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 الملخص 

تم استخدام التحويل الموجي والذكاء الاصطناعي في مجموعة واسعة من التطبيقات. في مجال الإشارات الطبية، تم توظيفهما في مهام  

متعددة مثل استخراج الخصائص، والتصنيف، والتقسيم. في هذا العمل، نقترح نموذجين لتصنيف أورام الدماغ انطلاقاً من صور  

 الرنين المغناطيسي.

النموذج الأول على مصنف   الدبقي، والورم   SVMيعتمد  الورم  فئات، وهي  أربع  المغناطيسي إلى  الرنين  لتصنيف صور  متعدد 

السحائي، والورم النخامي، وعدم وجود ورم. يجمع هذا النموذج بين التحويل الموجي غير المضمحل لاستخراج المعلومات الترددية  

. يتم تطبيق تحليل المكو�ت الرئيسية  EfficientNet-B0والزمنية، يليه استخراج الخصائص باستخدام النموذج المدرب مسبقًا  

(PCA)    لاختيار الخصائص، ويدُرّب مصنفSVM    متعدد بناءً على هذه الخصائص، مستفيدًا من المعلومات الترددية والمكانية

 لصور الرنين المغناطيسي، مما يسمح بتحقيق دقة تصنيف عالية. 

لاستخراج الخصائص،    ResNet50V2للمعالجة المسبقة، و  (SWT)أما النموذج الثاني فيستخدم دمج تحويل الموجة الساكنة  

، حيث يتم تحليل الصور إلى عدة نطاقات ترددية لتعزيز  SWTللتصنيف. تبدأ مرحلة المعالجة المسبقة بتحويل    LSTMوشبكة  

.  ResNet50V2بكسل لتتوافق مع نموذج  224×224الخصائص المرتبطة بالورم وتقليل الضجيج. ثم يتم تغيير حجم الصور إلى 

لتصنيفها إلى أربع فئات، وهي الورم    LSTMلاستخراج الخصائص، والتي تمُرّر بعد ذلك إلى شبكة    ResNet50V2يُستخدم  

 الدبقي، والورم السحائي، والورم النخامي، وعدم وجود ورم. وقد أثبتت الطريقة المقترحة فعاليتها في تحقيق دقة تصنيف عالية. 

 التحويل الموجي، الذكاء الاصطناعي، صور الرنين المغناطيسي، التصنيف. الكلمات المفتاحية: 



Abstract

Wavelet transform and artificial intelligence have been applied to a wide range of prob-
lems. In medical signals, they have been used in many tasks such as feature extraction,
classification and segmentation. In this work, we propose two models for brain tumor
classification from MR images. The first model uses a multi SVM classifier to classify
MR images into 4 classes (glioma, meningioma, pituitary, no tumor), the model combines
the undecimated wavelet transform to extract both frequency and temporal informa-
tion, followed by feature extraction using a pretrained EfficientNet-B0 model. Principal
Component Analysis (PCA) is applied for features selection, The multi-SVM classifier is
trained based on these features, making use of the frequency and spatial information of
the MR images, allowing for high accuracy. The second model uses the integration of
Stationary Wavelet Transform (SWT) for preprocessing, ResNet50V2 for feature extrac-
tion, and Long Short-Term Memory (LSTM) for classification, The preprocessing phase
started with Stationary Wavelet Transform (SWT), which decomposed the images into
multiple frequency bands to enhance tumor-related features while reducing noise. The
images were then resized to 224Œ224 pixels to ensure compatibility with the ResNet50V2
model. Feature extraction was performed using ResNet50V2, the extracted features were
then passed to a Long Short-Term Memory (LSTM) network for classification into four
categories: Glioma, Meningioma, Pituitary, and No Tumor. this proposed method be
effective in producing a high classification accuracy rate. The proposed models are eval-
uated using performance metrics including accuracy F1 score and recall and precision,
the dataset from Kaggle, the results obtained are compared with some modern methods.
Keywords Wavelet transform, Artificial Intelligence, MR images, classification
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Résumé

La transformée en ondelettes et l'intelligence artificielle ont été appliquées à un large

éventail de problèmes. Dans le domaine des signaux médicaux, elles ont été utilisées pour

de nombreuses tâches telles que l'extraction de caractéristiques, la classification et la

segmentation. Dans ce travail, nous proposons deux modèles pour la classification des

tumeurs cérébrales à partir d'images IRM.

Le premier modèle utilise un classifieur SVM multiclasse pour classer les images IRM en 4

classes (gliome, méningiome, tumeur de l'hypophyse, absence de tumeur). Ce modèle

combine la transformée en ondelettes non décimée, afin d'extraire à la fois l'information

fréquentielle et temporelle, suivie d'une extraction de caractéristiques à l'aide d'un modèle

EfficientNet-B0 pré-entraîné. L'analyse en composantes principales (ACP) est appliquée

pour la sélection des caractéristiques. Le classifieur SVM multiclasse est ensuite entraîné

sur ces caractéristiques, tirant parti de l'information fréquentielle et spatiale des images

IRM, ce qui permet d'obtenir une grande précision.

Le second modèle repose sur l'intégration de la transformée en ondelettes stationnaire

(SWT) pour le prétraitement, de ResNet50V2 pour l'extraction de caractéristiques et d'un

réseau à mémoire à long et court terme (LSTM) pour la classification. La phase de

prétraitement commence par la transformée en ondelettes stationnaire (SWT), qui

décompose les images en plusieurs bandes de fréquences afin de renforcer les

caractéristiques liées à la tumeur tout en réduisant le bruit. Les images sont ensuite

redimensionnées à 224×224 pixels afin d'assurer la compatibilité avec le modèle

ResNet50V2. L'extraction de caractéristiques est réalisée avec ResNet50V2, puis les

caractéristiques extraites sont transmises à un réseau LSTM pour la classification en

quatre catégories : gliome, méningiome, tumeur de l'hypophyse et absence de tumeur. La

méthode proposée s'avère efficace pour produire un taux de précision de classification

élevé.

Les modèles proposés sont évalués à l'aide de métriques de performance, notamment

l'exactitude (accuracy), le score F1, le rappel et la précision, sur un jeu de données

provenant de Kaggle. Les résultats obtenus sont comparés à ceux de certaines méthodes

modernes.

Mots-clés : transformée en ondelettes, intelligence artificielle, images IRM, classification
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Medical signals are data representing the biological and physiological activity of the hu-
man body [1]. They are recorded for diagnosis and monitoring purposes. These signals are
essential for non-invasive medical analysis and play a central role in healthcare and clinical
decision-making [2]. These signals include electrocardiograms (ECGs), which record the
electrical activity of the heart [3]; electroencephalograms (EEGs) which measure brain
activity [4]; and electromyograms (EMGs) which capture electrical signals generated by
skeletal muscles[5]. Other important examples include respiratory signals, which are used
to assess breathing rate and volume [6], and blood pressure signals which monitor the
force of blood flow against vessel walls [7]. Furthermore, medical imaging signals, such as
those generated by magnetic resonance imaging (MRI), computed tomography (CT), and
ultrasound, provide visual information revealing the body’s internal structures. These
signals aid in precise diagnosis and therapy planning [8]. In the field of medical signals
one problem is the classification of MRI scans to detect brain tumors, Early detection is
crucial for treatment planning [9]. Due to the large amount of data, manual diagnosis by
specialists is time-consuming and prone to human error[10]. Researchers in this field have
used various artificial intelligence (AI) approaches, including machine learning (ML) and
deep learning (DL), to develop numerous computer-aided diagnostic (CAD) systems [11].
These methods face many challenges, such as the availability of data and feature extrac-
tion from MRI images [12]. Traditional ML methods rely on handcrafted features, which
may not capture all relevant information and require domain expertise [13]. Although DL
techniques automate feature extraction, they often require substantial computer resources
and large amounts of data [14]. In this thesis, we address these challenges by combining
wavelet transforms, which are a powerful mathematical tool for analyzing signals [15] with
different AI techniques, including ML and DL. This thesis focuses on finding an effective
way to combine wavelet transforms and artificial intelligence techniques to improve the
analysis of medical signals, with a particular focus on classifying MRI images for brain
tumor detection. The aim is to improve feature extraction and overcome the limitations
of traditional methods by combining the undecimated wavelet transform (UWT) with
deep learning models such as EfficientNet-B0. The study examines the advantages of
using wavelet transforms to extract and classify features in medical data, demonstrating
their ability to capture frequency and spatial information. The efficiency of the proposed
strategy is evaluated using a medical image dataset and is then compared with existing
methods. Finally, we identify potential areas for development and explore the pros and
cons of the proposed method in medical signal processing.The thesis aims to improve the
accuracy and efficiency of medical signal processing by incorporating wavelet analysis into
deep learning systems. The study will evaluate the proposed method using medical im-
age datasets and compare its results with those of the most advanced methods available
today. It also assesses the method’s pros and cons and suggests potential improvements
and optimizations.

In this study, we present two models for classifying brain tumors using MRI scans. The
first is based on a multi-SVM classifier, which leverages the undecimated wavelet trans-
form (UWT) to extract both frequency and temporal information from MRI images. This
is followed by feature extraction using a pretrained EfficientNet-B0 model, and Principal
Component Analysis (PCA) is applied for feature selection. The multi-SVM classifier
utilizes these selected features to classify the MRI images into four categories: glioma,
meningioma, pituitary tumor, and no tumor. The second model combines Stationary
Wavelet Transform (SWT) for preprocessing, ResNet50V2 for feature extraction, and
Long Short-Term Memory (LSTM) for classification. SWT decomposes images into mul-
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tiple frequency bands to enhance tumor-related features and reduce noise. The images
are then resized to 224Œ224 pixels for compatibility with ResNet50V2, which extracts
relevant features. These features are fed into an LSTM network to classify MRI images
into four categories: Glioma, Meningioma, Pituitary, and No Tumor.

This thesis consists of four chapters organized as follows:
1. The first chapter is devoted to the general concepts of medical signals. It presents

the different types of medical signals, including electrophysiological, imaging, and biome-
chanical signals. This chapter also covers key preprocessing techniques such as noise
reduction, standardization, and feature extraction. Special attention is given to MRI sig-
nals in the context of brain tumor detection, with a focus on the use of artificial intelligence
methods for image classification and diagnosis.

2. The second chapter introduces wavelet transforms. It explains wavelet theory,
key properties, and types of wavelets such as orthogonal, biorthogonal, and complex.
The chapter describes continuous, discrete,undecimated and lifting wavelet transforms.
It also covers practical applications including denoising, feature extraction, compression,
segmentation, and classification of medical signals like ECG, EEG, and MRI.

3. The third chapter is devoted to an overview of artificial intelligence. It presents the
main concepts and techniques of AI, including machine learning, deep learning, natural
language processing, and computer vision. The chapter traces the development of AI and
highlights its wide applications across various sectors. The second part focuses on AI’s
role in medical signal processing, covering its use in disease diagnosis, signal analysis,
patient monitoring, and prediction.

4. The fourth chapter focuses on Application of Proposed Methods to Brain Tumor
MRI Classification. It introduces two models that combine wavelet transforms with deep
learning. The first model uses UWT with EfficientNet-B0, PCA, and multi-SVM for clas-
sifying MRI images into four tumor types. The second model applies SWT for denoising,
ResNet50V2 for feature extraction, and LSTM for classification. Both models aim to im-
prove accuracy by combining wavelet transform with machine learning and deep learning
techniques.

Finally, a conclusion concludes this thesis.
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1.1 Introduction
Medical signals are essential to contemporary healthcare because they make it possible to
analyze and interpret a variety of physiological data for diagnosis, monitoring, and treat-
ment [16].These medical signals include electrocardiograms (ECGs), electroencephalo-
grams (EEGs), electromyograms (EMGs), and magnetic resonance imaging (MRI). It is
important to extract insights and rational frameworks that can help healthcare profes-
sionals make informed decisions [17].

Advances in technology allow us to capture and interpret medical signals, which has
allowed us to develop sophisticated diagnostic tools and systems. The main objective is to
increase the capabilities of healthcare professionals by automating repetitive operations
and supplying more precise data for clinical decision-making, rather than replacing them.
The practical applications of advanced imaging and signaling techniques have increased,
and further advances in theory and technology are required [18].

The challenge in using medical signals is to capture and accurately interpret complex
physiological data to yield meaningful insights[19].The primary goal is to provide a com-
prehensive overview of medical parameters, divided into electrophysiological parameters,
medical imaging parameters, and biomechanical parameters. and highlights important
preprocessing and filtering procedures necessary for successful analysis, ensuring the reli-
ability and usefulness of the data[20].

1.2 Definition of Medical Signal
Several researchers have defined medical signals and emphasized their importance in
healthcare. For example, Akay in 1994 defined a medical signal as: "a representation
of a physiological parameter, captured over time, to monitor and diagnose the health
status of an individual". Similarly, Enderle et al. in 2000 described medical signals as:
"biological signals that are collected and interpreted using various techniques to under-
stand and evaluate the functioning of different body systems"[21].

These definitions underscore the objectives and challenges associated with medical
signals. Transmission of medical data that represent diverse physiological processes in-
volving noise and artifacts is contained in medical signals.The analysis of these signals
aims to provide information on the status and function of the body by assisting in the
diagnosis, monitoring, and treatment of certain medical disorders.

1.3 Types of Medical Signals
Medical signals play a key role in diagnosing and managing physical conditions. These
signals can be broadly classified as electrophysiological, medical imaging or biomechani-
cal. Each category comprises specific indicators that offer detailed insights into different
aspects of human health[22].

1.3.1 Electrophysiological Signals
Electrophysiological signals are a subset of medical signals that measure the electrical
activity generated by physiological processes[23],These signals are essential for under-
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standing the functioning of the heart, brain, muscles, and other organs. Common types
of electrophysiological signals include:

Electrocardiogram (ECG)

An electrocardiogram (ECG) records the electrical activity of the heart over time by
applying electrodes to the skin. This essential cardiology instrument is used to identify
heart problems such as myocardial infarction and arrhythmias. The ECG signal provides
information on the heart’s rhythm, rate and electrical conduction pathways . Figure 1.1.
presents an example of a normal ECG signal[24].

Figure 1.1: Example of Normal ECG signal [24]

Electroencephalogram (EEG)

Electroencephalography (EEG) is one method for measuring the electrical activity of the
brain. EEG is often used to identify and track neurological problems, such as brain dam-
age, sleep disorders, and epilepsy. Electrodes inserted into the scalp measure spontaneous
electrical activity and receive EEG data. Figure 1.2 shows an example of a normal EEG
[25].

Electromyogram (EMG)

An electromyogram (EMG) measures the electrical activity produced by skeletal muscle
tissue. It is used to diagnose neuromuscular disorders, assess muscle function and examine
muscle activation patterns. EMG indicators are collected using surface or intramuscular
electrodes that detect the electrical potentials generated during muscle contraction [27].
Figure 1.3 shows a typical EMG signal.
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Figure 1.2: Example of a normal EEG [26]

Figure 1.3: Example of sample EMG [28]

Other Electrophysiological Signals

In addition to the ECG, EEG and EMG, other types of electrophysiological signal include
the electrooculogram (EOG), which measures eye movements, and the electrogastrogram
(EGG), which monitors stomach activity. These signals offer valuable insights into specific
physiological functions and have a variety of diagnostic and research applications.
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1.3.2 Medical Imaging Signals
Medical imaging indicators are a vital class of medical signals that provide a visual depic-
tion of the inside of the body. These signals enable clinicians to visualize bodily systems
and processes, which is essential for diagnosing and monitoring various medical conditions
[29]. Key types of medical imaging signals include:

Ultrasound Imaging

ultrasound imaging , also known as sonography, uses high-frequency sound waves to create
images of internal body structures. This technique is widely used in obstetrics to monitor
fetal development, as well as in cardiology, urology and musculoskeletal diagnostics .
Ultrasound signals are generated and received using a transducer, which converts the
echoes into real-time images displayed on a screen[30].figure 1.4 represent an example of
ultrasound imaging.

Figure 1.4: Example of ultrasound imaging [31]

Computed Tomography (CT)

Computed tomography (CT) uses X-rays to produce detailed, cross-sectional images of
the body. A computer reconstructs these images from several X-ray measurements col-
lected from various angles around the patient to provide a thorough perspective of the
inside anatomy. CT scans are very helpful in diagnosing traumatic injuries and diseases,
including cancer and heart disease. [32].Figure 1.5 present An illustration of computed
tomography (CT) scan with chest x-ray pictures.

