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Abstract 

Automatic seizure detection using multi-channel scalp 
electroencephalography has become a critical research domain due to its 
potential to assist neurologists in real-time diagnosis and monitoring of 
epilepsy. This paper presents a comprehensive survey of methods and 
architectures designed for optimized learning networks that distinguish 
between ictal and interictal states. Traditional machine learning 
techniques, including feature-based classifiers, have been widely 
explored but often suffer from limitations in scalability and 
generalization. Recent advances in deep learning, including 
convolutional neural networks, recurrent neural networks, and hybrid 
architectures, have significantly improved detection accuracy by 
enabling end-to-end learning from raw EEG signals. Optimization 
strategies such as attention mechanisms, evolutionary algorithms, and 
hyperparameter tuning further enhance model performance and 
robustness. This survey systematically reviews existing approaches, 
highlighting their methodologies, datasets, architectural designs, and 
performance metrics. The study also discusses challenges such as data 
imbalance, noise sensitivity, computational complexity, and lack of 
interpretability. Furthermore, emerging trends including explainable 
artificial intelligence, transfer learning, and edge-based deployment are 
examined. The objective of this paper is to provide a consolidated 
understanding of current advancements and identify future research 
directions for developing efficient and reliable seizure detection 
systems. 
 

 
Introduction 
Epilepsy is a chronic neurological disorder 
characterized by recurrent and unprovoked 
seizures, affecting millions of individuals 
worldwide. Accurate detection of seizures is 
essential for diagnosis, treatment planning, and 
continuous patient monitoring. 
Electroencephalography, which records 
electrical activity of the brain through multiple 
scalp electrodes, remains one of the most widely 

used tools for seizure detection. However, 
manual interpretation of multi-channel EEG 
recordings is time-consuming, error-prone, and 
requires expert knowledge, thereby motivating 
the need for automated systems. 
Automatic seizure detection primarily involves 
distinguishing between ictal states, representing 
seizure activity, and interictal states, indicating 
normal or non-seizure brain activity. The 
complexity of EEG signals, including non-
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stationarity, noise interference, and inter-
patient variability, makes this classification task 
challenging. Early approaches relied on 
handcrafted feature extraction methods 
combined with traditional classifiers such as 
support vector machines and k-nearest 
neighbors. While these methods provided initial 
insights, they often lacked the ability to capture 
complex temporal and spatial patterns inherent 
in EEG data. 
With the advent of deep learning, there has been 
a paradigm shift toward data-driven approaches 
capable of learning hierarchical representations 
directly from raw EEG signals. Convolutional 
neural networks have been extensively used to 
extract spatial features, while recurrent neural 
networks, particularly long short-term memory 
networks, have been employed to model 
temporal dependencies. Hybrid models 
combining convolutional and recurrent layers 

have shown improved performance in capturing 
both spatial and temporal dynamics. 
Optimization techniques play a crucial role in 
enhancing the performance of these models. 
Methods such as attention mechanisms help 
focus on relevant signal segments, while 
evolutionary algorithms and gradient-based 
optimization strategies improve parameter 
tuning. Despite these advancements, several 
challenges remain, including handling 
imbalanced datasets, ensuring model 
interpretability, reducing computational 
overhead, and achieving real-time performance. 
This survey aims to provide a detailed overview 
of existing methods and architectures for 
automatic seizure detection using optimized 
learning networks. By analyzing current 
research trends and identifying key limitations, 
this study contributes to the development of 
more efficient and reliable systems for clinical 
applications. 

Graphical Abstract 

 
 
The graphical abstract illustrates a structured 
pipeline beginning with multi-channel EEG 
acquisition, followed by preprocessing and 
feature extraction or end-to-end learning. The 
optimized learning network processes the 
signals using deep architectures, leading to 
classification into ictal and interictal states. The 
final output supports clinical decision-making 
through automated seizure detection. 
 
Study 1: Deep Convolutional Networks for 
EEG-based Seizure Detection 
This study proposed a deep convolutional 

neural network for automatic seizure detection 
using raw EEG signals without manual feature 
extraction. The model leveraged multiple 
convolutional layers to capture hierarchical 
spatial patterns across EEG channels, improving 
classification between ictal and interictal states. 
The authors demonstrated that end-to-end 
learning significantly outperformed traditional 
machine learning methods. The approach was 
evaluated on benchmark EEG datasets and 
achieved high sensitivity and specificity. The 
study highlighted the importance of deep 
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architectures in handling complex EEG signals 
and reducing preprocessing requirements. 
 
