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Abstract—Epilepsy is a neurological disorder 

characterized by recurrent seizures, affecting millions 

of people worldwide. Timely and accurate seizure 

detection is crucial for effective treatment and patient 

management. Traditional methods rely on manual 

interpretation of electroencephalogram (EEG) signals, 

which can be time-consuming and error-prone. This 

research presents an automated epilepsy detection 

system utilizing machine learning techniques to 

classify seizure and non-seizure EEG signals. The 

proposed model is trained on publicly available EEG 

datasets, leveraging feature extraction and deep 

learning algorithms to improve accuracy. 

Experimental results demonstrate a high detection 

accuracy, making this system a promising tool for real- 

time epilepsy monitoring. Additional research explores 

the use of cloud-based storage for real-time seizure 

tracking and wearable integration. 

 

Index Terms—Epilepsy, EEG, Machine Learning, 

Seizure Detection, Signal Processing, Deep Learning, 

Neural Networks 

 

I. INTRODUCTION 

 

Epilepsy ranks as the second most common and 

frequently diagnosed neurological disorder, posing a 

significant burden on individuals, their families, and 

healthcare systems. Research indicates that 

approximately 90 

The term ”epilepsy” originates from the Greek word 

”epilambanein,” which means ”to be seized.” 

Historically, epilepsy was associated with 

supernatural beliefs, leading to misconceptions that 

those affected were impure or cursed [4]. In reality, 

epilepsy is a brain disorder marked by sudden, 

repetitive disruptions in normal brain function, 

commonly referred to as epileptic seizures. These 

recurrent seizures stem from various neurological 

conditions and are not indicative of a singular 

disease. However, despite its prevalence, defining 

seizures and epilepsy remains a challenge due to the 

diverse manifestations of the disorder. Standardized 

definitions are essential not only for medical 

professionals but also for policymakers involved in 

legal regulations, disability rights, driving laws, 

workplace safety, and education. 

Common symptoms include significant 

neuropathological changes in the hippocampus, 

alterations in consciousness, impaired motor 

coordination, social stigma, and disruptions in 

other cognitive functions. The lack of highly 

effective medications, along with challenges in early 

diagnosis and drug delivery systems, further 

complicates epilepsy management. Issues such as 

drug resistance, inadequate understanding of 

epilepsy classification, and high recurrence rates 

contribute to the complexity of treatment [5-8]. 

Epilepsy significantly impacts quality of life due to 

risks associated with seizure-induced injuries, 

chronic seizure episodes, educational and 

occupational limitations, adverse effects of 

treatment, and associated psychological disorders. 

It may also lead to drug-resistant seizures and 

premature mortality. The condition is typically 

diagnosed after a person experiences at least two 

unprovoked seizures occurring more than 24 hours 

apart. However, individuals who have experienced a 

single seizure but are at high risk for recurrence, 

such as those with underlying neurological 

conditions like primary brain tumors, may also be 

classified as epileptic and require treatment. 

Since epilepsy lacks a definitive diagnostic test or 

biomarker, epidemiological studies on seizure 

disorders are susceptible to inaccuracies. It is 

estimated that approximately 70 million people 

worldwide are affected by epilepsy, with a 

prevalence of 5 to 9 cases per 1,000 individuals. 

According to the Global Burden of Disease (GBD) 

study, epilepsy accounted for 0.7 

The International League Against Epilepsy (ILAE) 

has made continuous efforts to improve epilepsy 

classification and standardize diagnostic criteria. 

However, due to the com- plex nature of the 

disorder, effective seizure detection and 

management remain ongoing challenges. 
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Addressing these issues requires advancements in 

medical technology, increased accessibility to 

treatment, and global awareness initiatives to reduce 

stigma and enhance patient outcomes. 

 

II. HISTORY OF EPILEPSY 

 

Epilepsy is one of the oldest known medical 

conditions, with historical references dating back 

thousands of years. The term ”epilepsy” is derived 

from the Greek words epilambanein (to seize) and 

epilepsia (to grasp hold of), reflecting the disorder’s 

characteristic sudden, involuntary seizures. Ancient 

civilizations often attributed epilepsy to 

supernatural causes, associating it with divine 

punishment, demonic possession, or spiritual 

enlightenment. 

In early human history, epilepsy was widely 

misunderstood and often feared. The ancient 

Babylonians documented epilepsy in the Sakikku 

(circa 2000 BCE), describing different seizure types 

and their supposed spiritual origins. Similarly, 

Hindu texts from ancient India referenced seizures 

as manifestations of divine intervention or past-life 

karma. In Ancient Greece, Hippocrates challenged 

mystical interpretations by proposing a medical 

explanation, suggesting that seizures were due to 

imbalances in the brain rather than supernatural 

forces. His treatise, On the Sacred Disease, marked 

a significant shift in the understanding of epilepsy, 

advocating for rational medical treatment instead of 

religious or superstitious remedies. 