Magnetic Resonance Imaging (MRI)

Magnetic resonance imaging (MRI) uses the principles of nuclear magnetic resonance
(NMR) to provide comprehensive anatomical and functional information without the
need for invasive procedures. Unlike X-ray or CT scans, MRI does not involve ionis-
ing radiation, making it a safer alternative for medical imaging. MRI works by exploit-
ing the magnetic properties of hydrogen protons present in the body’s tissues. When a
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Figure 1.5: An example of chest X-ray and computed tomography (CT) scan images [33]

strong magnetic field is applied, the protons align themselves within the field. Radiofre-
quency (RF) pulses are then used to disrupt the protons’ equilibrium. As the protons
realign with the magnetic field, they emit radiofrequency (RF) signals, which can be
detected and processed to create images of the body’s internal structures. MRI signals
are complex and vary depending on the materials and imaging sequences used. The free
induction decay (FID) signal represents protons’ radiofrequency decay upon recombina-
tion with the magnetic field and is the primary signal of interest. Image reconstruction
uses the frequency-domain MR signal, produced by applying a Fourier transform to the
time-domain FID signal [34]. MRI is widely used in various medical applications, includ-
ingNeurological imaging MRI is particularly useful for imaging the brain, spinal cord, and
other neurological structures, enabling the detection of tumors, hemorrhages, and other
abnormalities.Figure 1.6 shows a brain magnetic resonance imaging (MRI) scan. Physi-
cians can use a brain MRI scan to detect diseases such as bleeding, edema, developmental
anomalies, tumors, infections, inflammation, injury or stroke damage, and blood vessel
issues. Doctors can also use an MRI to determine the source of seizures or headaches.

X-ray

X-rays are widely used to identify a variety of medical issues, such as fractures, infections,
arthritis, dental problems, osteoporosis and bone tumours. They are primarily used to
examine bones and joints. In some cases, X-rays can also help to detect abnormalities in
soft tissue involving internal organs. However, for brain-related assessments, X-rays are
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Figure 1.6: Brain magnetic resonance imaging (MRI) [35]

less favoured than CT or MRI scans. This is because X-rays have limited resolution with
regard to soft tissues, making them inadequate for clearly visualising brain structures or
detecting tumours[36]. Figure 1.7 shows an example of a brain X-ray with a tumour.

Figure 1.7: X-ray image of a human brain tumor [37]

X-rays involve exposure to ionising radiation, raising safety concerns, particularly with
frequent use. In contrast, MRI and CT scans provide superior soft tissue contrast and
are safer for repeated imaging, especially MRI scans, as they do not involve radiation.
Therefore, X-rays are mainly used in urgent or trauma cases where fast general imaging
is required. For more precise brain imaging, MRI and CT are usually preferred.
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Other Modalities Imaging

One nuclear medicine imaging method that provides insight into bodily functions and
metabolism is positron emission tomography (PET). Glucose is the most commonly used
radioactive tracer for PET scans. After being injected into the patient’s body, this ra-
dioactive material decays, releasing positrons that eventually combine with the body’s
electrons to create gamma rays. PET scanner detects these gamma rays and uses them
to create images that display the state of the body’s various tissues and organs. PET is
especially helpful in oncology because it can identify regions of elevated metabolic activ-
ity, which is suggestive of tumor growth. PET aids in the detection of malignant cells.
PET is also used in neurology to identify alterations in brain metabolism, such as those
underlying Alzheimer’s disease, as well as in cardiology to evaluate blood flow to the
heart.[38].

1.3.3 Biomechanical Signals
Biomechanical signals are defined as data recorded from various physiological processes
and physical interactions within the body. These signals are extremely useful for explain-
ing and understanding the mechanical properties and functional behaviour of biological
tissues and systems. This section will provide an overview of the most common types of
biomechanical signal, how they are acquired and their importance in medical and research
applications[39].

Pressure Signals

Pressure signals are measurements of the force exerted on or acting on biological tissues.
In most cases, these signals are detected using pressure sensors or transducers. These
signals are important for determining the forces involved in many physiological processes,
such as blood flow, tissue compression and joint loading. Understanding pressure signals
can help to identify conditions such as hypertension and tissue health, as well as the
impact of external forces on the body[40].

Deformation Signals

Deformation signals denote changes in the shape or structure of tissues when subjected
to applied forces or internal stresses. They are conventionally measured using imaging
techniques or strain gauges, making them very important in the study of tissue mechan-
ics, wound healing and changes caused by disease processes that alter tissue properties.
Therefore, analysing deformation signals can help explain how tissues adapt to mechanical
stresses and may aid in diagnosing and treating musculoskeletal disorders[41].

Movement Signals

Movement signals correspond to the dynamics of body movements in terms of velocity,
acceleration and displacement. These signals can typically be captured by motion sensors,
accelerometers, or gyroscopes. These signals are crucial for analysing motor functions,
gait patterns, and the impact of physical activity on health. Movement signals provide
useful information for rehabilitation processes, ergonomic assessments, and the study of
motor control mechanisms[42].
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1.4 Preprocessing and Filtering of Medical Signals
Medical signal analysis comprises two vital steps: preprocessing and filtering. These
steps are designed to improve signal quality, remove noise, and extract relevant features
for better diagnosis, monitoring and treatment in medical applications.

1.4.1 Noise Reduction
Medical signals are often tainted by various types of noise, which can originate from
internal physiological processes or external sources such as electromagnetic interference.
To improve the signal-to-noise ratio (SNR) and preserve pertinent information, noise
cancellation techniques are employed [43].

The techniques of noise reduction from medical signals include :
Digital filtering uses low-pass, high-pass, band-pass, and notch filters to eliminate

specific frequency components associated with noise.
Adaptive Filtering Employs algorithms that adjust filter parameters dynamically to

remove noise while retaining the original signal characteristics.
Wavelet denoising uses the wavelet transform to split data into various scales, selec-

tively eliminating noise components.

1.4.2 Standardization
Standardisation ensures that medical signals can be compared across different sessions,
equipment and patients. This involves normalising the amplitude, adjusting for baseline
drift and compensating for variations in signal acquisition conditions[44]. Methods of
standardisation include:

Baseline Correction Removes any constant or slowly varying offset in the signal.
Amplitude Normalization Adjusts the signal amplitude to a standard range, facilitat-

ing comparison and analysis.
Time Alignment Synchronizes signals recorded at different times or from different

devices to a common reference.

1.4.3 Feature Extraction
Feature extraction is the process of identifying and measuring the specific aspects of a
medical signal that are relevant for analysis. These characteristics may include detecting
abnormalities, classifying signal patterns or monitoring changes over time [3]. Many
techniques are used for feature extraction.

Time-Domain Analysis Involves calculating statistical measures such as mean, vari-
ance, and skewness of the signal.

Frequency-Domain Analysis Uses Fourier transform to identify dominant frequencies,
power spectrum, and harmonic components.

The wavelet transform provides a multi-resolution analysis of the signal, concurrently
recording frequency and temporal information. Effective preprocessing and filtering are
essential to ensure that medical signals are accurately processed, producing more depend-
able diagnoses and improved patient outcomes.
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1.5 Importance of Medical Signal Processing
Modern healthcare relies heavily on medical signal processing. This technology assists
physicians in diagnosis, monitoring, and treatment planning by enabling the extraction
of useful information from unprocessed physiological and imaging data.

- It improves the quality and clarity of signals by removing noise and artifacts.
- It enhances the visibility of clinically relevant features, such as tumor boundaries in

MRI or abnormal rhythms in ECG.
- It supports early diagnosis through automated detection of patterns or abnormalities.
- It allows continuous monitoring of patients, enabling real-time alerts and timely

interventions.
- Examining patient data over time helps with tailored therapy.
In medical imaging, processing techniques like filtering, segmentation, feature extrac-

tion, and classification help identify and characterize conditions such as tumors, lesions,
or organ deformities. In physiological signals, such as ECG or EEG, processing techniques
detect arrhythmias, epileptic seizures, or brain activity patterns. Additionally, medical
signal processing enables the incorporation of machine learning and artificial intelligence,
enhancing decision-making efficiency and accuracy. These algorithms can identify in-
tricate patterns, learn from large datasets, and produce precise results for therapeutic
applications. Without efficient signal processing, medical data could be inaccurate, in-
complete, or useless. As the volume and complexity of medical data increase, robust
signal processing becomes crucial for turning it into useful insights. Processing medical
signals is more than just a technical step. It forms the basis for developing healthcare
systems that are accurate, intelligent, and easily accessible.

1.6 Focus on MRI in Brain Tumor Detection
A brain tumor is an abnormal growth of cells in the brain or surrounding tissues. These
tumors may be malignant (cancerous) or benign (non-cancerous). Because tumors press
against or invade surrounding tissues, they can interfere with normal brain function. The
symptoms depend on the tumor’s location and size. Early detection of a brain tumour
increases the chances of successful treatment, This results in enhanced survival rates and
better outcomes. Timely intervention can prevent the growth or spread of the tumour to
other parts of the brain, thereby reducing the risk of serious neurological damage. It also
enables doctors to use less aggressive treatments with fewer side effects, thus improving
patients’ quality of life. Magnetic resonance imaging (MRI) is the most effective and
widely used technique for diagnosing brain tumors because of its exceptional capacity to
provide finely detailed images of brain regions. MRI scans use powerful magnetic fields
and radio waves to create images of the brain, helping to detect abnormal growths and
determine their size, location, and impact on surrounding tissues. Compared to other
imaging methods, such as CT scans, this noninvasive method is safer for repeated use
because it does not involve ionizing radiation. Furthermore, advanced MRI techniques,
such as functional MRI (fMRI), diffusion tensor imaging (DTI), and contrast-enhanced
MRI, can provide essential information about the type and grade of tumors, which is
crucial for developing treatment plans and predicting outcomes [9].Figure 1.8 represents
the clinical process of brain MRI analysis, where a medical professional examines a series
of brain scan slices for diagnostic evaluation.
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Figure 1.8: Detection of brain tumor from MRI images [9]

DTI (diffusion tensor imaging) is a sophisticated MRI method that helps visualize
white matter pathways by mapping the diffusion of water molecules across the brain.
This outlines the tumor’s relationship to significant brain structures, which is crucial for
surgical planning to prevent harm to vital neurological connections. Another extremely
effective MRI method is functional magnetic resonance imaging (fMRI), which can iden-
tify variations in blood flow and assess brain activity. Since the functional regions of
the brain involved in speech, movement, and cognition have been mapped, fMRI has
proven highly helpful in diagnosing and treating brain tumors. If clinicians understand
how tumors affect essential brain functions, they can design interventions that maximize
tumor eradication while maintaining these functions. This understanding is essential for
the early identification of brain tumors and subsequent treatment. Clinicians find this
modality appealing because it accurately and noninvasively conveys excellent image qual-
ity. Advanced MRI techniques significantly increase the diagnostic accuracy of the test
by offering details on tumor characterization and treatment planning that are essential
to the overall outcome and patients’ quality of life. The table 1.1 provide overview of AI
Techniques in MRI Images Processing:

1.7 Overcoming MRI Classification Challenges
Classifying MRI images of brain tumors is a challenging task for radiologists. Above all,
the characteristics of tumors vary in shape, size, location, and appearance, so classifica-
tion becomes quite a challenge when the tumors have vague or irregular boundaries. In
such scenarios, where the complexity is very high, high expertise is demanded; on the
other hand, even highly skilled radiologists are sometimes confused about different tumor
types. Moreover, the diagnosis from an MRI image is rather subjective and may vary from
radiologist to radiologist for the same images. The subjectivity is further complicated by
the fact that the task of image analysis by radiologists is really time-consuming, whereby
a single image has to be scrutinized and thus fatigues are prone to error. The major
challenges are detecting subtle abnormalities, mostly in early-stage tumors. Further, the
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Table 1.1: Overview of AI Techniques in MRI Images Processing

AI Techniques Description Application in MRI Images
Processing

Machine Learning
(ML) [45]

Algorithms that learn from
data to make predictions or
decisions.

- Tumor classification
- Tissue segmentation
- Anomaly detection

Support Vector Ma-
chines (SVM) [46]

A supervised ML algo-
rithm used for classifica-
tion by finding the optimal
hyperplane separating data
classes.

- Classifying brain tumors
- Differentiating between healthy
and diseased tissues

Random Forests [47] An ensemble learning
method that combines
multiple decision trees for
improved accuracy.

- Feature selection
- Multi-class classification of
brain abnormalities

K-Nearest Neighbors
(KNN) [48]

A simple ML algorithm that
classifies data points based
on the majority class of
their nearest neighbors.

- Tumor classification
- Detecting anomalies in MRI im-
ages

Deep Learning (DL)
[13]

Advanced ML using neural
networks with multiple lay-
ers to model complex data
patterns.

- Automatic tumor detection
- Image segmentation
- MRI image enhancement

Convolutional Neural
Networks (CNNs) [49]

Neural networks designed
for image data, excelling in
feature extraction from spa-
tial hierarchies.

- Brain tumor segmentation
- MRI image classification
- Feature extraction

Recurrent Neural Net-
works (RNNs) [50]

Neural networks tailored for
sequential data, capturing
temporal dependencies.

- Analysis of time-series MRI data
- Sequence prediction in func-
tional MRI

Autoencoders [51] Unsupervised learning mod-
els that learn efficient rep-
resentations of data, often
used for dimensionality re-
duction.

- Denoising MRI images
- Feature extraction
- Anomaly detection

Hybrid Models [52] Combines different AI tech-
niques to leverage their
strengths, enhancing perfor-
mance.

- CNN-SVM for improved MRI
classification
- Wavelet-CNN for noise reduc-
tion and feature extraction

Reinforcement Learn-
ing (RL) [53]

AI that learns to make se-
quences of decisions to max-
imize a reward function.

- Optimization of MRI scanning
protocols
- Adaptive image enhancement

Explainable AI (XAI)
[54]

Techniques that make AI
models interpretable and
transparent, crucial for clin-
ical adoption.

- Understanding model predic-
tions in MRI diagnostics
- Highlighting important regions
in MRI images
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variability in the MRI acquisition parameters, like the differences in the imaging proto-
cols and the settings of the machines, can alter the quality of the image and thus further
complicate the precise classification. Based on these challenges that were discussed above,
the need for Computer-Aided Diagnosis in developing a system for the precise classifica-
tion of the MRI images was seen. Such a Computer-Aided Diagnosis system enhances
accuracy and consistency because it analyzes the MRI images with the help of advanced
algorithms and machine learning approaches, doing away with the subjective factors in
human interpretation. These systems are able to pick up very subtle abnormalities that
might easily be missed by the naked eye, such as the discovery of early-stage tumors and
subtle variations indicative of malignancy. In addition, CAD systems help to increase the
effectiveness of their work by processing huge amounts of images in a short period of time,
which is of utmost importance in clinical settings where timely diagnosis is critical. They
also help to support radiologists with a second opinion, and thus facilitate more informed
decisions for those cases that involve complexities. CAD systems standardize diagnoses
through consistent algorithms for different patients, making them invariable across radi-
ologists and institutions. In addition, CAD systems could even include advanced imaging
methods capable of revealing an integral overview of tumors and enhancing the treatment
plan through techniques based upon machine learning. On the whole, CAD systems have
emerged as the indispensable tools in mitigating challenges encountered by radiologists
during MRI image classification, and this goes on to improve patient outcome.The figure
1.9 represents the automated pipeline for brain tumor detection and diagnosis from MRI
images.

Figure 1.9: Automated Workflow for Brain Tumor Detection and Diagnosis [55]
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1.8 Conclusion
In this chapter, we provided an explanation of medical signals, including their definitions
and types, such as electrophysiological, imaging and biomechanical signals. We then dis-
cussed some significant pre-processing methods that enhance the quality and reliability
of these signals, such as noise cancellation, standardisation and feature extraction tech-
niques. We paid particular attention to MRI images, especially in the context of brain
tumour detection, investigating their preprocessing steps in detail. Finally, we provided
an overview of AI techniques that are increasingly being applied to MRI images for brain
tumour classification. This will provide a basic understanding, and subsequent chapters
will cover more advanced, state-of-the-art developments in medical signal processing and
analysis.
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2.1 Introduction
In the latter half of the 20th century, the wavelet transform emerged as a powerful al-
ternative. In contrast, the Fourier transform only operates in the frequency domain,
the wavelet transform provides time and frequency localisation [56]. This dual capabil-
ity enables the effective analysis of transient and continuous components within a signal.
Consequently, wavelet transforms are particularly well-suited to medical signal processing,
including ECG, EEG and MRI [57]. This chapter begins with the basic theory of wavelets,
including definitions and key properties. It explains the differences between continuous
wavelet transform (CWT) and discrete wavelet transform (DWT). The discussion then
moves on to cover various wavelet families, such as orthogonal, biorthogonal and complex
wavelets, highlighting their unique characteristics and suitability for different types of
medical signals.

Having established the theoretical foundation, the chapter goes on to explore the
practical applications of wavelet transforms in medical signal processing. Key use cases
include signal denoising, feature extraction, time-frequency analysis and data compres-
sion. These applications demonstrate the advantages of wavelet methods over traditional
approaches, offering higher precision, greater efficiency and better adaptability to the
nature of medical data.

