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Dedication

From Medaoui:
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To the one who left so suddenly, without warning…

You left in a moment when I needed you the most.

You were gone, and I stood alone, broken…
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Dad,

You were not just my father.
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Those were the best days of my life.
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Even when I kissed your forehead for the last time…

I hoped you would wake up and smile again.

My tears wished they could bring you back…

Because you weren’t just my dad — you were everything.
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Because I am your son… and I had to be strong.

I dedicate this graduation to you, Dad.
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To your smile that still lives in my memory.

Dad…

Your son didn’t fail you. He kept his promise.
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Abstract
Malaria remains a significant global health challenge, claiming hundreds of thousands

of lives each year, thereby highlighting the urgent need for rapid and accurate diagnostic

methods. Traditional diagnostic techniques, such as microscopy and rapid diagnostic tests,

are often labor-intensive, time-consuming, and prone to human error.

Although many machine learning-based studies have aimed to achieve automated detec-

tion of malaria-infected cells, their effectiveness is limited by challenges such as variability

in microscopic red blood cell images, including variations in cell shape, density, and staining

properties, as well as ambiguity in distinguishing between certain cell classes.

Recently, Deep learning-based methods have demonstrated as powerful tools for auto-

matic feature extraction and detection in various image recognition tasks, including malaria

diagnosis.

To this end, this study proposes a deep learning-based approach for the automatic clas-

sification of malaria-infected and uninfected red blood cells using labeled high-resolution mi-

croscopic images. The main contribution is the application of EfficientNetB2 through transfer

learning, which is known for its optimized performance-to-complexity ratio. This model is

employed to extract discriminative features from red blood cell images, enabling robust clas-

sification of parasitized and uninfected cells. The model is fine-tuned on a publicly available

dataset from the National Institutes of Health (NIH), which includes 27,558 microscopic im-

ages of red blood cells. Experimental results demonstrate that the EfficientNetB2-based

model significantly improves performance, achieving an accuracy of 99.35%, and outper-

forms both traditional methods and most previous studies

Keywords: Malaria diagnosis, Microscopic red blood cell images, Automated Malaria clas-

sification, Parasitized and uninfected cells, Deep learning, Convolutional Neural Networks,

EfficientNetB2, Transfer learning.
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ڲڪٌۘ
۰༲ܹৎ৊ا ۰༥؇੆اࠍ لଫଊز ؇ᆙᆘ ،؇ً࿌ިݿٷ اෛங৙৑؇ص ݆݁ ا৖৑৚৑ف ݁٪؇ت أرواح ොູݱڎ ۋ٭ت اܳأ؇ৎ৊٭۰، ۰༲ݱይዧ ܋ٴଫଃاً ؇ً࿌ڎොູ ஓ஄ټܭ ل؇ اఈఃৎ৊ر ߙ߳ال ৖৑
༚؇ܳٴً؇ ا๤ཏܳلأ۰، اܳྥލۛ٭ݱ٭۰ وا৖৑ۊٺٴ؇رات ا௯௫௵۳ݠي اܳڰۜݧ ݁ټܭ اܳٺگܹ٭ڎل۰، اܳྥލۛ٭ݧ ޗݠق إن ودڢ٭گ۰. ๤ངلأ۰ ૰૜ۛ٭ݧ وݿ؇فܭ ሌᇿإ

๤๑ืل۰. ৙৑ۊޚ؇ء ؜ਵݪ۰ ؇ዛኡأ პაႰ ،ఈًఃل ޗި وڢٺً؇ وਐಾޚܹص ۱ਵਦگ۰ ّܝިن ؇݁
ل؇، ً؇ఈఃৎ৊ر اৎ৊ݱ؇۰ً اࠍఈః੅ل؇ ؜݆ ሒᆶ؇اܳٺܹگ اܳـܝލژ ሌᇿإ ዛኤڎف ᄭᄟ৚৑ا ّأ޺޾ আॻ༟ اৎ৊أٺ݄ڎة اᄴᄟراݿ؇ت ݆݁ اܳأڎࢴࣖ أن ݆݁ ܾؗීෂا আॻ༟و
႟ၽނ ሒᇭ اۊٺఈఃڣ؇ت ዻዧذ ሒᇭ ؇ஓ୾ ا௯௫௵۳ݠ، ොູب ل۰ ި݁ᄴᄟا اࠍఈః੅ل؇ ݬިر ሒᇭ દઊ؇اܳٺٴ ݁ټܭ ොູڎل؇ت ૭૖ྟص ො੼ڎودة ߙ߳ال ৖৑ ؇ዛውڣأ؇ܳ٭ أن ৖৑إ

اࠍఈః੅ل؇. أَިاع ًأݥ ඔ൹ً ଩ଃاࡺ࢘ࢦ٭ ݬأ۰ًި ሌᇿإ ً؇৕৑ݪ؇ڣ۰ اܳݱٴ؞۰، وۊݱ؇فݧ ؇ዛውڣ؇়঒و اࠍఈః੅ل؇
ሒᇭ ؇ዛዊ؜ واܳـܝލژ ؇ًਃಮ؇ّܹگ اܳފ݄؇ت ৖৑ݿٺఈః༱ص ل۰ ڢި Ⴇ၍دوات ؇ዛውڣأ؇ܳ٭ اܳأ݄٭ݑ اܳٺأ޺޾ আॻ༟ اৎ৊أٺ݄ڎة ا৙৑ݿ؇ܳ٭ص أཿྟٺب و݁ޝරඝاً،

ل؇. اఈఃৎ৊ر ૰૜ۛ٭ݧ ዻዧذ ሒᇭ ؇ஓ୾ اܳݱިر، আॻ༟ اܳٺأݠف ዛᔻ؇م
႟ၽ૰૖ اৎ৊ݱ؇۰ً ଫଃ༚و ل؇ ً؇ఈఃৎ৊ر اৎ৊ݱ؇۰ً ل۰ ި݁ᄴᄟا اࠍఈః੅ل؇ ܳٺݱྡྷ٭ژ اܳأ݄٭ݑ اܳٺأ޺޾ আॻ༟ ؇ًஓ୴؇ڢ ؇ً༶ዛኡ اᄴᄟراݿ۰ ۱ڍه ّگଫଐح ،ዻዧذ আॻ༟ ً و਍ಸ؇ء
ఈః༠ل ݆݁ EfficientNetB2 ஓ஁ިذج اݿٺ༱ڎام ሒᇭ ا྘ཬීෂފ٭۰ ۰ᆇᆅ؇ފৎ৊ا وറണ೺ټܭ و݁ިݿ۰݁ި. اᄴᄟڢ۰ ༟؇ܳ٭۰ ل۰ ۳෠੼ݠ ݬިر ً؇ݿٺ༱ڎام ،ሒᆶ؇ّܹگ
૭ُ૏ٺ༱ڎم اܳٺأگ٭ڎ. ݆݁ ݁ٷۛڰݯ۰ ۰༥در আॻ༟ اࠍ੆ڰ؇ظ ؕ݁ ༟؇لٍ أداء ౫౜భگ٭ݑ ଩ّଃറണ೭ َ۬؊ً اৎ৊أݠوف ،(Transfer Learning) ً؇ܳٷگܭ اܳٺأ޺޾
اৎ৊ݱ؇۰ً. ଫଃ༚و اৎ৊ݱ؇۰ً ࠯࠵࠹ఈఃل؇ و݁ިٔިق دڢ٭ݑ ّݱྡྷ٭ژ ݆݁ ஓ୷ܝّ݆ ؇ᆙᆘ ل۰، ި݁ᄴᄟا اࠍఈః੅ل؇ ݬިر ݆݁ ل۰ ଩ଃ٭ஓ஄ ᆙᆊ؇ت ৖৑ݿٺఈః༱ص اࡺ࢕ࢦިذج ۱ڍا
27,558 আॻ༟ ොູٺިي มฆܳوا ،(NIH) ۰༲ݱይዧ اܳިޗٷ٭۰ اৎ৊أ؇۱ڎ ݆݁ ༟ܹٷً؇ ۰༡؇݁ٺ ਃಸ؇َ؇ت ۰༟ިᆇ୞୘ ً؇ݿٺ༱ڎام وොູފ྘ٷ۬ اࡺ࢕ࢦިذج ೞಱࣁࣖر ቕቆ وڢڎ
ܹ݁ۜިظ، ႟ၽ૰૖ ا৙৑داء ොຬُފّ݆ EfficientNetB2 আॻ༟ ቕሶ؇اܳگ اࡺ࢕ࢦިذج أن اܳٺ۠ݠ཯ྟ٭۰ ༇຀؇اܳٷٺ وّޙ۳ُݠ ᆇᅵݠاء. دم ࠍఈః੅ل؇ ل۰ ۳෠੼ݠ ݬިرة

اܳފ؇ًگ۰. اᄴᄟراݿ؇ت و݁أޙܾ اܳٺگܹ٭ڎل۰ اܳޚݠق আॻ༟ ዻዧࣕࢻ ݁ٺڰިڢً؇ % 99 .35 ܹؐਊಾ دڢ۰ ො੼گگً؇

اܳٺأ޺޾ اৎ৊ݱ؇۰ً، ଫଃ༚و اৎ৊ݱ؇۰ً اࠍఈః੅ل؇ ل؇، ఈఃగጻዧر ሒᇿ৚৑ا اܳٺݱྡྷ٭ژ ل۰، ا௯௫௵۳ݠ اᄴᄟم ఈః༠ل؇ ݬިر ل؇، اఈఃৎ৊ر ૰૜ۛ٭ݧ اिऻء׫ոؼמ١: اڤոஈ࿦࿮ت
ً؇ܳٷگܭ. اܳٺأ޺޾ ، EfficientNetB2 اܳٺఈఃڣ٭ڰ٭۰، اܳأݱྟ٭۰ اܳލٴႤၽت اܳأ݄٭ݑ،
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Résumé
Le paludisme demeure un défi majeur pour la santé mondiale, causant chaque année

la mort de centaines de milliers de personnes, ce qui souligne l’urgence de développer des

méthodes de diagnostic rapides et précises. Les techniques de diagnostic traditionnelles,

telles que la microscopie et les tests de diagnostic rapide, sont souvent laborieuses, longues

et sujettes à des erreurs humaines.

Bien que de nombreuses études basées sur l’apprentissage automatique aient tenté de

détecter automatiquement les cellules infectées par le paludisme, leur efficacité reste lim-

itée en raison de divers défis, notamment la variabilité des images microscopiques des cel-

lules sanguines : différences de forme, de densité, de propriétés de coloration, ainsi que

l’ambiguïté dans la distinction entre certaines classes cellulaires.

Récemment, les méthodes basées sur l’apprentissage profond se sont révélées être des

outils puissants pour l’extraction automatique de caractéristiques et la détection dans di-

verses tâches de reconnaissance d’images, y compris le diagnostic du paludisme.

Dans ce contexte, cette étude propose une approche basée sur l’apprentissage profond

pour la classification automatique des cellules sanguines infectées et non infectées par le

paludisme, en utilisant des images microscopiques haute résolution annotées. La principale

contribution réside dans l’application du modèle EfficientNetB2 à travers l’apprentissage par

transfert (Transfer Learning), reconnu pour son excellent rapport performance-complexité.

