
World Journal of Neuroscience, 2026, 16(3), 127-155 
https://www.scirp.org/journal/wjns 

ISSN Online: 2162-2019 
ISSN Print: 2162-2000 

 

DOI: 10.4236/wjns.2026.163012  Jun. 30, 2026 127 World Journal of Neuroscience 
 

 
 
 

Analysis and Interpretation of EEG Signals for 
the Design of an Automated Epilepsy Detection 
through an Ensemble of Intelligent Systems 

Romain Atangana1,2,3*, Amstrong Emini Me Zenanga3, Daniel Tchiotsop1, Godpromesse Kenne1 

1Research Unit in Automation and Applied Computer Science (UR-AIA), IUT of Bandjoun, University of Dschang, Bandjoun, 
Cameroon 
2Research Unit in Condensed Matter, Electronics and Signal Processing (UR-MACETS), Faculty of Science, University of 
Dschang, Dschang, Cameroon 
3Department of Computer Science, Higher Teacher Training College, University of Bertoua, Bertoua, Cameroun 

 
 
 

Abstract 
Epileptic seizures are characterized by abnormal neuronal discharges that 
cause significant disturbances in brain electrical activity. Electroencephalog-
raphy (EEG) is widely used for epilepsy diagnosis, but manual interpretation 
of EEG signals is time-consuming and prone to human error. In this study, we 
propose an automated epilepsy detection system based on an ensemble of in-
telligent classifiers. The proposed framework first employs Discrete Wavelet 
Transform (DWT) to decompose EEG signals into five frequency sub-bands 
(Delta, Theta, Alpha, Beta and Gamma). Linear Discriminant Analysis (LDA) 
is then applied for feature dimensionality reduction. Three machine learning 
classifiers, namely Multilayer Perceptron (MLP), Support Vector Machine 
(SVM) and K-Nearest Neighbors (KNN), are combined using a majority vot-
ing strategy within a multi-agent boosting framework. Experiments were con-
ducted on the publicly available University of Bonn EEG dataset. The pro-
posed ensemble system achieved a classification accuracy of 100% with a sig-
nificantly reduced global interpretation error compared to individual classifi-
ers. These results demonstrate the effectiveness of the proposed intelligent en-
semble approach for assisting neurologists in epilepsy diagnosis. 
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1. Introduction 
Epilepsy is a chronic neurological disorder that affects more than 50 million peo-
ple worldwide, with approximately 2.4 million new cases reported annually, rep-
resenting nearly 1% of the global population [1]. It is characterized by recurrent 
seizures caused by abnormal and excessive neuronal discharges in the brain, 
which may lead to involuntary movements, loss of consciousness, memory dis-
turbances, and other neurological manifestations [2]. Because epilepsy can signif-
icantly affect quality of life and increase the risk of premature death, early and 
reliable diagnosis remains a major clinical challenge. 

Electroencephalography (EEG) is one of the most widely used tools for the di-
agnosis and monitoring of epilepsy, as it records the electrical activity of the brain 
and helps identify abnormal patterns such as spikes, sharp waves, and rhythmic 
discharges associated with epileptic events [3]. However, manual visual inspection 
of EEG recordings by neurologists is time-consuming, subjective, and prone to 
human error due to the nonlinear and non-stationary nature of EEG signals. In 
addition, the complexity of EEG interpretation can lead to misdiagnosis or de-
layed detection of epileptic seizures. 

To overcome these limitations, numerous studies have proposed automated 
systems for EEG signal analysis using signal processing and machine learning 
techniques. These approaches aim to extract discriminative features from EEG 
signals and classify them into normal or epileptic states using intelligent classifiers 
[4]. Such systems can significantly improve diagnostic accuracy while reducing 
the time required for clinical analysis. 

In this work, we propose an automated epilepsy detection framework based on 
EEG signal analysis. The proposed method combines Discrete Wavelet Transform 
(DWT) for signal decomposition into frequency sub-bands and Linear Discriminant 
Analysis (LDA) for dimensionality reduction. These features are then classified using 
an ensemble of machine learning classifiers, namely Multilayer Perceptron (MLP), 
Support Vector Machine (SVM), and K-Nearest Neighbors (KNN), combined 
through a boosting-based multi-agent system and a majority voting strategy. Exper-
iments conducted on the publicly available University of Bonn EEG dataset demon-
strate that the proposed approach effectively discriminates between normal and epi-
leptic EEG signals, providing a reliable decision-support tool for neurologists. 

2. Related Work 

Research on automated epilepsy detection using electroencephalogram (EEG) sig-
nals has attracted significant attention over the past two decades. The evolution 
of this field can be broadly divided into three main stages: traditional signal-pro-
cessing approaches, hybrid machine learning frameworks, and deep learning-
based systems. 

2.1. Early Signal-Processing and Machine Learning Methods 

Early studies on epilepsy detection mainly relied on handcrafted feature extrac-

https://doi.org/10.4236/wjns.2026.163012


R. Atangana et al. 
 

 

DOI: 10.4236/wjns.2026.163012 129 World Journal of Neuroscience 
 

tion combined with classical classifiers. For instance, Faust et al [5] investigated 
automatic seizure detection using power spectral density analysis combined with 
classifiers such as Support Vector Machines (SVM), Artificial Neural Networks 
(ANN), and Gaussian models. Their results demonstrated that machine learning 
could effectively discriminate epileptic EEG signals from normal brain activity. 

Similarly, Lima et al. [6] explored the application of least-square SVM (LS-SVM) 
for epilepsy diagnosis. Their study showed that optimizing kernel parameters sig-
nificantly improves classification performance and generalization capability. 

In subsequent work, Acharya et al. [7] applied recurrence quantification analysis 
to extract nonlinear features from EEG signals and evaluated several classifiers, in-
cluding SVM, fuzzy logic, KNN, Naïve Bayes, decision trees, and probabilistic neu-
ral networks. Their results indicated that SVM and fuzzy logic provided superior 
performance for discriminating between normal, pre-ictal, and ictal EEG signals. 

During the same period, research also focused on artifact removal and signal 
denoising, which are critical preprocessing steps in EEG analysis. Guerrero 
Mosquera et al. [8] proposed an artifact removal method based on Independent 
Component Analysis (ICA) combined with adaptive filtering. Likewise, Guer-
rero-Mosquera et al. [8] introduced a blind source separation technique to elimi-
nate ocular and muscular artifacts while preserving important brain activity in-
formation. 