2.2 Wavelet Theory
The wavelet transform is based on wavelet theory, which is the mathematical study of
signal analysis at different resolutions [58].Unlike conventional Fourier transforms, which
only offer frequency information, wavelet transforms record a signal’s time and frequency
properties. This dual capability is essential when analyzing non-stationary signals, whose
characteristics vary over time. The equation below represents the wavelet transform of a
signal x(t), using a scaled and translated version of a mother wavelet ψ(t):

W (s, τ) =

∫ ∞

−∞
x(t) · 1√

s
ψ∗
(
t− τ

s

)
dt (2.1)

In this expression, s denotes the scale parameter controlling frequency resolution, τ is
the translation parameter for time localization, and ψ∗(t) is the complex conjugate of the
mother wavelet.

2.2.1 Basic Principles and Properties
Wavelets are small oscillations and, in both time and frequency, localisation is possible.
The wavelet transform works by decomposing a signal into a series of basic functions,
known as wavelets, which can effectively represent the various characteristics of a signal
at different scales. Each wavelet is obtained from a prototype function known as the
’mother wavelet’ [59]. The key features of wavelets are:

Localization: The wavelets are localized either in time or in frequency, so one can
analyze a transient, short-lived phenomenon within a signal.

Multiresolution: Wavelets can be adapted to analyze signals in multiple resolutions
so that they are able to do both coarse and fine analysis.
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Vanishing Moments: Wavelets having vanishing moments are much powerful in
representing the polynomial trends in signals; that would be helpful in solving the problem
of removing noise.

2.3 Mother Wavelets
The mother wavelet (ψ) is a core function from which all other wavelets are derived[60].
It is a mathematically defined function and generally selected according to the particular
application needs. The mother wavelet has to be oscillatory and have finite energy. Some
most commonly useful examples of mother wavelet include the Haar wavelet, Daubechies
wavelets, and the Morlet wavelet.

Through scaling and translation, wavelets are created from a single fundamental
wavelet, also known as the "mother" wavelet function, denoted by the symbol ψ(t). The
mother wavelet can be expressed mathematically as follows:

ψa,b(t) =
1√
|a|

ψ

(
t− b

a

)
(2.2)

where:

• a is the scale parameter (dilation or compression),

• b is the translation parameter (shifting),

• t is time,

• ψ(t) is the mother wavelet.

2.4 Wavelet Families and Properties
Various wavelet families that have proven to be particularly significant are integrated into
digital image processing [61].

2.4.1 Orthogonal Wavelets
Orthogonal Wavelets are wavelets which are fitted for signal decomposition and recon-
struction processes, both without losing any information. One of the important features
of orthogonal wavelets is that the functions of wavelets and scaling are orthogonal; their
inner product is zero. That property ensures the stability and invertibility of the mathe-
matical processes for decomposition and reconstruction [62].

Haar Wavelets

The earliest and most basic wavelet in the family is the Haar wavelet. Functions ob-
tained by sampling Haar functions in two different locations are known as discrete Haar
wavelets. These Haar functions can be efficiently represented in matrix form, with each
row representing a Haar function. The Haar wavelet appears to be a step function and
is highly discontinuous. The Daubechies db1 wavelet is equivalent to the Haar wavelet.
According to the Haar wavelet theorem, all functions are continuous on the interval [0,
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1] and can be expressed as a convergent series with respect to the system’s components
[63]. The mathematical definition of the original Haar wavelet can be defined as follows:

Haar(0, X) = 1, pour X ∈ [0, 1] (2.3)

Haar(1, X) =

 1, for X ∈
[
0, 1

2

]
−1, for X ∈

[
1
2
, 1
] (2.4)

where X is the discrete point of the function computation interval.
The Haar matrix of all ranges can be recursively constructed using:

M(n) =

[
M(n− 1)

2(n−1)/2D(n− 1)

]
with M(0) = 1 (2.5)

Here:

• M(n) represents the matrix of discrete Haar functions of degree 2n,

• D(n− 1) denotes the identity matrix of degree 2n−1 scaled appropriately,

• K is the Kronecker (tensor) product.

Additionally:

M(n) ̸=M(n)T for n > 1 and M(n)−1 = 2−n ·M(n)T

The Haar wavelet functions are asymmetric, and their elements take values of 1, -1,
or 0. The product of these functions can be expressed in terms of powers of

√
2. These

discrete and orthogonal Haar functions are defined within the interval [0, 1].

Daubechies Wavelets

This is an important family of wavelets thanks to their compact support and smoothness
properties. Daubechies wavelets are defined by the number of vanishing moments, which
determine their ability to represent polynomial trends in a signal. Daubechies-4 db4 has
four vanishing moments, offering a good balance between smoothness and compactness.
Consequently, it is widely used in the analysis of smooth and transient signals.

Each Daubechies wavelet function ψn is compactly supported. The index number n
is also connected to the number of vanishing moments[64].∫ +∞

−∞
xu ψn(x) dx = 0, 0 ≤ u ≤ n (2.6)

Another crucial characteristic of Daubechies wavelets is their ability to expand their
regularity linearly with their support width. With the exception of dbl, the equivalent of
the Haar wavelet, Daubechies wavelets are not symmetric or asymmetric with respect to
any axis. Each Daubechies wavelet satisfies the admissibility requirement, ensuring safe
reconstruction.

ABDA Oussama DOCTORAL THESIS



Chapter 2. Wavelet Transforms 22

2.4.2 Biorthogonal Wavelets
Unlike orthogonal wavelets, which restrict themselves to their scaling functions for orthog-
onality, biorthogonal wavelets extend this feature so that each is orthogonal with possibly
different wavelet and scaling functions [65]. This relaxation of the strict principles of
orthogonality allows wavelets to be designed with desirable properties such as symmetry
and linear phase, which are important for certain signal processing tasks [66].

A significant advantage of biorthogonal wavelets is their ability to achieve symme-
try and linear phase [67], which is typically challenging or even impossible with purely
orthogonal wavelets. This ensures that the wavelets do not introduce phase distortions,
which is very important for image and signal processing applications that concern the
original structure of the signal [68]. Conversely orthogonal wavelets are quite asymmetric
and therefore not very effective for tasks where visual or structural integrity must be
preserved.

The biorthogonal wavelet design allows for two filter banks, a decomposition filter
bank and a reconstruction filter bank, which do not necessarily have to be identical [69].
This is especially crucial in real-world situations, such as denoising, where maintaining the
signal’s phase and structure during decomposition and reconstruction is essential. These
wavelets have many applications in medical signal processing, such as image compression
and denoising, where maintaining data integrity requires highly precise results.

The Cohen-Daubechies-Feauveau (CDF) wavelet, a popular family of biorthogonal
wavelets, is widely used in signal and image processing applications. Image compression
in JPEG 2000 is a common example. Processing medical images such as MRIs and CT
scans requires the ability to represent both sharp and smooth signal fluctuations, a key
benefit of biorthogonal wavelets [70].

Advantages of Biorthogonal Wavelets
Symmetry: Symmetry is key for many practical applications, such as medical imag-

ing, in which phase distortion can cause visual artifacts.
Linear Phase: The phase should be linear and preserved, since it holds the signal

structure, especially for medical images in edge detection and segmentation.
Efficient Reconstruction: With separate wavelet and scaling functions for decom-

position and reconstruction, biorthogonal wavelets can ensure signals to be reconstructed
efficiently after processing without loss of critical information.

In a nutshell, the biorthogonal wavelet transform is more flexible than orthogonal
wavelets, hence fit very well for medical signal processing tasks in which the preservation
of the signal integrity along with accurate reconstruction is highly critical [67].

2.5 Continuous Wavelet Transforms
The wavelet transform offers greater flexibility when selecting the analysis function than
the Fourier transform does. Unlike the Fourier transform, it does not require the use
of sine waves, but rather allows the use of compact oscillating waveforms. A wavelet
function, denoted by the symbol
psi(t), is used to effectively separate different frequencies. This function combines the
analysis pattern and the windowing process. A common example is the Morlet wavelet,
which is illustrated in the figure 2.1, Various wavelet functions have been developed for
the continuous wavelet transform (CoWT), each with unique properties[71].

A function ψ(t) is considered a wavelet when it meets certain mathematical conditions.
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Figure 2.1: Morlet wavelet [72]

E =

∫
|ψ(t)|2 dt <∞ (2.7)

The energy, denoted by E, must be finite and corresponds to the square root of the
magnitude of the analyzing function ψ(t).

If ψ(f) represents the Fourier transform of the wavelet ψ(t), the following requirement
must be satisfied.

Cψ =

∫ ∞

0

|ψ(f)|2

f
df <∞ (2.8)

The continuous wavelet transform is defined as follows:

XWT (τ, s) =
1√
|s|

∫ +∞

−∞
X(t)ψ∗

(
t− τ

s

)
dt (2.9)

The transformed signal, denoted as XWT (τ, s), depends on the scale parameter s and the
translation parameter τ . The original wavelet, known as the mother wavelet, is used in
its complex conjugate form when dealing with complex wavelets. To maintain consistent
energy across different scales, the wavelet coefficients are normalized by dividing by 1√

|s|
.

This ensures equal energy distribution for wavelets at all scales.
Like the Fourier Transform (FT) and Short-Time Fourier Transform (STFT), the

Wavelet Transform (WT) also has an inverse. This is called the Inverse Continuous
Wavelet Transform (ICOWT), and it is defined by a specific mathematical expression.

X(t) =
1

C2
ψ

∫∫ +∞

−∞
XWT (τ, s) ·

1

s2
ψ

(
t− τ

s

)
dτ ds (2.10)
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2.6 Discrete Wavelet Transforms
The Discrete Wavelet Transform (DWT) is a method used to analyze signals and images
by breaking them down into discrete frequency bands. DWT has been used in several
domains, including medical image denoising and signal and image processing [73].

Signal analysis can be carried out at different frequency resolutions using the discrete
wavelet transform (DWT). In particular, DWT exhibits modest frequency resolution but
remarkable time resolution when working with high frequencies. Conversely, DWT lacks
time resolution but provides significant frequency resolution for low frequencies. To per-
form time-frequency analysis using DWT, a signal x is subjected to a number of filtering
processes using high-pass and low-pass filters. A half-band low-pass filter eliminates all
frequencies above half of the signal’s highest frequency, and a half-band high-pass filter
eliminates all frequencies below half of the signal’s highest frequency [73].

Initially, the signal x samples are subjected to a concurrent decomposition process via
convolution with low- and high-pass filters characterised by impulse responses g and h,
respectively[74]. This procedure yields the following outcomes:

Ylow[n] =
∞∑

k=−∞

x[k] g[2n− k] (2.11)

Yhigh[n] =
∞∑

k=−∞

x[k]h[2n− k] (2.12)

The values Ylow[n] and Yhigh[n] denote the outcomes derived from the low-pass and
high-pass filters, respectively, subsequent to a down sampling procedure featuring a re-
duction factor of 2.

Currently, only half as many samples are used in the signal representation as in the
original signal. Consequently, the time resolution is cut in half. However, the frequency
resolution is doubled because the frequency spectrum now only covers half of what it did
before. The results obtained from the high-pass and low-pass filters are referred to as
detail and approximation coefficients, respectively. If more decomposition is needed to
extract the desired frequency spectrum from the input signal, the decomposition approach
can be used again. With each further decomposition step, the signal separates into low-
frequency and high-frequency bands. Consequently, the time resolution is cut in half, and
frequency resolution is doubled in comparison to the previous level due to the filtering
and sub-sampling process. As illustrated in Figure 2.2, this process forms a three-level
filter bank.

Figure 2.2: A Discrete Wavelet Transform (DWT) model of 3 levels decomposition [75]
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When creating a new signal using the inverse discrete wavelet transform (IDWT)—
the opposite of the DWT—the approximation and detail coefficients derived from signal
decomposition are essential. To rebuild the new signal, the signals at each level must first
be upsampled and multiplied by two, then sent through high-pass and low-pass filters
[74].

2.7 Undecimated Wavelet Transforms (UWT)
Also known as stationary wavelet transform the primary constraint of the Continuous
Wavelet Transform (CWT) is the intricate nature arising from numerous parameter se-
lections, which render its practical implementation less straightforward [76].Additionally,
due to its computational demands, the CWT is most viable when both the original signal
and the mother wavelet have explicit mathematical forms. Conversely, the Stationary
Wavelet Transform (SWT) conducts discrete wavelet decomposition without down sam-
pling. Upon decomposition, the resultant length of output doubles the input length due
to the filter bank structure .This permits the preservation of information lost in coeffi-
cient downsampling.The scale and shift components in continuous wavelet decomposition
change constantly over time. At the discrete wavelet decomposition field, b ∈ R and
a ∈ R+ \0, the factors of scale and shift exhibit variation across distinct numerical values.
(a = 2j, b = k · 2j, (j, k) ∈ Z2) In the context of the decomposition utilizing stationary
wavelet transform (SWT), the parameter j denotes the level of decomposition, while k
represents the discrete time position.

Figure 2.3: The stationary wavelet transforms using multi-level decomposition [77]

Figure 2.3 visually illustrates the sequential process of SWT decomposition at different
levels. This method partitions signals into low-pass components and other details.
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The process of signal decomposition involves separating a signal into two parts: a fre-
quency component and a higher-frequency component. Approximation coefficients come
from low-pass filtering, while detail coefficients come from high-pass filtering. To re-
construct a signal that has undergone decomposition at level j, one must combine the
approximation coefficients and detail coefficients from level j + 1. This method enables
the reconstruction of the original signal with a high degree of accuracy.

cAj = cAj+1 + cDj+1 (2.13)

In this context, the cAj’s denote the approximation coefficients at level j, whereas the
cAj+1’s signify the approximation coefficients at level j + 1. The cDj+1’s, on the other
hand, pertain to the detail coefficients at level j + 1 [78].

2.8 Complex Wavelets
Complex wavelets are an extension of traditional wavelet transforms, using complex-
valued wavelets to provide richer information particularly regarding phase and amplitude
— than real-valued wavelets. They are employed in signal processing and various sci-
entific disciplines for tasks such as image analysis, time-frequency analysis and noise
reduction[59].

2.8.1 DT-CWT
The Dual-Tree Complex Wavelet Transform (DTCWT) is an improved form of the Dis-
crete Wavelet Transform (DWT). Unlike the DWT, the DTCWT adds directional sensitiv-
ity and approximate shift invariance in high-dimensional spaces. Thanks to approximate
shift invariance in the DTCWT, identical textures produce consistent response features
regardless of where they are sampled. In contrast, the DWT may yield varied responses
for the same texture when sampled from different places. Furthermore, the DTCWT’s
directional sensitivity enhances its ability to process diagonal features more effectively
than the DWT. This enables the DTCWT to depict geometric features without creating
checkerboard-like patterns, making it useful for denoising images [79].

Two critically sampled DWTs are applied to the same dataset simultaneously in or-
der to perform the dual-tree complex wavelet transform (DTCWT) on a given signal,
x(n). Additionally, using the same filters for the higher and lower trees is not beneficial.
Consequently, the filters in this setup are designed specifically. The sub-bands from the
lower tree comprise the imaginary part of the complex wavelet transform, while the sub-
bands from the higher DWT comprise the real part. This transformation provides shift
invariance and expands by a factor of two [80]. Figure 2.4 illustrates the structure of
the complex wavelet transform. (a) shows the real and imaginary parts of a 1D complex
wavelet. (b) shows the decomposition tree for the real and imaginary components. (c)
shows the corresponding reconstruction tree.

2.9 Lifting wavelet transform
In the traditional DWT, the wavelet transform is carried out through a sequence of filter-
ing operations derived from the Fourier transform, where low-pass and high-pass filters

ABDA Oussama DOCTORAL THESIS



Chapter 2. Wavelet Transforms 27

Figure 2.4: - (a) 1D complex wavelet, (b) filter bank analysis for 1-D DTCWT, (c)
synthesis filter bank for 1-D DTCWT [80]

combined with down-sampling generate the approximation and detail sub-bands. In con-
trast, the LWT is a variant of DWT that applies the lifting scheme, which decomposes
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the signal (or image) through three steps: split, predict, and update, without relying on
the Fourier transform [81]. Known as the second generation of wavelets, LWT provides a
more flexible and efficient approach, reducing computational cost and memory usage. Its
implementation follows three successive steps 2.5 , described as follows:

Figure 2.5: Forward lifting wavelet transform [82]

2.9.1 Split
In the split stage, also known as the lazy wavelet, the signal is separated into two subsets,
typically odd and even samples.

2.9.2 Predict
In this step, the value of a pixel at an odd position (Xo) is estimated using the values
of its neighboring pixels at even positions (Xe). The difference between the predicted
and actual values of the odd sample is then stored in its position, forming the detail band
(Dn). In regions with gradual intensity changes, predicted values closely match the actual
ones, resulting in detail coefficients near zero. Conversely, areas with significant intensity
variations produce higher detail coefficients, indicating stronger local differences. This
property is leveraged in the proposed texture mask. The prediction step can be expressed
as:

Y2n+1 = Xo − PREDICT (Xe) (2.14)

2.9.3 Update
To preserve the overall structure of the signal while reducing its energy, the update step
computes the average of adjacent odd samples and assigns this value to the corresponding
even sample. Since pixel intensities are not perfectly linear, the even sample must also
be adjusted using the difference obtained in the prediction stage. The resulting signal
is referred to as the approximation band, as it retains the main structure of the original
signal but with half the number of samples:

Y2n = Xe + UPDATE(Y2n+1) (2.15)

2.10 Applications to Medical Signals
The wavelet transform has emerged as a powerful tool for analysing medical signals,
which often exhibit complex and non-stationary characteristics [83]. Thanks to its ability
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to localise both time and frequency information, the wavelet transform offers significant
advantages over traditional Fourier methods. Its applications extend across various do-
mains of medical signal processing, providing efficient techniques for denoising, feature
extraction, compression and classification. The following subsections will cover key areas
in which the wavelet transform has proven particularly useful [84].