Ce modèle est utilisé pour extraire des caractéristiques discriminantes à partir des images

cellulaires, permettant une classification robuste des cellules parasitées et non parasitées.

Le modèle est affiné à l’aide d’un jeu de données public fourni par les National Institutes of

Health (NIH), contenant 27 558 images microscopiques de globules rouges. Les résultats

expérimentaux montrent que le modèle basé sur EfficientNetB2 améliore considérablement

les performances, atteignant une précision de 99,35 %, surpassant ainsi les méthodes tra-

ditionnelles et la majorité des études précédentes.

Mots clés : Diagnostic du paludisme, Images de cellules sanguines microscopiques, Clas-

sification automatisée du paludisme, Cellules parasitées et non infectées, Apprentissage

profond, Réseaux de neurones convolutifs, EfficientNetB2, Apprentissage par transfert.
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General Introduction
Malaria disease is one of the deadliest mosquito-borne diseases, caused by Plasmodium

parasites transmitted through the bite of an infected female Anopheles mosquito. It remains

one of themost serious andwidespread infectious diseases, posing a significant global health

challenge, particularly in tropical and subtropical regions. According to reports from theWorld

Health Organization, bites from infected mosquitoes cause around 400,000 deaths every

year, along with millions of new infections.

The detection of Plasmodium parasites in blood samples is typically performed through

microscopic examination. Thick blood smears are used for initial screening and parasite

detection, while thin smears assist in identifying the specific parasite species. This diag-

nostic process requires trained personnel, specialized equipment, and well-equipped clini-

cal laboratories. As a result, traditional diagnostic methods are often labor-intensive, time-

consuming, and prone to human error, underscoring the urgent need for more rapid and

accurate diagnostic solutions.

In response to these limitations, many studies have explored automated approaches for

detecting malaria-infected cells. Previous research has demonstrated that artificial intelli-

gence techniques—particularly machine learning and deep learning—can significantly en-

hance diagnostic accuracy. Nonetheless, the task of detecting infected cells remains chal-

lenging due to various factors, including differences in cell shape, density, and staining prop-

erties, as well as ambiguities in distinguishing certain cell types. Despite these challenges,

recent studies have shown that deep learning can significantly enhance diagnostic accuracy,

particularly through the use of Convolutional Neural Networks (CNNs), which have demon-

strated exceptional performance in a variety of domains, including image recognition, natural

language processing, and medical diagnostics.

To address these challenges, this study proposes a deep learning-based approach for

the automatic classification of malaria-infected and uninfected red blood cells using labeled

high-resolution microscopic images. Specifically, the EfficientNetB2 architecture is applied

through transfer learning and fine-tuned on a publicly available dataset provided by the Na-

tional Institutes of Health (NIH), which includes 27,558 microscopic images of red blood cells.

The rest of the thesis is organized as follows:

Chapter 1 presents a brief background of malaria, including its types and symptoms,

and examines both traditional and modern diagnostic methods currently in use. Further-

1



more, it introduces the fundamentals of machine learning, explores various techniques, and

discusses their application in the detection and diagnosis of malaria.

Chapter 2 provides a comprehensive overview of deep learning, and its techniques em-

ployed throughout this work.

Chapter 3 describes the proposed deep learning-based approach for the automatic clas-

sification of malaria-infected and uninfected red blood cells. It details the methodology, im-

plementation, and experimental results.

Finally, the conclusion summarizes the key findings of this study and outlines open chal-

lenges for future research.
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Chapter 1 Machine Learning for Malaria Detection

Chapter 1
MACHINE LEARNING FOR MALARIA DETECTION

1 Introduction

Malaria remains a significant global health challenge, threatening millions of lives worldwide.

Early diagnosis is crucial for reducing the spread of the disease and enhancing patient out-

comes [1]. This chapter provides an overview of malaria, including its types and symptoms,

and examines both traditional and modern diagnostic methods currently in use. Further-

more, it introduces the fundamentals of machine learning, explores various techniques, and

discusses their application in the detection and diagnosis of malaria.

2 What is Malaria?

2.1 Definition

Malaria is a significant public health issue and an infectious disease transmitted through the

bites of infected female mosquitoes, which introduce microscopic parasites into the blood-

stream and liver. The disease is particularly prevalent in tropical and subtropical regions.

According to the World Health Organization (WHO) 2015 report, the Plasmodium parasite is

responsible for approximately 405,000 fatalities annually. Studies indicate that the majority of

malaria cases occur in Africa (85%), Southeast Asia (71%), and the Eastern Mediterranean

(71%). Furthermore, malaria is a zoonotic disease, capable of being transmitted not only

among humans but also between humans and animals [1].
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2.2 Symptoms of malaria

Malaria is an acute febrile illness. In non-immune individuals, symptoms typically appear 10

to 15 days after an infective mosquito bite [1]. Initial symptoms may include:

• Headache and sweating

• Fever and fatigue

• Muscle discomfort

• Cough and difficulty breathing

• Nausea and vomiting

In severe cases, complications such as kidney failure, seizures, or coma may occur.

2.3 Types of malaria

Malaria can be classified into five types based on the species of Plasmodium parasites that

cause the infection [2]:

• Plasmodium falciparum: Plasmodium falciparum is the most prevalent species in

Africa and is a leading cause of malaria-related mortality worldwide. It multiplies rapidly

in the human body, leading to severe complications such as vascular blockage and sig-

nificant blood loss. Clinical manifestations include muscle pain, headache, fever ac-

companied by diarrhea and nausea, anemia, and seizures. The fever typically follows

a 48–72-hour cycle.

• Plasmodium vivax: Plasmodium vivax is mainly found in Asia and South America

and is the second most common and dangerous type of malaria. Unlike other types,

it can remain dormant in the liver, with symptoms potentially appearing months after

an infection or mosquito bite. Key symptoms include high fever, chills, and paroxysmal

fever, which typically lasts 42 to 56 hours.

• Plasmodium ovale: Plasmodium ovale malaria is rare but can be serious. Its symp-

toms include paroxysmal fever occurring every 42 to 56 hours, headache, muscle pain,

diarrhea, and abdominal discomfort. Timely treatment is crucial, and close monitoring

is required to prevent the progression of symptoms.
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• Plasmodium malariae: Plasmodium malariae is the fourth type of malaria, with rela-

tively few reported cases. Most individuals recover following appropriate medical treat-

ment. Symptoms include fever, headache, and seizures, though they are typically

milder and may be due to inadequate treatment. Like Plasmodium ovale, symptoms

can persist for months or even years.

• Plasmodium knowlesi : Plasmodium knowlesi is a type of malaria that affects only

animals, especially primates, and is transmitted through blood transfusions, injections,

organ transplants, or mosquito bites. It is important to ensure that pet toys and equip-

ment are clean and safe.

2.4 Diagnostic Methods for Malaria

2.4.1 Traditional Malaria Diagnosis

The presence or absence of Plasmodium parasites in blood samples is detected through mi-

croscopic examination. Thick blood smears are used for screening and parasite detection,

while thin smears help identify the species. This process requires trained experts, techni-

cians, and a clinical laboratory, as well as appropriate testing materials [3].

2.4.2 Modern Malaria Diagnosis

Many studies have focused on developing accurate automatedmethods for detectingmalaria-

infected cells. However, this infected cell detection task remains challenging due to several

factors, including variations in cell shape, density, and staining color, as well as ambiguity in

distinguishing certain cell classes. Despite these challenges, previous studies have demon-

strated that malaria diagnosis using artificial intelligence (AI) techniques, including machine

learning (ML) and deep learning (DL), can significantly enhance diagnostic accuracy. These

approaches involve the analysis of microscopic images of red blood cells, where image com-

plexity varies depending on the Plasmodium species responsible for the infection. ML and

DL models are trained on datasets containing both infected and healthy samples, enabling

them to learn and recognize patterns indicative of malaria. As a result, these models offer

high diagnostic accuracy and rapid processing, which can assist clinicians in making timely

and informed decisions [4].
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3 Machine learning

Machine learning (ML), a branch of artificial intelligence (AI), involves the development and

application of algorithms that enable systems to learn from and analyze data without explicit

programming. This approach supports the extraction of patterns and the construction of ac-

curate predictive models. Key functions of ML include classification, regression, clustering,

recommendation, and prediction. These functions allow systems to adapt to evolving data,

optimize operations, support data-driven decision-making, and generate personalized out-

puts based on user preferences. Collectively, they enhance a system’s ability to interact

efficiently with new data [5].

3.1 Machine Learning Workflow

ML is mainly data-driven, relying on inputs (features) and outputs (labels) to train and eval-

uate predictive models. During the training phase, the model learns patterns from the in-

put data, while its performance is assessed during the testing phase to evaluate its ability

to make accurate predictions. Developing a machine learning model involves several key

steps through which the data is processed, as illustrated in Figure 1.1.

Figure 1.1: Machine Learning Workflow

3.1.1 Data Collection

Data collection is a systematic process of gathering raw datasets for training models. The

diversity and quality of the collected data significantly impact the model’s generalization and

robustness. A well-organized approach ensures accurate training and evaluation, and its

usability in real-world scenarios [6].
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3.1.2 Data Cleaning and Preprocessing

In machine learning training, data cleaning and preprocessing are critical steps to ensure

the quality of the training data. Data cleaning addresses issues such as corrupted images,

inconsistencies, missing values, and outliers, all of which impact model accuracy and per-

formance. Preprocessing involves tasks such as categorical variables, resizing images, nor-

malizing pixel values, standardizes formats, augmenting the dataset through techniques like

rotation and flipping, and encoding class labels. These steps collectively produce a well-

organized dataset that is suitable for model training. The main objective is to transform raw

data into meaningful formats suitable for training and analysis, ensuring the model is trained

on high-quality, reliable data [6].

3.1.3 Exploratory Data Analysis (EDA)

Exploratory data analysis (EDA) is a statistical technique used to identify hidden features

in data and discover relationships. It provides valuable insights into data trends, structure,

and potential challenges, helping in making informed decisions. EDA uses visualizations to

provide a clear and understandable statistical summary, which aids in model selection and

feature engineering [6].

3.1.4 Feature Engineering and Selection

Feature engineering and selection is a transformational process that involves selecting rel-

evant features for model prediction, to enhance efficiency, and to improve parameters. It

requires an understanding of the problem and domain expertise to ensure meaningful contri-

butions to model prediction. The process involves transforming existing features, identifying

important influential features, or creating new features, using domain knowledge, and im-

proving accuracy [6].

3.1.5 Model Selection

Model selection is critical to effective machine learning models, as it defines the algorith-

mic framework for prediction. This includes matching the dataset and problem characteris-

tics, considering decision and complexity factors such as scalability, performance, and inter-

pretability, and experimenting to find the best solution to the problem [6].
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3.1.6 Model Training

Model training is an iterative process in which the model is exposed to historical data to learn

relationships and dependencies within the data. During this process, the model adjusts its

internal parameters to enhance its predictive capabilities. The objective is for the model to

generalize well to novel or previously unobserved data, thereby providing reliable predictions

in real-world scenarios [6].

