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Abstract—This paper presents a comparative study for epilepsy
monitoring using EEG signals along two main axes. The first
axis consists of comparing the performance of the differentiation
technique, which is known to be very important for the study
of non-stationarity, with wavelet transform, which is widely used
for detecting different brain rhythms. The second part aims to
compare the performance of different machine learning algo-
rithms, including k-Nearest Neighbors (k-NN), Decision Trees,
Random Forest, and Support Vector Machines (SVM). Used
features are statistical and higher order statistics characteristics
such as mean, standard deviation, median, Min-Max, Kurtosis
and Skewness. We tested our approach on publicly available and
widely used datasets in the literature, namely the University of
Bonn dataset and the Bern-Barcelona dataset. The experimental
results demonstrate the effectiveness of the differentiation method
as an important tool for EEG preprocessing, leading to very high
performance.

Index Terms—Epilepsy, EEG, classification, wavelet, deriva-
tive, machine learning.

I. INTRODUCTION

Epilepsy is a chronic neurological disorder characterized by
recurrent seizures resulting from abnormal electrical activity
in the brain. This condition significantly affects patients’ daily
lives, as they must take specific precautions, particularly dur-
ing activities that pose potential safety risks, such as driving.
Given the frequency and unpredictability of epileptic seizures,
timely and accurate detection is essential to minimize risks
[1].Moreover, the interpretation of EEG recordings is time-
consuming, which highlights the importance of an automated
tool for monitoring and detecting epileptic seizures.

Consequently, the development of reliable automatic seizure
detection systems is crucial to support clinical decision-
making and improve patient safety [2].

Traditional epilepsy detection approaches rely heavily on
expert visual inspection of EEG signals, which is labor-
intensive, prone to human error, and was not suitable for con-
tinuous or real-time monitoring. Nowadays, machine learning
(ML) techniques have emerged as effective tools for automat-
ing EEG analysis. However, the performance of ML-based
seizure detection systems strongly depends on the quality of
signal preprocessing and feature extraction, particularly when
dealing with non stationary EEG signals and limited datasets.

This highlights the need for robust preprocessing strategies that
can enhance the discriminative information available to ML
classifiers through the use of both statistical features (mean,
median, standard deviation, maximum, and minimum) and
higher-order statistical features (kurtosis and skewness).

This research will only focus on machine learning-based
epileptic seizure detection andwill provide details of a new
derivative-based preprocessing approach (DPML) aimed at
enhancing seizure-related signal characteristics. In addition
to the proposed derivative-based method, wavelet transform
is employed as a comparative preprocessing technique. The
main objective is to evaluate the impact of these preprocessing
strategies on the performance of conventional ML classifiers
when applied to both raw and preprocessed EEG data.

Several machine learning algorithms are investigated, in-
cluding k-Nearest Neighbors (KNN), Decision Trees (DT),
Random Forest (RF), and Support Vector Machines (SVM).
The proposed framework is evaluated using the Bonn and
Bern Barcelona datasets. Experimental results demonstrate that
derivative-based preprocessing significantly improves classifi-
cation performance, highlighting its effectiveness as a pow-
erful and computationally efficient alternative for ML-based
EEG seizure detection systems.

The main contributions of this study are summarized as
follows:

o Proposal and evaluation of a novel derivative-based EEG
preprocessing approach (DPML), used in combination
with machine learning classifiers, for epileptic seizure
detection.

e A comparative study of two EEG signal preprocessing
techniques: derivative-based preprocessing and wavelet
transform using statistical and higher-order statistical
features for epilepsy monitoring.

o Comprehensive performance assessment of several ma-
chine learning classifiers, including KNN, Decision
Trees, Random Forest, and SVM, using raw and prepro-
cessed EEG data.

e Detailed description of the experimental framework
and evaluation protocol based on the Bonn and Bern
Barcelona datasets.