Other studies investigated wavelet-based feature extraction. For example, 
Acharya et al. [9] employed wavelet decomposition combined with principal com-
ponent analysis (PCA) and ANOVA feature selection for automatic EEG classifi-
cation. Their approach achieved high classification accuracy on the Bonn EEG 
dataset. Similarly, Tzallas et al. [10] highlighted the importance of automated EEG 
analysis in improving epilepsy diagnosis and clinical decision-making. 

2.2. Hybrid Machine Learning and Ensemble Learning  
Approaches 

Between 2013 and 2020, research progressively shifted toward hybrid frameworks 
combining multiple feature extraction methods and ensemble classifiers. For ex-
ample, Yung-Chen Liu et al. [11] proposed a two-stage approach using nonlinear 
energy operators for peak detection followed by AdaBoost classification. Their re-
sults demonstrated the effectiveness of boosting techniques in improving seizure 
detection performance. 

Later, Siuly et al. [3] integrated genetic algorithms with SVM classifiers to op-
timize training parameters, achieving improved classification accuracy. Similarly, 
Wang et al. [12] developed a multi-domain feature extraction approach combin-
ing time-domain, frequency-domain, and nonlinear features with dimensionality 
reduction techniques. 

Another significant contribution was made by Guo et al. [13], who proposed an 
automatic feature reduction framework based on wavelet decomposition and cor-
relation-based feature selection. Their model employed multiple classifiers, in-
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cluding Random Forest, SVM, Logistic Decision Trees, Radial Basis Networks, 
and MLP neural networks, demonstrating the effectiveness of ensemble learning 
in multi-class EEG classification. 

In recent years, hybrid machine learning techniques have been further en-
hanced using boosting and dimensionality reduction strategies. For instance, Al-
Hadeethi et al. [14] introduced an adaptive boosting LS-SVM framework com-
bined with covariance-based feature reduction for epileptic seizure detection. 
Their results showed that boosting techniques significantly improve classification 
accuracy by emphasizing difficult training samples. 

2.3. Deep Learning and Modern EEG Analysis Techniques 

More recently, advances in deep learning have significantly transformed EEG sig-
nal analysis. Deep architectures allow automatic feature learning directly from raw 
EEG signals, reducing the need for handcrafted features. 

For example, Srinivasan et al. [15] proposed a hybrid deep learning model com-
bining a three-dimensional deep convolutional autoencoder with a Bidirectional 
Long Short-Term Memory (Bi-LSTM) classifier. Their approach achieved high 
performance on the CHB-MIT EEG dataset, demonstrating the potential of deep 
neural networks for epilepsy detection. 

Similarly, Yılmaz et al. [16] proposed a combined deep learning architecture 
integrating both time-series EEG signals and time-frequency representations gen-
erated using Continuous Wavelet Transform (CWT) and Short-Time Fourier 
Transform (STFT). Their method achieved strong performance across multiple 
public datasets. 

Other recent works have explored alternative signal processing strategies. Wi-
jayanto et al. [17] used compressive sensing to reduce EEG signal dimensionality 
before classification with SVM. In addition, they combined wavelet transform and 
Fourier transform for feature extraction before classification using neural networks. 

Recent studies have also introduced explainable artificial intelligence tech-
niques. Bhandage et al. [18] proposed a deep learning-based approach using spec-
trogram images and pretrained convolutional neural networks such as Mo-
bileNetV2 and EfficientNet. Their work also integrated explainability tools such 
as SmoothGradCAM++ to improve interpretability. 

Bhandage et al. [18] proposed an epilepsy detection approach based on spec-
trogram images generated from EEG signals and deep learning models, with an 
emphasis on model interpretability using explainable artificial intelligence tech-
niques. 

Finally, Lan Wei and Mooney [19] proposed a LightGBM-based classification 
model trained on large-scale TUH EEG data, highlighting the importance of using 
realistic clinical datasets for model generalization. 

2.4. Positioning of the Proposed Approach 

From the above literature review, it can be observed that research in automated 
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epilepsy detection has progressively evolved from traditional signal-processing 
methods to hybrid machine learning approaches and, more recently, deep learn-
ing-based frameworks. However, despite the promising performance of deep 
learning models, hybrid intelligent systems combining signal processing tech-
niques with ensemble learning strategies remain highly competitive due to their 
robustness, interpretability, and lower computational requirements. 

In this context, the present study proposes a boosting-based multi-agent intel-
ligent system that integrates Discrete Wavelet Transform (DWT) for signal de-
composition, Linear Discriminant Analysis (LDA) for dimensionality reduction, 
and three complementary classifiers (MLP, SVM, and KNN) combined through a 
majority voting mechanism. This approach aims to improve classification robust-
ness and reduce interpretation errors in EEG-based epilepsy diagnosis. 

3. Material and Method 
3.1. Hardware and Software Environment 

The simulations and implementation of the proposed algorithms were carried out 
using standard computing platforms. The experiments were conducted on per-
sonal computers equipped with Intel Core processors and running Windows op-
erating systems. The systems were configured with RAM capacities ranging from 
4 GB to 16 GB and standard storage devices. 

For the implementation and evaluation of the proposed epilepsy detection frame-
work, scientific computing software tools were used. In particular, MATLAB (Ma-
trix Laboratory) was employed for signal processing, feature extraction, dimen-
sionality reduction, and classifier training. MATLAB provides a powerful envi-
ronment for numerical computation and signal analysis, which makes it particu-
larly suitable for EEG signal processing tasks. 

The following operations were performed using MATLAB: 
- Import and preprocessing of EEG signals from the clinical database; 
- Discrete Wavelet Transform (DWT) decomposition of EEG signals into fre-

quency sub-bands; 
- Extraction of statistical features such as minimum, maximum, mean, stand-

ard deviation, and energy values; 
- Dimensionality reduction of the extracted feature vectors using Linear Dis-

criminant Analysis (LDA); 
- Training and testing of machine learning classifiers including Support Vec-

tor Machine (SVM) and K-Nearest Neighbors (KNN); 
- Evaluation of classification performance using confusion matrices, Receiver 

Operating Characteristic (ROC) curves, and other performance metrics. 
In addition, the Java programming language was used to implement the Multi-

layer Perceptron (MLP) classifier and to simulate the convergence behavior of the 
neural network during the training phase. Java also allowed the visualization of 
the generalization performance of the model on the testing dataset. 
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3.2. EEG Database and Experimental Protocol 
3.2.1. EEG Database 
The experimental evaluation of the proposed method was conducted using the 
publicly available EEG dataset provided by the Epilepsy Center of the University 
of Bonn [20]. 

