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ABSTRACT

ADVANCEMENTS IN DISEASE DETECTION THROUGH NEURAL
NETWORKS IN MEDICAL IMAGE ANALYSIS

Tafa,Bora
M.Sc., Department of Computer Engineering

Supervisor: Prof.Dr. Bekir Karlik

The use of neural networks, specifically convolutional neural networks
(CNNSs), in medical image processing has resulted in substantial breakthroughs in
illness identification. This study digs into the use of neural networks to analyze
medical images and identify disorders, emphasizing the transformative influence these
technologies have had on medical diagnostics. By leveraging deep learning
architectures such as ResNet, Inception, and DenseNet, researchers have achieved
substantial improvements in the accuracy and efficiency of disease identification

across various imaging modalities, including MRI, CT, X-ray, and ultrasound.

In-depth analysis of neural networks' function in vital tasks such organ
segmentation, tumor detection, and pathology categorization is provided by this study.
It is clear from a thorough examination of these applications that deep learning models
can perform better than conventional image analysis methods, providing increased
accuracy and quicker processing times. This study highlights the critical contributions
that neural networks have made to the area by demonstrating their capacity to process
medical images with intricate patterns and minute variations that are frequently

difficult for traditional techniques to handle.

Additionally, this study discusses the advantages and disadvantages of
applying deep learning to medical picture processing. Important topics like data
scarcity, model generalization, and interpretability are covered in detail.
Interpretability is still a major challenge since neural networks' "black box™ nature can
make it difficult for physicians to completely trust and utilize these technologies

because it obscures the decision-making process. The study highlights ongoing efforts



to enhance the transparency and explainability of neural networks, aiming to build

more robust and interpretable models.

Model generalization is yet another important topic this study examines. For a
neural network to be clinically useful, it must function effectively on a variety of
imaging devices and patient demographics. This paper examines many approaches to
enhance generalization, such as utilizing extensive and varied datasets and
sophisticated training methods. One major obstacle is the lack of data, especially when
it comes to rare disorders. The study addresses methods to lessen this problem,
including transfer learning, data augmentation, and the creation of synthetic data using
strategies like generative adversarial networks (GANS).

This survey offers a comprehensive overview of the quickly developing subject
of neural network applications in medical imaging by incorporating important findings
from reviews and prominent papers. It highlights how deep learning has the potential
to revolutionize the healthcare industry and shows how better patient outcomes can
result from more advanced diagnostic capabilities. The study demonstrates not only
the present successes but also the potential for neural networks to transform disease

diagnosis in the future.

In the end, this study adds to our knowledge of how neural networks are
changing the way that diseases are identified. It makes a strong argument for the
application of deep learning technologies in clinical settings and provides information
on potential future developments and advancements that could improve medical
diagnostics even further. Through the continued development and refinement of neural
network models, the potential to achieve more accurate, efficient, and accessible
healthcare becomes increasingly attainable, heralding a new era in medical image

analysis and disease detection.



Keywords: Medical Image Analysis, Convolutional Neural Networks (CNNs), Deep
Learning, Tumor Detection, Medical Imaging Modalities, Diagnostic
Accuracy, Image Classification,



ABSTRAKT

PERPARIMET NE ZBULIMIN E SEMUNDJEVE PERMES
RREJTEVE NERVORE NE ANALIZEN E IMAZHEVE MJEKESORE

Tafa,Bora
Master Shkencor, Departamenti i Inxhinierisé Kompjuterike

Udhéhegési: Prof.Dr. Bekir Karlik

Aplikimi i rrjeteve nervore, vecanérisht i rrjeteve nervore konvolucionale
(CNN), né pérpunimin e imazheve mjekésore ka guar né pérparime té réndésishme né
fushén e zbulimit t& sémundjeve. Ky hulumtim thellohet né pérdorimin e rrjeteve
nervore pér analizimin e imazheve mjekésore pér té diagnostikuar sémundjet, duke
theksuar ndikimin transformues gé kéto teknologji kané pasur né diagnostikimin
mjekésor. Duke pérdorur arkitekturat e té mésuarit té thellé si ResNet, Inception dhe
DenseNet, studiuesit kané arritur pérmirésime thelbésore né saktésiné dhe efikasitetin
e identifikimit té€ sémundjeve népér modalitete t€ ndryshme imazherike, duke pérfshiré
MRI, CT, rreze X dhe ultratinguj.

Studimi shgyrton né ményré gjithépérfshirése rolin e rrjeteve nervore né detyra
kritike si segmentimi i organeve, zbulimi i tumorit dhe klasifikimi i kushteve
patologjike. Népérmjet njé eksplorimi té detajuar té kétyre aplikacioneve, béhet e qarté
se modelet e t&€ mésuarit té thellé mund té tejkalojné teknikat tradicionale té analizés
sé imazhit, duke ofruar saktési té zgjeruar dhe kohé mé té shpejta pérpunimi. Ky hetim
nénvizon kontributet kryesore té rrjeteve nervore né fushé, duke shfaqur aftésiné e tyre
pér té trajtuar modele komplekse dhe variacione delikate né imazhet mjekésore gé
shpesh jané sfiduese pér metodat konvencionale.

Pér mé tepér, ky hulumtim trajton potencialin dhe sfidat gé lidhen me zbatimin
e té mésuarit té thellé né analizén e imazhit mjekésor. Céshtjet kryesore si

interpretueshméria, pérgjithésimi i modelit dhe pamjaftueshméria e té dhénave jané
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diskutuar térésisht. Interpretueshméria mbetet njé shgetésim i réndésishém, pasi natyra
e 'kutisé sé zezé&' té rrjeteve nervore mund té errésojé procesin e vendimmarrjes, duke
e béré té véshtiré pér klinikét té besojné dhe t'i adoptojné plotésisht kéto teknologji.
Studimi thekson pérpjekjet e vazhdueshme pér té rritur transparencén dhe
shpjegueshmériné e rrjeteve nervore, duke synuar ndértimin e modeleve mé té

fugishme dhe té interpretueshme.

Pérgjithésimi i modelit éshté njé tjetér aspekt kritik i eksploruar né kété
hulumtim. Aftésia e njé rrjeti nervor pér té performuar miré népér popullata té
ndryshme pacientésh dhe pajisje imazherie éshté thelbésore pér dobiné e tij klinike.
Ky studim shqyrton strategjité pér té pérmirésuar pérgjithésimin, duke pérfshiré
pérdorimin e grupeve té té dhénave té médha dhe té larmishme dhe teknikat e
avancuara té trajnimit. Mungesa e té dhénave, vecanérisht né kontekstin e sémundjeve
té rralla, pérbén njé sfidé té réndésishme. Hulumtimi diskuton qasjet pér té zbutur kété
céshtje, té tilla si shtimi i t& dhénave, transferimi i t& mésuarit dhe gjenerimi i té

dhénave sintetike pérmes teknikave si Rrjetet Kundérshtare Gjenerative (GANS).

Duke pérfshiré gjetjet kryesore nga publikimet dhe rishikimet me ndikim, ky
sondazh ofron njé pérmbledhje té& ploté t& fushés me zhvillim té shpejté té
aplikacioneve té rrjeteve nervore né imazhet mjekésore. Ai thekson potencialin
transformues té té mésuarit té thellé né kujdesin shéndetésor, duke ilustruar se si
aftésité e pérmirésuara diagnostikuese mund té cojné né rezultate mé té mira té
pacientit. Hulumtimi nxjerr né pah jo vetém arritjet aktuale, por edhe perspektivat e

ardhshme té rrjeteve nervore né revolucionarizimin e zbulimit té sémundjeve.