The remainder of this paper is structured as follows: Section
2 reviews related work, while Section 3 details our proposed
approach. In Section 4, we present and discuss the results.
Finally, Section 5 concludes the paper and outlines potential
directions for future research.

II. RELATED WORK

The classification of EEG signals for epilepsy detection
has been extensively addressed in the literature using both
public and private datasets. Among these datasets, The Bonn
EEG database which is one of the most studied and used
benchmark datasets when evaluating detection methods for
epileptic seizures, due to its well-structured recordings and
clear distinction between seizure and non-seizure states. Nu-
merous studies have explored a variety of preprocessing,
feature extraction, and classification strategies on this dataset
(31, [4].

Several works have focused on advanced signal preprocess-
ing techniques to enhance seizure-related EEG patterns. For
instance, Butterworth filtering has been commonly applied to
reduce noise and artifacts prior to classification [5]. Other
approaches have relied on spectral and time—frequency trans-
formations, such as wavelet transform, to capture the non-
stationary characteristics of EEG signals [6]. Feature extrac-
tion strategies often include statistical measures, entropy-based
features, and fractal dimensions, which are then combined with
conventional machine learning classifiers such as Support Vec-
tor Machines (SVM), k-Nearest Neighbors (KNN), Decision
Trees (DT), and Random Forest (RF) [7], [8].

More complex hybrid frameworks have also been proposed,
integrating signal decomposition methods with extensive fea-
ture extraction and selection pipelines. Ahmad et al. [9], for
example, combined wavelet-based decomposition with linear
and non-linear features, followed by feature selection using
distance correlation coefficients and classification using en-
semble machine learning models. These studies demonstrate
that appropriate preprocessing and feature engineering play a
critical role in improving seizure detection performance, often
more significantly than the choice of classifier itself.

The related work includes many methods; however a major
challenge still lies in developing preprocessing techniques
capable of enhancing the discriminative information contained
in EEG signals while preserving low computational cost and
robustness, especially when dealing with limited datasets. Al-
though wavelet-based and frequency-domain approaches have
demonstrated good effectiveness, they often involve high com-
putational requirements and strong dependence on parameter
tuning.

This study proposes and investigates a novel derivative-
based EEG preprocessing framework (DPML) for epileptic
seizure detection using machine learning algorithms. The
proposed approach is designed to better characterize local
temporal changes in EEG recordings, thereby generating a
more compact and discriminative representation that is well
suited for statistical feature extraction.

III. PROPOSED APPROACH

Our proposed methodology, which outlines the various steps
detailed in the following sections, is illustrated in Figure 1.

In our approach, we conduct a comparative study of ma-
chine learning models where feature extraction is applied to
raw, derivative-based, and wavelet-transformed data.

Preprocessing : EEG signals are often non-stationary, and
their characteristics vary over time. This makes analysis com-
plex. However, a non-stationarity study is essential to study
temporal and dynamic variations in brain activity. According to
a literature review, wavelet differentiation and decomposition
are two important tools for detecting rapid variations in brain
activity [10].

1) Wavelet transform : This technique is used to analyze
both the frequency and temporal aspects of the signal
at different time and frequency scales, facilitating the
detection of transient phenomena. Furthermore, each
frequency band can be isolated based on its frequency
and duration, which allows efficient identification of
different cerebral rhythms .

e Alpha o (8 - 12 Hz): By studying the frequency
range around 10 Hz, wavelet transform allows alpha
waves determination.

e Beta 5 (13 - 30 Hz): Wavelets identify faster oscil-
lations, characteristic of beta waves.

o Theta 0 (4 - 8 Hz): wavelets allow to detect the
slower oscillations associated with theta waves.

e Gamma ~ (30 - 100 Hz): High-frequency wavelets
are particularly effective at isolating gamma oscil-
lations.

e Delta § (0.5 - 4 Hz): By analyzing low frequencies,
wavelets can capture the slow oscillations charac-
teristic of delta waves.