2.10.1 Signal Denoising
Although noise removal is a widely recognised application of wavelets[85], it tends to be
more prevalent in image processing than in signal processing. Denoising involves adjusting
the intensity of specific frequency channels to reduce or suppress noise. If the signal is
confined to a specific frequency range, noise can be reduced by deactivating all frequency
channels outside this range. In cases where random noise is present, eliminating minor
fluctuations within the signal can help with denoising. This can be achieved by setting the
coefficients of the highest frequency channel to zero, thereby minimising small variations
in the signal.

Wavelet for image denoising Wavelet transforms are increasingly recognized for
their effectiveness in image denoising[86],leveraging their ability to capture both spatial
and frequency information. Various methodologies have emerged, each enhancing the
denoising process while preserving image quality, the table 2.1 summarizes some of the
methodologies.

2.10.2 Feature Extraction
Feature extraction is an essential phase in the evaluation and categorization of medical
signals. The wavelet transform enables meaningful features to be extracted from time-
and frequency-dependent signals or MRI images [89]. By decomposing signals or im-
ages into various scales, wavelet transforms capture transient and localised features that
are often missed by traditional Fourier-based methods. Feature extraction using wavelet
transforms is a powerful technique for extracting features from medical images. This tech-
nique is ideal for analyzing non-stationary signals because it effectively captures time and
frequency data. It is essential for training effective classifiers because it produces com-
pact and informative representations of the original data. Wavelet-transformed features
preserve critical textural and structural details at various resolutions, which is crucial
for distinguishing between tumor types when classifying brain tumors from MRI images.
These extracted features increase the effectiveness and precision of classification models by
decreasing dimensionality while maintaining discriminative qualities. Wavelet-based fea-
tures improve a model’s ability to identify optimal decision boundaries in high-dimensional
feature spaces when used to train classifiers, such as Support Vector Machines (SVMs).
SVMs in particular benefit from the feature separability of the wavelet transform, which
helps them better identify intricate patterns. Similarly, because wavelet-based features
enhance the signal-to-noise ratio, making them more resilient to irrelevant data, other clas-
sifiers, such as Random Forest, k-Nearest Neighbors, and Multilayer Perceptron (MLP),
also perform better when trained on them. Overall, the integration of wavelet transform
for feature extraction lays a strong foundation for reliable classification by emphasizing
the most relevant and localized features from MRI data, supporting the development of
accurate and generalizable diagnostic systems.
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Table 2.1: Comparison of Advanced Denoising Techniques for Medical Images Using
Wavelet Transforms

Technique Description Advantage
Dual Tree Complex
Wavelet and Shrink-
age with the Wiener
Filter Technique [87]

This approach uses either
hard or soft thresholding
operators of dual tree com-
plex wavelet transform for
the denoising of medical im-
ages.

Provides a better balance be-
tween smoothness and accuracy
than the discrete wavelet trans-
forms (DWT) and is less redun-
dant than the stationary wavelet
transforms (SWT). Evaluated us-
ing PSNR and SSIM.

Lifting Dual
Tree Complex
Wavelet Transform
(LDTCWT) with
Hybrid Thresholding
and Wiener Filter [80]

The approach involves two
steps: estimating the noise
level of the image and then
using LDTCWT for denois-
ing.

Enhances the quality of medi-
cal images by preserving data-
carrying structures like surfaces
and edges.

Hybrid Thresholding
with Wiener Fil-
ter Technique using
Wavelet Transforms
[88]

The image is decomposed
using DWT, then hybrid
thresholding (Bayes Shrink)
and Wiener filter are ap-
plied to reduce noise and
improve image quality.

Improves image quality and re-
duces noise level. Evaluated us-
ing SSIM and PSNR.

Image Denoising
Network Based on
Sub-band Information
Sharing Using Dual-
tree Complex Wavelet
[79]

The network combines spa-
tial and transform domains
through dual-tree complex
wavelet transform to cap-
ture structured and time-
frequency localized features.

Effectively recovers complex tex-
ture regions. Addresses difficul-
ties in previous denoising meth-
ods.
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2.10.3 Signal Compression and Coding
Medical imaging data, such as magnetic resonance imaging (MRI) or computed tomogra-
phy (CT) scans, generates vast amounts of information, necessitating efficient compression
techniques for storage and transmission [90]. The wavelet transform’s ability to condense
signal energy into a small set of significant coefficients makes it an effective tool for signal
compression. By converting the signal into the wavelet domain, where only the most im-
portant information is preserved, wavelet-based compression, also referred to as wavelet
coding, reduces the amount of data. Medical imaging standards like JPEG 2000 exten-
sively use this technique because it minimizes image quality degradation while drastically
reducing file size. Wavelet-based compression is essential for quickly and effectively trans-
mitting medical images over networks for telemedicine and remote diagnostics without
sacrificing diagnostic precision.

2.10.4 Other Applications
In addition to denoising, feature extraction and compression, the wavelet transform is
used for other advanced tasks, such as data fusion, image segmentation and classifica-
tion [91]. In medical image fusion [92], For instance, wavelets are used to merge several
imaging modalities, such as CT and MRI scans, into a single image while maintaining the
complementary information from each source. Improving contrast and detail raises the
standard of diagnostic imaging. Wavelet transforms identify edges and regions of inter-
est at various scales for medical image segmentation, enabling the precise identification
of diseased or anatomical features. This is useful when segmenting brain tumors [92],
for instance, wavelets can effectively capture subtle texture differences between normal
and abnormal tissue, aiding accurate diagnosis and treatment planning. Wavelet-based
features have also been employed in classification tasks such as tumour detection and
grading [93]. Leveraging the wavelet transform’s ability to extract multi-scale features
enables machine learning models to distinguish between different types of tumours or dis-
ease states with greater accuracy. This approach has been used to classify breast cancer,
lung nodules, and neurological disorders using MRI, CT, and other imaging modalities.

2.11 Conclusion
This chapter explores the application of wavelet theory. It introduces key concepts, such
as continuous and discrete wavelet transforms and various wavelet families. The chap-
ter highlights the flexibility and robustness of the theory for analyzing complex medical
signals, such as electrocardiograms (ECGs), electroencephalograms (EEGs), and mag-
netic resonance imaging (MRI) scans. The wavelet transform enhances the precision and
efficacy of medical signal processing tasks, and this chapter discusses its practical appli-
cations. For the MRI-based brain tumor classification task, we utilized the stationary
wavelet transform (SWT), also referred to as the undecimated wavelet transform (UWT),
to improve feature extraction while maintaining spatial integrity. By eliminating the
downsampling step present in conventional wavelet transforms, SWT/UWT preserves
fine spatial structures and high-frequency components at multiple scales. This character-
istic leads to a more accurate representation of tumor regions and enhances classification
robustness Continued progress in wavelet-based techniques is anticipated to expand their
impact in medical image analysis and automated diagnostic systems.
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3.1 Introduction
Artificial intelligence (AI), a subfield of computer science, seeks to create machines that
can carry out operations such as learning, analyzing, predicting, and making decisions,
which often require human intellect [94]. Some of the main areas that fall under artifi-
cial intelligence (AI) include natural language processing (NLP), computer vision, deep
learning (DL), and machine learning (ML) [95]. Since its early beginnings, AI has evolved
significantly. It started with simple attempts to simulate basic human behavior and pro-
gressed to complex systems capable of self-learning and achieving performance that often
surpasses human abilities in specific applications [96]. Today, AI is widely applied across
many vital sectors, including smart transportation and autonomous driving, financial
services and market analysis, cybersecurity and threat detection, industrial production
management, and healthcare [97]. In the medical field specifically, AI has become a pow-
erful tool to support physicians and improve healthcare quality [98]. It is used for medical
signal analysis (such as ECG, EEG, MRI, CT, and X-Ray), automated disease diagno-
sis, patient monitoring through vital signals, and predicting disease progression based on
long-term clinical data [99].Due to the complex and dynamic nature of medical signals,
AI techniques have become essential for accurately and efficiently extracting meaningful
information from them [100]. This chapter is divided into two main parts: the first part
presents general concepts and techniques of artificial intelligence, while the second part
focuses on its specific applications in medical signal processing.

3.2 Artificial intelligence, machine learning, deep learn-
ing

Artificial intelligence (AI) is the simulation of human intelligence in computers that
are designed to understand, learn, and solve problems like humans do. AI includes several
methods, such as computer vision, natural language processing, and machine learning. AI
systems can process large volumes of data to identify trends, reach conclusions, and carry
out activities independently. These systems learn from experience and improve over time
without explicit programming. AI applications are found in various sectors, including
robotics, healthcare, and finance [101].

Machine Learning (ML), a type of artificial intelligence, allows computers to learn
from data and make judgments or predictions without explicit programming. ML involves
creating algorithms that can recognize trends in data, improve over time, and adapt
to new information. ML methods include reinforcement learning, supervised learning,
and unsupervised learning. Applications such as image classification, recommendation
systems, driverless cars, and speech recognition extensively use these models. Machine
learning’s main advantage is its ability to generalize and learn from experience [102].

Deep Learning (DL) a branch of machine learning, is centered on multi-layered
neural networks, also known as "deep neural networks" [103]. It processes vast volumes of
data and automatically recognizes intricate patterns by simulating the composition and
operations of the human brain. These models excel at tasks such as autonomous driving,
natural language processing, and image and audio recognition. While these models require
substantial data and processing power, they can achieve greater accuracy than traditional
machine learning techniques. Two important architectures are recurrent neural networks
(RNNs) and convolutional neural networks (CNNs).
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The figure 3.1 represents illustrates the relationship between three core concepts in
modern computational intelligence: Artificial Intelligence (AI), Machine Learning (ML),
and Deep Learning (DL).

Figure 3.1: Hierarchical Relationship Between Artificial Intelligence, Machine Learning,
and Deep Learning [104]

3.3 Machine Learning vs Deep Learning
Although machine learning (ML) and deep learning (DL) are both subfields of artificial
intelligence, they differ in terms of feature processing, data requirements, and complex-
ity. ML models that work well with smaller datasets, such as Support Vector Machines
(SVMs), k-Nearest Neighbors (KNNs), and Decision Trees, typically require manual fea-
ture extraction. DL, on the other hand, is appropriate for large-scale, high-dimensional
datasets because it automatically extracts and learns features from raw data using deep
neural networks, such as convolutional neural networks (CNNs) and recurrent neural
networks (RNNs). By learning hierarchical representations directly from the data, DL
eliminates the need for domain expertise, which is often required for feature engineering
in ML. However, DL models require longer training times and more processing power
[105].

The figure 3.2 represent this difference between ML and DL:

3.4 Types of ML
Machine learning (ML) can be divided into three primary categories based on how the
model learns from data such as provided in figure 3.3:
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Figure 3.2: Difference Between Machine Learning and Deep Learning [105]

Figure 3.3: Overview of Machine Learning Types [106]

3.4.1 Supervised Learning
In supervised learning, a subset of machine learning, a labeled dataset comprising in-
put data and matching target outputs is used to train the model. The objective is to
minimize the discrepancy between the expected and actual values in order to learn the
mapping between the inputs and outputs. Supervised learning consists of two primary
tasks: regression, which produces continuous outputs, and classification, which produces
categorical outputs [107].

o Classification: is a supervised learning problem with a categorical output variable.
The objective is to use patterns discovered from labeled training data to categorize new
data points into one of many predefined classes. For example, the goal could be to
determine whether an MRI scan shows a pituitary tumor, meningioma, glioma, or no
tumor.[108].
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o Regression: is a supervised learning job with a continuous output variable. The
objective is to understand the relationship between the input features and use that knowl-
edge to predict the output value. For instance: One example is using information from
MRI scans to estimate the size of a brain tumor in millimeters.[109].

3.4.2 Unsupervised Learning
Unsupervised learning is one type of machine learning technique in which the model is
trained on data without explicitly labeled results. Unlike supervised learning, which de-
pends on input-output pairs, unsupervised learning looks for hidden structures, patterns,
or correlations in the data. Unsupervised learning algorithms are particularly helpful
for tasks such as clustering, dimensionality reduction, and anomaly detection because
their main objective is to find underlying groupings or representations. Clustering, which
groups data points according to their similarities, is one of the most popular applications
of unsupervised learning. Well-known clustering techniques include K-means, DBSCAN,
and hierarchical clustering. Without knowing the labels beforehand, these methods di-
vide the data into discrete clusters, allowing for the identification of innate patterns in
the dataset [110].

3.4.3 Reinforcement Learning
Through interaction with an environment, an agent can learn to make consecutive judg-
ments through reinforcement learning, a type of machine learning. To optimize long-term
cumulative rewards, the agent performs actions, receives input in the form of rewards or
penalties, and adjusts its behavior accordingly. Learning occurs through trial and error,
guided by the results of prior actions[111].Figure 3.4 illustrates Reinforcement learning
the process in which an agent uses actions to interact with its surroundings, Based on
the environment’s response, the agent receives rewards and updates its strategy through
observed states.

Figure 3.4: Reinforcement learning [111]
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3.5 Commonly Used Machine Learning Algorithms

3.5.1 SVM
The Support Vector Machine (SVM) is a supervised machine learning approach used for
classification and regression applications. Created by Vladimir Vapnik in the 1990s, SVM
is renowned for its solid theoretical underpinnings, adaptability, and ease of use, even
for those with no background in data mining [112].The main objective of the algorithm
is to find a hyperplane that successfully divides classes. Although there are a number
of hyperplanes available, the optimal hyperplane maximizes the margin—the distance
between the closest points of each class—to improve the classification of subsequent data
points. The hyperplane is defined by these "support vectors," which are the closest points,
as shown in Figure 3.5; There are two types of SVM classifiers: linear and nonlinear. A
linear SVM model finds a straight hyperplane that optimizes the distance to the closest
points of each class. This model assumes that the data is linearly separable. However, real-
world data is often more dispersed, reducing the effectiveness of linear separation. Vapnik
developed the "kernel trick" to address this issue, converting data into a higher-dimensional
space that allows for nonlinear classification. SVMs have several advantages: they can
handle high-dimensional feature spaces, they have superior classification accuracy, and
they are less prone to overfitting. However, selecting the correct kernel is crucial because
an incorrect one can lead to errors.

Figure 3.5: Classification using support vector machines [113]

3.5.2 KNN
K-Nearest Neighbors (KNN) is a popular supervised machine learning technique that
can handle both classification and regression tasks. This non-parametric approach is
often called a "lazy learner" because it doesn’t create an explicit model during training.
Instead, a new data point is assigned a class or value based on its similarity to the k
closest samples from the training set [114]. The KNN process involves the following steps:
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* K value selection: Choosing the value of K, which determines how many neighbors
will be considered. This is a key factor in the model’s accuracy.

* Distance calculation: Calculating the distance between the new data point and each
point in the training set using metrics such as Euclidean, Manhattan, or Minkowski.

* Identifying K nearest neighbors: Selecting the K training samples with the smallest
distance to the new input.

* Prediction: For classification, the algorithm assigns the most frequent class among
the K neighbors. For regression, it computes the average value of the neighbors.

3.5.3 Decision Tree
Decision trees (DT), a popular technique in non-parametric supervised learning, can be
applied to both regression and classification problems. Various DT algorithms exist, with
the most notable being CART, ID3, and C4.5. A DT consists of several key components:
the root node represents the complete dataset; internal decision nodes correspond to
attributes used for splitting the data; branches denote the outcomes of those splits; and
leaf nodes, which have no further divisions, indicate the final class labels or values[115].
DT operates based on the following steps:

* Selecting decision attributes: The algorithm identifies the most effective attributes
to split the dataset by minimizing impurity, often using Gini index or entropy

* Splitting the data: New decision nodes are created by splitting the dataset based on
the selected attributes.

* Building the tree: This procedure is carried out recursively on every additional node
until a halting condition is satisfied.

* Assigning class labels: A label is applied to each leaf node. This label indicates the
most common class at that node in terms of classification. In regression, it is the mean
of the target values.

* Making predictions: The built tree is then used to forecast results for additional
inputs by following the path from root to leaf depending on feature values.

