methods in medical diagnostics
and their role in improving patient care.

However, the study does have several limitations. One key limitation is the depen-
dence on the quality and representativeness of the training data. Although the GAN
component enhances data diversity, there remains a risk that generated images might in-
troduce unrealistic features or artifacts. Moreover, the model was primarily trained and
evaluated on a single dataset, raising concerns about its generalizability across different
imaging devices or institutions. Additionally, the training process for GANs is computa-
tionally intensive and requires careful tuning, which could pose challenges for real-time
or clinical deployment.

To address these limitations, future work could explore several directions. Expanding
the dataset to include scans from multiple sources and diverse patient populations would
improve model robustness. Further, integrating other data types such as clinical notes,
histopathology images, or genomic data could enable a more comprehensive diagnostic
framework. Future efforts could also incorporate explainability features to enhance trust
and transparency in clinical settings. Finally, optimizing the model for deployment in
resource-constrained environments would make the system more accessible and practical
for widespread use.
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