Considering these rhythms, we will use a new data
vector defined as:
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2) Differentiation: George Box and Gwilym Jenkins (1976)
[11] showed that differentiation is an interesting tool for
transforming a non-stationary process into a stationary
one. Since then, differentiation and derivative determi-
nation have been applied to the study of several types
of non stationary time series in various fields, including
finance, economics, chemistry, ecology.... In particular,
derivation is used for the preprocessing of several classes
of biological signals such as Electromyography (EMG)
[12], Electrocardiography (ECG) [13] and EEG in our
previous works [14], [15].

We will use a new form of data Dggc which includes EEG
and its derivatives as follows:
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Fig. 1: Comparison of EEG preprocessing methods: Raw EEG, Wavelet (WT), and Derivative (DERV).
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where : EEG" represents the derivative of order i.

We extract meaningful features from raw data EFEG,
derivative-based data Dgpg, and wavelet-transformed data
WTEEq to enhance the model learning process. The following
section introduces the statistical features employed in this
study.

Features Extraction :

Let’s consider a dataset { X7, X»,..., X, }, where n repre-
sents the number of data points. The vector of given data is
denoted as X = [z1, 2, ..., Tp].

We will present now how to calculate several statistical
features of this dataset.

e Mean (11): The mean of a dataset represents the average
value of the all value dataset. It is calculated as :

1 n
u:E;xi 3)

Stanard Deviation (c): The ST Nard deviation measures
the spread or dispersion of data points around the mean.
It’s provide a measure of the dataset’s variability.

4)

Median: The median is the middle value in a dataset
when arranged in increasing order.

. Tnit, if n is odd
Median = x%2+a?%+1 . )
—2—2—, if niseven

Min-Max: the maximum and minimum values in the
dataset. It gives a simple measure of the extent of the
dataset.

Min-Max = [min(z), max(z)] (6)
Kurtosis: Kurtosis measures the degree of peakedness or

flatness in the distribution of data compared to a normal
distribution (a value of O is normal)

n(n—1) . Yoy (@ — p)?
(n=2)(n—=3) (20 (zi — p)?)

Kurtosis = 5 —3 (7



o Skewness: Skewness measures the asymmetry of the data
distribution. A skewness of 0 indicates a perfectly sym-
metrical distribution, while positive or negative skewness
indicates a distribution with a longer tail on the right or
left, respectively.

n _ D i@ —p)®
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Our work focuses on machine learning methods. In fact, the
feature vectors obtained after the feature extraction stage were
used in the classification process by applying machine learning
models. We conduct a series of experiments to evaluate the
performance of our approach.

Skewness =

®)

IV. EXPERIMENTS

In this section, we present the used database and the studied
cases, as well as the obtained experiments.

The performance of our approach is comprehensively eval-
uated for each classification task using the following metrics:

o Accuracy(ACC):

TP
TP+ FN+FP+TN
The Accuracy metric quantifies the proportion of correct
predictions (both positive and negative) out of all predic-

tions made.
e Recall (REC):

ACC(%) = 100 -

€))

TP
TP+ FN

Recall, also known as True Positive Rate (TPR), mea-
sures the ability of the model to correctly identify positive
instances. It focuses on minimizing false negatives and is
particularly important when detecting rare events such as
seizures.

o Specificity (SPEC):

REC(%) = 100 - (10)

TN
TN+ FP

Specificity, also referred to as the True Negative Rate
(TNR), measures the model’s capacity to correctly iden-
tify negative samples. A higher specificity value reflects
a lower number of false positives, which is important in
medical diagnosis tasks where avoiding incorrect positive
predictions is critical.

Where:

e TP (True Positive) denotes the number of correctly
identified positive instances.

o T'N (True Negative) represents the number of correctly
identified negative instances.

o F'P (False Positive) corresponds to instances that are
incorrectly classified as positive.

e F'N (False Negative) corresponds to instances that are
incorrectly classified as negative.