This database consists of five datasets labeled A, B, C, D, and E, each containing 
100 EEG signal segments. Each segment comprises 4,097 samples recorded at a 
sampling frequency of 173.61 Hz, corresponding to a duration of 23.6 seconds. 
The EEG signals were acquired using a 12-bit resolution system with a band-pass 
filter ranging from 0.53 Hz to 40 Hz (12 dB/octave). 

The dataset includes recordings from three different subject groups: 
- Healthy subjects (normal EEG signals): datasets A and B; 
- Epileptic patients during inter-ictal periods: datasets C and D; 
- Epileptic patients during seizure activity (ictal state): dataset E. 

The Bonn EEG dataset is widely used as a benchmark in epilepsy detection stud-
ies due to its well-structured format and clinically validated recordings. The sig-
nals provided in this dataset are already preprocessed and considered artifact-free, 
and therefore no additional artifact removal was applied in this study. 

3.2.2. Experimental Protocol 
For each classification task (A-E, B-E, CD-E, and AB-CD), a total of 200 EEG 
segments were used (100 segments per class). 

The dataset was randomly divided into three subsets: 
- 70% for training; 
- 15% for validation; 
- 15% for testing. 

To ensure the robustness and reliability of the results, the experiments were 
repeated multiple times using different random splits, and the average perfor-
mance metrics were reported. 

The following classifier configurations were used: 
- Multilayer Perceptron (MLP): 12 input neurons, 12 hidden neurons, and 2 

output neurons; 
- Support Vector Machine (SVM): polynomial kernel with optimized hyperpa-

rameters; 
- K-Nearest Neighbors (KNN): Euclidean distance metric with K values of 5, 

10, and 15. 

3.3. Proposed Method 

The proposed epilepsy detection framework is based on a hybrid intelligent sys-
tem that combines signal processing techniques with machine learning classifiers. 
The overall methodology is structured into four main stages: EEG signal prepro-
cessing, feature extraction, dimensionality reduction, and classification using an 
ensemble of intelligent classifiers. 
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In the first stage, EEG signals are preprocessed to enhance signal quality and 
remove noise components. This is followed by feature extraction using the Dis-
crete Wavelet Transform (DWT), which decomposes the EEG signals into multi-
ple frequency sub-bands corresponding to clinical rhythms. 

Next, dimensionality reduction is performed using Linear Discriminant Anal-
ysis (LDA) in order to reduce redundancy in the feature space while preserving 
class separability. The resulting feature vectors are then used as inputs to the clas-
sification models. 

Finally, classification is carried out using an ensemble of intelligent classifiers, 
including Multilayer Perceptron (MLP), Support Vector Machine (SVM), and K-
Nearest Neighbors (KNN), organized within a boosting-based multi-agent sys-
tem. 

To prevent data leakage, all preprocessing steps were performed exclusively on 
the training data. In particular, LDA was fitted only on the training set and then 
applied to the validation and test sets. 

Classifier training was conducted using training data only, while model evalu-
ation was performed on unseen test data. Furthermore, the meta-classifiers in the 
multi-agent system were trained exclusively using outputs generated during the 
training phase. 

3.3.1. Feature Extraction Pipeline (DWT + LDA) 
In this study, the Discrete Wavelet Transform (DWT) was applied using the 
Daubechies wavelet of order 4 (db4), which is well suited for EEG signal analysis. 
Each EEG signal was decomposed into four levels, resulting in five sub-bands cor-
responding to clinical rhythms: Delta (D4), Theta (D3), Alpha (D2), Beta (D1), 
and Gamma (A4). 

From each sub-band, five statistical features were extracted: maximum value, 
mean value, standard deviation, and spectral energy. This resulted in a total of 25 
features per EEG segment. 

Before feature extraction, EEG signals were filtered using a finite impulse re-
sponse (FIR) filter of order 30 with a passband ranging from 0.043 Hz to 64 Hz. 

The Bonn EEG dataset was used as provided, as it is already preprocessed and 
artifact-free. Therefore, no additional artifact removal method was applied. 

3.3.2. Mono Classification 
In the mono-classification stage, each classifier is trained and evaluated inde-
pendently in order to assess its individual ability to discriminate between normal 
and epileptic EEG signals. This step is important because it provides a baseline 
analysis of the performance of each learning model before combining them in the 
proposed ensemble framework. In this work, three classifiers were investigated 
separately, namely the Multilayer Perceptron Neural Network (MLPNN), Support 
Vector Machine (SVM), and K-Nearest Neighbors (KNN). The objective of this 
stage is to identify the strengths and limitations of each classifier when used as a 
standalone decision model for epilepsy detection [21]. 
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3.3.3. Multi-Layer Perceptron Neural Network (MLPNN) Classifier 
1) Overview 
The Multilayer Perceptron Neural Network (MLPNN) is a widely used super-

vised learning model for pattern recognition and classification tasks. It is particu-
larly well suited for biomedical signal analysis due to its ability to model complex 
and nonlinear relationships between input features and output classes.  

In this study, the MLPNN classifier is used to classify EEG feature vectors ob-
tained after Discrete Wavelet Transform (DWT)-based feature extraction and 
Linear Discriminant Analysis (LDA)-based dimensionality reduction. 

2) Network Architecture 
An MLPNN is composed of three main types of layers: an input layer, one or 

more hidden layers, and an output layer. Neurons in each layer are interconnected 
through weighted connections, enabling the network to learn hierarchical feature 
representations. 

In this work, the MLPNN architecture consists of: 
- An input layer of 12 neurons (corresponding to the reduced feature space); 
- A hidden layer of 12 neurons; 
- An output layer of 2 neurons for binary classification. 

3) Learning Process 
The training of the MLPNN is performed using the backpropagation algorithm, 

which relies on gradient descent optimization to minimize the classification error. 
The learning process is divided into two main stages: 

- Forward propagation: The input feature vector is propagated through the 
network. Each neuron computes its output using an activation function, and 
the final layer produces the predicted class label. 

- Backward propagation: The error between the predicted output and the true 
label is propagated backward through the network. This allows the compu-
tation of gradients of the loss function with respect to the network parame-
ters, which are then updated iteratively to minimize the overall error. 

This iterative optimization process continues until convergence or until a pre-
defined stopping criterion is reached. 