3.1.7 Model Evaluation and Tuning

Model evaluation involves running rigorous tests on test or validation datasets to assess

the accuracy of the model on new, unseen data. It provides insight into the strengths and

weaknesses of the model, and if it fails, iterative tuning is necessary to improve the prediction

accuracy. Tomeasure accuracy, there are metrics such as precision, accuracy, F1 score, and

recall [6].

4 Types of machine learning

Machine learning includes a diverse set of algorithms developed to solve various types of

problems. It is generally categorized into four main types: supervised learning, unsupervised

learning, reinforcement learning, and semi-supervised learning [5].

4.1 Supervised learning

Supervised learning is a subfield of machine learning that uses labeled datasets to train al-

gorithms for pattern recognition and outcome prediction. Each training instance consists

of a set of input features (X) paired with their corresponding target output values (y). This

approach allows the model to learn by identifying correlations between input features and

expected target outputs [7]. As illustrated in Figure 1.2, supervised learning algorithms are

generally classified into two main categories : classification and regression [8], as summa-

rized in Table 1.1.
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Figure 1.2: Supervised learning [7]

Table 1.1: Difference between Classification and Regression [7]

Classification Regression

Problem Type Determine the category to
which the item belongs

Expect a continuous numeric
value

Output Type Specific categories or labels
(e.g., ”yes” or ”no”)

Continuous numeric values
(e.g., 50.5, 102.3)

Example of Output ”Regular message” or ”Spam” House price forecast of
$250,000

Practical Examples Image classification, email fil-
tering, disease diagnosis

Predicting real estate prices,
forecasting temperatures, es-
timating salaries

Evaluation Metrics Accuracy, F1-score, Confu-
sion Matrix

MAE, MSE, R2 score

4.1.1 Supervised Learning Algorithms

Different algorithms are specifically designed to solve different problems. Below we present

the most important common algorithms in supervised learning.

• Linear Regression Linear regression is a simple and widely used supervised learning

algorithm that predicts continuous output values [7].
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• Logistic regression Logistic regression is a supervised machine learning algorithm

for binary classification, predicting class probability using a sigmoid function and a 0.5

threshold value [7].

• Decision Trees Decision trees are tree-like structures used to model decisions and

their potential consequences. A decision within this structure is represented by an

internal node, while a leaf node represents a possible outcome [7].

• Random Forests Random forests are an ensemble of multiple decision trees that are

trained on different subsets of data and input features, and the sub-predictions are

eventually combined to create a final prediction [7].

• Support Vector Machine (SVM) A support vector machine (SVM) is an algorithm that

creates a subplane in the n-dimensional space into classes to classify new data points,

using extreme cases called support vectors [7].

• K- Nearest Neighbors (KNN) K-Nearest Neighbors (KNN) is a machine learning al-

gorithm that uses k training examples to predict the class based on the predominant

class or mean value of those neighbors [7].

• Gradient Boosting Gradient Boosting is an iterative process that combines weak

learners like decision trees to create a strong model by correcting previous errors [7].

• Naive Bayes AlgorithmNaive Bayes Algorithm is a supervisedmachine learning tech-

nique that relies on applying Bayes’ theorem with the ”naive” assumption that features

are independent of each other given their class classification [7]. The following ta-

ble shows the most important differences between supervised machine learning algo-

rithms.
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4.2 Unsupervised learning

Unsupervised learning is also a subfield of machine learning that uses unlabeled data to

identify relationships and patterns without human intervention. It uses input parameter values

and determines patterns independently, in contrast to supervised learning, which classifies

data based on predefined outcomes, as illustrated in Figure 1.3 [8].

Figure 1.3: Unsupervised learning [8]

Figure 1.3 illustrates raw data for animals such as cows, elephants and camels, which is

processed by an unsupervised learning algorithm. The algorithm uses techniques such as di-

mensionality reduction, anomaly detection and clustering to identify structures and patterns,

with the output displaying the results grouped by species [10]. Unsupervised learning is typ-

ically categorized into three main types: association rule mining, dimensionality reduction,

and clustering [8].

• Clustering in unsupervised machine learning is the process of grouping unclassified

data into groups based on differences or similarities. Clustering methods are divided

based on the methods used. These methods include distribution-based, data-center-

based, connectivity-based, and densitybased methods. The objective is to discover

relationships and identify patterns [8].

• Association Rule Association rule extraction is a technique used in unsupervised ma-

chine learning, also known as association rule extraction. This technique is used to

find relationships in large data sets and identify patterns based on the co-occurrence

and frequency of occurrence of items in the data set. For example, in shopping cart

analysis, if a customer buys milk, they might also buy butter, bread, or eggs [8].
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• Dimensionality Reduction To simplify datasets, dimensionality reduction is used by

reducing the number of features while retaining the most important information, which

can improve the performance of machine learning algorithms and data visualization [8].

4.2.1 Unsupervised Learning Algorithms

• K-means Clustering K-means Clustering is an unsupervised machine learning algo-

rithm that groups unlabeled data into different clusters based on similarity. The algo-

rithm randomly selects the center points and assigns each data point to the closest

cluster, updating the weight points until they stop changing, as shown in Figure 1.4 [8].

Figure 1.4: K-means clustering algorithm [9]

• Density-Based Clustering (DBSCAN) DBSCAN is a density-based clustering algo-

rithm that searches for clusters in dense regions and treats scattered points as noise

so that it identifies dense clusters separated by regions of lower density and can handle

clusters of arbitrary shapes and noise points [8].

• Apriori Algorithm The Apriori algorithm is a basic data mining method that searches

for patterns and generates association rules by exploring sets of duplicate items step
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by step. In large data sets, it has the ability to identify relationships between items, for

example, market basket analysis [8].

• Principal Component Analysis (PCA)Principal Component Analysis (PCA): Reduces

dimensionality by selecting and extracting important features by converting data into

uncorrelated principal components, which allows for avoiding overfitting, speeding up

the computation process, and higher accuracy by preserving important features [8].

• t-distributed Stochastic Neighbor Embedding (t-SNE) T-distributed stochastic neigh-

bor embedding (t-SNE) is a nonlinear dimensionality reduction technique that simpli-

fies complex data sets by combining correlated and similar features. The technique

preserves local pattern and structure, improving efficiency and analysis. It is used to

visualize high-dimensional data in 2D or 3D spaces [8].

• Locally Linear Embedding (LLE) LLE is an unsupervised approach that transforms its

original high-dimensional space into a lowdimensional representation while preserving

its geometric properties. It creates a graph of nearest neighbors, optimizes the weight

values for each data point, and computes a lower-dimensional representation using the

eigenvectors from the weight matrix [8].

4.3 Semi-Supervised Learning

To train themodel, semi-supervised learning uses a set of labeled and unlabeled data. Based

on the input variables, the output variables are accurately predicted. As shown in Figure

1.5, this is especially useful when the classification process is time-consuming or expensive

[10]. To train models and understand the relationship between data points, semi-supervised

learning relies on certain assumptions about the data and unlabeled data, which improves

on SSL techniques but may affect performance if inconsistent data sets are added implicitly

or explicitly. Semi-supervised learning algorithms work to satisfy at least one of the following

assumptions to train models [10]:

• Cluster assumption The cluster assumption states that data can be divided into sep-

arate groups such that data points that belong to the same group will also belong to the

same class. It is a generalization of other assumptions. The clustering of data points

depends on the concept of similarity used [10].
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• Smoothness assumption The smoothness assumption, also known as the continuity

assumption, assumes that points that are closest to each other in the input space should

have the same output label [10].

• Manifold assumption The manifold assumption states that the input space consists

of lower-dimensional manifolds with data points sharing the same label, allowing the

use of distances and densities defined on the manifold [10].

Figure 1.5: Semi-Supervised Learning [11]

4.3.1 Semi-supervised learning techniques

• Self-training In self-training, both labeled and unlabeled data are used to train the

model. A small amount of labeled data is used to train a base model, then pseudo-

labels are applied to make predictions for the unlabeled database. The more confident

model predictions are combined with the labeled dataset to train an improved model.

More pseudo-labels can be added as needed, and the process can be repeatedmultiple

times [12].

• Co-training Co-training trains two classifiers based on two views of the data, inde-

pendent of class. It is effective for web content classification tasks, where each view

has different features. The process involves training a separate classifier for each
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view using a small amount of labeled data, then adding a larger set of unlabeled data

to receive pseudo-labels. The classifiers co-train using the highest confidence level,

updating each other as needed. The final step involves combining the predictions to

create a single classification result [12].

• graph-based labeling Used to represent classified and unclassified data in the form of

graphs, this method is useful in personalization and recommendation systems, where

customers can predict interests based on information about other customers. By calcu-

lating the paths from points to a given node, the algorithm can identify points that belong

to different categories. This method can be applied to social media communications,

where there are likely to be similar interests [12].

4.4 Reinforcement learning

Reinforcement learning is a branch of machine learning that differs from supervised learning

in that it does not rely on pre-defined answers. It is ideal for decision-making tasks because

it allows agents to learn through trial and error and receive feedback through rewards or

punishments [13], as shown in Figure 1.6.

Figure 1.6: Reinforcement Learning Process [14]

Reinforcement learningmethods can be classified intomodel-free andmodel-basedmeth-

ods, each of which has unique interactions with the environment, where agents learn from

their environment and receive feedback [13].

• Policy-based Methods Policy is a strategy of linking cases to actions so that based
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on the current case the next action is determined and policies are continually modified

to maximize rewards [13].

• Value-Based Methods The expected return from each action is estimated and the

highest value is chosen by learning the value of the cases or actions [13].

• Model of the Environment These methods use a representation of the environment

to aid in planning and allow agents to predict future states and rewards by simulating

expected outcomes [13].

4.4.1 Reinforcement Learning Algorithms

• Markov decision processes (MDPs): MDPs originated in the 1950s and are a stochas-

tic decision-making process for a dynamic system by modeling scenarios in which out-

comes are either under the control of the decision maker or random. MDPs are classi-

fied into four types based on factors such as actions, available states, and frequency

of decision-making [13].

• Bellman equation: The Bellman equation was introduced by Richard Bellman in the

1950s, and by evaluating future states and rewards it allows agents to make decisions

in complex situations. The Bellman equation is crucial to understanding how agents

interact with their environment. It also allows the calculation of the value of different

states and actions by breaking complex problems down into smaller steps and directing

agents to achieve the greatest possible rewards [13].

• Value iteration algorithm: It is a fundamental technique in dynamic programming and

reinforcement learning in which it calculates the expected utility of each state using

neighboring states until the benefits are close enough, ensuring convergence and ac-

curacy under certain conditions [13].

• Monte Carlo Tree Search (MCTS): Combining Monte Carlo strategies and tree-based

search techniques, MCTS simulates stochastic performance until a final state is reached

and progressive search is a balance between exploration and exploitation, choosing

moves based on high win rates and unexplored or lesser moves [13].

• Q-Learning: Q-learning is an algorithm that determines which actions lead to rewards

or punishments. The iterative model uses trial and error with key components including
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states, loops, rewards, Q values, actions, and agents. The iterative process involves

exploring the environment and continually updating the model based on the explo-

ration [13].

5 Applications of Machine Learning

5.1 Enhancing Decision-Making

By analyzing massive amounts of data, machine learning algorithms enhance the decision-

making process, allowing for the identification of trends that humans cannot perceive and

the discovery of patterns, leading to better results, increased efficiency and high accuracy in

predictive analytics such as finance to predict the stock market [15].