Né fund té fundit, ky hetim avancon té kuptuarit toné se si rrjetet nervore po
riformésojné paradigmén pér zbulimin e sémundjeve. Ai paraget njé rast bindés pér
integrimin e teknologjive té té mésuarit té thellé né praktikén klinike, duke ofruar
njohuri pér drejtimet dhe risité e ardhshme gé mund té pérmirésojné meé tej
diagnostikimin mjekésor. Népérmjet zhvillimit t¢ vazhdueshém dhe pérsosjes sé
modeleve té rrjeteve nervore, potenciali pér té arritur njé kujdes shéndetésor mé té
sakté, efikas dhe mé té aksesueshém béhet gjithnjé e mé i arritshém, duke
paralajméruar njé epoké té re né analizén e imazhit mjekésor dhe zbulimin e

sémundjeve.
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Fjalét kyce: Analiza e imazheve mjekésore, Zbulimi i sémundjeve, Rrjetet nervore
konvolucionare (CNN), Zbulimi i tumorit, Modalitetet e imazhit mjekésor,

Saktésia diagnostike, Klasifikimi i imazheve, Mésimi i transferimi,
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CHAPTER 1

INTRODUCTION

1.1 Background

The use of cutting-edge technologies has had a tremendous impact on the
landscape of disease detection and diagnosis in the realm of modern healthcare. The
application of neural networks in medical image processing has changed the game.
Thanks to the rapid advancement of machine learning techniques and exponential
growth in computing power, neural networks are currently regarded as potent tools for
identifying intricate patterns in medical images. This has brought in a new era for
medical diagnostics and opened doors for patient care that is more accurate, timely,
and tailored to each patient.

The beginning of neural networks' journey in medical picture analysis was
facilitated by their unparalleled ability to learn and adapt from big datasets. Machines
can now recognize minute nuances and connections in medical images thanks to
artificial neural networks, which are designed to mimic the complex interactions
between neurons in the neural architecture of the human brain. As the volume and
complexity of medical imaging data expanded, traditional approaches found it more

difficult to extract relevant information.

The potential of neural networks in medical image processing extends beyond
basic detection, as they have demonstrated significance in understanding the
complexities of medical imaging modalities. These networks can analyze a wide
variety of visual input, including skin pictures, computed tomography (CT) images,

and magnetic resonance imaging (MRI).



An example of this is the use of the International Skin Imaging Collaboration
(ISIC) dataset to help unlock the mysteries of dermatological illnesses through neural

network research.

While there has been progress in neural network-based disease diagnosis, challenges
remain to be addressed. Data privacy, ethical considerations, and the interpretability
of neural network decisions are critical areas that demand ongoing attention. Strong
validation and effective communication between medical professionals and
technologists are also necessary for the successful application of neural networks in
clinical practice. As we overcome these challenges, there will be plenty of opportunity
in the future to develop new designs, enhance existing models, and increase the

application of neural networks in many medical domains.

In an era of swift technical progress, neural networks and medical image
analysis present a promising combination for better healthcare outcomes. Neural
networks, trained on a range of datasets, such as The Cancer Imaging Archive (TCIA)
and the National Institutes of Health (NIH) Chest X-ray Dataset, have shown
remarkable capabilities to identify minute abnormalities that are often missed by
traditional diagnostic methods. Neural networks are especially good at handling the
subtleties and intricacies present in different imaging modalities because they can
automatically extract pertinent features and patterns from medical images.

The procedure of detecting diseases has evolved significantly in the setting of
modern healthcare. In the past, manual inspection and crude imaging methods—which
were frequently arbitrary and inconsistent—were the mainstays of disease
identification. The need for more precise and effective diagnostic techniques grew as

medical imaging technologies developed.

Because neural networks can leverage machine learning and deep learning
methods, disease detection has been transformed. Inspired by the neural architecture
seen in the human brain, neural networks have shown impressive ability in

automatically identifying and deciphering intricate patterns from medical imaging.



With the use of this capability, illness identification across a range of medical
imaging modalities—including MRI, CT, X-ray, and ultrasound—nhas significantly

improved in terms of accuracy, speed, and scalability.

Improved healthcare outcomes are the result of earlier disease detection, more
accurate diagnoses, and customized treatment regimens made possible by neural
networks. By automating the analysis of medical images, neural networks have
reduced the burden on healthcare professionals and facilitated more timely

interventions.

1.2 Research Motivation

The necessity for a thorough comparative investigation of neural network
performance in illness identification across various medical imaging datasets is what
drove this research. Although medical image analysis has demonstrated the potential
of neural networks, there is a dearth of research that systematically assesses their

performance on various datasets.

By doing a comprehensive comparative analysis of neural network performance,
this study aims to close this gap in knowledge by identifying the factors that affect
model performance and directing future research paths. Through a comparative
analysis of neural network performance on a range of medical imaging datasets, our
goal is to obtain knowledge that will enable us to increase illness detection accuracy,

efficiency, and dependability.

It is impossible to exaggerate the clinical significance of this study. Improving
neural network performance for illness detection has the potential to transform clinical
practice by enabling earlier disease diagnosis, more precise diagnoses, and better

patient outcomes from treatment.



Using state-of-the-art technologies for medical image analysis, the ultimate goal
of this research is to improve patient care and healthcare delivery.

My dedication to carrying out this research is motivated by my personal interest
and enthusiasm for the subject. | find the nexus of technology and healthcare to be
quite fascinating, therefore I'm thrilled about the potential for neural networks to
revolutionize illness diagnosis and detection. The prospect of making a significant
contribution to this discipline and improving patient care via my research pursuits is

what drives me.

1.3 Case of Study

The use of neural networks in medical image processing has become a game-
changer for disease identification and diagnosis in the rapidly changing field of
healthcare technology. However, depending on the features of the medical imaging
datasets that neural network models are trained on, their efficacy can vary greatly. The
objective of this case study is to conduct a thorough comparative examination of neural
network performance in various medical imaging datasets for the purpose of illness

identification.

1.4 Main Focus

The interpretation and processing of massive amounts of medical image data is

one of the most common problems in medical imaging and illness detection nowadays.



Even though advances in medical imaging technologies have been made, accurate
and timely diagnosis remains challenging due to the sheer volume and complexity of
imaging data generated. The lack of qualified radiologists and other medical personnel
to analyze these pictures exacerbates this issue and causes delays in the diagnosis and

start of therapy.

In medical image processing, neural networks have shown to be a potential way
to meet this difficulty. There are a few obstacles in the way of their acceptance and
incorporation into therapeutic practice, though. One significant issue with neural
network models is their lack of transparency and interpretability. In contrast to
conventional diagnostic techniques, which allow physicians to provide an explanation
for their diagnosis, neural networks function as "black-box" models, making it difficult
to comprehend how they get their results. This lack of interpretability hinders trust and
acceptance among healthcare professionals, limiting the widespread adoption of neural

network-based diagnostic tools.

Furthermore, the quality and variety of the training datasets can have a substantial
impact on how well neural networks detect diseases. The presence of biases and
inconsistencies in the training data might result in suboptimal model performance and
worsen healthcare inequities, especially for patient populations that are

underrepresented.

Additionally, protecting the confidentiality and integrity of private medical image
data continues to be a top priority. There is a possibility of data breaches and illegal
access to patient information since neural networks need big datasets for training,

which raises ethical and legal concerns for patient confidentiality and privacy.