4) Relevance for EEG Classification 
The MLPNN is particularly suitable for EEG signal classification due to its abil-

ity to learn nonlinear decision boundaries. EEG data are inherently complex and 
often exhibit overlapping class distributions, making linear classifiers less effec-
tive. The MLPNN can capture these nonlinear relationships, thereby improving 
classification performance. 

5) Training and Evaluation Protocol 
The MLPNN was trained using 70% of the dataset, with 15% used for validation 

and 15% for testing. The performance of the classifier was evaluated using stand-
ard metrics, including accuracy, sensitivity, and specificity. 

The results obtained in mono-classification were compared with those of Sup-
port Vector Machine (SVM) and K-Nearest Neighbors (KNN) classifiers in order 
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to assess its effectiveness as a standalone model before its integration into the pro-
posed boosting-based multi-agent system. 

6) Backpropagation Algorithm 
The backpropagation algorithm is a supervised learning method used to train 

multilayer neural networks by minimizing the error between the network output 
and the desired target. It is based on the principle of error correction through 
gradient descent. 

At the output layer, the correction is guided by the difference between the pre-
dicted output and the desired output. For the hidden layers, the correction de-
pends on the contribution of each hidden neuron to the output error. In other 
words, the error is propagated backward through the network so that each weight 
is adjusted according to its influence on the final classification result. 

This iterative optimization process continues until the network reaches an ac-
ceptable level of error or until a predefined stopping criterion is met. Once 
trained, the MLPNN can be used in the testing phase to classify unseen EEG sig-
nals and evaluate its generalization capability. 

Learning by gradient descent: 
 Output layer: Correction guided by the error between the desired and the 

actual output; 
 Hidden layers: Correction about the sensibility (influence of the neuron on 

the error in the output layer). 
Outputs values of the neurons (Figure 1): 
Value t

jy  of the neuron j for the input data tX  
 

 
Figure 1. Mathematical model of ANN. 
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,0jω : bias of the neuron j; 
t
iy : output of the neuron i of the previous layer for the input data tX ; 

R : number of the neurons on the previous layer. 
Output error to the output layer: 
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Correction of the weights through descent gradient of the quadratic mean error 
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jδ , which corresponds to the local gradient of the neuron j for 
the input data tX . 
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j jtN

ηω δ
=

= ∑                     (22) 

Correction of the error for the hidden layers: 
• Gradient of the error for the hidden layers.  

, ,

t tt t
j j

t t
j i j ij j

y aE E
y aω ω

∂ ∂∂ ∂
=

∂ ∂∂ ∂
                    (23) 
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Only 
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∂
∂

 changes 
t
j
t
j

y
a
∂

∂
 and 

,

t
j

j i

a
ω
∂

∂
 are the same as on the output layer. 

• The error for a neuron of the hidden layer depends on the error of the K 
neurons of the next layer. (Back-propagation of the error) 

( )2

1

1
2

t t
kk

NE e
=

= ∑                        (24) 

( )21
2

tt
t t k
k kt t tk k

j j j

eE e e
y y y

∂∂ ∂  = = ∂ ∂ ∂ 
∑ ∑                 (25) 

, ,0
t t tt tt

k k k l k klt tk k
k kt t t t tk k

j k j k j

r y ye aE e e
y a y a y

ω ω   ∂ − ∂ +∂ ∂∂    = =
∂ ∂ ∂ ∂ ∂

∑
∑ ∑        (26) 

( ) ,1
t

t t t
k k k k jt k

j

E e y y
y

ω∂  = − − ∂ ∑                  (27) 

( )1t t t t
k k k ke y yδ  = −                        (28) 

,

t
t
k k jt k

j

E
y

δ ω∂
= −

∂ ∑                        (29) 

Correction of the corresponding error. 

( ),
, ,

1
t tt t
j j t t t t

k k j j j it t k
j i j ij j

y aE E y y y
y a

δ ω
ω ω

∂ ∂∂ ∂  = = − − ∂ ∂∂ ∂ ∑           (30) 

( ) ,1t t t t
j j j k k jky yδ δ ω= − ∑                     (31) 

, 1 1
, ,

t
N N t t

j i j it t
j i j i

E E y
N N
η ηω η δ

ω ω= =

∂ ∂
∆ = − = − =

∂ ∂∑ ∑            (32) 

,0 1 1
,0 ,0

Δ
t

N N t
j jt t

j j

E E
N N
η ηω η δ

ω ω= =

∂ ∂
= − = − =

∂ ∂∑ ∑            (33) 

 

 
Figure 2. Back-propagation of error. 
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The back-propagation algorithm can be summarized by the following steps 
(Figure 2): 

Step1: Normalize the training data [ ]1,1t
iX ∈ −  and the desired outputs  

 { }0,05;0,95t
ir ∈ . 

Step 2: Initialize the weights and bias to small random values,  
( ), 0,5,0,5j iω −∈ . 

Step3: Select the structure of the network (such as the number of hidden layers 
and number of neurons for each layer). 

Step4: Choose activation functions for the neurons. These activation functions 
can be uniform or they can be different for different layers. 

Step5: Select the training pair from the training set. Apply the input vector to 
the network input and propagate the signal forward through the network. 

Step6: Calculate the output of the network based on the initial weights and in-
put set. 

Step7: Calculate the error between network output and desired output. 

; 1, , ; 1, ,t t t
j j je r y j K t N= − = = 
                  (34) 

Step8: Propagate error backward and adjust the weights in such a way that min-
imizes the error. Start from the output layer and go backward to the input layer 

, , , ,
t t

j i j i j i tj i j iy
N
ηω ω ω ω δ= + ∆ = + ∑                 (35) 

,0 ,0 ,0 ,0Δ t
j j j j jtN

ηω ω ω ω δ= + = + ∑                  (36) 

where the local gradient or Delta is defined as: 

( )
( ) ,

1 , if belongs to the output layer

1 , if belongs to the hidden layer

t t t
j j jt

j t t t
j j k k jk

e y y j

y y j
δ

δ ω

 −= 
− ∑

       (37) 

Step9: Repeat step 5 - 8 for each vector in the training set until the error for the 
set is lower than the required minimum error. 

After enough repetitions of these steps the error between the actual output and 
the target outputs should be reduced to an acceptable value, and the network is 
said to be trained. At this point the network can be used in the recall or generali-
zation phases where the weights are not changed. 

7) SVM classifier 
Support vector machines or wide margin separators (SVMs) are a set of super-

vised learning techniques designed to solve discrimination and regression prob-
lems. and regression problems. SVMs are a generalization of linear classifiers. 
SVMs were developed in the 1990s from Vladimir Vapnik’s theoretical consider-
ations on the development of a Vapnik-Chervonenkis theory [22]. SVMs were 
quickly adopted for their ability to work with high-dimensional data, their low 
number of hyperparameters their theoretical guarantees and their good results in 
practice. 