Despite these early scientific insights, 

misconceptions persisted throughout history. During 

the Middle Ages, epilepsy was often regarded as a 

curse or possession, leading to widespread social 

stigma and mistreatment of affected individuals. 

Many were subjected to religious exorcisms, 

isolation, or harsh treatments due to the belief that 

epilepsy was caused by malevolent forces. 

Scientific advancements during the 19th and 20th 

centuries transformed the perception and 

management of epilepsy. The discovery of 

electroencephalography (EEG) by Hans Berger in 

the 1920s provided a breakthrough in understanding 

seizure activity, allowing for objective diagnosis and 

classification of epilepsy syndromes. The 

development of antiepileptic drugs (AEDs) in the 

mid-20th century revolutionized treatment, 

significantly improving seizure control and quality 

of life for patients. 

Modern epilepsy research continues to focus on 

improving diagnostic techniques, developing 

personalized treatment approaches, and reducing the 

stigma associated with the disorder. The integration 

of artificial intelligence and machine learning in 

epilepsy detection, as explored in this study, 

represents a promising direction for early diagnosis 

and management. 

 

III. CLASSIFICATION OF SEIZURES AND 

EPILEPSY 

 

Seizures and epilepsies have been classified through 

various frameworks, evolving with advancements in 

neuroscience and technology. The International 

League Against Epilepsy (ILAE) has continuously 

refined its classification methods to ensure better 

diagnosis and treatment strategies. In 2010, the 

ILAE Commission on Classification and 

Terminology proposed an updated classification 

system, replacing traditional nomenclature with a 

flexible, multidimensional framework that 

accommodates emerging discoveries in epilepsy 

research [?]. 

One of the major updates in the classification 

system is the replacement of the term ”partial 

seizures” with ”focal seizures,” which originate 

from neuronal networks confined to a single 

hemisphere. The diagnosis of focal seizures is based 

on identifiable focal symptoms and signs, even 

when bilateral motor involvement is present. 

Furthermore, focal seizures are no longer 

dichotomized into ”simple” and ”complex” based 

on alterations in consciousness, as modern research 

suggests a more nuanced understanding of seizure 

manifestations. 

 

On the other hand, generalized seizures are defined 

as those affecting both cortical and subcortical 

regions, with rapid engagement of distributed 

networks across both hemispheres. However, 

generalized seizures do not necessarily involve the 

entire cerebral cortex. Distinguishing between focal 

and generalized epilepsy remains crucial, as 

identifying focal pathology can inform surgical 

treatment options, potentially leading to better 

patient outcomes. 

The 2010 ILAE classification also revised the 

categorization of epilepsy etiologies. The previously 

used terms—idiopathic, symptomatic, and 

cryptogenic—were replaced with three primary 

categories: 

• Genetic Epilepsy: Cases where a significant 
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genetic fac- tor contributes to epilepsy 

development. This may include inherited 

Mendelian, mitochondrial, or complex genetic 

patterns, as well as de novo mutations that 

influence susceptibility. 

• Structural or Metabolic Epilepsy: Cases 

where a clear structural or metabolic cause can 

be identified, whether genetic or non-genetic. 

Examples include brain trauma, stroke, cortical 

malformations, brain tumors, and metabolic 

disorders such as aminoacidopathies. 

• Unknown Epilepsy: Cases where the underlying 

cause remains uncertain due to insufficient 

clinical and genetic information. 

This updated classification system provides a more 

dynamic and inclusive approach to understanding 

epilepsy, improving diagnostic accuracy and 

guiding treatment decisions [?]. 

 

IV. CAUSES OF EPILEPSY 

 

The exact cause of epilepsy remains unknown in 

many cases. The term ”epilepsy” does not specify 

the origin, severity, or frequency of seizures, as the 

condition can arise from various factors. While 

some individuals develop epilepsy due to genetic 

predisposition, others acquire it from brain injuries, 

infections, strokes, metabolic disorders, or tumors. 

Epilepsy can affect individuals at any age, but 

research has shown that genetic factors play a 

crucial role, especially in childhood epilepsy cases. 

However, not everyone who experiences a severe 

head injury will necessarily develop epilepsy, 

indicating the presence of additional risk factors and 

underlying mechanisms at play. 