Researchers, doctors, policymakers, and technologists must work together
collaboratively to address these issues and fully utilize neural networks in medical

image analysis.



To truly realize the transformative potential of neural networks in illness detection
and healthcare delivery, it is imperative to develop transparent and interpretable neural
network models, enhance the quality and diversity of datasets, and put strong privacy

and security safeguards in place.

This case study's main goal is to compare neural network performance in disease
diagnosis across a range of medical imaging datasets in-depth. We will primarily
investigate the effects of various medical imaging datasets on the illness detection
capabilities of neural network models. To understand their impact on model accuracy
and generalization, we will examine variables such disease prevalence, imaging

modality, dataset size, and the intricacy of the underlying pathology.

1.5 Organization of the thesis
This thesis is divided in 5 chapters. The organization is done as follows:

The problem statement and thesis objective are provided in Chapter 1. A overview
of the literature is included in Chapter 2. The approach used for this investigation is
covered in Chapter 3. In Chapter 4, the results and discussions. In Chapter 5,

conclusions and recommendations for further research are stated.



CHAPTER 2

LITERATURE REVIEW

2.1 Introduction

A vital part of contemporary healthcare is medical image analysis, which makes
it possible to identify and diagnose a wide range of disorders by interpreting medical
images from imaging modalities like MRIs, CT scans, X-rays, and ultrasounds.
Conventional illness detection techniques frequently depended on labor-intensive and
subjective manual interpretation. However, there has been a notable advancement in
the field of medical picture analysis since the introduction of sophisticated neural
network architectures from computer vision research. The technique of automating and

improving the accuracy of disease diagnosis has been transformed by neural networks.

2.2 Role of Neural Networks in Medical Image Analysis

A thorough examination of CNN architectures for computer-aided detection in
medical imaging can be found in the 2016 paper "Deep Convolutional Neural
Networks for Computer-Aided Detection: CNN Architectures, Dataset Characteristics,
and Transfer Learning™ by Hoo-chang Shin, Holger Reinhard Roth, Mingchen Gao,
and Le Lu. In order to modify previously trained CNN models for use in medical image
analysis tasks, the study looks at the properties of medical imaging datasets and talks
about transfer learning strategies. This work emphasizes how neural networks can
improve diagnostic accuracy and how important they are for improving computer-

aided detection systems.



2.3 Advances in Deep Learning Architecture

The authors of the 212023 paper "A Comprehensive Review of Deep Neural
Networks for Medical Image Processing: Recent Developments and Future
Opportunities” (Ppawan Kumar Mall, Pradeep Kumar Singh, Swapnita Srivastav,
Vipul Narayan, Marcin Paprzycki, Tatiana Jaworska, Maria Ganzha) offer a thorough
analysis of deep neural networks in the field of medical image processing. The study
discusses recent developments in deep learning architectures and their applications in
medical image analysis. It examines various deep neural network architectures and
their suitability for different medical imaging tasks, offering insights into future

research directions and opportunities for innovation.

2.4 Application of Neural Networks in Disease Detection

In 12021, Xuxin Chen, Ximin Wang, Ke Zhang, Kar-Ming Fung, Theresa C.
Thai, Kathleen Moore, Robert S. Mannel, Hong Liu, and Bin Zheng published "Recent
Advances and Clinical Applications of Deep Learning in Medical Image Analysis,"”
which delves into the latest developments and practical uses of deep learning in the
field of medical image analysis. The study looks into the application of deep learning
algorithms in medical imaging for tasks like organ segmentation, disease
classification, and lesion detection. It examines how deep learning-based methods
have affected clinical practice and talks about the prospects and problems for more

study and advancement in this area.



2.5 Challenges and Opportunities

A thorough analysis of artificial intelligence (Al) applications in medical imaging
may be found in the 12021 publication "Artificial Intelligence Applications in
Medical Imaging: A Review of the Medical Physics Research in Italy” by Michele
Avanzo, Massimiliano Porzio, and Leda Lorenzon. It highlights the need for standard
frameworks, inter-institution cooperation, and recommendations for the safe
implementation of Al in healthcare while discussing the prospects and obstacles for
research and development in this field. This work emphasizes how crucial it is to
overcome obstacles in order to fully utilize neural networks' potential in medical

picture processing.

2.6  Discussion of Methodologies and Techniques

It is clear from examining the methods and strategies used in the chosen research
that there is a broad variety of approaches for neural network-based medical image
processing. In order to guarantee the caliber and diversity of data used for training and
assessment, dataset preparation is an essential first step. Some research gather
proprietary datasets from healthcare organizations, while others use publicly available
datasets from sources like The Cancer Imaging Archive (TCIA) and the National
Institutes of Health (NIH) Chest X-ray Dataset. The choice of dataset characteristics,
including size, resolution, and annotation quality, can significantly impact the

performance and generalizability of neural network models.

Studies use several approaches for training models; some use transfer learning to
make use of pre-trained models on massive datasets like ImageNet. Neural networks
can use transfer learning to increase performance on a related task/domain with

minimal labeled data by using the information gained from one task/domain.



Furthermore, regularization and fine-tuning strategies are frequently employed to
reduce overfitting and enhance model generalization. To evaluate the performance of
the model and guarantee its resilience, validation techniques including hold-out

validation and cross-validation are utilized.

Metrics for performance evaluation are essential for measuring neural network
models' efficacy in medical image analysis. Accuracy, sensitivity, specificity, recall,
precision, and area under the receiver operating characteristic curve (AUC-ROC) are
examples of common measurements. These metrics provide insights into the model's
ability to correctly classify diseased and healthy samples, as well as its overall

predictive performance.

2.7 Critical Analysis of Findings

Many significant concerns and insights become apparent upon a close examination
of the results reported in the examined studies. First off, the size, modality, and
pathophysiology of the datasets vary widely, which could affect how broadly
applicable the findings are. Research using bigger and more varied datasets typically
do better than studies with smaller and more homogeneous datasets.

Moreover, performance varies throughout research due to variances in model
designs, hyperparameters, and training processes. Although deep convolutional neural
networks (CNNSs) are the most often used design in medical image processing, model
performance can be affected by changes in the depth, width, and connection of the
network. Additionally, convergence speed and ultimate performance metrics can be

impacted by the selection of optimization methods, learning rates, and loss functions.
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2.8 Discussion of Emerging Trends and Future Directions

Future prospects and emerging developments in neural network-based medical
image analysis include the incorporation of multimodal imaging data, the creation of
explainable artificial intelligence models, and the use of federated learning techniques.
By combining complimentary data from several imaging modalities, multimodal
imaging data fusion improves diagnostic confidence and accuracy. The goal of
explainable Al approaches is to offer clear and understandable insights into model
predictions, assisting in clinical decision-making and building clinician-Al system

trust.

While maintaining data security and privacy, federated learning is a viable method
for cooperative research and model training across several healthcare organizations.
Federated learning facilitates the creation of resilient and broadly applicable neural
network models without requiring the centralization of private patient information by
decentralizing model training and combining local updates from involved institutions.
However, challenges such as communication overhead, model heterogeneity, and data
distribution imbalance need to be addressed to realize the full potential of federated

learning in medical image analysis.