Principle: 
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Linearly separate positive and negative attributes in the set of attributes. Each 
attribute must be represented by an n-dimensional vector. the hyperplane that 
separates the attributes into two classes. The class of positive attributes and the 
class of negative attributes [23]. This separation must be made by ensuring that 
the margin between the nearest positive and negative attributes is maximal. As we 
aim to maximize this margin, we’ll refer to this as the wide-margin separator 
method. Consider the hyperplane defined by (Figure 3): 

 

 
Figure 3. Support machine classifier. 

 
The optimal hyperplane separating the points of two classes is the one that 

passes “to the middle” of these classes, i.e. whose distance to the nearest points of 
the two classes is maximum. These nearest attributes, which are sufficient to de-
termine this hyperplane, are called support vectors or critical attributes. The op-
timal hyperplane is perpendicular to the shortest line segment joining a learning 
attribute to the hyperplane. 

On the other hand, only points on boundary hyperplanes play a role. These 
points are called support vectors by Vapnik. The optimal hyperplane separating 
the points of two classes is the one that passes “in the middle” these classes, i.e. 
whose distance to the closest points of the two classes is maximum. These nearest 
attributes, which are sufficient to determine this hyperplane, are called support 
vectors or critical attributes. The optimal hyperplane is perpendicular to the short-
est line segment joining a learning attribute to the hyperplane. 

On the other hand, only points on boundary hyperplanes play a role. These 
points are called support vectors by Vapnik. They are also critical points, as they 
determine the optimal hyperplane. 

T
0 0W x W+ =  
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Margin is the Euclidian distance 1
W

 between the two parallel hyperplanes  

described by:  
T

0 1W x W+ =  et T
0 1W x W+ = −  

Let ix  the training data, with classes { }1,1 , 1,2, ,iy i N∈ − =   respectively 
for a binary classification problem. The aim is to optimize the operation so that 
the training error is minimal and to minimize the wide margin separators between 
the hyperplanes in the previous equation.  

The SVM classifier solves this problem by seeking to solve the optimization 
problem described by the following equation 

( ) 2
0 1

1Minimise , ,
2 i

N
iL W W W Cξ ξ
=

= + ∑  

Ce qui conduit à  
T

0
T

0

1 si 1

1 si 1
et

0

i i

i i

i

W x W y

W x W y

ξ

ξ

ξ

 + ≥ − ∈


+ ≤ − + ∈−


 ≥

 

Definitions: 
Define hyperplanes H1 and H2 such as: 

1 if 1i iW x b y⋅ + ≥ + = +  

1 if 1i iW x b y⋅ + ≤ − = −  

H1 and H2 are planes such that:  

H1: 1iW x b⋅ + =  

H2: 1iW x b⋅ + = −  

The points on the planes H1 and H2 are support vectors. 
d +  is the shortest distance from H to the nearest positive point of H1. 
d −  is the shortest distance from H to the nearest negative point of H2. 
The margin is defined by d d+ −+ . 

Maximizing the margin: 
The aim is to design a classifier with as large a margin as possible. Recall that 

the distance from a point with coordinates ( )0 0,x y  to a straight line with equa-
tion 0Ax By c+ + =  is given by 

( ) 0 0
0 2 2
,

Ax By c
d M D

A B

+ +
=

+
 

The distance between H and H1 is given by: 

1W x b
d

W W
⋅ +

= =  

The distance between H1 and H2 is given by:  

https://doi.org/10.4236/wjns.2026.163012


R. Atangana et al. 
 

 

DOI: 10.4236/wjns.2026.163012 142 World Journal of Neuroscience 
 

( )1 2
2,d H H

W
=  

In order to maximize the margin, we need to minimize W  with the condi-
tion that there are no data points between H1 and H2 

i.e.: 1, if 1i iW x b y⋅ + ≥ + = +  

1, if 1i iW x b y⋅ + ≤ − = −  

Maximizing the margin therefore amounts to minimizing W  under con-
straints 

( )

21min
2

1i i

W

i y W x b




∀ ⋅ + ≥

 Tapez une équation ici. 

We must therefore determine W and b minimizing 21
2

W  (in order to  

maximize the power of generalization), under the constraints (separating hyper-
plane) 

( ) 1, 1, ,i iy W x b i n ⋅ + ≥ =     

Transformation of the Optimization problem 
Lagrange multipliers method 

( ) ( ){ }

( ){ }

2

1

2

1 1

1, , 1
2
1
2

, 0

n

i i i
i
n n

i i i i
i i

i

L W b W W x b y

W W x b y

i x

α α

α α

=

= =


= − ⋅ + −


 = − ⋅ + +

∀ ≥

∑

∑ ∑
 

 Dual problem. 



( )1 1 1

1

1max
2

, 0

0

n n n
i i j i j i ji i j

i

i ii
n

i

y y x x

y

α

α α α

α

α

= = =

=

 −

∀ ≥

 =

∑ ∑ ∑

∑

 

Solution to the optimization problem: 

( ) ( )

( ) ( )
1

0 1

with : estimate

being any point of the support

i i ii

s i i i s s si

m

m

D x W x b

W y x

W y y x x x y

α

α

∗ ∗

∗ ∗
=

∗ ∗
=

 = + ∗

 =


= ⋅−

∑
∑

 

3.3.4. KNN Classifier 
It’s a very simple and straightforward approach, requiring no training but simply 
the storage of training data. The principle is as follows: an unknown class of data 
is compared with all stored data. For the new data item, the majority class is cho-
sen from among its K nearest neighbors (this can be a cumbersome process for 
large databases), in the sense of a chosen distance. In order to find the K nearest 
to the data to be classified, we can choose the Euclidean distance. Given two pieces 
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of data represented by two vectors Xi and Xj, the distance between these two pieces 
of data is given by:  

( ) ( )2

1, d
i j ik jkkd X X x x

=
= −∑                  (38) 

This involves implementing the K-nearest neighbor algorithm to predict the 
classes of new data from labeled data (training data). 

Next, let’s extend the code for the K-NN case for a value of K ≥ 1. 