Study 2: LSTM-based Seizure Detection Using 
EEG Time-Series 
This research introduced a long short-term 
memory network to capture temporal 
dependencies in EEG signals for seizure 
detection. The model effectively modeled 
sequential patterns, distinguishing ictal from 
interictal states with improved temporal 
awareness. The study emphasized the 
limitations of static models and demonstrated 
how recurrent architectures enhance 
performance. Experimental results showed 
superior accuracy compared to conventional 
classifiers. The authors also discussed 
challenges related to training time and 
computational complexity. 
 
Study 3: Hybrid CNN-LSTM Model for EEG 
Classification 
This study presented a hybrid architecture 
combining convolutional neural networks and 
long short-term memory units for improved 
seizure detection. The CNN component 
extracted spatial features from multi-channel 
EEG data, while the LSTM captured temporal 
dependencies. The integrated model 
demonstrated enhanced performance in 
distinguishing ictal and interictal states 
compared to standalone models. The authors 
highlighted the effectiveness of combining 
spatial and temporal learning for complex 
biomedical signals. Experimental validation 
showed improved accuracy and robustness 
across datasets. 
 
Study 4: Wavelet Transform with SVM for 
Seizure Detection 
This research utilized wavelet transform for 
feature extraction from EEG signals followed by 
support vector machine classification. The 
approach effectively captured frequency-
domain characteristics of EEG signals, enabling 
accurate seizure detection. Although not based 
on deep learning, the method demonstrated 
strong baseline performance. The study 
emphasized the importance of signal 
decomposition in handling non-stationary EEG 
data. Results indicated reliable classification 
accuracy, making it a reference method for later 
studies. 
 
Study 5: Attention-based Deep Learning for 
EEG Analysis 
This study introduced an attention mechanism 
integrated with deep neural networks to 
improve seizure detection performance. The 

model selectively focused on relevant EEG 
segments, enhancing feature representation for 
ictal and interictal classification. The attention 
layer improved interpretability by highlighting 
important signal regions. Experimental results 
showed improved accuracy and reduced false 
positives. The study demonstrated that 
attention-based optimization significantly 
enhances deep learning models for EEG analysis. 
 
Study 6: Transfer Learning for EEG Seizure 
Detection 
This research explored transfer learning 
techniques to address limited labeled EEG data. 
Pretrained deep learning models were fine-
tuned on EEG datasets, improving 
generalization across patients. The study 
highlighted the challenge of data scarcity in 
medical applications and proposed knowledge 
transfer as a solution. Results showed improved 
performance compared to training from scratch. 
The approach demonstrated the feasibility of 
leveraging existing models for biomedical signal 
processing tasks. 
 
Study 7: EEGNet Architecture for Efficient 
EEG Classification 
This study proposed EEGNet, a compact 
convolutional neural network specifically 
designed for EEG-based applications. The 
architecture utilized depthwise and separable 
convolutions to reduce computational 
complexity while maintaining high performance. 
EEGNet achieved strong results in seizure 
detection tasks and was suitable for real-time 
applications. The study emphasized efficiency 
and scalability in deep learning models. 
Experimental validation confirmed its 
effectiveness across multiple EEG datasets. 
 
Study 8: Autoencoder-based Feature 
Learning for Seizure Detection 
This study introduced an autoencoder 
framework for unsupervised feature learning 
from EEG signals. The model learned compact 
representations, which were then used for 
classification. The approach reduced reliance on 
handcrafted features and improved robustness 
to noise. Experimental results showed 
competitive performance compared to 
supervised models. The study highlighted the 
potential of unsupervised learning in EEG 
analysis. 
 
Study 9: Graph Convolutional Networks for 
EEG Analysis 
This research applied graph convolutional 
networks to model spatial relationships 
between EEG channels. By representing EEG 



A Survey of Methods and Architectures for An Optimized Learning Network based Ictal and Interictal States of 
Automatic Seizure Detection Using Multi-Channel Scalp EEG 

27 

electrodes as nodes in a graph, the model 
captured connectivity patterns in brain activity. 
The approach improved classification of ictal 
and interictal states by leveraging spatial 
dependencies. Results demonstrated superior 
performance compared to traditional CNN 
models. The study emphasized the importance 
of brain connectivity modeling. 
 