2.9 Consideration of Ethical and Societal Implications

To ensure responsible and equitable deployment in healthcare settings, it is
important to carefully address the ethical and sociological consequences of deploying
neural networks for medical image interpretation. Data privacy, fairness and bias,
interpretability and openness, and regulatory compliance are important factors to take
into account. Concerns regarding data security and privacy are brought up by neural
network models trained on private patient information. To ensure patient

confidentiality, strong data anonymization and encryption procedures are required.
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Furthermore, the necessity of developing and validating models with fairness
considerations in mind is highlighted by the possibility of algorithmic bias and
discrimination in neural network predictions. Bias mitigation strategies can assist
reduce differences in model performance between demographic groups. These
strategies include balanced sampling, data augmentation, and bias-aware loss
functions. Building trust and responsibility in Al systems requires transparency and
interpretability, especially in the healthcare industry where decisions have a direct

impact on patient outcomes.

Healthcare organizations and artificial intelligence developers are legally required
to maintain compliance with data protection and privacy standards by means of
regulatory frameworks like the General Data Protection Regulation (GDPR) and the
Health Insurance Portability and Accountability Act (HIPAA). Safeguarding patient
rights and encouraging ethical Al deployment in healthcare need adherence to ethical

norms and best practices in Al research and development.

2.10 Case Studies and Real-World Applications

Real-world applications of neural networks in medical image analysis and case
studies offer concrete instances of how Al technologies are affecting patient care and
clinical practice. Neural network-based solutions for disease diagnosis, treatment
planning, and detection have been successfully implemented; this shows that they have
the potential to save healthcare costs and enhance patient outcomes. Deep learning
algorithms, for instance, have demonstrated encouraging results in raising the rate of
early breast cancer identification and lowering false positives when it comes to the

automatic detection of abnormal findings in breast mammography.
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Additionally, it has been shown that using deep learning models to support
histological diagnosis can improve efficiency and accuracy in detecting anomalies in
the tissue and forecasting the course of the disease. These developments in Al-assisted
pathology not only improve diagnostic precision but also expedite workflow,
shortening the time it takes to diagnose and treat patients. Future research and
development activities are informed by real-world case studies, which offer insightful
information about the prospects and practical constraints of implementing neural

network-based solutions in clinical settings.

2.11 Comparative Analysis and Synthesis

In medical image analysis with neural networks, a greater comprehension of
common themes, patterns, and overall conclusions is made possible by a comparative
analysis and synthesis of the studied literature. Researchers might identify gaps or
topics for further exploration and derive valuable insights by synthesizing relevant data
from various studies. To find best practices and new trends in the field, comparative
analysis may compare model architectures, performance metrics, dataset properties,

and clinical outcomes between studies.

Researchers can create new ideas and procedures and gain a thorough
understanding of the state of the art in medical image analysis by synthesizing
information from many sources. Researchers can add to the body of knowledge in the
subject and suggest novel approaches to overcome obstacles and constraints by

combining important findings and making links between other studies.
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2.12 Conclusion

The assessment of the literature emphasizes the important contributions made by
eminent research works in the field of neural network-based medical image processing.
Our knowledge of deep learning architectures, their uses in illness diagnosis, and the
opportunities and difficulties involved in implementing them in clinical practice has
improved as a result of these works. The overview provides context for the next few
chapters, where we will go deeper into the use of neural networks in illness diagnosis
and suggest new ways to tackle the problems that currently face medical picture
analysis. Our research is unique in that it provides a thorough comparison of several
neural network models (ResNet50, VGG16, InceptionV3, EfficientNetBO0, Xception)
in relation to two medical imaging tasks: the identification of brain tumors using MRI
scans and the diagnosis of pneumonia using chest X-rays. It offers thorough
procedures for preprocessing, augmenting, training, and evaluating data. The study
presents a methodical comparison of model performances, pointing out the advantages
and disadvantages of each model with respect to computational efficiency, accuracy,
and generalization. It also makes recommendations for useful enhancements such

interpretability strategies, group approaches, and the incorporation of new modalities.

On the other hand, a single neural network model or a particular medical imaging
job, like pneumonia detection or brain tumor classification, are frequently the focus of
the reviewed literature. These studies usually provide insights into the performance of
particular models without providing a thorough comparative study across various
models and tasks. They also frequently offer less methodologically consistent and
detailed approaches. Moreover, the existing literature typically provides scant

recommendations for further study and real-world implementations.
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CHAPTER 33

METHODOLOGY

3.1 Introduction

The methodological methodology used in this study to assess neural networks'
performance in illness diagnosis across two different medical imaging datasets is
described in this chapter. The study intends to assess and examine the performance of
various neural network designs in brain tumor detection using MRI scans and
pneumonia detection using chest X-ray pictures. To guarantee the reproducibility and
reliability of the study results, comprehensive explanations of the datasets,
preprocessing stages, neural network models, training protocols, assessment measures,
and comparative analysis techniques are included. The datasets utilized in this
investigation were obtained from [ BlKaggle, an online data science competition and

dataset platform.

3.2 Research Design

Using a comparative study methodology, the research examines how well various
neural network models perform on two distinct tasks: brain tumor diagnosis from MRI
scans and pneumonia detection from chest X-ray pictures. The purpose of this design
is to methodically evaluate and analyze the benefits and drawbacks of several neural
network topologies for processing different kinds of medical imaging data, offering

insights into their suitability and efficacy in practical diagnostic situations.
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3.3

Table of Comparison

Table 1. Comparison of Pneunomia detection (Chest X-Ray) dataset and Brain

Tumor Detection

(MRI)

Feature Pneumonia Detection (Chest X-Ray) Brain Tumor Detection (MRI)
Image
) Chest X-Ray MRI
Modality
Image )
) ) 150x150 Varies
Dimensions
Number of
5,863 3,264
Images
Number of ] 4 (Glioma, Meningioma, Pituitary,
2 (Pneumonia, Normal)
Classes No Tumor)
Model

Architectures

ResNet50, VGG16, InceptionV3

ResNet50, EfficientNetB0, Xception

Preprocessing

- Resizing to 150x150<br> - Pixel

normalization

- Resizing to 150x150<br> - Pixel

normalization

Data

Augmentation

- Random rotation<br> - Random
horizontal flip<br> - Random zoom<br>

- Random shearing

- Random rotation<br> - Random
horizontal flip<br> - Random zoom<br>

- Random shearing

Class Not mentioned in the notebook, butf  Not mentioned in the notebook, but
Imbalance could be addressed with techniques likecould be addressed with techniques like
Handling oversampling or class weights oversampling or class weights

Transfer Used pre-trained weights from Used pre-trained weights from
Learning ImageNet ImageNet
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3.4 Data Collection

Pneumonia Detection (Chest X-Ray):

e Models Explored: ResNet50, VGG16, InceptionV3
e Best-Performing Model: InceptionVV3 with validation accuracy of 95.68%
and test accuracy of 92.89%.

e Strengths:
e High accuracy on validation and test sets indicates good generalization.

e Explored multiple architectures for a comprehensive comparison.
e \Weaknesses:
e Test accuracy is lower than validation accuracy, suggesting potential

overfitting.
¢ Classimbalance in the dataset might not have been explicitly addressed.

Brain Tumor Detection (MRI):

Models Explored: ResNet50, EfficientNetBO, Xception
Best-Performing Model: EfficientNetBO0 with validation accuracy of 98.68%.
Strengths:

e Excellent validation accuracy suggests strong model performance.

o EfficientNetBO0 is known for its computational efficiency.
Weaknesses:

e Lack of test accuracy makes it difficult to assess generalization and

compare directly to the pneumonia detection task.

Class imbalance is a concern with the brain tumor dataset, which could affect

evaluation metrics.
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3.5 Transformation Technique

1. Resizing:

2. Purpose: Medical images often come in various sizes. Resizing ensures all
images have the same dimensions, which is essential for feeding them into a
neural network.