3.5.4 K-means
K-means clustering is one of the most popular unsupervised machine learning methods. It
groups data points into clusters according to their similarities. This clustering technique
is based on centroids and reduces the distance between each cluster’s centroid and its
associated data points. The centroid is the average position of the points within a cluster.
In this approach, each data point is paired with the cluster whose centroid is closest to it.
K-means iteratively refines the cluster assignments until the centroids stabilize. A user-
specified number of clusters is represented by "k." [116]. The k-means algorithm follows
these steps:

* Choose k sites at random to serve as the initial centroids.
* Using a distance metric, assign each data point to the closest centroid.
* By averaging the locations of every point in each cluster, recalculate the centroids.
* Continue doing this until the centroids stop changing.
K-means clustering is widely used because it is easy to use and computationally effec-

tive, making it appropriate for large datasets. However, it has several shortcomings. It
cannot identify clusters with complex shapes, requires the user to predetermine the num-
ber of clusters, and produces results that can change based on where the initial centroids
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are placed. Additionally, k-means may not work well when clusters contain different sizes
or densities.

3.5.5 Random Forest
Random Forest (RF) is an ensemble learning method used for both classification and
regression tasks. It constructs multiple decision trees by training each one on a random
subset of the data using the bagging approach. The final prediction is made by combining
the outputs from all trees in the ensemble. This model typically achieves higher accuracy
than using a single decision tree [117]. The steps of the RF algorithm are as follows:

* Bootstrap sampling: The training set is split into several random subsets, each used
to train a different decision tree.

* Random feature selection: A random subset of features is selected for consideration
at each split in the decision trees.

* Tree construction: Each decision tree is built using its corresponding bootstrap
sample and selected features.

* Final prediction: For classification, the predicted class is the one most commonly
chosen by the trees (majority voting). For regression, the prediction is the average of the
outputs from all trees. Random Forest (RF) is an ensemble learning method used for
both classification and regression tasks. It constructs multiple decision trees by training
each one on a random subset of the data using the bagging approach. The final prediction
is made by combining the outputs from all trees in the ensemble. This model typically
achieves higher accuracy than using a single decision tree.

The steps of the RF algorithm are as follows:
* Bootstrap sampling: The training set is split into several random subsets, each used

to train a different decision tree.
* Random feature selection: A random subset of features is selected for consideration

at each split in the decision trees.
* Tree construction: Each decision tree is built using its corresponding bootstrap

sample and selected features.
* Final prediction: For classification, the predicted class is the one most commonly

chosen by the trees (majority voting). For regression, the prediction is the average of the
outputs from all trees.

3.5.6 Naive Bayes
The Bayes theorem forms the basis of the probabilistic supervised learning algorithm
Naïve Bayes (NB), which uses the assumption that features are conditionally indepen-
dent to simplify calculations. Despite this presumption, NB is effective in real-world
applications, including spam detection, text classification, and binary and multi-class
issues [118].

Main concepts of the NB algorithm:
• Bayes’ theorem: Computes the probability of a class A given observed features B

using:

P (A | B) =
P (B | A) · P (A)

P (B)
(3.1)

where:
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• P (A | B): posterior probability of class A given feature B

• P (B | A): likelihood of B given A

• P (A): prior probability of class A

• P (B): prior probability of feature B

Naïve assumption: Assumes that all features are conditionally independent given
the class. For features B1 to Bn:

P (A | B1, B2, . . . , Bn) = P (A)
n∏
i=1

P (Bi | A) (3.2)

Prediction: The class with the highest posterior probability is selected using the
Maximum A Posteriori (MAP) decision rule:

MAP = arg max
Ak∈A

P (Ak | xnew) (3.3)

3.5.7 Logistic Regression
Logistic Regression (LR) is a probabilistic supervised learning algorithm mainly used for
binary and linear classification, despite its name suggesting a regression approach. It
performs well when the data classes are linearly separable. LR estimates the probability
of a data point belonging to a class using the Sigmoid (logistic) function[119]. Key
components of the LR algorithm include:

* Linear combination: A weighted sum of the input features is calculated to form a
value z , where

z = β0 + β1x1 + β2x2 + · · ·+ βnxn (3.4)

Here, β0 is the intercept, and β1, . . . , βn are the feature weights.
Logistic function (Sigmoid): This function maps the value of z into a probability

between 0 and 1 using the following formula:

g(z) =
1

1 + exp(−z)
(3.5)

Predication: The model calculates the probability for each input and classifies the
instance based on a threshold (commonly 0.5).

3.5.8 Hierarchical Clustering
Hierarchical clustering produces a tree-like structure by periodically combining or dividing
data points according to similarity. This technique creates a binary tree, which provides
a clear visual representation of the clustering procedure by gradually grouping related
points [120]. The process consists of the following:

1. Begin by considering each point as a distinct cluster.
2. Update the proximity matrix by merging the two nearest clusters and determining

the shortest distance between them.
3. Continue doing this until a single final cluster is formed from all the points.
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This method produces dendrograms, which graphically depict the cluster structure.
It is also simple to use. However, even if the merge is poor, the mechanism cannot undo
the decision once the points have been aggregated. This method is slower than techniques
like k-means and can be difficult to understand when deciding how many clusters to use
for large datasets.

3.5.9 GMM
In unsupervised learning, a Gaussian mixture model (GMM) is a probabilistic method of
clustering. In this model, every data point is assumed to originate from a composite of
many Gaussian (normal) distributions [121]. GMM is based on two main concepts:

*Gaussian distribution: a continuous probability distribution shaped like a bell curve.
* Mixture mode: a statistical model that represents data as coming from a mix of

several probability distributions.
The GMM uses these principles to model data by estimating the parameters of each

Gaussian component and the proportion of each in the dataset. Its mathematical formu-
lation follows from this assumption.

3.6 Principles of Deep Learning
Deep learning models and comprehends intricate patterns in data using multi-layered
artificial neural networks, allowing traits to be extracted automatically without human
involvement. Deep learning is often used for autonomous systems, natural language pro-
cessing, and image recognition [122].

3.6.1 ANNs
The fundamental building blocks of deep learning are artificial neural networks (ANNs).
ANNs consist of interconnected layers of nodes, commonly referred to as neurons, which
process data and identify patterns through experience. ANNs are modeled after the
composition and operation of the human brain [123]. These networks can generalize
and anticipate new data because they can handle complex, nonlinear data properties.
In artificial neural networks (ANNs), learning occurs through interconnections between
artificial neurons across multiple layers, similar to the way learning occurs in the human
nervous system. In humans, learning involves slight changes in synaptic connections
between neurons. ANNs are modeled after biological neural networks [124].

Neurons are the basic building blocks of the human nervous system. These cells
are specialized for transmitting brain signals and processing electrical impulses. Each of
the billions of neurons in the human brain is connected to approximately 10,000 others.
Neurons have an ideal structure for their purpose. The four primary parts of a typical
neuron are the axon, dendrites, cell body, and synapses Figure 3.6 provides a depiction
of the structure of a biological neuron[125].

3.6.2 Artificial Neuron
A synthetic neuron functions similarly to a biological neuron. After processing weighted
inputs with an activation function, it generates an output. Since neurons are organized
into layers, the network can be trained to recognize patterns and convert inputs into
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Figure 3.6: The Biological Neuron[125]

outputs. McCulloch and Pitts presented the first formal neuron model in the 1940s,
marking the beginning of neuron modeling [126]. This mathematical model triggers a
response when the weighted total of the input signals exceeds a predetermined threshold.
Figure 3.7 depicts the series of actions performed by this neuron. However, until 1949
when Hebb proposed a learning concept without offering specific equations, this model
lacked a learning mechanism.

Figure 3.7: The formal neuron [127]

The output value (Z) is derived from the sum of the inputs (Xn), each multiplied
by their respective weights (Wn), followed by applying an activation function (F ) to this
weighted sum. This process can be mathematically expressed as:

Z = F (S) = F

(
N∑
n=1

WnXn + b

)
(3.6)

Although this simplified model cannot fully capture the intricacy of biological neurons,
it makes it possible to investigate the connections between neurons in more intricate
networks. Inspired by biological processes, the Hebbian learning rule states that when
two neurons fire simultaneously, their connection strengthens. Since weights between
neurons are modified by repeated exposure to samples, this process can be considered
either supervised or unsupervised learning. According to the rule first proposed by Hebb
in 1949, when neuron A frequently activates neuron B, one or both neurons change in a way
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that strengthens the connection. The simultaneous firing of presynaptic and postsynaptic
neurons determines the change in connection strength, or weight, as shown in Table 3.1:

Table 3.1: Hebb’s Rule

Ai Aj ∆Wij

0 0 –
0 1 0
1 0 0
1 1 +

The weight change that was carried out is represented by ∆Wij The following equation
can be used to model this rule in the context of formal neurons:

Wij(t+∆t) = Wij(t) + µ∆Wij(t) (3.7)

With Wij(t) representing the coactivity between two neurons, Wij(t+∆t) denotes the
updated weight, Wij(t) is the previous weight, and µ is the learning rate.

3.6.3 ANN Structure
An artificial neural network (ANN) consists of three primary layer types: the input layer,
one or more hidden layers, and the output layer. These layers are arranged sequentially.
In a feedforward neural network, also referred to as a multilayer perceptron (MLP), data
moves from input to output in a single direction [128].

•Input Layer This is the first layer of the network. Each node represents a feature
or variable from the input dataset. The number of features equals the number of input
nodes. Each node sends its value to the following layer without any processing.

•Hidden Layer(s) One or more hidden layers are located between the input and
output layers. Each hidden layer neuron receives input from every neuron in the layer
above and applies weights to the results. Then, it runs the results through an activation
function, such as sigmoid or ReLU. These layers identify and extract patterns from the
input data. The network’s ability to learn and generalize depends heavily on the number
of hidden layers and neurons per layer.

•Output Layer This is the network’s final layer. It generates the expected output
using the patterns that the hidden layers have learned. The type of task determines the
number of neurons in this layer. In multi-class classification, for instance, each output
neuron produces a probability score corresponding to a class.

Figure 3.8 show the structure of ANN

Activation Function

A neural network’s activation function uses the weighted sum of its inputs to determine
whether to activate a neuron. Adding non-linearity to the model allows the network to
recognize intricate patterns [130].Common activation functions include:

Sigmoid
The equation of the sigmoid function is:

f(x) =
1

1 + e−x
(3.8)
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Figure 3.8: ANN structure [129]

Figure 3.9 illustrates the activation function of the sigmoid, which exhibits non-linear
characteristics and generates continuous outputs. Unlike the threshold function that
produces discrete outputs in the range [0, 1], the sigmoid function can map inputs into an
analog form. However, it suffers from the vanishing gradient problem, where large inputs
are compressed between 0 and 1, significantly reducing their derivatives and leading to
poor results. To address this, activation functions like ReLU are used, which avoid the
issue of small derivatives [131].

Figure 3.9: Sigmoid activation function [131]

ReLU

Currently, the most popular non-linear activation function is the Rectified Linear Unit
(ReLU) [132], ranging from 0 to infinity. It converts all negative values to zero . Mathe-
matically, it can be expressed as:

F (x) = max(0, x), F (x) =
{
0 if x < 0

{
x if x ≥ 0 (3.9)

Tanh activation function
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The Hyperbolic Tangent (Tanh) function is another activation function that provides
advantages comparable to those of the sigmoid function [133]. Its key feature is that the
output range spans from -1 to 1. As shown in Figure 3.10, the Tanh function is both
continuous and differentiable. The definition of the output is as follows:

f(x) =
2

1 + e−2x
− 1 (3.10)

Figure 3.10: Tanh activation function [133]

Softmax

Essentially, the Softmax function combines multiple sigmoid functions. The Softmax
function is intended for multiclass classification problems, while the sigmoid function
produces values ranging from 0 to 1 that reflect probabilities in binary classifications.
It provides a probability for every data point across all classes. The output layer of a
network designed for multiclass classification contains an equal number of neurons as there
are target classes [134].

Softmax(ziex) =
ezi∑n
j=1 e

zj
(3.11)

Where:

• zi is the input to the Softmax function (the raw output from the network for class
i),

• ezi is the exponential of the input,

• The denominator is the sum of the exponentials of all inputs, ensuring that the
output values sum to 1.

3.7 Training of ANN
In order to minimize the loss (or error) function and improve task performance, the
weights and biases of a neural network must be adjusted during training. This procedure
uses input-output data pairs to direct changes. However, it is difficult to determine the
precise minimum of a loss function since it is often complex and nonlinear. Instead, the
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model’s parameters are updated based on the function’s gradient using gradient descent,
a popular optimization technique that reduces error iteratively [135].

3.7.1 Gradient Descent and Backpropagation
To minimize prediction error when training an artificial neural network, its internal pa-
rameters, such as weights and biases, must be improved. Two important methods in this
process are backpropagation and gradient descent [136].

Gradient Descent

Gradient descent is one iterative optimization technique. It determines the gradient of the
error function in relation to the model’s parameters. To minimize the error, it updates
the parameters in the opposite direction of the gradient. The procedure continues until
the error function converges or hits a minimal threshold. Before the iterations begin, the
network’s parameters are usually initialized randomly [137].

Backpropagation

The conventional technique for applying gradient descent to neural networks is backprop-
agation [138]. Doing the following allows the network to modify its internal weights and
biases:

Forward Pass: Input data travels throughout the network from the input layer to
the output layer. Weights, biases, and activation functions are applied at each layer to
transform the input data, resulting in an output.

Error Calculation: After generating the output, we calculate the difference between
the actual target (ground truth) and the expected output. This discrepancy is referred
to as the "mistake."

Backward Pass: The error spreads backward through the network. This method
determines the contribution of each bias and weight to the inaccuracy of each layer.

Weight Update: Gradient descent is used to update weights and biases in order to
lower the total error.

Iteration: This cycle forward pass, error calculation, backward pass, and weight
update is repeated over many iterations. With each iteration, the network improves its
performance by learning from the data.

3.8 CNNs
The Convolutional Neural Network (CNN) model is one type of deep learning model that
works especially well for processing grid-like data, such as photographs. The ability of
CNNs to automatically extract spatial and hierarchical characteristics from unprocessed
input has made them standard in computer vision applications, including classification,
segmentation, and detection. CNNs require less preprocessing than conventional classi-
fication methods. During training, CNNs automatically extract valuable characteristics
from data, eliminating the need for manually created filters. Each layer of a typical CNN
uses a differentiable function to convert input activations into output activations [139], as
shown in Figure 3.11 The core elements of a CNN include:
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Figure 3.11: CNN architecture [140]

3.8.1 Convolutional Layers
A convolutional layer is the central component of a CNN. This layer uses a collection of
learnable filters, or kernels, which are smaller than the original image. Through training,
these filters acquire the ability to recognize particular features. Each filter creates an
activation map by moving geographically over the image and performing element-wise
multiplication (dot product) between the filter and the appropriate input region. As
shown in Figure 3.12, An activation map is created by applying a filter to a section of an
image, such as the red-highlighted area, and repeating this process throughout the image.
The output of the convolutional layer consists of stacked activation maps from various
filters. Each neuron in an activation map has the same filter weights and represents a small
part of the input. Thanks to its local connectedness, the network can identify patterns
unique to local areas. While later layers identify complex features, such as structures or
objects, early levels identify simple patterns, such as edges [141].

Figure 3.12: An illustrated representation of the convolution operation [141]

Key elements to consider when constructing a convolutional layer include:
Kernel (Filter): A kernel is a compact matrix that scans the input (such as an image)

to detect specific patterns. At each position, it multiplies the corresponding input region
element-wise and sums the result. These filters are trainable and designed to recognize
features like edges or textures. Feature Map: This is the output generated by applying a
kernel to the input. Each kernel produces a distinct feature map that highlights certain
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patterns or details in the original data.
Stride: Stride defines the number of steps the kernel moves across the input in both

horizontal and vertical directions. A small stride retains more detail, while a larger stride
reduces the size of the resulting feature map. Common values are 1, 2, or 3.

Padding: Padding adds extra borders around the input before convolution begins,
helping to preserve the spatial dimensions. Common options are “valid” (no padding)
and “same” (padding added to keep output size equal to input). The size of the output
volume can be calculated using:

Wout =
W −K + 2P

S
+ 1 (3.12)

Where:

• W = input width or height,

• K = kernel size,

• S = stride,

• P = padding,

• Dn = number of filters.

This results in an output dimension of Wout ×Wout ×Dn.

3.8.2 Pooling Layers
Another important CNN process is pooling, which non-linearly reduces the spatial dimen-
sions of feature maps. Although there are several non-linear techniques, max pooling is
the most popular. In this method, the input is divided into smaller rectangular portions,
and the highest value is chosen from each piece. This operation is applied distinctly to
every depth channel and spatial location. A standard pooling layer reduces the spatial
dimension by 75% using a 2Œ2 window with a stride of 2 in both height and width. It
selects the highest value from a set of four in each phase. The depth remains constant
[142]. For instance, applying this on a 4Œ4 input using a 2Œ2 filter results in a 2Œ2
output, as illustrated in Figure 3.13

3.8.3 Fully Connected Layer
In neural networks, fully connected layers, also known as dense layers, are typically located
at the end. Unlike convolutional and pooling layers, which deal with particular input
regions, these layers connect all of the neurons in the current layer to all of the neurons
in the preceding layer [144]. here’s how they function:

Neuron response: All of the neurons in the previous layer send messages to each
neuron in the dense layer. The dense layer uses an activation function to interpret these
signals and generate an output showing its reaction.