Study 10: Ensemble Learning for Robust 
Seizure Detection 
This study proposed an ensemble learning 
framework combining multiple classifiers to 
improve seizure detection accuracy. The 
approach integrated outputs from different 
models, reducing variance and enhancing 
robustness. The ensemble method 
demonstrated improved performance over 
individual classifiers. The study highlighted the 
importance of combining diverse models for 
reliable predictions. Experimental results 
showed increased stability and reduced error 
rates. 
 
Study 11: Deep Residual Networks for EEG-
based Seizure Detection 
This study explored the application of deep 
residual networks to improve seizure detection 
performance using EEG signals. By introducing 
skip connections, the model addressed 
vanishing gradient issues and enabled deeper 
architectures. The residual learning framework 
enhanced feature extraction from complex EEG 
patterns, improving classification between ictal 
and interictal states. Experimental results 
demonstrated higher accuracy compared to 
traditional CNN models. The study highlighted 
the significance of deep residual learning in 
biomedical signal processing tasks. 
 
Study 12: Bidirectional LSTM for Temporal 
EEG Modeling 
This research proposed a bidirectional long 
short-term memory network to capture both 
forward and backward temporal dependencies 
in EEG signals. The model improved seizure 
detection by leveraging contextual information 
from both directions of the signal sequence. The 
approach demonstrated superior performance 
over unidirectional LSTM models. Experimental 
results showed enhanced sensitivity and 
specificity in classifying ictal and interictal 
states. The study emphasized the importance of 
bidirectional temporal modeling in EEG analysis. 
 
Study 13: Capsule Networks for EEG Signal 
Classification 
This study introduced capsule networks for 
seizure detection, aiming to preserve spatial 

hierarchies in EEG data. Unlike traditional CNNs, 
capsule networks captured relationships 
between features more effectively. The model 
demonstrated improved robustness to noise and 
signal variations. Experimental results indicated 
enhanced classification accuracy compared to 
conventional deep learning models. The study 
highlighted the potential of capsule-based 
architectures in handling complex EEG signals. 
 
Study 14: Wavelet Packet Decomposition 
with Random Forest 
This research combined wavelet packet 
decomposition for feature extraction with 
random forest classification. The method 
effectively captured both time and frequency 
domain characteristics of EEG signals. The 
random forest classifier provided robustness 
against overfitting and improved classification 
performance. Results demonstrated reliable 
seizure detection accuracy. The study 
emphasized the continued relevance of hybrid 
machine learning approaches in EEG analysis. 
 
Study 15: 1D CNN for Real-time Seizure 
Detection 
This study proposed a one-dimensional 
convolutional neural network designed for real-
time seizure detection directly from EEG signals. 
The architecture processed raw time-series data 
efficiently, reducing preprocessing overhead. 
The model demonstrated high performance with 
low computational requirements, making it 
suitable for embedded systems. Experimental 
results showed improved detection accuracy 
and faster processing times. The study 
highlighted the feasibility of deploying deep 
learning models in real-time healthcare 
applications. 
 
Study 16: Multi-scale CNN for EEG Signal 
Analysis 
This research introduced a multi-scale 
convolutional neural network to capture 
features at different temporal resolutions. The 
model utilized multiple convolutional filters 
with varying kernel sizes, enabling better 
representation of EEG signals. The approach 
improved classification accuracy for ictal and 
interictal states. Experimental results 
demonstrated enhanced robustness across 
different datasets. The study emphasized the 
importance of multi-scale feature extraction in 
seizure detection tasks. 
 
Study 17: Generative Adversarial Networks 
for EEG Data Augmentation 
This study explored the use of generative 
adversarial networks to generate synthetic EEG 
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data for training seizure detection models. The 
approach addressed data scarcity and class 
imbalance issues. The generated data improved 
model generalization and performance. 
Experimental results showed increased 
classification accuracy when augmented 
datasets were used. The study highlighted GANs 
as a promising tool for enhancing EEG-based 
learning systems. 
 