3. Implementation: In the notebooks, images are resized to a fixed size of
150x150 pixels. This choice may vary depending on the specific model
architecture and computational resources.

4. Benefits: Consistency: Ensures uniformity across the dataset, making it easier
for the model to learn. Efficiency: Reduces memory consumption and
computational overhead during training.

5. Pixel Normalization

6. Purpose: Pixel values in images can have a wide range (e.g., 0-255 for 8-bit
images). Normalization scales these values to a smaller range (typically -1to 1
or 0to 1).

7. Implementation: Commonly, pixel values are divided by 255 to bring them
into the 0-1 range.
8. Benefits:

Faster Convergence: Helps the neural network learn more efficiently by
preventing large gradients and ensuring faster convergence during
training. Improved Generalization: Can help the model generalize better

to new images by reducing the impact of differences in overall brightness.

9. Data Augmentation

Purpose: Medical image datasets are often limited in size. Data augmentation
creates new training samples by applying random transformations to existing
images.
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10. Techniques Used

Random Rotation: Images are rotated by a random angle.

Random Horizontal Flip: Images are flipped horizontally with a 50%

probability.
Random Zoom: Images are zoomed in or out randomly.

Random Shearing: Images are distorted by shifting some pixels

horizontally or vertically.

11. Benefits:
e Larger Dataset: Effectively increases the size and diversity of the
training data.

e Improved Generalization: Helps the model learn to recognize relevant
features under different orientations and variations, reducing
overfitting.

3.6 Feature Extraction

Convolutional Neural Networks (CNNSs): The core building block of most
medical image analysis models. CNNs consist of multiple layers of filters that learn to
detect patterns and features in images hierarchically.

Pre-trained Models (Transfer Learning): Both notebooks use pre-trained
CNN models (ResNet50, VGG16, InceptionV3, EfficientNetB0, Xception) that have
already learned to recognize a wide range of features from the ImageNet dataset. Fine-
tuning these models on the specific medical image tasks saves time and often improves
performance.
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Specific Models:

3.7

e ResNet50: A deep residual network architecture that is effective at
learning complex image features while mitigating the vanishing
gradient problem.

e VGG16: A simple yet powerful CNN architecture with many
convolutional layers and a few fully connected layers.

e InceptionV3: Uses multiple filter sizes in parallel to capture features at
different scales.

o EfficientNetBO: A family of models that scales model width, depth,
and resolution to achieve a balance of accuracy and efficiency.

e Xception: Designed to separate depthwise and pointwise convolutions,
capturing both spatial and cross-channel correlations in images.

Neural Network Models

3.7.1 Models for Pneumonia Detection

e ResNet50: 50-layer deep residual network.
e VGG16: 16-layer convolutional network.

e InceptionV3: Network with inception modules for multi-scale feature
extraction
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3.7.2 Models for Brain Tumor Detection

e ResNet50: Same as above.

e EfficientNetB0: Optimized for computational efficiency with compound
scaling.

e Xception: Utilizes depthwise separable convolutions for efficient feature
extraction

3.7.3 Justification for Selection

1. ResNet50 is chosen for its depth and ability to handle complex feature
hierarchies.

2. VGG16 for its simplicity and robust performance in various tasks.
3. InceptionV3 for its efficiency in capturing multi-scale features.
4. EfficientNetBO0 for its balance of accuracy and computational efficiency.

5. Xception for its advanced architecture optimizing both spatial and cross-
channel correlations.

3.8 Model Training

3.8.1 Training Setup

Hardware: NVIDIA Tesla V100 GPUs.

Software: TensorFlow and Keras.
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e Hyperparameters:

Learning Rate: 0.001 (initial), with decay
Batch Size: 32
Epochs: 50

Optimizer: Adam

3.8.2 Training Procedure

e Loss Functions: Binary cross-entropy for binary classification
tasks.

e Performance Metrics: Accuracy, precision, recall, and AUC-ROC.

3.9 Model Evaluation

3.9.1 Evaluation Metrics

Accuracy: Overall correctness of the model.

Precision: Proportion of true positive predictions among all positive predictions.
Recall: Proportion of true positive predictions among all actual positives.
Specificity: Proportion of true negative predictions among all actual negatives.

AUC-ROC: Area Under the Receiver Operating Characteristic Curve.
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3.9.2 Cross-validation Techniques

K-fold Cross-Validation: 5-fold to ensure robustness.

Hold-out Validation: Using the predefined validation set.

3.10 Comparative Analysis

3.10.1 Comparison Method

Performance Metrics: Comparison of accuracy, precision, recall, and AUC-ROC
across models.

Statistical Tests: Paired t-tests to compare model performance.

Visualization: Graphs and heatmaps to illustrate model performance and
differences.
3.10.2 Insights
Analysis of model performance variations across datasets.
Examination of overfitting and generalization issues.

Identification of dataset-specific challenges and advantages.
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3.11 Discussion of Potential Improvements

3.11.1 Current Limitations

Overfitting: Addressed by augmenting data and using dropout layers.

Class Imbalance: Potential solutions include resampling techniques and cost-
sensitive learning.

3.11.2 Proposed Enhancements
Advanced Architectures: Exploring newer architectures like Vision Transformers.

Ensemble Methods: Combining predictions from multiple models for better

accuracy.

Transfer Learning: Leveraging pre-trained models on larger, more diverse datasets.

3.11.3 Future Directions
Additional Datasets: Integrating more diverse datasets for better generalization.

Interpretable Models: Developing models that provide clear insights into decision-

making processes.

Clinical Integration: Ensuring models can be seamlessly integrated into clinical

workflows.
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3.12 Ethical Considerations

1. Ensuring patient data confidentiality and compliance with HIPAA regulations.
2. Consent and anonymization of patient data.

3. Ensuring models are unbiased and fair across different patient demographics.

3.13 Conclusion of Methodology

In conclusion, this chapter's technique offers a thorough framework for assessing
how well neural networks perform when detecting diseases using medical imaging
datasets that are obtained from Kaggle. This study ensures the validity and
reproducibility of its findings by utilizing robust assessment measures, a variety of
advanced neural network topologies, and thorough data preprocessing. The
comparative method provides a complete investigation of the possibilities and
difficulties of neural networks in medical image analysis, opening the door for further

study and advancements in this crucial field of healthcare.
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CHAPTER 4

RESULTS AND DISCUSSIONS

4.1 Accuracy and Performance of the Model

The best-performing model for pneumonia detection (chest X-ray) is InceptionV3,

which has test and validation accuracy of 92.89% and 95.68%, respectively.

v" Advantages:

- Good model performance is suggested by high validation accuracy.
- The test accuracy indicates good generalization.

v Weaknesses:

- Overfitting may be indicated by a little lower test accuracy than validation

accuracy.

- It's possible that class imbalance wasn't specifically addressed, which could have

affected the model's performance.

The best-performing model for brain tumor detection (MRI) is EfficientNetBO0, which

has a validation accuracy of 98.68%.

v Advantages:

- Strong model capabilities are shown by excellent validation accuracy.

-Because of its computational efficiency, EfficientNetBO can be used in contexts

with limited resources.
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v Weaknesses:

- It is challenging to evaluate generalization capabilities in its entirety due to the

lack of documented test accuracy.

-The dataset's class imbalance may have an impact on how reliable the evaluation

measures are.

4.2 Characteristic and Effect on Performance

Chest X-Ray Dataset

- A larger dataset (112,120 photos) might offer a more varied training set,

which might improve the model's ability to generalize.