SPEC(%) = 100 - (11)

These metrics provide a detailed assessment of the classifi-
cation model’s performance.

A. Used database

The data set used in this paper was the Bonn and Bern
Bercelona datasets.

Bonn database

It comprises 100 single channels EEG of 23.6s. It was taken
from five patients named A, B, C, D and FE. Sets A and B
are the surface FEG recorded during eyes closed and open
situations of healthy patients (Hp). Set C' and D are the
intracranial FEG recorded during a seizure-free (Ep) from
within the seizure-generating area and from the outside the
seizure-generating area of epileptic patients respectively. Set E
is the intracranial EEG of an epileptic patient during epileptic
seizures (Sp).

Classification problems related to Bonn database are pre-
sented in the Table I.

TABLE I: Studied cases related to the BONN database

Experiments | Studied case
1 Hp vs Ep
2 Ep vs Sp
3 Hp vs Sp
4 Hp and Ep vs Sp
5 Ep and Sp vs Hp
6 Hp vs Ep vs Sp

HE: Healthy, EP: Epileptic, ES: Epileptic Seizures

Bern Bercelona database

The Bern—Barcelona EEG dataset consists of 3,000 single-
channel EEG segments, equally divided into 1,500 focal and
1,500 non-focal recordings. Each segment has a duration of 20
seconds and is sampled at 512 Hz, resulting in 10,240 samples
per segment [16]. Focal EEG segments correspond to signals
recorded from brain regions associated with the epileptogenic
focus responsible for the generation of seizures. In contrast,
non-focal EEG segments are acquired from brain areas not
involved in epileptic activity and are therefore considered non-
epileptogenic.

B. Results

The present work is mentioned to study the interest of
using the derivatives compared to the wavelets using Machine
learning, four algorithms are tested SVM, KNN, DT and RF,
based on feature engineering, statistical features.

In Table II, the derivative-based representation (DERV)
consistently achieves high accuracy across most experimental
settings, particularly with classifiers such as KNN and SVM.

Figure 2 presents the mean classification accuracy on the
Bonn dataset using three EEG representations: raw signals,
wavelet transform (WT), and derivative-based (DERV) fea-
tures. Overall, the derivative-based approach consistently out-
performs both raw EEG and wavelet-based representations, in-
dicating its effectiveness in enhancing seizure-related patterns
for machine learning models.

On the Bern—Barcelona dataset, notable improvements are
observed for the Random Forest (0.75) and Decision Tree
(0.67) classifiers as shown by Figure 3 and Table III.



TABLE II: Performance of machine learning classifiers on Raw, Derivative (DERV), and Wavelet (WT) EEG signals on Bonn