5.2 Improving Efficiency and Automation

Machine learning enhances productivity by allowing employees to focus on more strategic

tasks by improving efficiency and automation by reducing human error and automating repet-

itive tasks [15].

5.3 Personalizing User Experiences

By enhancing engagement and providing personalized recommendations, machine learning

algorithms improve user experience and, by analyzing consumer data, help in personalized

marketing, leading to customer satisfaction and loyalty [15].

5.4 Advancing Healthcare

By analyzing medical images and patient data, machine learning has revolutionized health-

care by enhancing disease detection, predicting disease prevalence, accelerating drug dis-

covery, and reducing costs [15].

5.5 Enhancing Security

By analyzing transaction patterns and user behavior in real time, machine learning enables

enhanced security by detecting fraud and cybersecurity, reducing financial losses, enabling
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faster responses, and identifying potential security breaches [15].

5.6 Transforming Industries

By analyzing and processing data from sensors in real time and making real-time decisions,

machine learning has revolutionized industries such as self-driving vehicles and smart cities,

as well as enhancing resource management, transportation efficiency, reducing energy con-

sumption, and improving traffic flow [15].

5.7 Facilitating Scientific Research

By analyzing data and facilitating simulations, machine learning enables researchers to cre-

ate accurate models and discover new insights in fields as diverse as environmental science,

physics, and chemistry [15].

6 Machine Learning of diagnosing Malaria

Traditional diagnostic techniques, such as microscopy and rapid diagnostic tests, can be

labor-intensive, time-consuming, and prone to human error. In recent years, the application

of machine learning techniques has improved the speed and accuracy of malaria detection

and classification.

Das et al. (2013) [16] proposed a machine learning-based system for the automated clas-

sification of malaria-infected erythrocytes using light microscopic images of Giemsa-stained

peripheral blood smears. Their methodology involved image acquisition, illumination cor-

rection, noise reduction, erythrocyte segmentation using marker-controlled watershed trans-

formation, followed by feature extraction, feature selection, and classification. A total of 96

features describing shape, size, and texture of erythrocytes were extracted, with 94 iden-

tified as statistically significant in distinguishing six infection classes. For classification, a

feature selection-cum-classification framework was developed by integrating F-statistics with

Bayesian learning and Support Vector Machine (SVM) techniques. The Bayesian classifier

achieved the highest accuracy of 84% using the top 19 selected features, while the SVM

achieved an accuracy of 83.5% using 9 significant features.

Rashke Jahan and Shahzad Alam (2023) [17] presented a hybridmachine learning frame-

work to enhance the classification performance of malaria-infected red blood cells using the
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NIH Malaria dataset. They proposed methodology involved sequential stages including im-

age acquisition, preprocessing, segmentation, feature extraction, and classification. Five

individual classifiers—Stochastic Gradient Descent (SGD), Decision Tree, Logistic Regres-

sion, XGBoost, and Random Forest—were initially trained to detect parasitized and unin-

fected cells. To overcome the limitations of individual classifiers and reducemisclassification,

the authors introduced two hybrid combinations using a majority voting technique. The first

hybrid model combined SGD, Logistic Regression, and Decision Tree, achieving an accu-

racy of 95.64%, compared to their individual accuracies of 90.63%, 92.23%, and 93.43%, re-

spectively. The second hybrid model, which combined SGD, XGBoost, and Random Forest,

further improved performance, reaching 96.22% accuracy, surpassing the individual scores

of 90.63%, 95.86%, and 96.11%. These results confirm that hybrid ensemble methods sig-

nificantly enhance diagnostic accuracy and robustness, marking a promising advancement

over traditional machine learning approaches in medical image analysis.

Shashikiran S. and Sunitha H. D. (2024) [18] proposed an enhanced machine learning

framework for the automatic identification of malaria-infected red blood cells. Utilizing the

publicly available NIH Malaria dataset comprising 27,558 microscopic images equally dis-

tributed between infected and uninfected cells, the study explored three experimental sce-

narios based on the Support Vector Machine (SVM) classifier. In the first scenario, a stan-

dalone SVM model was employed, achieving an accuracy of 84% in binary classification.

The second scenario integrated SVM with the t-Distributed Stochastic Neighbor Embedding

(t-SNE) technique to improve feature space visualization, resulting in enhanced classifica-

tion performance with an accuracy of 86.23%. In the third scenario, Principal Component

Analysis (PCA) was used alongside SVM for dimensionality reduction, leading to reduced

computational complexity and further improvement in detection accuracy, surpassing 88%.

The results highlight the effectiveness of combining dimensionality reduction and visualiza-

tion techniques with SVM in improving malaria diagnosis accuracy from microscopic images.
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7 Conclusion

This chapter provides a comprehensive overview of malaria, its various types and symptoms,

as well as the evolution of diagnostic approaches. It also examines machine learning (ML),

detailing its methods, techniques, and significance across diverse sectors. Furthermore, the

chapter discusses how machine learning has significantly transformed malaria diagnosis,

leading to improved health outcomes. Although ML methods can achieve satisfactory per-

formance to some extent, their effectiveness is often limited by various factors such as high

variability in the characteristics of microscopic red blood cell images, including variations in

cell shape, density, and staining properties, as well as ambiguity in distinguishing between

certain cell classes.To address these limitations, more advanced techniques are necessary

and required. The next chapter will explore deep learning and investigate its potential to over-

come these challenges, offering more accurate and efficient solutions for malaria detection

and the analysis of complex medical imagery.
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Chapter 2
DEEP LEARNING TECHNIQUES

1 Introduction

Malaria diagnosis is a critical step in reducing its spread and improving treatment outcomes.

Although machine learning techniques have provided promising results in this field, they

still face certain limitations, as previously discussed. These challenges highlight the need

for more advanced and adaptable approaches. In this context, deep learning, particularly

deep neural networks, has emerged as a powerful tool for automatically extracting complex

patterns from medical images. Among these techniques, Convolutional Neural Networks

(CNNs) have demonstrated outstanding performance in a variety of image analysis tasks.

This chapter provides a comprehensive overview of deep learning and its techniques. It starts

by introducing deep learning and its relationship with machine learning, then the fundamental

concepts of artificial neural networks, which serve as the core component of deep learning

architectures. Subsequently, various types of deep learning methods are presented. Finally,

the chapter discusses the application of DL in the detection and diagnosis of malaria.

2 Deep Learning

Deep Learning (DL) is a prominent subfield within the broader domains of machine learn-

ing (ML) and artificial intelligence (AI), which focuses on using artificial neural networks with

many layers. In recent years, DL has gained considerable attention due to its outstand-

ing performance across a wide range of complex tasks. It encompasses a set of methods

that automatically learn hierarchical representations of data through deep neural architec-

tures, particularly excelling in classification problems. The main objective of DL is to extract
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increasingly abstract and meaningful features at higher levels of representation, which en-

ables models to effectively capture and distinguish underlying patterns in data. Although DL

is a subset of ML, its distinctive advantage lies in the depth of representation learning, which

allows it to outperform traditional approaches in domains such as image recognition, speech

processing, and medical diagnostics [19].

2.1 Understanding the Relationship Between Machine Learning and

Deep Learning

Though Deep Learning (DL) is a subfield of Machine Learning (ML), the two approaches

differ significantly in methodology, capabilities, and application scope. ML relies heavily on

manual feature engineering, where domain expertise is required to extract relevant input

features before training. In contrast, DL models automatically learn and extract features

from raw data through hierarchical layers of abstraction [19].

Figure 2.1: Relationship between AI, ML and DL [20]

Another prominent distinction lies in algorithmic complexity and data requirements. ML

algorithms such as decision trees, support vector machines, and k-nearest neighbors per-

form well on structured, tabular data and relatively smaller datasets. DL models, however,

excel when dealing with large-scale, high-dimensional data such as images or audio, This

capability is primarily achieved through advanced neural network architectures, such as con-

volutional neural networks (CNNs) and recurrent neural networks (RNNs) [19].

From a computational perspective, ML models are generally lightweight and faster to
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train, making them suitable for scenarios with limited hardware resources. DL models, on

the other hand, require significant computational power and benefit greatly from GPU accel-

eration due to their deeper and more complex network structures. In terms of performance,

DL has demonstrated higher accuracy in many domains, particularly in image recognition,

natural language processing, and medical diagnostics. Nevertheless, ML remains more in-

terpretable and is often preferred in applications where explainability andmodel transparency

are essential [19].

3 Neural Networks

Artificial Neural Networks (ANNs) are a foundational element of artificial intelligence (AI) and

machine learning, particularly in terms of their architecture and design. Inspired by the bi-

ological neural networks found in the human brain, ANNs aim to replicate the processes of

human learning and information processing by modeling the structure and function of bio-

logical neurons. These models are capable of learning complex relationships within data

and making accurate predictions.Neural networks have demonstrated significant effective-

ness in a variety of applications, including image and speech recognition, medical diagnosis,

and natural language processing. This section introduces the fundamental components of a

neural network—namely, neurons, layers, weights, and activation functions—providing the

foundational knowledge necessary to understand more advanced deep learning architec-

tures [21].

3.1 Basic Concepts of Neural Networks

The essential building blocks of artificial neural networks (ANNs) define their structure and

functionality. A brief overview of the main components is provided below.

3.1.1 Layers

ANNs are structured as sequential layers of interconnected neurons, with each layer playing

a distinct role in the processing of data. These layers collectively contribute to the network’s

ability to learn from input data and generalize to new, unseen instances [19]. Typically, a

neural network is composed of three primary types of layers:
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• Input Layer: The input layer serves as the entry point of the neural network, receiving

the features or attributes that represent each data sample, for example, pixel intensities

in image data. Each feature is assigned to a node (or neuron), which then passes its

value to the subsequent layer, typically the first hidden layer. In general, the input

layer is responsible for preparing the data for processing by the subsequent layers,

contributing to the final predictions made by the output layer [22].

• Hidden Layers: Hidden layers play a pivotal role in Artifcial neural networks (ANNs),

serving as intermediate stages for processing data through an interconnected network

of neurons.These layers progressively extract features, building on each other to un-

cover deeper patterns in the data. Determining the number of hidden layers and the

number of neurons within them is a fundamental design step, tailored to the specific

requirements of each task. These layers are sometimes referred to as dense layers

and are considered the core component that enables the network to learn and produce

accurate results [23].

• Output Layer: The output layer is responsible for generating the final predictions of

the neural network, based on the information processed by the previous layers. The

network’s architecture and the nature of the task determine the type of output, which

can be continuous (as in regression problems), binary, multi-class, or ordinal. The

structure of this output depends on the activation function used in the neurons of the

output layer [23]

.

3.1.2 Weights

Weights represent the strength of the connections between neurons within an artificial neural

network. A lower weight indicates that the data passing through this connection has minimal

impact on the final predictions. In contrast, a significant positive or negative weight modifies

the information received by subsequent layers, which may impact predictions. This approach

is similar to how brain cells communicate, with connections growing or decreasing as they

acquire experience. As connections define specific brain regions activated or deactivated in

response to processed information [19].
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3.1.3 Biases

They are associated with each neuron and act as an offset or threshold, allowing neurons

to activate even when the weighted sum of inputs is insufficient. This adaptability enhances

the network’s ability to learn and make accurate predictions. The bias can be a significant

factor, especially when some features are missing or have a value of zero [19].