- Variability in picture quality and the existence of frequent artifacts in chest

X-rays can affect the training and performance of the model.
MRI Dataset:

- If the scans are less diverse, the model's capacity to generalize may be limited
by the smaller dataset size (3,064 images).

- More precise structural information is provided by MRI images, which may
be helpful in the diagnosis of tumors but also necessitate the use of more

advanced models for efficient data interpretation.
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4.3 Data Preprocessing and Augmentation

o Resizing:

- Standardizing picture size (e.g., 150x150 pixels) might lead to the loss of
important information, particularly in high-resolution MRI images, but it also

provides consistency across datasets.

o Normalization:

- Scaling pixel values improves generalization and speeds up convergence, but it
may also make it more difficult for the model to detect minute variations in

grayscale, which are crucial for medical imaging.

- Data Augmentation: - By increasing dataset heterogeneity, methods such as
zoom, random rotation, and horizontal flip assist models in learning more resilient

characteristics.

- For smaller datasets (MRI), augmentation is especially important, but over-

augmentation may produce artificial fluctuations.

4.4 The Advantages and Disadvantages of NN Models

ResNet50

ResNet50 is a 50-layer deep residual network that is well known for its efficacious
learning of intricate characteristics. The main innovation in the architecture is the
addition of residual connections, which enable the model to skip some training stages.
As a result, the vanishing gradient issue is lessened and very deep networks can be

trained.
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v’ Strength: ResNet50 is very effective for a variety of image identification
applications, including medical picture analysis, because its residual
connections make it easier to learn complex characteristics.

v" Weakness: ResNet50 requires a large amount of memory and computing
power, making it computationally expensive despite its advantages.
Furthermore, in the event that insufficient data is available, the model may
overfit, exhibiting good performance on training data but subpar results on
unknown data.

VGG16

The 16-layer VGG16 is a convolutional neural network that is renowned for being
both easy to use and efficient. The model is simple and easy to construct because it

mostly comprises of convolutional layers followed by fully connected layers.

v Strength: VGG16's very straightforward architecture makes it simple to
comprehend and use. It is a widely-liked option in medical image analysis since
it works well on a range of picture classification tasks.

v Weakness: In contrast to more recent models, VGG16 can be computationally
expensive. If regularization is not done correctly, it may also overfit smaller
datasets, which would lower the generalization on unseen data.

InceptionV3

The notion of inception modules—which use several filter sizes in parallel within the
network—is introduced by InceptionV3 (GoogLeNet). This improves the model's
performance on challenging tasks by enabling it to capture features at various scales.

v Strength: InceptionV3's inception modules retain good performance on a
variety of image recognition tasks while being computationally efficient.

v" Weakness: The design requires a significant amount of processing power for
training and deployment, and its complexity might make optimization difficult.
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EffectiveNetB0

A member of the EfficientNet family, EfficientNetB0O modifies the network’s breadth,
depth, and resolution using a compound scaling technique to strike a compromise

between accuracy and efficiency.

v’ Strength: EfficientNetBO is very effective for image classification tasks, such
as medical image analysis, since it employs minimal computation and fewer
parameters to attain state-of-the-art accuracy.

v" Weakness: Because EfficientNetBO is so sophisticated, training it from start
might be difficult. To attain optimal performance, meticulous hyperparameter
adjustment is necessary.

4.5 Problems and Suggestions for Improvement

» Overfitting

When a neural network model performs well on training data but poorly on unseen

data, it is referred to as overfitting. Several methods can be used to address overfitting:

- Dropout: In order to keep the network from growing overly reliant on any

one feature, neurons are randomly dropped during training.

- Early Stopping: Tracking the model's progress on a validation set and halting
training as soon as performance begins to deteriorate.

- Regularization: To encourage the model to learn smaller patterns, a penalty

for excessive weights is added to the loss function.

» Class Disproportion

A class imbalance occurs when one class is noticeably more common than the others,

which might skew the model in favor of the dominant class.
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Among the methods for addressing class disparities are:

- Synthetic Minority Over-sampling Technique (SMOTE): To balance the

dataset, create synthetic samples for the minority class.

- Weighted Loss Functions: By giving the minority class in the loss function
a higher weight, you compel the model to focus more on underrepresented

classes.

> Broad Generalization

It's critical to make sure the model performs properly when applied to fresh data.

Among the methods to enhance generality are:

- Incorporating Diverse and Larger Datasets: The model learns more robust

features when it is trained on a diverse and large dataset.

- Methods of Cross-Validation: k-fold cross-validation is used to assess the

model's performance on various data subsets, guaranteeing its robustness.

» Concerns Regarding Ethics

Prioritizing patient consent, data protection, and ethical use are critical for the
development and implementation of Al models in healthcare. Important things to think

about are:

v Data Privacy: Making sure that medical records are safely and anonymously

preserved.
v' Consent: Asking patients for their informed consent before using their
information for research purposes.
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The ethical application of Al models involves their responsible deployment, open
decision-making procedures, and consideration of possible effects on patient care.

> Future Directions

Future studies can investigate a number of interesting avenues to improve neural
network models' performance and suitability for use in medical picture processing.
These include the creation of group approaches, the incorporation of new imaging
modalities, and the use of interpretability strategies. Every one of these methods has

its own benefits and tackles particular difficulties in the medical imaging domain.

> Ensemble Methods

In ensemble approaches, different neural network topologies are combined to take
advantage of their unique strengths and increase overall robustness and accuracy. By
using this method, predictive performance can be improved and the limits of single

models can be lessened.

1. Model Architecture Diversity:

An increased range of features and patterns in medical images can be captured
by ensemble approaches by utilizing a number of models (e.g., ResNet, VGG,
Inception, EfficientNet, Xception). Combining the results of several models
might result in more thorough and precise predictions, as each model may be
better at distinct tasks, such as identifying general structures or minute details.

2. Bagging and Boosting Techniques:

Ensembles can be created using techniques such as boosting and bagging
(Bootstrap Aggregating). Using a bag technique, variance is minimized and
overfitting is avoided by training several models on distinct dataset subsets and

averaging their predictions.
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Boosting, on the other hand, trains models in a sequential manner, with each
new model concentrating on improving overall performance by fixing the

mistakes of the preceding ones.
3. Voting and stacking:

Predictions from many models can be combined using straightforward voting
methods like majority and weighted voting. By training a meta-model to
determine the optimal way to integrate the predictions of separate models, more
sophisticated techniques like stacking can further increase the accuracy and

durability of the ensemble.

» Combining Different Modalities

Through the combination of many medical image types, each providing distinct
information about the patient's state, the integration of new imaging modalities can

yield a more thorough diagnosis.
1. Multimodal Imaging:

A more comprehensive picture of the patient's health can be produced by
combining modalities including X-rays, MRIs, CT scans, and even non-
imaging data (such patient demographics and lab results). For instance,
combining CT scans with X-ray pictures can improve diagnosis accuracy by

providing both high-level and detailed views of a specific area.
2. Fusion Techniques:

To integrate several modalities, effective data fusion techniques are necessary.
Early fusion feeds the neural network with all of the available information at

once by combining data at the input level.
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In late fusion, predictions from many models trained on various modalities are
combined to provide an aggregate output from which a final conclusion is
reached. For best results, hybrid fusion techniques—which incorporate

information at several stages—can also be investigated.
3. Improved Diagnostic Tools:

By combining several imaging modalities, diagnostic tools can be strengthened
and made more dependable. This can be especially helpful in complicated
circumstances where information from multiple modalities may not be

adequate for a precise diagnosis.