Dataset
KNN [ SVM [ DT [ RF

ACC Recall SPC T (min) | ACC Recall SPC T (min) ACC Recall SPC T (min) | ACC | Recall SPC T (min)
- EEG 61.00 61.00 46.67 0.3 66.00 | 66.00 50.00 0.6 70.00 70.00 66.67 0.42 82.00 | 83.00 74.63 0.20
& DERV 96.00 96.00 95.00 1.71 98.00 | 98.00 96.67 0.51 93.00 93.00 95.00 0.51 97.00 | 98.00 96.77 0.28
= WT 93.00 93.00 96.67 2.11 97.00 | 100.00 | 97.00 2.57 93.00 93.00 95.00 0.94 96.00 | 96.00 93.55 0.28
a EEG 90.00 89.00 91.67 0.24 94.00 | 93.00 98.33 0.4 92.00 89.00 98.33 0.38 91.00 | 89.00 93.65 0.15
& DERV | 92.00 93.00 91.67 1.72 96.00 | 95.00 96.67 0.4 97.00 96.00 98.33 0.41 97.00 | 96.00 98.41 0.17
= WT 91.00 90.00 93.33 225 97.00 | 97.00 96.67 1.89 97.00 97.00 96.67 0.73 96.00 | 96.00 95.24 0.18
o EEG 94.00 93.00 96.67 0.23 98.00 | 97.00 100.00 0.39 96.00 94.00 98.33 0.4 94.00 | 92.00 98.41 0.14
& DERV | 96.00 94.00 98.33 0.97 95.00 | 100.00 | 36.00 0.96 94.00 98.33 97.00 0.4 97.00 | 97.00 | 100.00 0.18
= WT 98.00 97.00 100.00 6.39 99.00 | 100.00 | 98.00 1.98 100.00 | 100.00 | 100.00 0.71 99.00 | 98.00 | 100.00 0.18
- EEG 66.00 63.00 48.33 0.32 66.00 | 61.00 33.33 0.62 71.00 70.00 61.67 5.25 85.00 | 83.00 73.85 0.28
& DERV | 94.00 93.00 86.67 1.74 98.00 | 98.00 96.67 0.63 95.00 95.00 91.67 0.61 99.00 | 99.00 98.39 0.33
= WT 91.00 91.00 91.67 1.68 93.00 | 94.00 95.00 4.24 95.00 96.00 96.67 1.14 97.00 | 96.00 91.94 0.29
n EEG 96.00 95.00 96.67 0.4 95.00 | 91.00 98.33 0.55 97.00 97.00 97.50 0.38 95.00 | 89.00 98.32 0.1637
& DERV | 98.00 97.50 99.00 1.67 97.00 | 92.00 100.00 0.48 99.00 98.00 99.17 0.55 97.00 | 93.00 99.16 0.2169
= WT 97.00 95.00 97.50 6.49 97.00 | 97.00 96.67 2.1 98.00 95.00 100.00 1 98.00 | 98.00 98.32 0.3456
© EEG 100.00 | 100.00 81.00 0.17 71.00 | 75.00 83.00 0.78 76.00 97.00 86.00 0.47 84.00 | 84.00 91.00 0.2275
& DERV 93.00 93.00 96.00 1.65 97.00 | 96.00 97.00 0.75 95.00 96.00 96.00 0.60 96.00 | 95.00 97.00 0.2785
= WT 91.00 91.00 94.00 6.48 93.00 | 92.00 95.00 3.40 93.00 92.00 95.00 1.16 97.00 | 98.00 98.00 0.324
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Fig. 2: Comparison of EEG preprocessing methods on Bonn
dataset: Raw EEG, Wavelet (WT), and Derivative (DERV).

Overall, derivative-based preprocessing shows consistent
effectiveness across most experiments, achieving competitive
and, in some cases, superior classification performance com-
pared to other feature representations.

As reported in Table II and Table III, the derivative-based
approach reduces computational cost compared to wavelet-
based methods. In addition, DERV achieves similar or better
classification results than WT while significantly lowering
processing time (0.28—1.72 min versus 0.71-6.49 min).

V. DISCUSSION

This study presents a comprehensive comparative analysis
between derivative-based preprocessing and wavelet trans-
form, highlighting their respective strengths and limitations
in the context of seizure detection. An in-depth performance
evaluation of multiple machine learning classifiers following
these preprocessing techniques is conducted to assess their
impact on seizure detection accuracy.

The use of derivatives as a preprocessing step has been
investigated in our previous work using fractal dimensions [14]
and deep learning architectures [17].

Decision Tree Random Forest KNN

Fig. 3: Comparison of EEG preprocessing methods on Bern
Barcelona dataset: Raw EEG, Wavelet (WT), and Derivative
(DERV).

In this study, derivative-based preprocessing is further inte-
grated within the DPML framework, which combines tempo-
ral derivative representations with statistical and higher-order
statistical feature extraction for machine learning-based EEG
classification.

The experimental results highlight the influence of prepro-
cessing strategies on EEG-based seizure classification. Com-
pared to raw EEG signals, both derivative-based (DERV) and
wavelet-based (WT) representations improve the discrimina-
tive quality of extracted features, emphasizing the importance
of signal transformation prior to classification.