3.1.4 Forward Propagation

It is the first step where the neural network starts working with input data. The input layer

receives the data, then hidden layers process it by applying activation functions. As the data

moves forward through the layers, each part helps shape the final result. The output layer

finally gives the prediction or classification. This process is important because it helps the

network learn by adjusting weights and biases during training [24].

3.1.5 Activation Functions

ANNs rely on activation functions, which are the fundamental mechanisms within each neu-

ron, to control the transformation of inputs into outputs. These functions act as calculators

that process the combined influence of incoming neuron signals (weighted sum). After pro-

cessing, activation functions determine whether the resulting value is significant enough to

be passed on to the next layer. This thresholding process allows the ANN to focus on rel-

evant information and introduces non-linearity, a critical factor in solving complex problems.

Activation functions act as decision gates, determining which signals are strong enough to

influence the network’s overall prediction [19][23].

• Sigmoid Function (Logistic Function): It converts different inputs into probabilities

ranging from 0 to 1. Its S-shaped curve introduces critical non-linearity for tackling

complex tasks. The popularity of this function stems from its alignment with proba-

bilistic models and binary classifications. However, vanishing gradients—where error

signals diminish during training—limit its effectiveness in deeper ANN. Therefore, al-

ternative activation functions may be necessary for deeper architectures. This function

is represented as [19][23] :

A(x) =
1

1 + e−x

• Tanh Function: It offers a compelling alternative to the sigmoid function in ANNs
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and DNNs. Both share a sigmoidal output curve, but Tanh’s key advantage lies in

its broader output range (−1 to 1) compared to sigmoid’s 0 to 1. This seemingly minor

difference translates to a significant benefit: Tanh is less susceptible to the vanishing

gradient problem, a hurdle that hinders learning in deep networks. While not entirely

immune, Tanh offers a clear advantage over sigmoid, potentially leading to faster learn-

ing [19][23]. As shown in the equation below, the Tanh function is represented as:

A(x) =
2

1 + e−2x
− 1

• ReLU Function (Rectified Linear Unit): has emerged as a dominant choice in artificial

neural networks (ANNs)and deep neural networks (DNNs) due to its efficiency and abil-

ity to overcome limitations present in previous activation functions. Unlike sigmoid and

Tanh functions with their sigmoidal curves, ReLU operates according to a segmented

linear rule. For negative input values, ReLU outputs zero. However, for positive input

values, ReLU maintains a linear relationship, essentially acting like a standard identity

function [19][23]:

g(x) = max(0, x)

• Softmax Function: Similar to the sigmoid function, the softmax function manages

categorical outcomes in multinomial labeling systems. It converts the model’s outputs

into a probability distribution, enabling more nuanced predictions [19][23]. It can be

defined as:

f(x)j =
exj∑K
k=1 e

xk

, j = 1, . . . , K

• Loss Functions The loss function (LF) serves as a quality check, regularly assessing

the difference between the network’s predictions and actual values. The LF calculates

a specific error metric for each data point, providing valuable feedback on network

performance. Iterative optimization procedures like gradient descent use this data to

improve the network’s internal parameters (weights and biases). Consider the LF to be

a teacher who regularly corrects the network’s errors, allowing it to change and improve

its predictions over time [19].
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3.1.6 Backpropagation

It is the second key step where the neural network improves its performance. After the

prediction is made in the forward pass, the network compares it with the actual output to

calculate the error. Backpropagation then works backward through the layers, using this error

to compute gradients. These gradients help adjust the weights and biases using optimization

algorithms like gradient descent. This step is essential for minimizing error and making the

network more accurate over time [25].

(a) (b)

Figure 2.2: Artificial Neural Network Components: (a) Basic NN Layers [26] , (b) An overview
of the neural network training process [27].

4 Deep Learning Methods

Deep learning is fundamentally built upon deep neural networks (DNNs), which are a spe-

cialized form of artificial neural networks (ANNs) characterized by multiple hidden layers.

Since their initial conception in the 1940s, ANNs have evolved significantly, comprising in-

terconnected layers of perceptrons that process data through input (image data), hidden

(information processing), and output (classifications) stages. The number of hidden layers

and neurons in these networks helps them understand complicated patterns in data. Dur-

ing training, ANNs adjust the strength of connections between neurons based on prediction

errors, gradually learning to distinguish between classes. Deep ANNs, in particular, ex-
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cel at automatic feature extraction. This ability is especially useful in image classification

tasks, where layered processing captures both low- and high-level visual features. While

deep models typically demand large datasets and significant computational power, recent

advancements in hardware (GPUs) and training techniques (e.g., unsupervised pre-training)

have greatly improved their efficiency and scalability. Building on this foundation [19], The

following section will explore some of the common types of deep neural networks:

4.1 Recurrent Neural Networks (RNNs)

Recurrent Neural Networks (RNNs) are a type of deep learning architecture that emerged in

the 1980s, with foundational contributions byRumelhart et al. (1986) [28], Werbos (1988) [29],

and Elman (1990) [30]. They are specifically designed for modeling sequential data. Inspired

by the structure of feedforward networks and the way the human brain processes information

over time, RNNs incorporate a loop within their hidden layers, allowing them to retain infor-

mation from previous inputs — a form of memory. This capability is essential for tasks such

as language translation and detecting long-range dependencies in sequences (Figure 2.3).

In addition to their memory capabilities, RNNs offer advantages such as parameter effi-

ciency by sharing weights across time steps, and compatibility with convolutional layers for

tasks involving sequential data with spatial characteristics, such as image captioning. De-

spite facing training challenges like the vanishing gradient problem, RNNs remain a potent

tool for applications that depend on sequence understanding [31].

Figure 2.3: Recurrent neural network (RNN) architecture [32]
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4.2 Convolutional Neural Networks (CNNs)

Convolutional Neural Networks (CNNs) are also a type of deep learning architecture inspired

by the animal visual cortex, renowned for their success in image recognition and computer

vision tasks. They have a unique architecture with neurons arranged in three dimensions,

allowing them to process spatial relationships and reduce complexity. CNNs extract features

from input data through convolution operations, using weight sharing to improve efficiency.

They can directly work with raw images, simplifying tasks like image classification and object

detection (see Figure 2.4). However, their layered architecture makes design and mainte-

nance more challenging, and training is computationally expensive and slower [31].

Figure 2.4: Example of CNN Architecture [33]

4.2.1 Basic Concepts of CNN

CNNs consist of multiple essential layers that collaboratively extract and process features

from input data. These layers include the convolution layer (feature extractor), pooling layer

(dimensionality reduction), fully connected layer (decision making), and dropout layer (reg-

ularization), each serving a unique function in the network’s architecture. Here is a brief

overview of these essential components:

• Convolution Layer: The Convolution Layer (CL) is the main component of any con-

volutional neural networks , following the input layer, and is where most computations

occur. Multiple filters (feature detectors), small in height and width but spanning the

entire image depth, scan across the input image. By convolving the filters with the

input, the CL generates feature maps that highlight the presence and location of spe-

cific patterns within the image. These filters function as pattern detectors, identifying

specific features within the image [34].
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Figure 2.5: Diagram illustrating the convolution operation [35]

• Pooling Layer: situated between convolution layers, plays a crucial role in reducing

the spatial resolution of the feature maps. There are four main types of pooling layers

as illustrated in Figure 2.6: Max pooling, which consistently chooses the most signifi-

cant value in the region; Average pooling, which computes the mean within the region;

Global max pooling; and Global average pooling [19]. They effectively downsample

the image by selecting the maximum or average value within defined pooling regions.

Figure 2.6: Example illustrating the pooling layer types [36]

• Fully Connected Layer (FCN): fully connected layer constitutes the final stage of a
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CNN, following the convolution and pooling layers. It plays a crucial role in the classifi-

cation process, combining information from previous layers to make predictions about

the input image’s category. This layer outputs a probability distribution over the pos-

sible classes using the softmax activation function, which ensures that the sum of all

output values equals one. As the FCN requires a one-dimensional input vector, the

three-dimensional feature maps from previous layers are first flattened. Each neuron

in FCN is connected to each neuron in the previous layer, and the number of output

nodes typically corresponding to the number of target classes [37].

• Dropout Layer: represents a common technique in CNNs to enhance model gener-

alization and reduce overfitting. During training, approximately 50% of neurons are

randomly deactivated, disrupting overly reliant connections and encouraging the net-

work to learn more robust and diverse features. As a result, the model generalizes

more effectively to unseen data, leading to improved performance on both validation

and test sets [37].

4.2.2 CNN Architectures

CNN architectures have evolved significantly, introducing various structural innovations that

enhance performance across a wide range of computer vision tasks. Each architecture is

designed with specific goals in mind—whether to improve accuracy, reduce computational

cost, or enable deployment in real-time and resource-constrained environments. In the fol-

lowing section, we highlight some of the most prominent CNN architectures that have shaped

the field and are widely used as foundational models in deep learning applications.

• LeNet-5: It devised by Yann LeCun in the 1990s, LeNet is one of the earliest success-

ful applications of Convolutional Neural Networks (CNNs). Among these, the most no-

table is the LeNet-5 architecture, developed in 1998 to recognize handwritten digits for

postal code identification in mail services. LeNet-5, a 7-layer CNNmodel, was adopted

by several banks to identify handwritten digits on scanned checks, using grayscale in-

put images. It receives a grayscale image as input and aims to recognize digit patterns.

The model employs 5×5 convolutional filters with a stride of 1, followed by pooling lay-

ers for downsampling. The resulting features are then passed through fully connected

(FC) layers—one with 120 nodes, followed by another with 84 nodes. Nonlinear activa-

tion functions such as Sigmoid or Tanh are used. The output layer contains 10 nodes
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representing the digit classes from 0 to 9. LeNet-5 was trained on the MNIST dataset,

which includes 60,000 training samples. Figure 2.7 illustrates the overall architecture

of LeNet-5 [38].

Figure 2.7: LeNet architecture [38]

• AlexNet: It developed by Alex Krizhevsky, Ilya Sutskever, andGeoffrey Hinton, AlexNet

is a deep and groundbreaking CNN architecture that won the 2012 ImageNet Large

Scale Visual Recognition Challenge (ILSVRC-2012). The model consists of five con-

volutional layers, followed by pooling layers and three fully connected (FC) layers, as

illustrated in Figure 2.8. It begins with an input image and applies 96 filters with a stride

of 4 in the first convolutional layer, reducing the spatial dimensions. The following pool-

ing layer performs 3×3 max pooling with a stride of 2. The network continues through

additional layers and eventually reaches an FC layer with 9216 nodes, followed by

two more FC layers with 4096 nodes each. The final output layer uses the Softmax

function to classify across 1000 categories. AlexNet contains approximately 60 mil-

lion parameters [38]. Its success relies on several practical techniques, such as the

use of Rectified Linear Units (ReLU) for non-linearity, data augmentation, and dropout

layers. Specifically, ReLU significantly accelerates the training process. Data aug-

mentation improves classification performance and reduces overfitting by generating

more training samples—e.g., by cropping small patches and flipping them horizontally.