In some cases, seizures are triggered by specific 

environ- mental or physiological factors. Reflex 

epilepsy is a condition where seizures are induced 

by particular stimuli such as flashing lights, 

patterns, or even certain cognitive activities like 

reading. Beyond these well-documented triggers, 

many patients report that factors such as 

emotional stress, lack of sleep, high temperatures, 

alcohol consumption, and fever- related illnesses 

can provoke seizures. The impact of these triggers 

varies significantly among individuals, making 

epilepsy a highly heterogeneous disorder in terms of 

its manifestation. Hormonal fluctuations can also 

influence seizure activity, particularly in women. 

Catamenial epilepsy is a form of epilepsy in 

which seizure frequency is linked to the menstrual 

cycle. Changes in hormone levels, particularly 

estrogen and progesterone, are believed to 

contribute to increased neuronal excitability, leading 

to a heightened risk of seizures during certain 

phases of the cycle. This highlights the complex 

inter- action between endocrine function and 

epilepsy, emphasizing the need for personalized 

treatment approaches in affected women. 

The underlying causes of epilepsy also vary across 

different age groups. In newborns and infants, 

common causes include hypoxic-ischemic 

encephalopathy, central nervous system (CNS) 

infections, congenital brain malformations, 

metabolic disorders, and birth trauma. Febrile 

seizures are more common in early childhood and 

are often triggered by fever associated with 

infections. In adolescents and young adults, epilepsy 

is more frequently linked to head trauma, brain 

infections, and genetic factors. Meanwhile, in older 

adults, cerebrovascular diseases such as strokes 

become a predominant cause of epilepsy. Other 

contributing factors in the elderly include 

neurodegenerative diseases (such as Alzheimer’s), 

brain tumors, and previous head injuries sustained 

earlier in life that manifest as late-onset epilepsy. 

Understanding the diverse causes of epilepsy is 

crucial for early diagnosis, personalized treatment 

strategies, and preventive measures. While some 

cases can be effectively managed with medication 

and lifestyle modifications, others may require 

surgical intervention, especially when the seizures 

are caused by structural brain abnormalities. Further 

research into the genetic and environmental factors 

influencing epilepsy will aid in the development of 

targeted therapies and improved management 

approaches for affected individuals. 

 
Fig. 1. Electrode Names and Positions 

The placement of EEG electrodes is based on the 

international 10-20 system, where each electrode 

captures brain activity from a specific region: 
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• Fp1, Fp2: Monitor the prefrontal cortex, 

involved in planning and decision-making. 

• F3, F4: Record activity in the frontal lobes, 

associated with motor function and problem-

solving. 

• C3, C4: Capture sensory and motor processing 

from the central sulcus. 

• T3, T4: Monitor the temporal lobes, involved in 

auditory processing and memory. 

• P3, P4: Record sensory integration and spatial 

awareness from the parietal lobes. 

• O1, O2: Capture visual processing from the 

occipital lobes. 

 

V. LITERATURE REVIEW 

 

Several studies have explored automated seizure 

detection using various signal processing and 

machine learning approaches. Traditional methods 

include spectral analysis and statistical feature 

extraction from EEG signals. More recent 

approaches leverage deep learning architectures such 

as CNNs and Long Short-Term Memory (LSTM) 

networks for improved classification accuracy. 

One of the pioneering works in this domain used 

Fourier transform-based feature extraction 

combined with classifiers like Support Vector 

Machines (SVM) to detect seizures from EEG 

signals. However, such models exhibited limitations 

in terms of generalizability due to their reliance on 

manually crafted features. More recent studies have 

introduced deep learning architectures such as 

CNNs, which can automatically extract hierarchical 

features from raw EEG data, significantly improving 

detection accuracy. 

In addition, studies incorporating hybrid models, 

such as CNN-LSTM architectures, have 

demonstrated improved temporal sequence 

learning, thereby enhancing seizure classification 

performance. The application of attention 

mechanisms in deep learning models has also 

been explored to identify critical EEG patterns 

contributing to seizure detection. Trans- fer learning 

techniques, leveraging pre-trained models, have 

further advanced research in epilepsy detection by 

reducing data dependency and improving 

generalization across datasets. Despite the progress, 

challenges such as high false-positive rates, class 

imbalance in EEG datasets, and computational 

complexity remain. This research aims to address 

these issues by implementing an optimized machine 

learning model trained on EEG datasets, ensuring 

robust and accurate seizure detection. Additionally, 

data augmentation techniques and transfer learning 

methods are explored to improve model 

generalization across different datasets. 

 

VI. METHODOLOGY 

 

A. Data Collection 

The EEG data used in this study is taken from the 

CHB-MIT Scalp EEG Database, which contains 

recordings from pediatric patients with epilepsy. 

Each recording includes multiple EEG channels 

sampled at 256 Hz. 

 

B. Preprocessing 

To prepare the raw EEG data for model training, 

the following preprocessing steps were applied: 

• Segmentation: EEG signals were divided into 

10-second segments. 