Across the Bonn dataset, derivative-based features show
strong effectiveness when combined with classical machine
learning models. This behavior is explained by their ability to
emphasize local temporal variations, which are closely related
to seizure dynamics, while preserving the intrinsic structure of
the signal required for statistical feature extraction.

On the Bern Barcelona dataset, the variations across pre-
processing methods are less pronounced, although derivative-
based features remain consistently competitive, particularly
with Random Forest classifier.



TABLE III: Performance of machine learning classifiers on Raw, Wavelet (WT), and Derivative (DERV) EEG signals on

Bern/Barcelona Dataset

Method KNN SVM DT RF
ACC  Recall SPC T(s) ACC Recall SPC T(s) ACC Recall SPC T(s) ACC Recall SPC T(s)
EEG (Raw) | 55.00 65.52 45.16 0.004 | 56.66 75.86 3871 0.004 | 5833 6552 51.61 0.004 | 71.66 79.31 64.52 0.387
[ WT  [4667 10000 588 0.110 [ 5000 84.62 2353 0570 | 40.00 5385 2941 2.150 [ 6333 84.62 47.06 0.670 |
| DERV [5666 5862 5483 0.005[50.00 79.31 2258 0.006 | 6700 6551 67.74 0.007 | 7500 7586 74.19 0.167 |
Moreover, derivative-based preprocessing offers a computa-  [6] A. K. Tiwari, R. B. Pachori, V. Kanhangad, and B. K. Panigrahi, “Auto-
tional advantage. In contrast to wavelet decomposition, it intro- mated diagnosis of epilepsy using key-point-based local binary pattern
d inimal . | head It . d d of eeg signals,” IEEE journal of biomedical and health informatics,
uces rplmrr.la comp.utat.lona (.)Vel‘ ead, resulting 1n re Ll.CC vol. 21, no. 4, pp. 888-896, 2016.
processing time, which is particularly relevant for real-time  [7] A. S. Abdulhussien, A. T. AbdulSadda, and A. Al Farawn, “New
EEG analysis applications. automatic eeg epileptic seizure detection approach using sliding discrete
e .. L. . fourier transform and machine learning techniques,” in 2021 2nd Asia
In addition, derivative-based features enhance discriminabil- Conference on Computers and Communications (ACCC). 1EEE, 2021,
ity by emphasizing local variations in EEG signals, leading to pp. 26-31.
a compact and efficient feature representation. As a result, [8] O. Fasil gnd R. Rajesh, Eplleptic seizure classmc.atlon using shifting
. .. . . sample difference of eeg signals,” Journal of Ambient Intelligence and
the method maintains competitive classification performance Humanized Computing, vol. 14, no. 9, pp. 11809-11822, 2023.
while significantly improving computational efficiency, mak-  [9] L Ahmad, M. Zhu, G. Li, D. Javeed, P. Kumar, and S. Chen, “A secure
ing it promisine for seizure detection and monitoring applica- and interpretable ai for smart healthcare system: a case study on epilepsy
. g1p & & app diagnosis using eeg signals,” IEEE Journal of Biomedical and Health
tions. Informatics, 2024.
[10] R. G. Thangarajoo, M. B. I. Reaz, G. Srivastava, F. Haque, S. H. M.
VI. CONCLUSION Ali, A. A. A. Bakar, and M. A. S. Bhuiyan, “Machine learning-
based epileptic seizure detection methods using wavelet and emd-based
This work introduces a machine learning framework for decomposition techniques: A review,” Sensors, vol. 21, no. 24, p. 8485,
. . . . . 2021.
epileptic seizure detection based on three EEG signal repre- (11} G E. Box, G. M. Jenkins, G. C. Reinsel, and G. M. Ljung, Time series
sentations: raw EEG, derivative-based signals, and wavelet- analysis: forecasting and control. John Wiley & Sons, 2015.
transformed signals. Four classification methods KNN, SVM,  [12] A. Phinyomark, F. Quaine, S. Charbonnier, C. Serviere, F. Tarpin-
Decisi T d Rand E t cl ifi Bernard, and Y. Laurillau, “Feature extraction of the first difference of
ecision  Iree, ar% andom rorest classihiers werc cm- emg time series for emg pattern recognition,” Computer methods and
ployed. Our experiments were conducted on the Bonn and programs in biomedicine, vol. 117, no. 2, pp. 247-256, 2014.
Bern-Barcelona datasets showing that derivative-based pre- [13] M. D’Aloia, A. Longo, and M. Rizzi, “Noisy ecg signal analysis for
. h . d . f . automatic peak detection,” Information, vol. 10, no. 2, p. 35, 2019.
processing €nhances seizure .ete.Ctlon per OrmanC.e In erMS (14 7 Brari, I. Bouzouita, and S. Belghith, “A comparative study of
of accuracy, recall, and specificity compared with wavelet derivative-based and wavelet-based approaches for epilepsy eeg anal-
transform—based preprocessing while preserving low com- ysis,” in 2024 IEEE 7th International Conference on Advanced Tech-
. . ’ . . nologies, Signal and Image Processing (ATSIP), vol. 1. 1EEE, 2024,
putational requirements. DPML constitutes an effective and pp. 330-335.
reliable preprocessing approach for machine learning-driven [15] Z. Brari and S. Belghith, “A new machine learning approach for epilepsy
seizure detection. In addition, its low computational overhead diagnostic based on sample entropy,” [FAC-PapersOnLine, vol. 54,
Kes i itable fi 1-ti imol tati includi no. 15, pp. 346-351, 2021.
makes 1t suitable for real- lmellmp ementations, 1nclu 1pg [16] R. G. Andrzejak, K. Schindler, and C. Rummel, “Nonrandomness,
wearable and embedded monitoring systems that can contin- nonlinear dependence, and nonstationarity of electroencephalographic
uously monitor patients and provide rapid seizure alerts, thus rec{)’i‘ég&gg fzrgg epilepsy patients,” Physical Review E, vol. 86, no. 4,
improving patient care and clinical response. [17] 1. Bouzouita, Z. Brari, and S. Belghith, “Depc: Derivative based eeg pre-