Output tasks: These layers are frequently used in tasks like regression or classification
because they connect extracted features to predefined output labels or numerical values.

Final result: The output from the final dense layer is often sent through a softmax
algorithm for classification purposes. However, the results of regression may not change.
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Figure 3.13: Visual representation of the max-pooling operation [143]

3.9 Popular CNN Architectures
Several CNN architectures have become standard in deep learning research due to their
performance, scalability, and adaptability to different tasks. These architectures are
widely used in medical imaging applications, especially for classification, detection, and
segmentation of abnormalities in MRI, CT, and other modalities. Below are some of the
most commonly used models:

3.9.1 VGG
The Visual Geometry Group at Oxford University, under the direction of Andrew Zis-
serman and Karen Simonyan, created the deep convolutional neural network architecture
known as VGG (Visual Geometry Group). In their 2014 study, "Very Deep Convolutional
Networks for Large-Scale Image Recognition," they presented this architecture, which was
essential to the development of deep learning for computer vision problems.

The architecture of VGG
VGG is a deep but simple architecture that focuses on simplicity while increasing

depth. It uses small (3x3) convolution filters throughout the network, allowing deeper
networks to learn complex representations from images[145]. Similar to early convolu-
tional networks, the architecture consists of a stack of convolutional layers followed by
fully connected layers. However, it is much deeper. The network reduces spatial dimen-
sions while preserving crucial features for subsequent layers by employing a max pooling
layer after several convolutional layers. Similar to a traditional multi-layer perceptron,
the output is flattened and sent through fully connected layers. A softmax activation
function is used in the final layer for classification tasks.

VGG introduced a variety of models according to the number of layers: VGG11 has
eight convolutional layers and three fully connected layers; VGG13 has ten convolutional
layers and three fully connected layers; VGG16 has thirteen convolutional layers and
three fully connected layers; and VGG19 has sixteen and nineteen weight layers. These
models were commended for their ability to perform challenging classification tasks. The
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figure 3.14 represent vgg 16 architecture.

Figure 3.14: Vgg16 architecture [146]

VGG16 consists of three fully connected layers with 4,096 and 1,000 neurons, five max
pooling layers, 13 convolutional layers, and a softmax layer for class probabilities. The
input image usually has a pixel size of 224 x 224. The output is classified using a softmax
layer.

VGG’s architecture is uniform, using 3x3 filters across all layers, simplifying design
and expanding network depth. Its deep representations learn detailed, hierarchical data,
making it powerful for image classification. VGG models are widely used for transfer
learning, fine-tuning pre-trained weights for various computer vision problems.

3.9.2 EfficientNet
EfficientNet is a series of convolutional neural network (CNN) designs that seeks to com-
bine computational efficiency with excellent accuracy. Created by Mingxing Tan and
Quoc V. Le, EfficientNet introduced a novel scaling technique called compound scaling in
2019. This technique balances the trade-offs between model depth, width, and resolution.
Compared to earlier designs, such as ResNet and VGG, EfficientNet is renowned for its
ability to achieve state-of-the-art accuracy in image classification with fewer parameters
and lower computational cost.

EfficientNet balances the three main parameters—depth (number of layers), width
(number of channels), and resolution (input image size)—using a compound scaling tech-
nique. MobileNetV2’s inverted bottleneck residual blocks (MBConv), which reduce com-
puting costs, form the basis of the architecture. The compound scaling technique ensures
that these parameters are selected to optimize efficiency within a specified computational
budget by equally adjusting depth, width, and resolution across several model versions
(EfficientNet-B0 to B7) [147].

EfficientNet comes in multiple versions (B0 to B7), with B0 being the baseline model
and B7 being the largest, most powerful model. The EfficientNet-B0 architecture serves
as the base upon which other versions (B1 to B7) are scaled up. The compound scaling
method allows for different models to operate on higher resolution input images. For
example, EfficientNet-B1 uses an input resolution of 240x240, 18 layers, and slightly more
filters per layer, while EfficientNet-B7 uses a 600x600 input resolution, with significantly
more layers and filters.

The figure 3.15 represent the architecture of EfficientNetB0, it uses a compound scal-
ing method, which uniformly scales depth, width, and resolution across the network, as
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Figure 3.15: Architecture of EfficientNetB0 [148]

illustrated in the diagram where each block (MBConv) has specific kernel sizes and ex-
pansion factors. EfficientNetB0 is known for its ability to achieve high accuracy while
keeping computational costs low.

3.9.3 U-Net
The U-Net, a convolutional neural network (CNN) architecture, was created specifically
for biomedical image segmentation. It was pioneered by Olaf Ronneberger [149], Due to
its effectiveness in generating accurate, pixel-level predictions, the model developed by
Philipp Fischer and Thomas Brox in 2015 has grown to become one of the most popular
models for segmentation tasks. U-Net’s main characteristic is its U-shaped architecture,
which uses symmetric encoder-decoder paths to provide high-resolution localization and
context.

The U-Net architecture is a deep learning model with a U-shaped design that gradually
reduces spatial resolution to capture context. The U shape comes from its two primary
components: the encoder (the contracting path) and the decoder (the expanding path).
To reduce spatial dimensions, the encoder uses convolutional layers, 2x2 max pooling
layers, and ReLU activation. As the network becomes deeper, the model can capture
more complex characteristics because each downsampling step doubles the number of
feature channels.

To restore spatial resolution, the decoder upsamples while mirroring the encoder.
Thanks to its up-convolution layers and skip connections, the model can use both low-
level and high-level features. These connections concatenate relevant feature maps from
the encoder path to the decoder. These connections enhance the segmentation output
by preserving spatial information lost during downsampling. Applications of the U-Net
architecture include autonomous driving, image-to-image translation, biomedical image
segmentation, and agriculture. Among its primary features are skip connections between
the encoder and decoder, which maintain spatial details and increase the precision of
segmentation borders.
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The figure 3.16represent the architecture of U-Net

Figure 3.16: U-Net architecture [150]

3.9.4 ResNet
Residual Neural Networks (ResNet), a type of deep learning architecture, were created to
address the vanishing or exploding gradient issue that arises in very deep neural networks
[151]. Thanks to the introduction of the residual learning idea by ResNet, deeper networks
can be taught efficiently. The 2015 proposal of this architecture by Kaiming He et al.
transformed deep learning, particularly for image classification problems.

The key concepts of ResNet are:
Residual Functions: Residual learning is based on the hypothesis that learning the

"residual" (the difference between the input and the desired output) is easier than learning
the entire function. Rather than learning a direct mapping, H(x), the network learns a
residual mapping, F(x) = H(x) - x, where x is the input and H(x) is the desired output.
The function can then be reformulated as H(x) = F(x) + x, which simplifies the learning
process. This optimizes convergence and improves performance in deep networks.

Identity Shortcut Connections: ResNet uses skip connections, also known as shortcut
connections. In this method, a layer’s input is directly added to its output. This allows
data to move through the network unaltered by intermediate layers. This can be stated
mathematically as follows:

y = F (x, {wi}) + x (3.13)

Here, F (x, {wi}) represents the residual mapping to be learned, and the input x is
directly added via the shortcut connection. This technique allows the network to learn
modifications to the input rather than completely new transformations.

The numbers represent the total number of layers in the network. There are mul-
tiple versions of ResNet, including ResNet-18, ResNet-34, ResNet-50, ResNet-101, and
ResNet-152. To decrease the number of parameters and computational cost, deeper vari-
ants (ResNet-50 and beyond) replace fundamental residual blocks with bottleneck blocks,
Figure 3.17 represents the ResNet50 model architecture, highlighting its five main stages
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Figure 3.17: ResNet50 model architecture [152]

composed of convolutional and identity blocks. The model begins with preprocessing
layers and ends with average pooling, flattening, and a fully connected output layer.

Thanks to residual learning, deep networks like ResNet can achieve state-of-the-art
performance on various tasks, such as segmentation, object detection, and image classi-
fication. ResNet overcomes the limitations of traditional deep networks, which struggled
with convergence issues and performance degradation, by enabling them to learn simpler
residual functions. ResNets use residual learning to build networks with hundreds or
thousands of layers, improving training time and optimization. They prevent degradation
and ensure deeper layers don’t deteriorate performance by learning identity mappings
when necessary.

3.10 RNN and LSTM
A recurrent neural network (RNN) is a type of deep neural network that is trained on
sequential or time-series data. It can be used to develop a machine learning (ML) model
that generates sequential predictions or inferences inputs[153], RNNs can be used to
solve problems such as sentiment analysis, speech recognition, image captioning, natural
language processing (NLP), and language translation, as well as other ordinal or temporal
issues.

RNNs are made up of neurons, which are data processing nodes that cooperate to
carry out intricate tasks. There are three types of neurons: input, output, and hidden.
After the input layer receives the data to be processed, the output layer delivers the
outcome. Data processing, analysis, and prediction occur in the hidden layer.

Long Short-Term Memory (LSTM)
The LSTM architecture was introduced to address the issue of long-term memory

retention in RNNs. The working mechanism of the LSTM architecture differs from
CNNs[154], which handle input data segments independently. While this method works
well for uncorrelated data, it falls short when dealing with correlated data, such as time
series. Figure 3.18 show working principal of LSTM architecture.

"T-time" refers to the length of the input sequence. The four gates that comprise the
LSTM architecture—the input gate, forget gate, update gate, and output gate—operate
as artificial neural networks. In other words, t-time denotes the LSTM’s time step.

Input gate: It regulates the amount of fresh input that should be kept in the cell state.
At each time step, it determines which elements of the input data are significant enough
to be added to the cell state.

Forget gate: It decides how much of the prior cell state data should be kept. This
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Figure 3.18: Working principle of LSTM architecture [155]

allows the network to eliminate outdated or irrelevant information by determining which
aspects of the previous time step should be "forgotten" or deleted.

Update Gate (often referred to as the Cell State Update): It updates the cell state by
combining the input and forget gates. To maintain pertinent knowledge, it combines new
input data with previously stored data.

Output Gate: It uses the updated cell state and input to determine the appropriate
end output for the current time step. This gate determines the information sent to the
subsequent time step and, eventually, to the final output layer.

The precise location in the input sequence is referred to as "time step t" or "t-time."
Each time step denotes a point in the sequence, such as a value in a time series or a word
in a phrase. LSTM processes inputs successively across time. Consequently, the LSTM
modifies its internal cell state at each time step by using the gates, the previous cell state,
and the current input. Due to their capacity to store and update data over several time
steps, LSTMs can learn patterns across lengthy sequences.

3.11 Applications of AI
Artificial intelligence (AI) has revolutionized a number of fields by allowing machines
to carry out tasks that normally require human intelligence [101]. Some of these tasks
include learning, thinking, problem solving, pattern identification, and decision making.
The main areas where AI is being used are as follows:

Healthcare and Medical Diagnosis

• Assists in disease diagnosis using medical imaging (e.g., MRI, CT scans).

• Detects anomalies such as tumors, fractures, or lesions using deep learning.

• AI models predict disease progression and patient outcomes.

• Chatbots and virtual assistants support patient interaction and monitoring.

Signal and Image Processing

• Enhances image quality and removes noise using autoencoders or GANs.
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• Extracts meaningful features from biomedical signals (EEG, ECG) for classification.

• Supports segmentation and detection tasks in medical images.

Natural Language Processing (NLP)

• Enables language translation, text summarization, and sentiment analysis.

• Powers intelligent assistants (e.g., Siri, Alexa) and automated chat systems.

• Processes and classifies medical records and literature.

Education and E-Learning

• Adapts content delivery based on learner performance.

• Automates grading and feedback.

• Detects learning difficulties through behavioral data analysis.

Finance and Business

• Automates fraud detection using anomaly detection algorithms.

• Predicts market trends and customer behavior.

• Improves decision-making in investment and risk analysis.

Robotics and Automation

• Powers autonomous robots for manufacturing, logistics, and surgery.

• Integrates vision and motion planning for real-time decision-making.

• Enhances precision in minimally invasive surgeries.

Smart Systems and Internet of Things (IoT)

• Manages data from smart devices for energy optimization, safety, and automation.

• Enables predictive maintenance in smart factories.

• Integrates with smart homes, cities, and healthcare systems.

The different applications of AI are illustrated in Figure 3.19.
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Figure 3.19: Applications of Artificial Intelligence [101]

3.12 AI in Medical Signals
Artificial intelligence (AI) has greatly impacted the analysis and interpretation of medical
signals, improving patient care and diagnostic accuracy. For example, in electrocardio-
grams (ECGs), AI algorithms are used for feature extraction and classification to detect
arrhythmias and other heart disorders [156],in Electroencephalogram (EEG) AI helps in
identifying patterns related to neurological disorders, such as epilepsy, by analyzing com-
plex brain wave data[157],in Electromyogram (EMG) AI techniques are applied to assess
muscle health and diagnose neuromuscular diseases[158] the table 3.2 two summarize the
application of AI techniques in medical signals.

Table 3.2: AI Techniques and Applications in Medical Signal Processing and Diagnosis

Application AI Technique Used Medical Signals
Diagnosis and mon-
itoring [159]

Prediction, classification ECG, EEG, EMG

Feature extraction
[160]

Machine learning, deep
learning

High-dimensional physi-
ological data

Medical imaging
[161]

Image segmentation,
pattern recognition,
image classification

MRI, CT, Ultrasound

Pain assessment
[162]

Time-frequency analysis,
classification

EMG, ECG

Mental health [163] Cognitive state analysis EEG, ECG
Explainable AI [99] Model interpretability Various biomedical sig-

nals
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The use of AI methods, particularly Explainable AI (XAI) and deep learning models,
has shown great promise in improving the accuracy and clarity of brain tumor classi-
fication. However, significant obstacles remain before AI can be used for this purpose,
including ethical issues and the need for validation and approval from medical profession-
als.

3.13 Challenges in AI
A number of significant obstacles limit the reliability and scalability of artificial intelli-
gence (AI) across disciplines [164]. Data-related issues include poor data quality, high
labeling costs, and imbalanced datasets, all of which affect model accuracy and fairness.
On the technical side, problems like overfitting, lack of interpretability, and high compu-
tational requirements hinder model performance and deployment [165]. Ethical issues like
prejudice, privacy infringement, and responsibility seriously call into question trust and
safety in AI systems. Deployment obstacles include domain adaptation issues, limitations
in real-time processing, and performance deterioration over time due to model drift. Ad-
dressing these challenges is critical for building robust, ethical, and adaptable AI systems
[166].

3.14 Conclusion
In recent years, artificial intelligence (AI) tools have significantly improved medical di-
agnostics. These technologies have outperformed traditional machine learning techniques
in tasks including segmentation, detection, and classification. This chapter outlines the
goals, key methods, and applications of AI in the medical field.

The following chapter will discuss the integration of AI methods with the wavelet
transform to improve medical signals. Our focus is on using this hybrid technology to
classify brain tumors from MRI data. Our approach employs wavelet-based processing
alongside the EfficientNetB0 and ResNet50V2 models to extract features, thereby enhanc-
ing accuracy, facilitating early detection, and aiding in clinical decision-making.
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4.1 Introduction
Classifying brain tumors is crucial for medical diagnosis and treatment planning. Mag-
netic resonance imaging (MRI) is commonly used to identify brain malignancies because it
offers fine-grained anatomical and soft tissue contrast [167]. However, due to the varying
sizes, forms, and aggressiveness of brain tumors, they are still difficult to classify accurately
[168]. Traditional classification methods often struggle with these complexities, leading to
the need for more advanced techniques that combine feature extraction and deep learning
models, The wavelet transform has proven to be a useful tool for analyzing medical im-
ages and signals, as it enables multi-resolution representation of signals. By decomposing
MR images into different frequency components, wavelet transform enhances important
structural details that aid in classification. However, In particular, Convolutional Neural
Networks (CNNs) have demonstrated significant efficacy in automated feature extraction
and categorization using deep learning models. One way to improve the classification
accuracy of brain tumors is to combine wavelet transform and deep learning.

This chapter presents two proposed models for MRI-based brain tumor classification.
The first model integrates Undecimated Wavelet Transform (UWT) with EfficientNet-B0,
followed by Principal Component Analysis (PCA) for dimensionality reduction and multi-
SVM for classification of MRI scans into four classes: glioma, meningioma, pituitary and
no tumor. While the second model is based on Stationary Wavelet Transform (SWT) for
noise reduction, ResNet50V2 for deep feature extraction, and Long Short-Term Memory
(LSTM) for classification. This model enhances classification accuracy by leveraging the
noise-filtering capability of SWT, the deep feature representation of ResNet50V2, and the
sequential learning capability of LSTM These models were tested on MRI Kaggle dataset.