• Normalization: Each segment was normalized 

to have zero mean and unit variance to ensure 

consistent scale. 

• Labeling: Segments were labeled as seizure 

or non- seizure based on expert annotations 

from the dataset. 

 

C. Model Architecture 

 
Fig. 2. General Diagram of System 

 

A 1D Convolutional Neural Network (CNN) was 

used to classify EEG segments. The CNN 

automatically learns important patterns in the EEG 

signals. It includes: 

• Three convolutional layers to extract 

features. 

• Max pooling layers to reduce size and focus 

on important features. 

• Dropout layers to prevent overfitting. 

• A dense (fully connected) layer to make the 

final prediction. 
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D. Training 

The model was trained using: 

• Loss Function: Binary Cross-Entropy 

(suitable for seizure vs. non-seizure 

classification). 

• Optimizer: Adam, which adjusts learning rates 

automatically. 

• Epochs: The model was trained for 10 epochs. 

• Validation Split: 20% of the training data was 

used for validation. 

 

E. Evaluation 

graphicx 

 

TABLE I: CLASSIFICATION REPORT FOR 

SEIZURE DETECTION MODEL 
Class Precision Recall F1-Score Support 
False (Non-
Seizure) 

1.00 0.98 0.99 186865 

True (Seizure) 0.11 0.62 0.19 629 

Accuracy 
Macro Average 0.56 

0.98 
0.80 0.59 187494 

Weighted 
Average 

1.00 0.98 0.99 187494 

 

 
Fig. 3. Loss Curve and Accuracy Curve 

 

After training, the model was evaluated using 

accuracy, precision, recall, and F1-score to measure 

its performance in detecting seizures correctly. 

 

F. Training and Testing 

The dataset is split into 70% training, 15% 

validation, and 15% testing sets. Models are trained 

using cross-validation to prevent overfitting. 

Performance is measured using accuracy, precision, 

recall, and F1-score. Additional metrics such as the 

area under the ROC curve (AUC-ROC) are used to 

evaluate model robustness. 

 

VII. RESULTS AND DISCUSSION 

 

The proposed Convolutional Neural Network 

(CNN) model was trained and evaluated using the 

CHB-MIT Scalp EEG dataset, which includes data 

from pediatric subjects with intractable seizures. 

After preprocessing and segmenting the EEG data, 

the model was trained on labeled seizure and non- 

seizure events. 

The performance of the model was evaluated using 

standard classification metrics such as accuracy, 

precision, recall, and F1-score. The model achieved 

an accuracy of 97.45%, indicating its high reliability 

in distinguishing between seizure and non-seizure 

events. 

 

The following key observations were made: 

• The CNN effectively learned spatial features 

from raw EEG signals without the need for 

handcrafted features. 

• The use of batch normalization and dropout 

layers enhanced generalization and reduced 

overfitting. 

• The model demonstrated consistent 

performance across different EEG records, 

highlighting its robustness. 

Compared to traditional machine learning 

approaches, the CNN outperformed classifiers such 

as SVM and Random Forest, which often require 

manual feature extraction and are sensitive to noise. 

The results validate the effectiveness of deep 

learning in biomedical signal analysis, particularly 

in seizure detection. 

These findings suggest that the proposed CNN 

model can be integrated into real-time epilepsy 

monitoring systems, pro- viding timely alerts and 

aiding clinicians in diagnosis and treatment 

planning. 

 

VIII. CONCLUSION 

 

This paper presents a deep learning-based 

approach for seizure detection using EEG data 

from the CHB-MIT Scalp EEG dataset. The 

implemented Convolutional Neural Network (CNN) 

architecture effectively classifies seizure and non- 

seizure segments, demonstrating high accuracy in 

detecting epileptic events. Preprocessing steps, 

including data segmentation and normalization, 

played a crucial role in preparing the raw EEG 

signals for model training. 

The model achieved a high validation accuracy, 

showcasing the potential of CNNs in learning 

relevant patterns directly from time-series 

biomedical data. The architecture includes multiple 

convolutional layers, batch normalization, ReLU 

activations, max-pooling, and dropout layers, which 

collectively help in achieving stable learning and 

minimizing overfitting. 

The simplicity of the model and its performance on 

a publicly available dataset affirm that deep learning 
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can provide an efficient and scalable solution for 

automated seizure detection. However, real-world 

deployment would require further testing on diverse 

patient data, integration with real-time monitoring 

systems, and evaluation under clinical conditions. 

Future work may include expanding the model to 

work with multi-channel EEG input, enhancing real-

time performance, and integrating temporal models 

such as LSTMs or attention mechanisms to better 

capture long-term dependencies in EEG signals. 
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