REFERENCES

[1] T. Dua, H. M. De Boer, L. L. Prilipko, and S. Saxena, “Epilepsy care in
the world: results of an ilae/ibe/who global campaign against epilepsy
survey,” Epilepsia, vol. 47, no. 7, pp. 1225-1231, 2006.

A. A. Ein Shoka, M. M. Dessouky, A. El-Sayed et al., “Eeg seizure de-
tection: concepts, techniques, challenges, and future trends,” Multimedia
Tools and Applications, vol. 82, pp. 42021-42051, 2023.

P. Handa, Lavanya, N. Goel, and N. Garg, “Software advancements
in automatic epilepsy diagnosis and seizure detection: 10-year review,”
Artificial Intelligence Review, vol. 57, no. 7, p. 181, 2024.

B. C. Munsell, C.-Y. Wee, S. S. Keller, B. Weber, C. Elger, L. A. T.
da Silva, T. Nesland, M. Styner, D. Shen, and L. Bonilha, “Evaluation of
machine learning algorithms for treatment outcome prediction in patients
with epilepsy based on structural connectome data,” Neuroimage, vol.
118, pp. 219-230, 2015.

F. Hassan, S. F. Hussain, and S. M. Qaisar, “Epileptic seizure detection
using a hybrid 1d cnn-machine learning approach from eeg data,”
Journal of Healthcare Engineering, vol. 2022, no. 1, p. 9579422, 2022.

[2]

processing framework for epilepsy monitoring classification using deep
learning models,” in Proceedings of the 18th International Conference
on Agents and Artificial Intelligence (ICAART). SciTePress, 2026, pp.
3823-3830.