4.2 CAD Methods for Brain Disorder Detection
Computer-aided diagnosis (CAD) systems are crucial in medical imaging because they
greatly aid in identifying and examining brain problems [169]. These systems employ a
variety of techniques, from sophisticated deep learning models to more traditional machine
learning methods, to interpret medical images and support clinical decisions. Their main
goals are to boost diagnostic precision, lower the chances of human error, and facilitate
the early recognition of brain conditions, leading to better patient care. For brain-related
disorders, CAD systems are designed to handle various classification tasks, each addressing
specific clinical requirements[170]. These may involve binary classification (normal vs.
abnormal scans) or multi-label classification when multiple conditions exist in a single
case. Each classification type introduces unique challenges, requiring specific strategies
to manage the complexity of brain imaging data.

CAD techniques have evolved over time. Initial systems depended on manually en-
gineered features, where expert knowledge guided the extraction of relevant image at-
tributes. With the rise of deep learning[171], especially convolutional neural networks
(CNNs), the focus has shifted to automated feature learning, resulting in higher performance—
especially when handling large-scale datasets. Whether based on traditional methods or
deep learning, the effectiveness of CAD systems depends on the chosen approach and its
adaptability to medical imaging tasks. While CAD systems using artificial intelligence,
especially deep learning, have achieved notable success in brain disease classification, they
still face several limitations[172]. Deep learning models require large amounts of labeled

ABDA Oussama DOCTORAL THESIS



Chapter 4. Application of Proposed Methods to Brain Tumor MRI Classification 60

data for effective training, which is often difficult to obtain in the medical field. These
models can also act as “black boxes,” offering limited interpretability of how decisions
are made—an issue that poses challenges in clinical settings where transparency is essen-
tial. Moreover, noise, intensity variations, and irrelevant background information in MRI
images can reduce the accuracy and reliability of AI models[173].

To address these limitations, integrating AI with signal processing techniques like the
wavelet transform has shown promising results. The wavelet transform excels at decom-
posing images into multi-scale and multi-resolution representations, capturing both spa-
tial and frequency information. This preprocessing step enhances important features and
reduces noise, making the input more meaningful for AI-based models. By combining
wavelet transform with deep learning, classification systems can achieve better perfor-
mance, robustness, and interpretability. The next section presents this hybrid approach,
focusing on the use of integrated wavelet-AI techniques for brain tumor classification.

4.3 Wavelet and AI for Brain Tumor classification
The wavelet transform captures both spatial and frequency information. Tumor identifi-
cation relies on minor image features, such as edges, textures, and localized anomalies, all
of which are highlighted by this dual depiction. These aspects are frequently overlooked
when raw photos are used directly as input for AI models.

When paired with artificial intelligence (AI) tools such as convolutional neural net-
works (CNNs), support vector machines (SVMs), or multi-layer perceptrons (MLPs),
wavelet-transformed images function as an enhanced input source. They supply cleaner,
more organized data that highlights tumor-relevant traits, thereby improving model learn-
ing. Studies have shown that, for small and imbalanced datasets, integrating wavelet-
transformed images improves generalization, reduces false positives, and increases clas-
sification accuracy. The classification process becomes more reliable and interpretable
when the wavelet transform is used as an input phase because it ensures that the AI
models focus on the most informative areas of the image. For this reason, the wavelet-AI
combination is a useful and efficient method for diagnosing brain tumors in real-world
applications.

4.4 First Proposed Model

4.4.1 Main Idea and Motivation
Traditional brain tumor classification methods struggle with accurately distinguishing
between different tumor types due to challenges in feature extraction, computational
efficiency, and robustness. Conventional deep learning models, such as CNNs, require ex-
tensive labeled datasets and often fail to generalize well due to overfitting. Additionally,
handcrafted feature extraction methods lack adaptability to complex medical imaging
variations. To address these limitations, we propose a hybrid approach that integrates
the Undecimated Wavelet Transform (UWT) and EfficientNet-B0 for feature extraction.
UWT captures both spatial and frequency information without down sampling, preserv-
ing critical tumor details. EfficientNet-B0, a lightweight deep learning model, extracts
high-level features from the original and wavelet-transformed images. Principal Com-
ponent Analysis (PCA) is applied to reduce dimensionality while maintaining essential
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information, followed by a multi-SVM classifier to ensure precise categorization of brain
tumors into four classes: glioma, meningioma, pituitary tumor, and no tumor.

4.4.2 Principles and Objectives
The first proposed model is designed to enhance the classification of brain tumors by lever-
aging the advantages of wavelet transform and deep learning techniques. The principles
guiding this model are:

• Multi-Resolution Analysis: The Undecimated Wavelet Transform (UWT) al-
lows the decomposition of MRI images into multiple frequency bands without down-
sampling. This ensures that important spatial and frequency-domain information
is retained, which is crucial for identifying tumor characteristics.

• Robust Feature Extraction: EfficientNet-B0, a deep learning model optimized
for computational efficiency and accuracy, extracts high-level spatial features from
the original and wavelet-transformed images, enabling improved tumor classifica-
tion.

• Dimensionality Reduction: Principal Component Analysis (PCA) is applied to
eliminate redundant information while preserving critical features. This step reduces
computational complexity and prevents overfitting.

• Effective Classification: A multi-class Support Vector Machine (SVM) classifier
is used for final tumor classification. Multi-SVM is known for its strong generaliza-
tion ability, making it suitable for medical image classification tasks where inter-class
variations are high.

Objectives

The key objectives of this model are:

• Improve Classification Accuracy: By integrating UWT with deep learning,
the model aims to enhance feature representation, leading to higher classification
performance.

• Preserve Structural Details: The use of UWT ensures that no spatial informa-
tion is lost during decomposition, which is essential for precise tumor classification.

• Reduce Computational Overhead: PCA helps in reducing the feature set with-
out compromising important details, making the classification process more efficient.

• Enhance Generalization: Multi-SVM provides a robust classification framework
that can generalize well across different MRI scans, reducing overfitting issues com-
mon in deep learning models.

• Validate on Real-World Data: The model is tested on the Kaggle MRI dataset,
ensuring its applicability in practical medical scenarios.

The proposed model aims to provide a reliable, efficient and accurate method for brain
tumour classification by adhering to these principles and objectives, thereby addressing
the limitations of traditional and standalone deep learning approaches.

ABDA Oussama DOCTORAL THESIS



Chapter 4. Application of Proposed Methods to Brain Tumor MRI Classification 62

4.4.3 Architecture
The first proposed system follows these steps as provided in Figure 4.1[174]:

• Dataset Splitting: A stratified split is applied, allocating 80% of the dataset for
training and 20% for testing.

• Wavelet Transform: The Undecimated Wavelet Transform (UWT) is used to
extract both frequency and time-domain features. This step produces four sets of
coefficients:

– Approximation coefficients (cA)
– Horizontal detail coefficients (cH)
– Vertical detail coefficients (cV)
– Diagonal detail coefficients (cD)

• Feature Extraction: EfficientNet-B0 extracts features from both the original MRI
images and their corresponding UWT coefficients (cA, cH, cV, cD), generating 5000
features per image.

• Feature Selection: Principal Component Analysis (PCA) is applied to select the
most relevant features, reducing dimensionality while preserving essential informa-
tion.

• Classification: The selected features are used as inputs for a multi-SVM classifier
to categorize MRI images into four classes:

– Glioma
– Meningioma
– No Tumor
– Pituitary

This approach enhances classification performance by leveraging both spatial and
frequency-domain features.

4.4.4 Database Description
The dataset used in this study was compiled by Masoud Nickparvar [175] and combines
three sources: fgshare [176], the SARTAJ dataset [177], and another unspecified dataset.
It includes 5712 MRI images classified into four categories: Meningioma (1339 images),
Glioma (1321 images), No Tumor (1595 images), and Pituitary Tumor (1457 images),
as shown in Table 4.1. Each category includes images from different MRI views—axial,
coronal, and sagittal which provide a detailed understanding of the structure and charac-
teristics of the tumors.
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Figure 4.1: Workflow of the first proposed system [174]

Table 4.1: Dataset Distribution by Tumor Class

Class Number of Images
Meningioma 1339
Glioma 1321
No Tumor 1595
Pituitary 1457
Total 5712

4.4.5 Experiment Setup
The following hardware and software configurations were used for the experiments:

• Processor: Intel Core i7-8650U, 4 cores / 8 threads, base 1.9 GHz, turbo up to
4.2 GHz.

• Memory: 8 GB SSD RAM.

• GPU: Integrated Intel UHD Graphics 620.

• Operating System: Windows 11.

• Software: MATLAB R2023a.

4.4.6 Performance Measures
It is crucial to evaluate the classifier after training to confirm its applicability, assess its
accuracy, and determine its efficiency. There are a variety of ways to evaluate a classifier.
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Accuracy

The simplest indicator for assessing classification is accuracy, which shows the percentage
of correctly classified cases relative to the total number of cases. However, when working
with unbalanced datasets, accuracy can be misleading despite providing a general sense
of the model’s performance.

Accuracy =
TN + TP

TN + TP + FN + FP
(4.1)

Where:

• TN = True Negatives

• TP = True Positives

• FN = False Negatives

• FP = False Positives

True negatives (TN) denote accurate negative forecasts, while true positives (TP) de-
note accurate positive predictions. False negatives (FN) are inaccurate negative forecasts,
and false positives (FP) are inaccurate positive predictions. These metrics are used to
evaluate the efficacy of categorization models.

Precision

Precision, also known as positive predictive value (PPV), is the percentage of correct pos-
itive predictions made by a model. Since it emphasizes the importance of precise positive
predictions, precision is particularly important when false positives carry significant costs.

Precision =
TP

FP + TP
(4.2)

Recall

Recall, also known as sensitivity, is the percentage of true positive cases that are correctly
identified as such. In medical diagnostics, where a false negative could have serious
consequences if a positive case goes undetected, this statistic is crucial.

Recall = TP

FN + TP
(4.3)

F1 Score

The F1 score is a single statistic that combines precision and recall by taking their har-
monic mean. Since it considers both precision and recall, it is useful for working with
imbalanced datasets.

F1 Score = 2× Recall × Precision
Recall + Precision

(4.4)
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Specificity

The percentage of true negatives among all negative instances is known as specificity or
the True Negative Rate (TNR). This statistic is essential when reducing the expense of
false positives is a top concern.

Specificity =
TN

TN + FP
(4.5)

Confusion Matrix

The confusion matrix provides a comprehensive picture of the model’s performance by
displaying the counts of true positives, true negatives, false positives, and false negatives.
Because it breaks down the model’s predictions and identifies misclassifications, the matrix
is an invaluable error detection tool.

The figure 4.2 depicts the fundamental structure of the confusion matrix:

Figure 4.2: The Basic Structure of a Confusion Matrix

4.4.7 Results
The suggested approach begins with the classification of a dataset containing 5,712 MRI
images into four groups: pituitary, meningioma, glioma, and no tumor. 80% of the dataset
is used for training and 20% for testing. A combination of techniques, including UWT,
EfficientNetB0, PCA, and multi-SVM, is applied. The coefficients are extracted using the
UWT from both the training and testing data which, along with the original images, serve
as inputs for EfficientNetB0. This CNN model is chosen for its strong feature extraction
capabilities in computer vision tasks. PCA selects the most relevant features, ensuring
optimal performance. Multi-SVM is utilized for classification because it is so good at
handling multi-class problems. Performance is assessed using F1-score, recall, accuracy,
and precision.

The main objective of this project is to create and evaluate a high-performance brain
tumor classification model that uses cutting-edge methodologies to obtain accurate and
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dependable tumor detection from MRI images. Table 4.2 and Figure 4.3 show the perfor-
mance metrics of the suggested model.

Table 4.2: Performance metrics for the first proposed method

Accuracy F1-score Specificity Precision Recall
0.9750 0.9748 0.9915 0.9755 0.9746

Figure 4.3: Performance metrics of the first proposed model [174]

Table 4.2 and Figure 4.3 present the results of the first proposed method, which
achieved an accuracy of 97.50

The obtained results demonstrate the effectiveness of the proposed feature extraction
strategy for accurate brain tumor classification. The integration of UWT, EfficientNet-
B0, PCA, and multi-SVM enables the model to exploit complementary information from
the original MRI images and their wavelet coefficients while maintaining a compact fea-
ture representation. EfficientNet-B0 provides discriminative deep features, whereas PCA
reduces the dimensionality of the extracted feature space before classification. The combi-
nation of these components contributes to the strong classification performance achieved
by the proposed method, as reflected by its high accuracy, precision, recall, F1-score, and
specificity.

Key implementation challenges, such as data privacy, integration with medical work-
flows, and model interpretability, are addressed through local deployment, user-friendly
interfaces, and clear selection criteria. Continuous learning mechanisms ensure the model
remains relevant with advancements in medical knowledge and practice.

4.4.8 Confusion Matrix
A confusion matrix was created to evaluate the performance of the suggested brain tumor
categorization model, as shown in Figures 4.4 and 4.5.These matrices provide an in-depth
breakdown of the model’s classification accuracy for each of the four tumor types: glioma,
meningioma, pituitary, and no tumor.

Figure 4.5 presents the confusion matrix with absolute values, showing that the model
correctly classified 240 out of 250 glioma cases (96%), 278 out of 284 meningioma cases
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Figure 4.4: Confusion matrix for first proposed model [174]

Figure 4.5: Normalized confusion matrix for first proposed model [174]

(97.89%), 311 out of 314 no tumor cases (99.04%), and 284 out of 294 pituitary cases
(96.56%). Misclassifications were minimal, with 10 glioma cases misclassified as menin-
gioma, 5 meningioma cases misclassified as pituitary, and a few no tumor and pituitary
cases misclassified into other categories. Figure 4 displays the normalized confusion ma-
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trix, highlighting the classification performance in relative proportions: 96% for glioma,
97.89% for meningioma, 99.04% for no tumor, and 96.56% for pituitary. The model’s
ability to accurately distinguish between tumor and non-tumor cases is demonstrated by
the low misclassification rates, which highlight the robustness of the proposed approach.
The highest accuracy was observed for pituitary and non-tumor cases. These results con-
firm the efficacy of the classification strategy that combines multi-SVM for classification,
PCA for feature selection, EfficientNet-B0 for feature extraction, and UWT. The model’s
potential for practical medical applications, in which accurate diagnoses are essential for
clinical decision-making, is demonstrated by its high level of accuracy.

4.5 Second Proposed Model

4.5.1 Key concept and inspiration
To further improve classification accuracy and robustness, we propose a second model inte-
grating Stationary Wavelet Transform (SWT), ResNet50V2, and Long Short-Term Mem-
ory (LSTM) networks. SWT removes noise from MRI images while preserving essential
structural details, improving feature clarity before extraction. ResNet50V2 extracts high-
level spatial features, capturing complex patterns associated with different tumor types.
LSTM processes these extracted features to identify sequential dependencies, enhancing
classification by recognizing subtle variations across tumor categories. This combination
provides a robust framework for classifying MRI images into glioma, meningioma, pitu-
itary, and no tumor categories, significantly improving classification accuracy compared
to conventional methods.

4.5.2 Process
The figure 4.6 illustrates the second proposed method for brain tumor classification using
MRI images[178]. The process consists of the following key steps:

MRI Dataset

The input consists of MR images containing different types of brain tumors, including
glioma, meningioma, pituitary tumors, and cases with no tumor.

Dataset Description for Second Proposed Method
The dataset used in this research, made available by Masoud Nickparvar[179], It con-

sists of 7,023 brain MRI scans, split into two subsets. The training set contains 5,712
images, and the testing set contains 1,311 images. All images fall into one of four cate-
gories: pituitary tumor, meningioma, glioma, or no tumor.

Table 4.3 shows how the MRI dataset is divided into four categories: meningioma,
glioma, no tumor, and pituitary tumor. The training set contains 5,712 images: 1,339
meningioma, 1,321 glioma, 1,595 no tumor, and 1,457 pituitary tumor. The testing set
has 1,311 images: 306 meningioma, 300 glioma, 405 no tumor, and 300 pituitary tumor.
This distribution ensures balanced training and accurate assessment of the classification
model across all classes.
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Figure 4.6: Block diagram for second proposed method [178]

Table 4.3: Dataset Composition Used in This Study

Class Number of Training Images Number of Testing Images
Meningioma 1339 306

Glioma 1321 300
No tumor 1595 405
Pituitary 1457 300

Total 5712 1311

Data Preprocessing

Stationary Wavelet Transform (SWT): Applied to remove noise while preserving
essential structural details in the MRI images.

Resizing: All images are resized to 224 × 224 pixels to ensure uniform input dimensions
for feature extraction.

Feature Extraction using ResNet50V2

ResNet50V2, a deep convolutional neural network, extracts high-level spatial features
from the preprocessed images.

These features capture intricate patterns that help differentiate tumor types.

Classification using LSTM

The extracted features are passed through an LSTM classifier, which captures sequential
dependencies in the data.
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LSTM improves classification performance by identifying temporal relationships in
extracted features.

The classification results are assessed using accuracy, precision, recall, and F1-score to
measure the model’s effectiveness. This method enhances tumor classification by leverag-
ing SWT for noise reduction, ResNet50V2 for spatial feature extraction, and LSTM for
temporal pattern recognition, leading to improved accuracy and robustness.