3.3.5. Multiclassification 
1) SCHAPIRE boosting algorithm 
The algorithm starts with a training set T and the choice of using the induction 

technique. The Schapire Boosting algorithm is thus defined as follows: - A subset 
T1 selected at random from a sample of the training data is extracted from T. T1 
is used to induce the first classifier C1. A further training subset T2 is created so 
that C1 obtains a 50% classification rate on it. From the subset thus created, the 
second classifier C2 is induced. As the two classifiers C1 and C2 have each been 
induced from different training data, they will inevitably differ in the way they 
label new data. A tie-breaker is therefore necessary. 

To this end, a third subset of training data T3 is created, consisting solely of 
data on which C1 and C2 disagree. From this third subset T3, the third classifier 
C3 is induced; From this point on, apply majority voting for classification. A re-
cursive implementation of the above algorithm can theoretically reduce the error 
rate significantly, since each additional level of recursivity can reduce the error. 
Assume that each induced classifier has an error rate below a certain ε. It has been 
proved that the error rate of the set resulting from the majority vote of the triplet 
of classifiers is less than 3ε 2-2ε 2, which is always less than ε [24]. The main dif-
ficulty is to find good training data for each of the training subsets. Another diffi-
culty is that even if we succeed in creating all three learning subsets, it is impossi-
ble to apply the same principle recursively. Kubat has suggested that to be able to 
do this, we would need a rarely available and almost inexhaustible data source.  

2) Implementing a multi-agent system using Schapire’s Boosting approach  
A multi-agent system can be defined as a group of agents working together syn-

ergistically to achieve a specific task. This is a typical illustration of a distributed 
system capable of partitioning a difficult task into a set of small tasks easily man-
aged by a single agent, which can in fact be considered as an aggregate. This idea 
is along the same lines as Surowiecki’s “Wisdom of Crowds”. Surowiecki argues 
that, under certain controlled conditions, the aggregation of information from 
several sources often results in better decisions than could have been made by a 
single person, even an expert. Of course, not all crowds are wise. According to 
Surowiecki, to become wise, a crowd must meet the following criteria: 
- Diversity of opinion: every member must have private information, even if 

it’s just an eccentric interpretation of known facts; 
- Independence: members’ opinions are not determined by the opinions of 
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those around them; Decentralization: members can specialize and draw con-
clusions on the basis of local knowledge;  

- Aggregation: there is a mechanism for transforming private judgments into 
a collective decision. The system we build in this article is a set of agents set 
up to perform EEG signal classification. For our multi-agent system to be-
come wise, all four of Surowiecki’s above-mentioned criteria must be satis-
fied.  

3) Architecture of the Schapire Boosting multi-agent system 
To provide a clear and reproducible description of the proposed multi-agent 

boosting framework, the overall procedure is summarized in Algorithm 1. 
4) Proposed Multi-Agent Boosting Algorithm 
Algorithm 1: Proposed Multi-Agent Boosting Framework 
Input: EEG dataset T 
(a) Split dataset into training, validation, and testing sets; 
(b) Apply DWT to decompose EEG signals into sub-bands; 
(c) Extract statistical features from each sub-band; 
(d) Apply LDA for dimensionality reduction using training data only; 
(e) Train base classifiers: 
- Train CA1 - CA3 using MLP; 
- Train CA4 - CA6 using SVM; 
- Train CA7 - CA9 using KNN. 
(f) Generate meta-training dataset from outputs of base classifiers; 
(g) Train meta-classifiers: 
- MA1 (MLP); 
- MA2 (SVM); 
- MA3 (KNN). 
(h) Apply majority voting using meta-classifiers. 
Output: Final classification result 
The proposed algorithm provides a structured representation of the training 

and decision-making process of the multi-agent system, thereby improving clarity 
and reproducibility. 

The proposed Schapire Boosting multi-agent system, illustrated in Figure X, 
consists of thirteen agents organized in a three-layer hierarchical architecture: 
- A base layer composed of nine classifier agents (CA1 - CA9); 
- An intermediate layer composed of three meta-classifier agents (MA1 - 

MA3); 
- A final output layer consisting of a controller agent responsible for decision 

making. 
At the base layer, the Schapire boosting strategy is implemented as follows: 

- First classifier agent (CA1): This agent implements a Multilayer Perceptron 
(MLP) model trained on a subset T1 randomly extracted from the training 
set T. The subset T1 is constructed by selecting 50% of the samples randomly, 
while the remaining 50% are generated using a data augmentation technique 
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applied to the selected samples. This approach increases data diversity and 
improves generalization. 

- Second classifier agent (CA2): This agent uses the same MLP-based induc-
tion technique with different parameter configurations. The training subset 
T2 is composed of 50% of samples correctly classified by CA1 and 50% ran-
domly selected samples from T. 

- Third classifier agent (CA3): This agent is trained on a subset T3 composed 
of samples on which CA1 and CA2 disagree. Together, CA1, CA2, and CA3 
form the first group of MLP-based classifiers. 

Similarly, the second group of classifiers (CA4 - CA6) implements the SVM 
induction technique, while the third group (CA7 - CA9) implements the KNN 
induction technique. 

The outputs generated by the nine base classifiers are then combined to form 
three new training subsets (T', T", and T"'), which are used to train the meta-clas-
sifier agents MA1, MA2, and MA3. These subsets are constructed by applying a 
one-hot encoding strategy to the outputs of the base classifiers. 

At the final stage, the controller agent aggregates the outputs of the meta-clas-
sifiers using a majority voting mechanism to produce the final classification deci-
sion. 

The meta-classifiers MA1, MA2, and MA3 respectively implement the MLP, 
SVM, and KNN induction techniques. 

 

 
Figure 4. Schapire adaboost. 

 
The AdaBoost (Adaptive Boosting) algorithm, introduced by Freund and 

Schapire (1997), is an ensemble learning method used to improve classification 
performance by combining several weak classifiers into a strong one. As illus-
trated in Figure 4, the algorithm assigns a weight iw  to each training sample. 

At each iteration, a weak classifier is trained on the weighted dataset. Misclas-
sified samples receive higher weights in the next iteration, forcing subsequent clas-
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sifiers to focus more on difficult cases. In contrast, correctly classified samples 
receive lower weights. 

Each classifier is associated with a coefficient that reflects its accuracy. The final 
decision is obtained by combining all classifiers using a weighted voting mecha-
nism, where more accurate classifiers have a greater influence on the final result. 

This adaptive process allows AdaBoost to progressively reduce classification er-
rors and improve the overall robustness of the model. 

( ) ( )( )1
T

i iiH x sign H xα
=

= ∑  

 

 
 
Step 1: Creation of training subsets 

- The training data will be available in packets Xk (k is the number of packets). 
At the start of training, only the X1 data set is available, then only package X2, 
up to package Xk. 