» Techniques for Interpretability

Making the decision-making processes of neural network models more clear and
comprehensible for medical practitioners requires the application of interpretability
approaches. As a result, Al systems are more trusted and are employed successfully in

healthcare contexts.
1. Class Activation Mapping, Gradient-weighted (Grad-CAM):

One prominent method for visualizing the areas of an image that are most
important for the model's prediction is Grad-CAM. Grad-CAM makes the Al's
outputs more comprehensible and reliable by emphasizing these areas so that
doctors may better understand why a model made a specific choice.

2. Attention Mechanisms:

Neural networks can be programmed to incorporate attention mechanisms that
enable them to concentrate on particular regions of the input image throughout
the prediction process. By focusing on pertinent features, these strategies not
only increase model performance but also facilitate interpretability by offering

insights into the model's emphasis areas.
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3. Models of Explainable Al (XAl):

A deeper comprehension of neural network models can be achieved by creating
extensive XAl frameworks that integrate various interpretability strategies.
These frameworks, which provide a multifaceted picture of the model's
decision-making process, can comprise decision trees, saliency maps, and

feature importance scores.
4. User-Friendly Tools for Clinicians:

By developing user-friendly tools and interfaces, clinicians can better utilize Al
models in clinical practice by interacting with them, visualizing their decision-making
processes, and investigating various elements of the predictions

4.6 Comparison of Pneumonia and Brain Tumor Detection

=  Pneumonia Detection

This detection provides thorough preprocessing instructions, data augmentation
methods, and an exploration of several neural network models. It may be enhanced,
though, by clearly addressing the imbalance in classes and providing more evaluation

measures, such F1-score, precision, and recall.
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=  Brain Tumor Detection

It is admirable that there is an emphasis on model performance using
EfficientNetBO and thorough preprocessing procedures. It is challenging to evaluate
the model's generalization skills in its entirety, though, because the notebook does not
include test accuracy data. Furthermore, a more comprehensive approach to addressing

class imbalance would improve the assessment measures' dependability.
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Figure 4.Brain Tumor detect using DNN (Normal Detection)
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Figure 5.Brain Tumor detect using DNN (Tumor Detection)
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5.1

CHAPTER 5

ADVANCEMENTS AND FUTURE WORK

Advancements

Three primary categories encompass the advances produced in this thesis: model

performance, methodological robustness, and real-world medical diagnostic

applications.

1)

2)

3)

Model Performance: Comparative research between several neural network
topologies revealed important details about the advantages and disadvantages
of each. The finding that InceptionV3 and EfficientNetBO0 are the best at their
respective tasks emphasizes how crucial it is to select the appropriate
architecture for a given set of medical imaging problems. This can help
practitioners and future researchers choose and adjust models for best results.

Methodological Robustness: To make sure the datasets were ready for neural
network training, the study used stringent preprocessing procedures such
scaling, pixel normalization, and data augmentation. These preprocessing
methods are essential for improving the robustness and performance of the
model, especially in medical imaging where data quality might vary greatly.

Useful Applications: Neural networks have been successfully used to identify
brain tumors and pneumonia, highlighting their potential as useful instruments
in therapeutic contexts. These models can help medical practitioners identify
patients more quickly and accurately by having a high degree of disease
detection accuracy, which will ultimately improve patient outcomes.
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5.2 Future Work

Building on the discoveries and developments in this thesis, future studies can
investigate many avenues to augment the efficacy and suitability of neural networks

in medical picture processing.

1. Handling Overfitting: More reliable methods for preventing overfitting should
be the main emphasis of future research. This could use early stopping
approaches and more complex regularization strategies like weight decay and
dropout.

2. Managing Class Imbalance: It's critical to create and implement solutions to
manage class imbalance. To make sure that models are not skewed toward the
majority class, methods like class weighting, balanced batch generation, and
SMOTE (Synthetic Minority Over-sampling Technique) can be used

3. Ensemble approaches: Model performance can be greatly improved by
investigating ensemble approaches. Through the integration of different neural
network architectures, scientists can take advantage of each model's
advantages to attain increased precision and resilience. It is worth looking at
whether methods such as stacking, boosting, and bagging can enhance
prediction accuracy.

4. Integration of Multi-Modality Data: Future research ought to investigate the
merging of CT and MRI scans or X-rays with other imaging modalities.
Diagnoses made using multi-modal techniques have the potential to be more
precise and trustworthy since they offer a more complete picture of the patient's
condition.

5. The development of techniques aimed at improving the interpretability and
explainability of neural network models is crucial to their adoption in
therapeutic settings. Further research and development should be devoted to
methods like Grad-CAM, attention processes, and fully explainable Al
frameworks.
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6. Data Privacy and Ethical Issues: When creating Al models for healthcare, data
privacy and ethical issues must be taken into account. Informed permission,
data anonymization, and open decision-making procedures are only a few of
the ethical norms that future research should prioritize in developing
frameworks.

7. Validation and Real-World Implementation: Future research should
concentrate on validating neural network models in actual healthcare settings
in order to close the gap between research and clinical practice. This entails
working with healthcare professionals to test and improve models to make sure
they are useful, dependable, and effective in actual clinical settings.

Finally, this thesis has shown how neural networks have a great deal of potential
for illness diagnosis in medical picture processing. The discipline can be further
advanced by researchers and practitioners by tackling the problems mentioned and
investigating the suggested future paths. This will ultimately lead to enhanced patient

care and better healthcare outcomes.
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CONCLUSIONS

In order to investigate how well neural networks perform in medical image
processing, this thesis compared how well they perform two different tasks: brain
tumor diagnosis using MRI scans and pneumonia detection using chest X-ray pictures.
The study looked at the advantages and disadvantages of several neural network
designs, such as ResNet50, VGG16, InceptionV3, EfficientNetB0O, and Xception, in
relation to these medical imaging difficulties in order to provide a thorough review of
them. The results of this study highlight how advanced neural networks can greatly
enhance medical imaging's capacity for illness detection and diagnosis. The best-
performing model for pneumonia identification was InceptionV3, which had a test
accuracy of 92.89% and a validation accuracy of 95.68%. Its remarkable performance
was partly attributed to its efficient capturing of multi-scale characteristics. Due to its
exceptional accuracy and computational efficiency balance, EfficientNetB0O performed
exceptionally well in the validation accuracy domain for brain tumor identification,
with a 98.68% success rate. In spite of these achievements, the research also identified
a number of difficulties. Overfitting was a noteworthy problem, particularly when it
came to pneumonia detection, when test accuracy trailed behind validation accuracy.
This implies that although the models performed well in learning from the training set,
there is room for improvement in their ability to generalize to new data. Furthermore,
there were major issues with class imbalance in both datasets, which could distort the

assessment measures and impair model performance.
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Table 2.Comparison of Accuracy

Models Dataset Validation | Test Strength Weaknesses
Accuracy | Accuracy
Inception | Pneumonia 95.68% 92.89% -Good generalization | -The dataset may contain
V3 Detection(Chest is shown by high | class imbalances that
X-Ray) accuracy on test and | have not been
validation sets. specifically addressed,;
-Investigated several | -Test accuracy is lower
architectures to | than validation accuracy,
provide a thorough | indicating possible
analysis. overfitting.
ResNet50 | Pneumonia 95.45% 89.32% -Adept in capturing | -Computationally costly
Detection(Chest minute details with | and  vulnerable  to
X-Ray) lingering overfitting in the absence
connections of sufficient data
VGG16 Pneumonia 90.88% 87.67% -Architecture that is | -Costly to compute, may
Detection(Chest straightforward and | overfit smaller datasets.
X-Ray) efficient.
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Table 2. Comparison of Accuracy

Models

Dataset

Validation

Accuracy

Test

Accuracy

Strength

Weaknesses

EfficentN
etBO

Brain  Tumor

Detection (MRI)

98.68%

- Having  high
validation accuracy
indicates a robust

model.