Dropout layers are applied within the fully connected layers to further mitigate over-

fitting. Overall, the success of AlexNet popularized the application of deep CNNs in

visual recognition tasks, establishing it as a foundational architecture in modern deep

learning [39].
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Figure 2.8: AlexNet architecture [40]

• VGGNet: It devised by Simonyan and Zisserman from the University of Oxford in 2014,

VGGNet represents a significant advancement in CNN architecture. Available in config-

urations with 16 and 19 layers, the model utilizes 3×3 filters with a stride and padding of

size one, alongside 2×2 max pooling with a stride of 2. This strategic design enhances

network depth while maintaining a manageable number of parameters. Although the

spatial dimensions decrease due to max pooling, the number of filters increases pro-

gressively in deeper layers, ensuring robust feature extraction. VGGNet-19 follows

the same architectural design as VGGNet-16, with additional convolutional layers that

contribute to a deeper network and comparable performance. VGGNet-16 contains

approximately 138 million parameters. Despite this large number, the architecture

maintains a commendable uniformity, with a consistent filter count increment. Its archi-

tectural simplicity (Figure 2.9), paired with small-sized filters, contributes to VGGNet’s

widespread use and effectiveness in image classification tasks [22].

Figure 2.9: VGGNet architecture [33]
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• ResNet: Introduced in 2015 by He et al. from Microsoft Research, ResNet marked

a major breakthrough in deep learning by winning the ImageNet competition. It chal-

lenged the belief that deeper networks necessarily lead to overfitting due to vanishing

gradients or excessive parameters. The key innovation in ResNet is the use of resid-

ual blocks, which connect layers through shortcut connections.These blocks cleverly

connect layers within the network, facilitating the ow of gradients during training and

addressing the vanishing gradient problem prevalent in deep CNNs (Figure 2.10). By

learning residual functions with respect to the input, ResNet enables efficient optimiza-

tion and achieves higher accuracy even with increased network depth [22].

Figure 2.10: ResNet architecture [41]

• EfficientNet: Devised by Mingxing Tan and Quoc V. Le from Google AI in 2019, Effi-

cientNet represents a major innovation in CNN architecture through the introduction of

compound scaling. Unlike traditional scaling methods that independently scale network

dimensions such as depth, width, or input resolution, EfficientNet employs a uniform

and principled scaling approach. This method simultaneously balances all three dimen-

sions, enabling the model to achieve state-of-the-art accuracy with significantly fewer

parameters and Floating Point Operations (FLOPs) [42].

EfficientNet is designed to address the growing computational cost of building deeper

and wider CNNs. For context, Google previously developed the GPipe framework,

which demonstrated that increasing model size can lead to significant improvements in

accuracy on benchmarks such as ImageNet. Using GPipe, they trained a convolutional

neural network that scaled up from 6.8 million to 557 million parameters. Although this

massive increase in depth and width improved accuracy, it also led to high resource
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consumption, making them impractical for real-time or resource-constrained environ-

ments such as mobile or edge devices [42].

The baseline model, EfficientNet-B0, is optimized through neural architecture search

and serves as the foundation for the family of models EfficientNet-B1 to B7. Each sub-

sequent variant is systematically scaled in depth, width, and input resolution according

to the compound scaling method. Architecturally, EfficientNet-B0 begins with a stan-

dard 3×3 convolutional layer, followed by a series of MBConv blocks (Mobile Inverted

Bottleneck Convolutions) inspired by MobileNetV2. These blocks incorporate depth-

wise separable convolutions with varying kernel sizes (e.g., 3×3 and 5×5), enabling

efficient feature extraction. As the network deepens, it progressively reduces spatial

dimensions while increasing feature richness, culminating in a 7×7×320 feature map

that is passed to the classification head. Despite their lightweight nature, these models

outperform larger traditional architectures in both speed and accuracy [42][43][44].

Its scalable efficiency (Figure 2.11) and adaptability to various hardware constraints

have made EfficientNet a preferred choice for real-world computer vision applications.

The architecture family, summarized in Table 2.1, presents detailed performance met-

rics for each EfficientNet variant (B0 to B7), including the number of parameters, FLOPs,

and top-1/top-5 accuracy on the ImageNet benchmark. This comparison highlights

the model’s scalability and its ability to balance accuracy with computational efficiency

across a wide range of configurations, making it an ideal candidate for modern vision

tasks demanding both precision and resource awareness.

Table 2.1: EfficientNet Performance Results on ImageNet [42]

Model Top-1 Acc. Top-5 Acc. Params FLOPs
EfficientNet-B0 76.3% 93.2% 5.3M 0.39B
EfficientNet-B1 78.8% 94.4% 7.8M 0.70B
EfficientNet-B2 79.8% 94.9% 9.2M 1.0B
EfficientNet-B3 81.1% 95.5% 12M 1.8B
EfficientNet-B4 82.6% 96.3% 19M 4.2B
EfficientNet-B5 83.3% 96.7% 30M 9.9B
EfficientNet-B6 84.0% 96.9% 43M 19B
EfficientNet-B7 84.4% 97.1% 66M 37B
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Figure 2.11: EfficientnetB0 Model Architecture [43]

4.2.3 Transfer Learning

Transfer learning encompasses a range of strategies to reuse knowledge gained from one

task in a new, often related, task. One common approach is to utilize pre-trained models—

originally trained on large-scale datasets like ImageNet—as a foundation for solving novel

problems, especially when labeled data is scarce. Among the most widely used techniques

are feature extraction, where the pre-trained network is used as a fixed feature extractor,

and fine-tuning, where some or all layers of the pre-trained model are further trained for the

new task. Typically, this involves replacing the final classification layer to match the target

classes and retraining it on the new dataset (Figure 2.12). These approaches allow for a

significant reduction in training time and required data volume. Transfer learning has proven

effective across various domains, such as image classification, natural language processing,

and medical diagnosis, by leveraging learned representations from one domain to boost

performance in another [31][37][45].

Figure 2.12: The architecture of transfer learning [46]
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5 Deep Learning for Malaria Diagnosis

Deep learning techniques have significantly improved malaria detection, offering enhanced

accuracy and efficiency compared to traditional diagnosticmethods. The following researches

support this assertion:

In a study by Barath Narayanan et al. (2019) [47], several deep learning architectures

were evaluated for malaria parasite detection in cell images. TheNIHmalaria dataset (27,558

images) was randomly split 80/20 for training and testing, respectively. Images were re-

sampled (50×50) and preprocessed using color constancy. A fast CNN architecture was

proposed, consisting of convolutional layers (3×3 filters), batch normalization, ReLU activa-

tion, and 2×2 max-pooling. Training was conducted using gradient descent with momen-

tum (batch size of 64, initial learning rate of 0.0001). Furthermore, transfer learning models

based on AlexNet, ResNet, VGG-16, and DenseNet were explored. The proposed ensemble

method (Average of All) achieved an overall accuracy of 96.7% and an AUC of 0.994 on the

test set.

In a study by Muhammad Umer et al. (2020) [48], a stacked CNN architecture was pro-

posed for malaria parasite detection in thin blood smear images. The NIH malaria dataset

(27,558 images) was split 70/30 for training and testing. The architecture included 5 convolu-

tional layers with varying kernel sizes (2×2, 3×3, 4×4), 2 max-pooling layers (2×2), 1 average

pooling layer (3×3), 4 dense layers, and 8 dropout layers (20%), with ReLU activation. The

model was optimized using the Adam optimizer (batch size of 32) over 13 epochs with binary

cross-entropy loss. The results are shown in the table 2.2.

In a study by Varun Magotra and Mukesh Kumar Rohil (2022) [49], a lightweight convolu-

tional neural network (CNN) was proposed for malaria diagnosis using thin blood smear im-

ages. The NIH malaria dataset (27,558 images) was used with three different training/testing

splits (30/70, 50/50, and 70/30). The proposed architecture consisted of 6 convolutional lay-

ers (with increasing filters from 16 to 128), each followed by ReLU activation andmax-pooling

layers, along with 3 dropout layers and 3 batch normalization layers to reduce overfitting and

improve convergence. The flattened features were passed through two dense layers before

a final sigmoid-activated output neuron. The model was trained using the Adam optimizer

with a learning rate of 0.001, and binary cross-entropy loss. Data augmentation techniques

such as rotation, zoom, shift, and horizontal flipping were applied. The proposed model
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achieved an accuracy of up to 96.23% when using the 70/30 training/testing split, outper-

forming transfer learning models based on VGG-19 and Inception-v3.

In a study by Muhammad Mujahid et al. (2024) [4], a deep learning model based on

EfficientNet-B2 was proposed for malaria detection using red blood cell smear images. The

balanced dataset (27,558 images) was split 80/20 for training and testing. The model em-

ployed dropout, ReLU activation, and was trained with a learning rate of 0.0001, batch size

of 32, and 15 epochs. the model achieved 97.57% accuracy, 0.9921 AUC, 0.9755 F1-score,

and 0.9862 precision, with a testing loss of 0.0995.

Sorio Boit and Rajvardhan Patil (2024) [50] conducted a comprehensive study to develop

an efficient and scalable deep learning model for malaria parasite detection in microscopic

red blood cell images, with a particular focus on enhancing classification performance while

maintaining low computational complexity. Their proposed model, named EDRI (Efficient-

Dense-Residual-Inception), was designed by integrating multiple advanced architectures, in-

cluding EfficientNetB2 as the backbone, DenseNet blocks for improved feature reuse, Resid-

ual blocks to ensure stable training of deep networks, and Inception modules to capture

multi-scale features across varied spatial resolutions. The model architecture omits the fully

connected layers of EfficientNetB2 to allow seamless integration with custom-designed mod-

ules and applies Global Average Pooling followed by a Dropout layer to reduce overfitting.

The final classification layer uses a sigmoid activation function to enable binary classifica-

tion between parasitized and uninfected cells. The EDRI model was trained on a balanced

dataset and optimized for performance in resource-constrained settings. These architectural

innovations enabled the model to generalize effectively across diverse imaging conditions,

capturing complex spatial patterns and achieving state-of-the-art classification results.
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6 Conclusion

This chapter concludes that deep learning methods have significantly enhanced malaria de-

tection, with numerous studies demonstrating their effectiveness across various scenarios

and overcoming the limitations of traditional machine learning techniques. These methods

not only improve diagnostic accuracy but also accelerate treatment processes. In the next

chapter, we present our proposed approach and evaluate its effectiveness for malaria dis-

ease detection from red blood cell images.
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Chapter 3
PROPOSED METHOD FOR MALARIA DISEASE CLASSIFI-
CATION

1 Introduction

The previous chapters provided background information on malaria and its diagnostic ap-

proaches, encompassing both traditional and modern diagnostic methods. Additionally, they

offered a comprehensive overview of machine learning and deep learning techniques, high-

lighting their applications in malaria detection and diagnosis. This chapter presents the pro-

posed deep learning-based approach for the automatic classification of malaria-infected and

uninfected red blood cells, along with its validation results. It outlines the methodology, im-

plementation, and experimental outcomes. First, an overview of the system architecture is

provided, followed by a detailed description of each phase. Finally, the experimental design

is presented, and the corresponding results are discussed.