4.5.3 Results
This section presents the findings of the second proposed method for classifying brain tu-
mors. This method combines long short-term memory (LSTM) for classification, station-
ary wavelet transform (SWT) for preprocessing, and ResNet50V2 for feature extraction.
The studies used the Kaggle brain tumor dataset, which comprises 7,023 MRI images
divided into four classes: glioma, meningioma, pituitary, and no tumor. The dataset was
split into 5712 training images and 1311 testing images. Google Colab was used to imple-
ment the suggested strategy and make use of its computing resources for effective training
and assessment. In the preprocessing phase, the first step was the Stationary Wavelet
Transform (SWT), which divided the pictures into frequency bands to improve tumor-
related characteristics and reduce noise. To ensure compatibility with the ResNet50V2
model, the photos were downsized to 224 × 224 pixels to ensure compatibility with the
ResNet50V2 model. ResNet50V2, a deep learning model pre-trained on ImageNet, was
then used to extract features from the MRI scans. Next, a Long Short-Term Memory
(LSTM) network classified the collected features into four groups: pituitary, meningioma,
glioma, and no tumor.

Figure 4.7: Performance metrics for second proposed model [178]

The figure 4.7 present the accuracy, precision, recall, and F1-score of the second pro-
posed classification model. The model achieved an accuracy of 98.70%, with a precision
of 98.85%, a recall of 98.92%, and an F1-score of 98.88%. These results demonstrate
the model’s ability to distinguish between the different types of brain tumors in MRI
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images. A recall of 98.92% indicates that the model accurately detects tumor cases, while
the precision of 98.85% and the F1-score of 98.88% reflect its strong overall classification
performance. By limiting false-positive predictions and correctly identifying tumor cases,
the model maintains consistently high values across all evaluation metrics, These results
demonstrate the reliability of the proposed model for brain tumor classification.

Confusion Matrix

A confusion matrix is an important method for assessing a classification model’s perfor-
mance. It contrasts the expected and actual labels, offering a detailed view of how the
model classifies each category. This matrix helps visualize the classifier’s performance and
provides insights into the types of errors it makes.

Figure 4.8: Confusion matrix for second proposed method [178]

Figure 4.8 shows the confusion matrix for the brain tumor detection model. This
matrix displays the classification results across four categories: glioma, meningioma, no
tumor, and pituitary. With 290 glioma cases, 301 meningioma cases, 405 no-tumor cases,
and 298 pituitary cases identified correctly, the diagonal elements demonstrate excellent
performance. Very few classifications are incorrect. Eight glioma cases were mislabeled as
meningioma, and two as pituitary. Two meningioma cases were misdiagnosed as glioma,
two as no tumor, and one as pituitary. Each pituitary case was mislabeled as either
meningioma or glioma. Notably, all 405 instances in the no-tumor group were correctly
identified, achieving perfect classification. The model’s ability to differentiate between
different types of brain tumors and accurately identify non-tumor cases is demonstrated
by its strong diagonal dominance and low misclassification rates.
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4.6 Comparison and Analysis
Numerous studies on the classification of brain tumors have used publicly accessible MRI
datasets, such as the Figshare and BraTS datasets. Feature extraction and classification
techniques employed include convolutional neural networks (CNN), vision transformers
(ViT), support vector machines (SVM), multi-layer perceptrons (MLP), and hybrid deep
learning techniques. Table4.4 contrasts the suggested models with these investigations.
We note the following:

Table 4.4: Comparison of Brain Tumor Classification Methods
Author and Year Method Accuracy (%) Precision (%) F1-score (%) Recall (%) Sensitivity (%) Specificity (%)
Kumar et al. [180] 2020 ResNet50 model 96.3 - - - - -
Hashemzehi et al. [181] 2020 NADE, CNN 95 - - - - -
Narmatha et al. [182] 2020 Fuzzy Brain-Storm Optimization 93.85 - - - - -
Kumar et al. [183] 2021 CNN + Residual Network + GAP 97.08 - - - - -
Nawaz et al. [184] 2022 HBTC + MLP 98.8 95.5 95.12 - 94.79 97.5
Patil et al. [185] 2022 SWT-ELOOP + SVM - 96.66 96.66 96.67 - -
Remzan et al. [186] 2023 ResNet50 + VGG19 + EfficientNetV2B1 + MLP - 96.67 96.66 96.67 - -
Babu Vimala et al. [187] 2023 Fine-tuned EfficientNet - 92.11 92.02 95.96 - -
Zulfiqar et al. [188] 2023 Fine-tuned EfficientNetB2 98.86 98.86 - 98.77 - 98.71
Asiri et al. [189] 2024 Swin Transformer 97 96.14 96.48 96.86 - 98.92
Alshuhail et al. [190] 2024 Modified Neural Networks + Grad-CAM 97 - - - - -
Amin et al. [191] 2025 ADE_DieT 96.09 96.10 96.09 96.09 - -
Subba et al. [192] 2025 GoogLeNet + ABIM 97 - - - - -
First Proposed Model UWT + EfficientNetB0 + PCA + SVM 97.5 97.75 97.48 97.86 - 99.15
Second Proposed Model SWT + ResNet50V2 + LSTM 98.7 98.85 98.88 98.85 - -

Kumar et al [180] proposed an approach that uses a fuzzy deformable fusion model
with the Dolphin Echolocation-based Sine Cosine Algorithm (Dolphin-SCA) to prepro-
cess MRI images prior to segmentation. Power Local Directional Pattern (Power LDP)
and statistical features such as mean, variance, and skewness are employed for feature ex-
traction. Then, Dolphin-SCA is used as the training technique for a Deep Convolutional
Neural Network (Deep CNN) to classify the images. Using the BRATS and SimBRATS
datasets, the method achieved a maximum accuracy of 96.3%. To classify brain tumors us-
ing MRI scans Hashemzehi et al[181]presented a hybrid model combining a convolutional
neural network (CNN) and neural autoregressive distribution estimation (NADE) in their
study, "Detection of Brain Tumors Using MRI Scans: A Hybrid Model." The model was
trained and evaluated using 3,064 T1-weighted, contrast-enhanced images of three differ-
ent types of brain tumors. The results demonstrate that the CNN-NADE hybrid excels
in classification, particularly when the supply of medical images is limited. Their system
achieves 95% accuracy . Narmatha et al[182] presented a fuzzy brain-storm optimization
(FBSO) algorithm for brain tumor segmentation and classification by merging fuzzy logic
with brain-storm optimization approaches. While the fuzzy component iterates to create
an ideal network topology, the brain-storm optimization component focuses on cluster
centers, though it may fall into local optima. The BRATS 2018 dataset was used to test
the approach, demonstrating its effectiveness and resilience while greatly reducing seg-
mentation time. The proposed FBSO achieves 93.85% accuracy, 94.77% precision, 95.77%
sensitivity, and a 95.42% F1 score. To address the vanishing gradient and overfitting is-
sues in deep neural networks for brain tumor classification Kumar et al[183] presented a
deep network model that uses ResNet-50 and global average pooling. They used a three-
tumor MRI dataset containing 3,064 images to evaluate the model’s performance and
compare it to other methods. The proposed method outperforms existing classification
models, achieving a mean accuracy of 97.08% with data augmentation and 97.48% with-
out. Nawaz et al[184] presented a hybrid brain tumor classification (HBTC) framework
for brain tumor classification utilizing machine vision approaches. After preprocessing
and segmenting the MRI dataset, the Co-occurrence Matrix (COM), Run-Length Matrix
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(RLM), and gradient features are used to extract features to identify the tumor location.
After selecting the nine best features, cystic, glioma, meningioma, and metastatic tumors
are classified using multilayer perceptron (MLP), J48, meta bagging (MB), and random
tree (RT) classifiers. With a maximum classification accuracy of 98.8%, the HBTC frame-
work is shown to be effective, demonstrating its effectiveness and robustness, Patil et
al[185] proposed a brain tumor classification method that utilizes enhanced local optimal-
oriented pattern descriptors and a steerable wavelet transform for glioma, meningioma,
and pituitary cancer classification. Local binary and directional pattern descriptors cap-
ture intensity details, while the Frei–Chen-based mask effectively captures edge and line
subspace information. After MRI images have been broken down at various sizes, Fisher
score-based feature selection is used to extract textural information and minimize dimen-
sionality. Then, categorization is performed using a multi-class support vector machine
(SVM). Experiments on a publicly accessible dataset demonstrate superior categorization
performance compared to existing texture-based techniques. Remzan et al[186] created a
deep learning-based automated method for classifying brain MR images to help physicians
diagnose brain cancers. 80% of the 5712 MR images in the dataset are utilized for training,
while the remaining 20% are used for validation. Seven pre-trained CNNs (ResNet-50,
DenseNet-121, VGG-19, EfficientNetB1, EfficientNetV2B1, Inception V3, and MobileNet)
are used in conjunction with Transfer Learning to extract features. A Multilayer Percep-
tron (MLP) is used for classification after the top-performing features from ResNet-50,
VGG-19, and EfficientNetV2B1 are merged using a Features Ensemble technique. This
approach outperforms state-of-the-art methods with a 95% confidence level and 96.67%
accuracy (ś1.04). Babu Vimala et al[187] use MRI scans and a transfer learning-based fine-
tuning method with EfficientNets to classify brain tumors using deep learning. To classify
glioma, meningioma, and pituitary tumors, five EfficientNet models (B0–B4) are trained
and evaluated on the publicly accessible CE-MRI Figshare dataset. Models are initialized
with ImageNet weights, top and fully connected layers are added, and the robustness of
the models is tested via data augmentation. The model’s emphasis on tumor regions
is interpreted using Grad-CAM visualization. According to the results, EfficientNetB2
outperforms other models with the best accuracy (99.06%), precision (98.73%), recall
(99.13%), and F1-score (98.79%). Zulfiqar et al[188] investigated the use of MRI images
and a transfer learning-based fine-tuning technique with EfficientNets for deep learning in
brain tumor classification. Five EfficientNet models (B0–B4) were trained and evaluated
for the classification of pituitary tumors, meningiomas, and gliomas using the CE-MRI
Figshare dataset. After initializing the models with ImageNet weights, we added top and
fully connected layers for classification. Numerous tests were conducted to evaluate the
impact of data augmentation and the robustness of the models. Grad-CAM visualization
highlights tumor regions in MRI images. EfficientNetB2 achieves the best performance
with 98.86% accuracy, 98.65% precision, 98.77% recall, and 98.71% F1-score. The model
is computationally efficient, lightweight, and has good generalization. In this study, an
enhanced EfficientNetV2 model that incorporates a Global Attention Mechanism (GAM)
and Efficient Channel Attention (ECA) improves the categorization of brain tumors in
MRI data. These attention processes boost feature extraction, allowing the model to bet-
ter focus on important tumor locations. Comprehensive testing on a large public dataset
shows 99.76% test accuracy, outperforming earlier models. Grad-CAM visualization pro-
vides interpretability by shedding light on the model’s decision-making procedure. This
study advances Computer-Aided Diagnosis (CADx) systems by increasing classification
accuracy, transparency, and clinical application in brain tumor detection. Asiri et al[189]
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used the Swin Transformer architecture for brain tumor image classification. This ar-
chitecture minimizes computing load by using a window-based self-attention mechanism.
The approach achieved 97% accuracy. To confirm its efficacy, the method was contrasted
with more current models, such as Vision Transformers (ViTs). It also demonstrated
good performance metrics, with an F1-score of 96.47%, specificity of 98.92%, accuracy
of 96.14%, and recall of 96.86%. Alshuhail et al[190] used a Swin Transformer with a
window-based self-attention mechanism for classifying brain tumors in MRI images. It
achieved 97% accuracy, with strong metrics across 21 evaluation criteria, outperform-
ing traditional CNN and ViT models. Amin et al[191] presented a multi-class brain
tumor classification system using the DieT Transformer for feature extraction, PCA for
dimensionality reduction, and the ADE algorithm for feature selection. The ADE-DieT
model achieved an accuracy of 96.09% with a precision of 96.10%, a recall of 96.09%,
and an F1-score of 96.09%. Subba et al[192] used a CNN based on GoogLeNet with
an Attention-Based Inception Module combining spatial and channel attention for better
feature representation.It achieved 97.62% overall accuracy.

The first proposed model in this thesis integrates undecimated wavelet transform
for feature extraction, EfficientNet-B0 for deep feature extraction, principal component
analysis for dimensionality reduction, and multi-SVM for classification. This combina-
tion captures both spatial and frequency-domain information, achieving 97.5 % accuracy.
Compared to previous models, which primarily relied on deep CNNs or transfer learning
alone, this approach enhances classification performance by incorporating handcrafted
wavelet-based features and optimizing feature selection. In contrast, prior EfficientNet-
based models or hybrid CNN-SVM approaches achieved lower accuracy, typically around
95% to 97%, without leveraging wavelet transform or principal component analysis. The
proposed model’s robustness, computational efficiency, and superior classification metrics
position it as a significant advancement in MRI-based brain tumor classification.

The second proposed model in this thesis integrates stationary wavelet transform
for preprocessing, ResNet50V2 for feature extraction, and a Long Short-Term Memory
(LSTM) network for classification. This method enhances both spatial and frequency-
based tumor features while leveraging deep learning’s ability to model complex pat-
terns. Compared to the first proposed model, which used undecimated wavelet transform,
EfficientNet-B0, and multi-SVM, this model improves classification by incorporating se-
quential pattern learning through LSTM. Experimental results on the Kaggle dataset
show an accuracy of 98.7 %, surpassing many previous deep learning approaches, includ-
ing ResNet-50 and hybrid CNN-SVM models. This model offers better feature extraction
and classification by addressing spatial dependencies and improving tumor representation.

4.7 Conclusion
In this chapter, we presented two models that use a combination of deep learning and
wavelet transform methods to classify brain cancers based on MRI data. The first pro-
posed model integrates Undecimated Wavelet Transform (UWT) for multi-resolution fea-
ture extraction, EfficientNet-B0 for deep feature learning, Principal Component Analysis
(PCA) for dimensionality reduction, and multi-SVM for classification. This approach
effectively captures both spatial and frequency-domain information, enhancing classifi-
cation performance. The second proposed model employs Stationary Wavelet Transform
(SWT) for noise reduction, ResNet50V2 for deep feature extraction, and Long Short-Term
Memory (LSTM) for classification. This hybrid model leverages wavelet-based denoising,
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deep spatial feature learning, and sequential pattern recognition to improve accuracy and
robustness. Accuracy, precision, recall, and F1 score were among the performance indi-
cators used to evaluate the two models on the Kaggle MRI dataset. The experiment’s
findings showed that the second model, which could incorporate spatial and sequential
dependencies, had greater classification accuracy. However, the first model, with its more
compact design and good performance, remains competitive. Overall, the results demon-
strate the effectiveness of combining wavelet transforms and deep learning for classifying
brain tumors based on MRI. With possible advancements in real-time deployment, in-
terpretability, and integration into medical diagnostic systems, these models provide a
promising foundation for further research and practical applications.
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General Conclusion

This thesis explored the enhancement of medical signals using wavelet transform and arti-
ficial intelligence, focusing on MRI-based brain tumor classification. The objective was to
develop efficient and accurate classification models by integrating wavelet-based prepro-
cessing with advanced AI techniques. Two models were proposed. The first model uses
the undecimated wavelet transform to capture both frequency and time-related details,
then applies a pretrained EfficientNet-B0 model for feature extraction from original MRI
images and its UWT coefficients. Principal Component Analysis (PCA) is used to select
the most relevant features, improving efficiency while preserving important information.
Finally, classification is performed using a multi-SVM classifier for accurate results. The
second utilized Stationary Wavelet Transform (SWT) for preprocessing, ResNet50V2 for
feature extraction, and Long Short-Term Memory (LSTM) for classification. These mod-
els aimed to improve classification accuracy while maintaining computational efficiency.
The proposed models were tested on a publicly available Kaggle MRI dataset. Perfor-
mance was evaluated using accuracy, precision, recall, and F1-score, and results were
compared with existing state-of-the-art techniques. The findings demonstrated that the
wavelet-integrated approaches provided improved classification accuracy, highlighting the
effectiveness of combining frequency-domain analysis with deep learning methods.

Despite the promising results, challenges remain, such as dataset availability, com-
putational complexity, and the need for further optimization. Future research will aim
to enhance the proposed approaches by addressing current limitations. Expanding the
dataset with more diverse MRI scans from multiple sources will improve model gener-
alization. Optimizing preprocessing using adaptive or data-driven wavelet selection can
capture more discriminative features. Integrating explainable AI techniques will help
interpret model decisions and increase clinical trust. Combining wavelet-based features
with transformer or graph neural network architectures could further improve classifica-
tion accuracy.

Finally, The integration of wavelet transform with AI has shown significant potential
in medical signal processing, particularly for brain tumor classification. This research
contributes to the ongoing development of intelligent diagnostic tools, paving the way for
more accurate and efficient medical decision-making.
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