- The system will train Tk classifiers, each of which is trained on a subset 
{ }( )1, ,k kX t T=   of kX . To create these learning subsets, we assign a 

weight ω to each data, which will be used to define whether this data belongs 
to a subset. 

( ) 1

k

k
m

ω =  

- A training subset Xkt is created by a weighted random selection of the data in 
set Xk. The higher the weight of a data item, the more likely it is chances of 
belonging to this training subset. 

Step 2: Combining classifiers 
- Each classifier is trained on the Xkt training subsets. Once a subset has been 

trained, we obtain an output hkt (using a weak learning algorithm). which is the 
weak classifier. We then calculate the error εkt of this classifier by the formula 

( ):
kt

T
kt kt i i ti hh x y iε ω

=
= ≠∑  

The error is then tested: If the error 1 
2ktε >  we repeat the operation of  

randomly drawing from the learning basis and we remove the hypothesis, other-
wise we continue the learning and calculate the normalized error as: 
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11 log
2

kt
kt

kt

εα
ε

 −
=  
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Then we calculate the normalization factoras: 

( )2 1t t tZ ε ε= −   

Update weights of m individuals 

( )

( )
( )
( )1

if then

e if

e if

i i

t
t i it

i t
t t i i

h h x

h x y
i

Z h x y

α

α

ωω
−

+

 =
  = = ∗

≠ 

  

Return all ih  and { }( )1, ,t t Tα =  . 
The classification of a new individual X is based on the following equation.  

( ) ( )( )1
T

i iiH x sign H xα
=

= ∑   

This being the decision of the weighted vote of the global classifier in each iteration. 

4. Results 
4.1. Results of the Diagnosis of Epilepsy in Mono Classification 
4.1.1. Results Using the MLP 
The reported performance metrics are computed based on confusion matrix val-
ues (TP, FP, FN, TN) for each classification task. 

It should be noted that the sample sizes may vary depending on the classifica-
tion scenario. 

The term “global interpretation error” refers to the difference between the error 
rate obtained using individual classifiers and that obtained using the proposed 
ensemble system. 

Calculating the performance metrics for each of the classification problems 
gives:  

Lda_A - E  
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( )

( )

9Sensibility % 100 100%
9 0
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S

Acc
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+
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Lda_B - E 
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9Sensibility % 100 90%
9 1

8Specificity % 100 100%
8 0

9 8Accuracy % 100 94.44%
9 8 1 0

e

p

S

S
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 = ∗ = +
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Lda_AB - CD  
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Lda_CD - E  

( )

( )

( )

9Sensibility % 100 100%
9 0

9Specificity % 100 100%
9 0

9 9Accuracy % 100 100%
9 9 0 0

e

p

S

S

Acc

 = ∗ = +
 = ∗ = +

+
= ∗ = + + +

 

With the Multilayer Perceptron Neural Network classifier, classification prob-
lems A - E, AB - CD, CD - E of the proposed model achieved a maximum classifi-
cation rate of 100%. However, the B - E classification problem achieved a classifica-
tion rate of 94.44%. These performances are summarized in Tables 1-10, Figure 5. 

 
Table 1. Performance metrics of the MLP classifier. 

Different Classifications Sensitivity (%) Specificity (%) Accuracy (%) 

A - E 100 100 100 

B - E 90 100 94,44 

CD - E 100 100 100 

AB - CD 100 100 100 

4.1.2. Results Using SVM 

 
Figure 5. (a) ROC curve of Model 1 showing perfect classification (AUC = 1.00). (b) Confusion matrix indicating zero misclassification. 
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Lda A - E 
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59 1

58 59Accuracy % 100 97,50%
58 59 2 1

e

p

S

S
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 = ∗ = +

+
= ∗ = + + +

  

Lda AB - CD 

( )

( )

( )

59Sensibility % 100 98.33%
59 1

60Specificity % 100 100%
60 0

59 60Accuracy % 100 99.16%
59 60 1 0

e

p

S

S

Acc

 = ∗ = +
 = ∗ = +

+
= ∗ = + + +

  

 
Table 2. Performance metrics of the SVM classifier. 

Different Classifications Sensitivity (%) Specificity (%) Accuracy (%) ROC Curve 

A - E 100 100 100 1.00 

B - E 98.33 100 99.16 1.00 

CD - E 96.66 98.33 97.50 0.99 

AB - CD 98.33 100 99.16 0.98 

4.1.3. Results Using KNN 

Table 3. Performance metrics of the KNN classifier. 

Different Classifications Sensitivity (%) Specificity (%) Accuracy (%) 

A - E 100 100 100 

B -E 100 100 100 

CD - E 96.06 95 95.83 

AB - CD 98.33 98.33 98.33 
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4.2. Results of the Diagnosis of Epilepsy in Multiclassification  
4.2.1. Results Using MLP for Training as Classifier Agent 

Table 4. Architecture parameters using MLP. 

Classifier Agent Number of Hidden layers Activationn function Solver 

CA1 100 Hyberbolic tangent Sgd 

CA2 100 Logistic Sgd 

CA3 200 Hyperbolic tangent Sgd 

 
Table 5. Metric performances of Epilepsy classification with MLP agent classifier. 

Classifier 
agent 

TP FP FN TN Se (%) Sp (%) 
Acc_Voting 

(%) 

CA1 62 22 38 78 61.10 77.80 69.45 

CA2 100 44 0 56 100 55.60 77.80 

CA2 67 0 33 100 66.70 100 83.30 

4.2.2. Results Using SVM for Training of Epilepsy Classification with SVM  
Agent Classifier 

Table 6. Architecture parameters using SVM. 

Classifier agent Nucleus C Degre 

CA4 Polynomial 1 3 

CA5 Polynomial 1 4 

CA6 Polynomial 0.5 3 

 
Table 7. Metric performances of Epilepsy classification with SVM agent classifier. 

Classifier 
agent 

TP FP FN TN Se (%) Sp (%) 
Acc_Voting 

(%) 

CA4 100 0 0 100 100 100 100 

CA5 100 0 0 100 100 100 100 

CA6 100 0 0 100 100 100 100 

4.2.3. Results Using KNN for Training 

Table 8. Architecture parameters using KNN. 

Classifier agent Number of Neighbors K 

CA7 5 

CA8 10 

CA9 15 
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Table 9. Metric performances of Epilepsy classification with KNN agent classifier. 