2 Methodology

The overall schema of the proposed method for the automatic classification of malaria-

infected and uninfected red blood cell images follows a multi-step methodology, as illustrated

in Figure 3.1. The process begins with the preparation of an available dataset of microscopic

red blood cell images, which includes both malaria-infected and uninfected cells. This is fol-

lowed by a data preprocessing step, including resizing, normalization, and data augmenta-

tion to enhance model performance and robustness. The dataset is then divided into training,

validation, and testing subsets to ensure fair evaluation and overcome the problem of overfit-

ting. The main step of the methodology involves the proposal and implementation of a deep
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learning model for malaria classification. Finally, the model is trained and evaluated using

standard metrics to assess its ability to correctly classify both infected and uninfected cells.

Figure 3.1: Work flow of proposed methodology

2.1 Dataset Description

The dataset used in this study was obtained from the publicly available malaria cell image

dataset provided by the National Library of Medicine (NLM) at the National Institutes of Health

(NIH) [51]. The NIH is a U.S.-based biomedical research agency located in Bethesda, Mary-

land. It operates under the U.S. Department of Health and Human Services and is one of

the world’s foremost medical research centers. The dataset contains 27,558 labeled cell

images, equally divided into 13,779 parasitized and 13,779 uninfected samples. These im-

ages were collected from blood smear slides prepared from 150 infected patients and 50

uninfected individuals. Figure 3.2 illustrates examples of both parasitized and uninfected red

blood cells.

2.2 Data Preprocessing and Splitting

Preprocessing is a crucial step in deep learning-based image classification. The dataset used

in this study contains a balanced number of Parasitized and uninfected cell images. Since

the samples have different sizes, all images were resized to a fixed size of 224×224 pixels
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Figure 3.2: Sample images of parasitized and uninfected red blood cells from the Malaria
Cell Image Dataset.

to achieve the input requirements of the EfficientNetB2 model. Furthermore, the dataset im-

ages were augmented using common techniques such as rotation, zooming, shifting, and

horizontal flipping to enhance the model’s generalization capability. In order to collect mean-

ingful results, the dataset was randomly and independently divided into three subsets: 80%

for training, 10% for validation, and 10% for testing, as shown in Table 3.3. Parasitized

images and uninfected images were labeled as class ”0” and class ”1,” respectively.

After preprocessing, the next important step was to split the dataset. The images were

divided into three subsets: 80% for training, 10% for validation, and 10% for testing. The

splitting was performed separately for each class to maintain class balance across all sub-

sets. This ensures fair evaluation and robust model performance. The class labels were

assigned as 0 for Parasitized and 1 for Uninfected. Table 3.3 presents the distribution of par-

asitized and uninfected images after splitting the dataset into training, validation, and testing

sets.

Dataset Parasitized cells Uninfected cells Total images

Training images 11,023 11,023 22,046

Validation images 1,378 1,378 2,756

Testing images 1,378 1,378 2,756

Total images 13,779 13,779 27,558

Table 3.3: Distribution of parasitized and uninfected images after data splitting.
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2.3 Overview of the Proposed Methodology

Deep learning models have demonstrated exceptional capabilities in extracting complex pat-

terns from visual data, making them highly suitable for medical image classification tasks.

In this study, a deep convolutional neural network (CNN) based on the EfficientNet-B2 ar-

chitecture is applied to automatically classify red blood cell images as either parasitized or

uninfected. While deep learning Network typically require large datasets and significant com-

putational power, their efficiency can be enhanced through optimized architectural choices,

transfer learning, and regularization techniques.

Figure 3.3: the architecture of the proposed model

Thus, the EfficientNet-B2 network, which was pre-trained on the large-scale ImageNet

dataset, was fine-tuned using the NIH malaria dataset. Figure 3.3 illustrates the architec-

ture of the proposed methodology. First, the pre-trained EfficientNet-B2 model was loaded,

and its base layers were frozen during the initial training phase to retain previously learned

features. To adapt the model to the binary classification task, several layers were added on

top of the base model. These included a GlobalAveragePooling2D layer to reduce spatial

dimensions, followed by a Dropout layer with a rate of 0.3 to prevent overfitting. Next, a

Dense layer with 128 units and ReLU activation was added to learn high-level representa-

tions, followed by another Dropout layer with a rate of 0.2. Finally, a Dense output layer with

a single unit and a sigmoid activation function was used to produce the probability score for

binary classification. This configuration enables the model to efficiently extract and classify

features that are essential for detecting malaria-infected cells.
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Figure 3.4: Training and Evaluation Pipeline

The training step consists of two main phases (as shown in Figure 3.4). In the first phase,

the base model was entirely frozen to train only the newly added classification layers. In

the second phase, the entire model was unfrozen to allow fine-tuning of both the base and

custom layers.

The model was trained using mini-batches of size 32. During the initial phase, the model

was compiled with the Adam optimizer (learning rate = 1× 10−4) and trained for 15 epochs.

Afterward, the base model was unfrozen and recompiled with a reduced learning rate (1 ×

10−5), followed by 50 epochs of fine-tuning.

Table 3.4: The number of layers, types, output-shape and its parameters for the proposed
model. (Parameters: 7,949,050. Trainable parameters: 180,481. Non-trainable parameters:
7,768,569)

No. Layer Type Output Shape Parameters

1 EfficientNetB2 (None, 7, 7, 1408) 7,768,569

2 GlobalAveragePooling2D (None, 1408) 0

3 Dropout (rate = 0.3) (None, 1408) 0

4 Dense (128, ReLU) (None, 128) 180,352

5 Dropout (rate = 0.2) (None, 128) 0

6 Dense (1, Sigmoid) (None, 1) 129

To overcome the problem of overfitting, early stopping was applied over a period of 7

epochs, restoring the best weights based on validation AUC. Additionally, the learning rate
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was automatically reduced by a factor of 0.3 when the validation AUC plateaued for 3 con-

secutive epochs.

The final model was evaluated on the test set using key performance metrics including

accuracy, precision, recall, F1-score, and AUC. Moreover, visualization tools such as the

confusion matrix and ROC curve were utilized to further interpret the model’s performance.

3 Results and Discussion

3.1 Experimental Environment

The experiments were conducted on a remote Linux-based machine accessed via SSH. The

system was running Ubuntu with a symmetric multiprocessing (SMP) supported kernel (ver-

sion #107-Ubuntu SMP), enabling efficient parallel processing. The hardware environment

included an NVIDIA A5000GPU and 125GB of RAM, providing substantial computational ca-

pacity for deep learning tasks. Additionally, some experiments were executed using Google

Colab, leveraging cloud-based GPU acceleration. The software environment consisted of

Python 3.8, TensorFlow 2.x, and supporting libraries such as Keras, NumPy, and Pandas.

3.2 Performance Evaluation Metrics

To evaluate the performance of the proposed malaria classification model, multiple widely

used metrics were employed. These metrics provide a holistic assessment of the model’s

ability to distinguish between parasitized and uninfected cells.

• Accuracy: Accuracy measures the overall correctness of the model. It is computed

as shown below in Equation 3.1 [52].

Accuracy =
TP + TN

TP + TN + FP + FN
(3.1)

• Precision: Represents the proportion of correctly predicted positive samples among

all predicted positives and is defined as Equation 3.2 [52].

Precision =
TP

TP + FP
(3.2)
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• Recall (Sensitivity): Indicates the proportion of actual positive samples that were cor-

rectly identified, which are calculated as shown below in Equation 3.3 [52].

Recall = TP

TP + FN
(3.3)

• F1-Score: The F1 score is the harmonic mean of precision and recall, providing a

balance between the two in cases of class imbalance, It is computed as shown below

in Equation 3.4 [52].

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

(3.4)

• AUC (Area Under the ROCCurve): Reflects the model’s ability to distinguish between

the two classes across all classification thresholds. A higher AUC indicates better

performance [52].

• Confusion Matrix: A tabular visualization showing the distribution of predicted and

actual labels, helping to identify types of misclassifications such as false positives and

false negatives [52].

Where:

– TP (True Positive): correctly predicted parasitized images

– TN (True Negative): correctly predicted uninfected images

– FP (False Positive): uninfected images incorrectly predicted as parasitized

– FN (False Negative): parasitized images incorrectly predicted as uninfected

3.3 Evaluation Results

This section illustrates three sets of experiments:

First Set of Experiments – Performance Evaluation of the Main Contribution for

Malaria Disease Classification: this set evaluates the effectiveness and accuracy of

the proposed method in classifying malaria-infected cells.

SecondSet of Experiments –Comparative Analysis of DifferentModels forMalaria

Classification: this set compares several deep learning models to assess their per-

formance in classifying malaria-infected cells.
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Final Set of Experiments – Comparison of the Proposed Approach with Related

Work: this set contrasts the proposed method with existing approaches in the literature

to demonstrate its improvements and contextualize its contribution within the field.

3.3.1 First Set of Experiments – Performance Evaluation of the Main Contribu-

tion for Malaria Disease Classification:

The proposedmodel was evaluated on the test set of the NIHMalaria dataset, achieving

an overall accuracy of 99.35%. This high level of accuracy indicates that the model cor-

rectly classified the vast majority of the blood smear images, effectively distinguishing

between parasitized and uninfected red blood cells (RBCs). The model’s precision of

98.99% reflects its ability to minimize false positives, ensuring that most cells predicted

as parasitized were indeed infected. Similarly, the recall of 99.71% demonstrates the

model’s effectiveness in identifying actual parasitized cells, thereby reducing the num-

ber of false negatives.

The F1 score of 99.35%, being the harmonic mean of precision and recall, highlights a

strong balance between the two metrics. This balance is particularly critical in medical

diagnostics, where both false positives and false negatives can lead to serious conse-

quences. Furthermore, the Area Under the Receiver Operating Characteristic Curve

(AUC-ROC) of 99.98% reinforces the model’s exceptional discriminative ability across

various classification thresholds. An AUC score close to 1.0 signifies near-perfect per-

formance in distinguishing between the two classes.

Figure 3.5: Model Performance Curves (Accuracy, Loss, AUC)

Furthermore, the model achieved a final loss of 0.0194, indicating not only high accu-

racy but also strong confidence and low uncertainty in its probabilistic outputs. The

classification report confirms consistently high scores for both classes, with precision,
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recall, and F1-score values of approximately 0.99 for Parasitized and Uninfected class.

Figure 3.6: Receiver Operating Characteristic (ROC) Curve

Figure 3.7: Confusion Matrix

Figure 3.7 illustrates the confusion matrix of the proposed model on the test set. The

model successfully classified 1364 parasitized and 1374 uninfected samples correctly,

with only 14 false positives (uninfected classified as parasitized) and 4 false negatives

(parasitized classified as uninfected). From these results, two key findings can be ob-

served. First, the proposed methodology demonstrates strong generalization capabil-

ities and effectively derives powerful feature representations, enabling it to overcome

challenges commonly associated with microscopic red blood cell images, as previously

discussed. Second, the model achieved significantly better classification performance,

outperforming both traditional methods and prior studies.
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3.3.2 Second Set of Experiments – Comparative Analysis of Different Models for

Malaria Classification:

This subset of experiments applied three widely used pre-trained deep learning models,

namely VGG-16, MobileNetV2, and EfficientNet-B2, as previously introduced. The first model,

VGG-16, was employed as a feature extractor; the extracted feature vectors were then fed

into a supervised classifier (SVM) to obtain the classification results. In contrast, the other

two models, MobileNetV2 and EfficientNet-B2, were fine-tuned using the same NIH Malaria

dataset to perform end-to-end classification.

