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Abstract: Epilepsy can be defined as recurrent seizures caused by sudden electrical discharges in a group of human brain
cells. Electroencephalogram (EEG) signals play a very important role in the diagnosis of this disease. EEG signal
recordings, which are recorded by portable recording devices, produce very long data, and the detection of the epileptic
zone requires a long time for the analysis of all the data by a specialist. Traditional analysis methods are tedious, so in
recent years, a large number of automatic systems for epilepsy diagnosis have emerged. In this paper, a new approach
based on the social spider optimization algorithm (SSO) is presented. First, the EEG signal is decomposed based on the
discrete wavelet transform. Then, 132 statistical features, entropy and chaos features are extracted, and then the best
features are selected by the SSO with the proposed objective function. Finally, the selected features are used to classify
seizure and non-seizure EEG signals by support vector machine algorithm. Simulation results show that the proposed
method has good accuracy and sensitivity on Bonn university dataset, and this method can effectively help doctors in
diagnosing epilepsy, thus reducing their workload.
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Extended Abstract

1- Introduction

Epilepsy is a chronic neurological disorder characterized
by sudden, uncontrolled seizures and unpredictable patient
behaviors. Accurate and timely diagnosis of epilepsy is
essential for initiating antiepileptic drug therapy and
reducing disease risk. Currently, epilepsy diagnosis relies
on neurological examinations and auxiliary tests such as
brain imaging and EEG, with EEG maintaining its position
as the most widely used diagnostic approach. However,
visual analysis of electroencephalogram (EEG) for
epilepsy detection remains highly costly, time-consuming,
and prone to errors. Therefore, it is crucial to develop an
automated computer-aided diagnostic system to detect
epileptic states from EEG signals automatically. Such a
system would significantly assist specialists in achieving
accurate and efficient diagnosis. Although extensive
research has been conducted on epilepsy detection,
challenges remain regarding the number of extracted
features, which significantly impacts diagnostic accuracy.
In this paper, EEG signals are first decomposed using the
discrete  wavelet  transform  (DWT)  algorithm.
Subsequently, 132 features including statistical, entropy,
and chaos based features are extracted from the EEG
signals to ensure comprehensive signal representation. To
prevent overfitting and extract meaningful information,
the social spider optimization (SSO) metaheuristic
algorithm and a proposed objective function are employed
for optimal feature selection. Finally, a support vector
machine (SVM) classifier is implemented for EEG signal
classification and epilepsy detection.

2- Methodology

This section outlines the theoretical framework of our
proposed method for epilepsy detection. The diagnostic
process, as illustrated in the accompanying flowchart,
follows a structured sequence beginning with data
preprocessing and segmentation, followed by discrete
wavelet transform analysis. The methodology proceeds
with comprehensive feature extraction encompassing
statistical parameters, entropy measures, and chaos-based
characteristics. Subsequent stages involve optimal feature
selection through the social spider optimization
metaheuristic algorithm, culminating in classification
using a support vector machine architecture. The
following discussion provides detailed technical
specifications for each component of this systematic
detection framework.

This paper uses the EEG database from the University of
Bonn, Germany. The database consists of five groups (Z,
O, N, F, S), each containing 100 EEG signal samples with
a duration of 23.6 seconds and a sampling rate of 173.61
Hz. These signals belong to subjects aged between 6 and
43 years, and artifacts such as muscle movements and eye
movements have been removed from these signals.
Groups Z and O contain samples from healthy (non-

epileptic) individuals with eyes open and eyes closed,
respectively. Groups N and F include samples from
patients during interictal periods (between epileptic
seizures). Group S consists of samples from patients
during actual epileptic seizures. The database provides a
standardized dataset with clean EEG signals that clearly
differentiate between healthy states and various epileptic
conditions, making it suitable for epilepsy detection
research. The consistent sampling rate and recording
duration across all samples allow for reliable comparative
analysis of different epileptic states and normal brain
activity.

3- Results and discussion

This section begins by examining the evaluation criteria
for epilepsy detection methods before introducing the
dataset employed in this study. The discussion then
proceeds to present the experimental outcomes of our
proposed detection approach, including comparative
analyses with existing conventional methods. All
computational experiments were implemented and
executed using MATLAB software on a standard personal
computer configuration.

The first experiment investigates the impact of varying
EEG signal window sizes (4096, 2048, 1024, and 512
samples) on seizure detection performance. Results
demonstrate that classification accuracy, sensitivity, and
specificity all improve with increasing window length.
Notably, the proposed model maintains acceptable
performance even with shorter window sizes (512
samples), indicating its robustness across different signal
durations.

The second experiment compares the proposed method
with recent state-of-the-art approaches. Tabulated results
show superior performance of our method in key
classification metrics, confirming its effectiveness for
epileptic seizure detection.

4- Conclusion

This paper presents a novel automated epilepsy detection
system. The proposed methodology involves several key
stages: First, noise removal and segmentation are
performed on the raw EEG signals. The signals then
undergo decomposition using discrete wavelet transform
(DWT). Subsequently, 165 distinct features are extracted
from both the raw and decomposed EEG signals. Since
feature selection critically impacts epilepsy detection
accuracy, the system employs an innovative approach
combining the social spider optimization (SSO)
metaheuristic algorithm with a custom objective function
to identify the most discriminative features. Finally, a
support vector machine (SVM) classifier distinguishes
between ictal (seizure) and interictal (non-seizure) EEG
patterns.

The developed system offers clinicians an efficient tool for
rapid epilepsy diagnosis. Notably, the proposed
framework shows potential for adaptation to other
neurological disorders, including Alzheimer's disease
detection, demonstrating its broader clinical applicability.
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