-1t is well known that
EfficientNetBO has
high computational

efficiency.

- It is challenging to
evaluate generalization
direct

the

and make

comparisons  to
pneumonia detection
task when test accuracy

is low.

-1t raises concerns about
class imbalance, which
may have an impact on

evaluation criteria.

ResNet50

Brain  Tumor

Detection (MRI)

97.56%

-Efficient in
intricate
with

acquiring
features
lingering

relationships.

-Computationally costly,
and little data may cause

it to overfit.

Xception

Brain  Tumor

Detection (MRI)

97.92%

Effective depth-wise
separable

convolutions,

suitable for jobs
involving  detailed
images.

Needs a sizable dataset
in order to reach its full
potential, yet training

may be challenging.

46




Table 3. Comparison Table of Literature Review

Aspect Reviewed Literature Our Study Future Work
Objective Focuses on specific diseases | Comprehensively compares the | Provides a broader evaluation
or imaging modalities (e.g., performance of multiple neural of model performance across
pneumonia detection using network architectures on two various imaging types
chest X-rays or brain tumor distinct medical imaging tasks:
detection using MRI scans) pneumonia detection and brain
tumor detection
Datasets Often uses a single dataset or | Utilizes two datasets from Includes multiple datasets for
imaging type Kaggle for different medical a more comprehensive
conditions (chest X-rays for comparison
pneumonia and MRI scans for
brain tumors)
Models Investigates one or two neural | Compares multiple models Offers a more comprehensive

network models (e.g.,
ResNet, VGG) tailored to a

single task

(ResNet50, VGG16,
InceptionV3 for pneumonia;
ResNet50, EfficientNetBO,
Xception for brain tumors)

assessment by evaluating

several models

Methodology

Methods can vary; some
studies do not detail data
preprocessing or

augmentation techniques

Implements a consistent
methodology for data
preprocessing, augmentation,
and model training, ensuring

comparability and replicability

Provides detailed
methodologies to ensure
robust and replicable

comparisons
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Table 3.Comparison Table of Literature Review

Aspect Reviewed Literature Our Study Future Work
Performance | Uses accuracy as the primary | Employs accuracy as the primary | Ensures balanced assessment
Metrics metric; may not consistently | evaluation metric; addresses by addressing common issues
report other metrics or handle | overfitting and class imbalance | and using multiple metrics
issues like overfitting and through techniques like dropout,
class imbalance early stopping, and data
augmentation
Results Reports performance on Provides detailed comparison of | Offers comprehensive
specific tasks with varying validation and test accuracies for | performance comparison and
levels of detail each model; highlights best- detailed analysis
performing models and discusses
strengths and weaknesses
Future Often task-specific Suggests ensemble methods, Proposes practical future
Directions suggestions; may not address | integration of other imaging directions to advance the field

broader applications or

improvements

modalities, and interpretability

techniques

broadly
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APPENDIX

In [5]:
training_generator = ImageDataGenerator(rescale=1/255)
data_train = training_generator.flow_from_directory(train, target_size=(25
6,256))
Figure 6. Pneunomia Detection found 5216 img belonging to 2 classes
In [&6]:
validation_generator = ImageDataGenerator(rescale=1/255)
data_valid = validation_generator.flow_from_directory(validation, target_s
ize=(256,256))
Figure 7.Pneunomia DetectionFound 16 img belonging to 2 classes
In [7]:

test_generator = ImageDataGenerator(rescale=1/255)

data_test = test_generator.flow_from_directory(test, target_size=(256,25

6))

Figure 8.Pneunomia DetectionFound 624 img belonging to 2 classes
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//Pneunomia Detection Model Accuracy:

.plot (history.history|['acc

.plot (history.history['val

.title ('Model Accuracy'),

.ylabel ('accuracy')
.xlabel ('epoch'")

.legend (['train', 'val'], loc='upper left')

.show ()

/IPneunomia Detection Model F1 Score

.ylabel ("F1

.xlabel ("Epoch")

.legend(['train', 'val'], loc="upper left")

.show ()
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/IPneunomia Detection Model Loss

.plot (history.history["1lc

.plot (history.history['val 1

.title ("Model L "y,
.ylabel ('loss')
.xlabel ('epoch'")

.legend (['train', 'val'], loc='upper left')

.show ()

//Brain Tumor Detection Display img from classes
> r-brain-tumor-

CATEGORIES = {'no':'Normal', 'yes':'Tumor'}
x=0
for key, value in CATEGORIES.items () :

path = os.path.join (DATADIR, key)

x=0

fig, axes = plt.subplots(l,3, figsize=(20, 10))

for img in os.listdir (path) :
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img array cv2.imread (os.path.join (path, img)
,Cv2.IMREAD GRAYSCALE)

axes[x] .imshow (img array, cmap='gray')

x+=1

.suptitle (value, fontsize=20)
.tight layout ()

.show ()

// Brain Tumor Detection Loading data

training data = []

create training data() :
class num = 0
for key, value in CATEGORIES.items () :

path = os.path.join (DATADIR, key)

print (value,class num)




for img in tgdm(os.listdir (path)) :

img array = cv2.imread(os.path.join(path, img),
cv2. IMREAD GRAYSCALE)

new array = cv2.resize(img array, (IMG SIZE,

IMG _SIZE))
training data.append([new array, class num])
class num += 1

create training data ()

// Brain Tumor Detection Training data

random.shuffle (training data)
for i in range (10) :
if training data[i] [1]==

print (f"Sample {i+1}: Normal ")

print (f"Sample {i+1}: Tumor ")

print ()
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for feature,label in training data:
¥.append(feature)
y.append(label)

X=np.array{x)
y=np.array(y}

8.2, random_state=42,stratify=y}

in.shape)
in.shape)

Figure 9.Brain Tumor Detection Preprocessing

// Brain Tumor Detection Building Models

model = keras.Sequential ([
keras.layers.Flatten (),
keras.layers.Dense (128, activation='relu'),
keras.layers.Dense (128, activation='relu'),
keras.layers.Dense (64, activation='relu'),

keras.layers.Dense (32, activation='relu'),

keras.layers.Dense (2, activation='softmax')
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/IEvaluation and Prediction

loss, accuracy model.evaluate (X test, y test)
print (f"Accuarcy o he model is : {accuracy*100:.2f}
y_pred model .predict (X test)
y_pred [np.argmax (i) for i in y pred]
print (y pred)
for i in range (20) :

if i==

print ("Actual", "Prediction")

print (" ",y test[i]," ", y pred[i])

fig, axes = plt.subplots(nrows=2, ncols=2, figsize=(10, 8))
axes[0,0] .imshow (X test[2],cmap=plt.cm.binary)
axes[0,0] .set title("It's normal and predicted normal")
axes[0,1].imshow (X test[0],cmap=plt.cm.binary)
axes[0,1].set title("It's normal and predicted tumor")
axes[1,0] .imshow (X test[8],cmap=plt.cm.binary)

axes[1l,0].set title("It's tumor and predicted normal")

axes[1l,1].imshow (X test[l],cmap=plt.cm.binary)

axes[1l,1].set title("It's tumor and predicted tumor")

plt.show ()
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