• Hybrid Approach: VGG-16 with SVM:

Here, in this experiment, the VGG-16 convolutional neural network was employed as a fea-

ture extractor for red blood cell images by removing all fully connected layers, thereby focus-

ing exclusively on the last convolutional layers to capture spatial features. All input images

were first resized to 224×224 pixels to match the input requirements of VGG-16. Then the

output from the final convolutional block was flattened, resulting in a 25,088-dimensional fea-

ture vector representing each image. Then, Principal Component Analysis (PCA) reduced

the feature dimensionality to the top 100 components to enhance efficiency and reduce over-

fitting. This reduced feature was fed into a supervised classifier (SVM) with a radial basis

function (RBF) kernel to obtain the classification results. This approach achieved strong

performance, with 97.44% accuracy, 96.57% precision, 98.35% recall, and a 97.45% F1-

score, demonstrating the effectiveness of integrating deep feature extraction with classical

classifiers for malaria detection.

• Transfer Learning with MobileNetV2:

In this experiment, the MobileNetV2 architecture was fine-tuned to develop a binary classifi-

cation model for detecting malaria-infected cells. As previously explained with EfficientNet-

B2, the convolutional layers of the base model were initially frozen to retain the pre-trained

weights, and additional classification layers were added on top. These layers included a

GlobalAveragePooling2D layer, followed by a Dropout layer with a rate of 0.3, a Dense layer

with 128 units and ReLU activation, another Dropout layer with a rate of 0.2, and a final Dense

layer with sigmoid activation to produce binary output. The training process consisted of two

phases: an initial phase with the base model frozen, and a fine-tuning phase in which all
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layers were unfrozen and retrained using a lower learning rate. The model was compiled

with the Adam optimizer (with an initial learning rate of 1 × 10−4, reduced to 1 × 10−5 dur-

ing fine-tuning), and binary cross-entropy was used as the loss function. Accuracy and AUC

were employed as the primary evaluation metrics. To enhance training efficiency and prevent

overfitting, EarlyStopping was applied to halt training when the validation AUC plateaued, and

ReduceLROnPlateauwas used to dynamically lower the learning rate based on performance.

The fine-tuned MobileNetV2 model demonstrated strong performance on the validation set,

achieving an AUC of 0.9972, an F1-score of 97.62%, an accuracy of 97.60%, a precision of

96.38%, and a recall of 98.90

• Transfer Learning with EfficientNetB2 (First scenario):

In this experiment, the available dataset of microscopic red blood cell images was prepared

and divided as previously described. To enhance model generalization and overcome over-

fitting, various data augmentation techniques were applied during training. These included

random rotations up to 30°, vertical and horizontal shifts of up to 25%, random zooming

and cropping, vertical and horizontal flipping, and random color shifting. To address class

imbalance between parasitized and uninfected samples, class weights were automatically

computed and incorporated during training. The EfficientNetB2 architecture, pre-trained on

ImageNet, was fine-tuned for the binary classification task. The top classification layers of

the base model were removed, and the following custom layers were appended:

The base model EfficientNetB2, pretrained on ImageNet, was used as the feature extrac-

tor, with the top classification layers removed. The following custom layers were added:

• GlobalAveragePooling2D

• BatchNormalization, Dropout (rate = 0.4), Dense (512 units, ReLU)

• BatchNormalization, Dropout (rate = 0.3), Dense (128 units, ReLU)

• Dense (1 unit, Sigmoid)

The training process was conducted in two phases. In the first phase, the base model

was entirely frozen to train only the newly added classification layers. In the second phase,

the entire model was unfrozen to allow fine-tuning of both the base and custom layers. The

Adam optimizer was employed with a learning rate of 1× 10−4, and training was carried out

for up to 100 epochs.
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Final evaluation results showed a test loss of 0.0530, an accuracy of 98.00%, a preci-

sion of 97.61%, and a recall of 98.93%, indicating the strong effectiveness of the fine-tuned

EfficientNetB2 model in detecting malaria-infected cells.

Table 3.5 summarizes the quantitative results of all conducted experiments. As illustrated,

the proposed EfficientNetB2-based model outperformed the other approaches across most

evaluation metrics, particularly in terms of accuracy and AUC. These results demonstrate the

model’s strong generalization capability and emphasize its potential for reliable and effective

automated classification of malaria-infected cell images.

Table 3.5: Comparison of classification performance across different models.

Model Accuracy Precision Recall F1 Score AUC
MobileNetV2 + PCA + SVM 94.38% 92.73% 96.30% 94.48% 98.40%

VGG16 + FC1 + SVM 95.10% 95.13% 95.07% 95.10% 98.65%

ResNet50 + PCA + SVM 95.17% 94.37% 96.08% 95.22% 98.81%

VGG16 + FC1 + PCA + SVM 95.86% 95.08% 96.73% 95.90% 98.80%

EfficientNetB2 + SVM 96.37% 95.71% 97.10% 96.40% –

VGG16 + PCA + SVM 97.44% 96.57% 98.35% 97.45% 99.68%

MobileNetV2 (Transfer Learning) 97.60% 96.38% 98.90% 97.62% 99.72%

EfficientNetB2 (Transfer Learning) 98.00% 97.61% 98.93% – 99.82%

Proposed Model 99.35% 98.99% 99.71% 99.35% 99.98%

3.3.3 Final Set of Experiments – Comparison of the Proposed Approach with Related

Work:

This set of experiments compares the proposed method with existing approaches from the

literature to highlight its improvements and contextualize its contribution within the field of

malaria-infected cell image classification. After establishing the strong performance of our

proposed method, we proceed to compare it with other techniques reported in the literature.

To ensure a fair and objective comparison, it is crucial that the experimental conditions remain

consistent across studies. All compared approaches should be validated and tested on the

same dataset or on datasets with similar characteristics, thereby maintaining the reliability

and relevance of the performance evaluation.

Table 3.6 presents a summary of classification performance metrics—including accu-

racy, precision, recall, F1-score, and AUC—as reported in various related studies. Barath
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Narayanan et al. [47] implemented a basic CNN architecture, achieving 96% accuracy; how-

ever, other key metrics such as precision, recall, and F1-score were not reported, limiting

the ability to evaluate overall performance. Muhammad Umer et al. [48] proposed a stacked

CNN-5 architecture combined with 5-fold cross-validation, reporting near-perfect results with

99.96% accuracy, 100% precision, and a 99.96% F1-score. While impressive, these results

may be optimistic due to the gap of detailed reproducibility information.

Varun Magotra et al. [49] developed a custom CNN model, achieving 96.36% accuracy

with acceptable precision (92%) and high recall (97%), resulting in an F1-score of 94%.

Muhammad Mujahid et al. [4] transferd learning using EfficientNet-B2, achieving 97.57%

accuracy, 96.59% precision, and a strong AUC of 99.21%, indicating solid generalization.

Sorio Boit et al. [50] introduced a hybrid ensemble model (EDRI), combining EfficientNetV2,

DenseNet, ResNet, and Inception architectures. This ensemble achieved 97.68% accuracy,

98.88% precision, and an AUC of 99.76%. However, the model’s complexity and computa-

tional demands could limit its practical deployment in resource-constrained environments.

In contrast, the proposed fine-tuned EfficientNetB2model outperformed existing approaches

across nearly all metrics, achieving 99.35% accuracy, 98.99% precision, 99.71% recall,

99.35% F1-score, and a remarkable AUC of 99.98%. These results demonstrate a strong

balance between sensitivity and specificity, with minimal misclassifications. As we can see,

our proposal is the most generalized and provides the best performance in all cases. Specif-

ically, our approach is robust and the most generalized across to various factors, including

differences in cell shape, density, and staining properties, as well as ambiguities in distin-

guishing certain cell types.

Table 3.6: Performance metrics of deep learning models for malaria detection using the NIH
Malaria dataset

Reference Method No. of Images Accuracy Precision Recall F1 Score AUC
Barath Narayanan
et al. [47]

CNN 27,558 96% – – – 99.1%

Muhammad Umer
et al. [48]

Stacked CNN-5
with 5-fold

27,558 99.964% 100% 99.928% 99.964% –

Varun Magotra et
al. [49]

Custom CNN 27,558 96.36% 92% 97% 94% –

Muhammad
Mujahid et al. [4]

EfficientNet-B2 27,558 97.57% 96.59% 98.62% 97.55% 99.21%

Sorio Boit et
al. [50]

EDRI 27,558 97.68% 98.88% 96.44% 97.65% 99.76%

Proposed Model EfficientNetB2 (TL
+ fine-tuning)

27,558 99.35% 98.99% 99.71% 99.35% 99.98%
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4 Conclusion

In this chapter, we presented our contribution tomalaria disease classification using a publicly

available dataset provided by the National Institutes of Health (NIH), which contains 27,558

microscopic images of red blood cells. We began by describing the overall architecture of

the proposed system, followed by a detailed explanation of each of its individual phases.

Additionally, we reported the experimental results and their validation to demonstrate the

effectiveness of the proposed approach. Our main set of experiments focused on evaluating

the performance gains achieved by fine-tuning the EfficientNet-B2 network using the NIH

malaria dataset. Subsequently, we conducted three additional sets of experiments aimed

at comparative analysis. These included evaluations against other popular deep learning

models, as well as comparisons with existing methods reported in the literature, to further

validate the robustness and superiority of the proposed approach.

The results demonstrated that the proposed methodology achieves strong generalization

capabilities, effectively addressing the challenges commonly associated with microscopic

red blood cell image classification, as previously discussed. Furthermore, the model outper-

formed both traditional machine learning methods and previously published deep learning

approaches.
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General conclusion
conclusion, we applied an EfficientNetB2 model utilizing transfer learning and fine-tuning

techniques to classify red blood cell images for accurate malaria diagnosis. The model was

trained on the publicly available malaria dataset provided by the National Institutes of Health

(NIH). It improved performance, achieving an accuracy of 99.35%, an F1-score of 0.9935, a

precision of 98.99%, and a recall of 99.71%. These results validate the effectiveness of the

proposed model in distinguishing between infected and uninfected cells.

The strong performance highlights the potential of the model to support medical diag-

nosis, particularly in low-resource and remote settings. By reducing diagnostic errors and

minimizing the need for extensive human intervention, this approach can contribute to the de-

velopment of intelligent diagnostic tools that assist healthcare professionals in making faster

and more accurate clinical decisions. The model’s efficiency and reliability suggest that it

can serve as valuable aid in healthcare centers, improving early detection and enhancing

the overall quality of care. This work represents an important step toward the development

of smart systems for automated disease diagnosis.

For future work, we aim to further enhance and optimize the model to improve classifica-

tion accuracy for malaria-infected cell images. Additionally, we plan to evaluate the general-

izability of the proposed methodology in the diagnosis of other diseases. We are also inter-

ested in exploring the performance of alternative CNN architectures for malaria classification

to identify models that offer better trade-offs between accuracy, efficiency, and deployment

feasibility.
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