Classifier 
agent 

TP FP FN TN Se (%) Sp (%) 
Acc_Voting 

(%) 

CA7 77 0 33 100 77.80 100 88.50 

CA8 89 0 22 100 88.90 100 94.00 

CA9 100 0 0 100 100 100 100 

 
Table 10. Synthesis of metric performances of our Intelligent system using majority voting. 

SMA_BS TP FP FN TN Se (%) Sp (%) 
Acc_Voting 

(%) 

MA1 100 0 0 100 100 100 100 

MA2 100 0 0 100 100 100 100 

MA3 100 0 0 100 100 100 100 

 
In view of the performance achieved by the MLP, SVM and KNN agent-classi-

fiers in multi-classification, it turns out that these performances can again be im-
proved. In that view, we have implemented meta-classifiers with MLP, SVM and 
KNN. Thus, for training meta-classification systems we selected datasets A and E 
from the online database of the University of Bonn. The meta-classifiers MA1, 
MA2 and MA3 are therefore proposed. These meta-classifiers are trained using 
the MLP, SVM and KNN induction techniques proposed in mono-classification, 
respectively. For each meta-classifier, the three agents proposed in multi-classifi-
cation are simultaneously implemented, and the majority voting algorithm is im-
plemented by a fourth agent called the controller agent. The performance of the 
proposed meta-classification systems, called Schapire Boosting Multi-Agent Sys-
tems (SMA-BS) are summarized in table 10. 

5. Discussion 

The results obtained in this study demonstrate a significant improvement in the 
classification of epileptic and non-epileptic EEG signals. One of the main ad-
vantages of the proposed model lies in the use of a majority voting mechanism, 
which aggregates the predictions of multiple classifiers to produce a final decision. 
This approach enhances robustness, as no single classifier can consistently achieve 
optimal performance across all classification tasks due to the inherent complexity 
of EEG signal patterns. 

The proposed Schapire Boosting Multi-Agent System (SMA-BS) presents sev-
eral key advantages. First, it enables progressive learning by emphasizing difficult-
to-classify samples during successive training iterations. Second, the combination 
of meta-classifiers significantly improves the overall performance compared to in-
dividual classifiers. In most cases, the ensemble achieves a lower error rate than 
the best standalone classifier; in other cases, it performs at least comparably. 

From a practical perspective, this implies that in challenging classification sce-
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narios, the use of an ensemble-based approach is preferable to relying on a single 
classifier. The resulting system can therefore be considered as an effective deci-
sion-support tool capable of providing reliable diagnostic suggestions to neurolo-
gists. 

Furthermore, the proposed architecture can be implemented in a parallel or 
multi-processor environment, which may reduce training time and improve com-
putational efficiency. The boosting strategy builds a strong classifier by combining 
multiple weak learners, allowing improved generalization and feature discrimina-
tion. 

The effectiveness of boosting relies on the adaptive weighting of training sam-
ples, where misclassified instances are given higher importance in subsequent it-
erations. This mechanism enables the model to focus on difficult patterns and 
progressively improve its performance. 

In terms of computational complexity, the algorithm exhibits linear complexity 
with respect to the number of samples during inference, while the training phase 
may reach quadratic complexity depending on the number of iterations. Despite 
this, the performance gains obtained justify the additional computational cost in 
many practical applications (Table 11). 

 
Table 11. Comparative study. 

Authors/ 
Year 

Feature 
Extraction 

Classification Dataset 
Accuracy 

(%) 
Acc_Voting 

(%) 

Subasi & 
Gursoy 

[25] 

DWT + PCA 
+ ICA + LDA 

SVM A - E 100 NI 

Ubeyli 
[26] 

Least Squares 
Features 

LS-SVM A - E 100 NI 

Acharya et 
al. [27] 

DWT + PCA ANN A - E 98.1 NI 

Tzallas et 
al. [10] 

FFT ANN A - E 97 - 100 NI 

Wang et 
al. [12] 

Time + 
Frequency + 
Nonlinear 

SVM A - E 99+ NI 

Guo et al. 
[13] 

DWT + 
Feature 

Selection 

RF, SVM, 
MLP 

(Ensemble) 
A - E 97.6 YES 

Al-
Hadeethi 
et al. [14] 

DWT + 
Covariance 

LS-SVM + 
Boosting 

A - E 99+ YES 

Bhandage 
et al. [18] 

Spectrogram 
(CWT/STFT) 

CNN (Deep 
Learning) 

A - E 99.24 NI 

 DWT + LDA SVM A - E 100 NI 

 DWT + LDA MLP A - E 100 NI 
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Continued 

 DWT + LDA KNN A - E 100 NI 

 DWT + LDA 
SVM + 

Boosting 
A - E 100 100 

 DWT + LDA 
MLP + 

Boosting 
A - E 83.3 100 

 DWT + LDA 
KNN + 

Boosting 
A - E 100 100 

6. Conclusion 

In this study, a robust automated system for epilepsy detection based on EEG sig-
nal analysis has been proposed. The approach combines Discrete Wavelet Trans-
form (DWT) for signal decomposition and Linear Discriminant Analysis (LDA) 
for dimensionality reduction with an intelligent multi-agent classification frame-
work. The proposed architecture integrates three complementary machine learn-
ing classifiers, namely Multilayer Perceptron (MLP), Support Vector Machine 
(SVM), and K-Nearest Neighbors (KNN), organized within a Schapire Boosting–
based multi-agent system (SMA-BS). 

The experimental results obtained on the Bonn EEG dataset demonstrate that 
the proposed ensemble framework significantly improves classification robust-
ness compared with individual classifiers operating in mono-classification mode. 
The SMA-BS system achieved a classification accuracy of 100% with a very low 
global error rate of 0.130, indicating a strong capability to discriminate between 
epileptic and non-epileptic EEG signals. 

Furthermore, a comparative analysis with several state-of-the-art methods re-
ported in the literature shows that the proposed approach performs competitively 
while maintaining a relatively simple and interpretable architecture. By combin-
ing signal processing techniques with ensemble machine learning strategies, the 
proposed system provides an effective decision-support tool for EEG interpreta-
tion. 

Overall, the results highlight the potential of intelligent ensemble systems for 
improving automated epilepsy detection and assisting neurologists in the clinical 
analysis of EEG signals. Future work will focus on extending the proposed frame-
work to larger and more heterogeneous EEG datasets, as well as integrating deep 
learning and real-time seizure detection mechanisms to further enhance the clin-
ical applicability of the system. 
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