Study 18: Sparse Representation-based 
Seizure Detection 
This research proposed a sparse representation 
framework for EEG signal classification. The 
method represented EEG signals as sparse 
combinations of basis functions, enabling 
efficient feature extraction. The approach 
demonstrated strong performance in 
distinguishing ictal and interictal states. Results 
showed improved robustness to noise and 
signal variability. The study emphasized the 
effectiveness of sparse modeling in EEG analysis. 
 
Study 19: Deep Belief Networks for EEG 
Classification 
This study utilized deep belief networks for 
automatic seizure detection. The model learned 
hierarchical representations of EEG signals 
through unsupervised pretraining followed by 
supervised fine-tuning. The approach improved 
feature learning and classification accuracy. 
Experimental results demonstrated competitive 
performance compared to other deep learning 
methods. The study highlighted the role of deep 
generative models in EEG signal analysis. 
 
Study 20: Transformer-based EEG 
Classification 
This research introduced transformer 
architectures for seizure detection, leveraging 
self-attention mechanisms to model long-range 
dependencies in EEG signals. The model 
captured global contextual information more 
effectively than recurrent networks. 
Experimental results showed improved 
classification performance and scalability. The 
study emphasized the potential of transformer-
based models in biomedical signal processing. 
 
Study 21: Temporal Convolutional Networks 
for EEG Seizure Detection 
This study investigated temporal convolutional 
networks for modeling sequential EEG data in 
seizure detection tasks. The architecture utilized 
dilated convolutions to capture long-range 
temporal dependencies while maintaining 
computational efficiency. The model 
demonstrated improved performance over 
recurrent architectures in terms of stability and 

speed. Experimental evaluation showed 
enhanced classification accuracy for ictal and 
interictal states. The study highlighted the 
effectiveness of convolutional sequence 
modeling in EEG analysis. 
 
Study 22: Multi-channel Fusion CNN for EEG 
Classification 
This research proposed a multi-channel fusion 
convolutional neural network to integrate 
information from different EEG channels. The 
model combined spatial features across 
electrodes, improving representation of brain 
activity patterns. The fusion strategy enhanced 
classification accuracy for seizure detection 
tasks. Experimental results demonstrated 
superior performance compared to single-
channel models. The study emphasized the 
importance of multi-channel integration in EEG-
based systems. 
 
Study 23: Reinforcement Learning-based 
Optimization for EEG Models 
This study explored reinforcement learning 
techniques for optimizing deep learning 
architectures used in seizure detection. The 
method dynamically adjusted model parameters 
and structures to improve performance. The 
approach demonstrated enhanced accuracy and 
efficiency compared to manually tuned models. 
Experimental results validated the effectiveness 
of automated optimization strategies. The study 
highlighted reinforcement learning as a 
promising direction for model optimization. 
 
Study 24: Explainable AI for Seizure 
Detection 
This research focused on improving 
interpretability in seizure detection models 
using explainable artificial intelligence 
techniques. The study applied model-agnostic 
explanation methods to highlight important EEG 
features influencing predictions. The approach 
enhanced transparency and trust in automated 
systems. Experimental results showed that 
interpretability could be achieved without 
significantly compromising performance. The 
study emphasized the need for explainable 
models in clinical applications. 
 
Study 25: Lightweight CNN for Edge-based 
EEG Monitoring 
This study proposed a lightweight convolutional 
neural network designed for deployment on 
edge devices. The model reduced computational 
complexity while maintaining high classification 
accuracy. The approach enabled real-time 
seizure detection in portable healthcare systems. 
Experimental results demonstrated efficient 
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performance with minimal resource usage. The 
study highlighted the potential of edge 
computing in EEG-based monitoring. 
 
Study 26: Frequency-domain CNN for EEG 
Signal Classification 
This research introduced a convolutional neural 
network operating on frequency-domain 
representations of EEG signals. By transforming 
signals using spectral analysis, the model 
captured discriminative frequency features. The 
approach improved classification accuracy for 
ictal and interictal states. Experimental results 
validated the effectiveness of frequency-based 
learning. The study emphasized the importance 
of spectral information in seizure detection. 
 
Study 27: Hybrid Attention CNN-RNN Model 
This study presented a hybrid model combining 
convolutional and recurrent neural networks 
with an attention mechanism. The architecture 
captured both spatial and temporal features 
while focusing on relevant signal segments. The 
attention layer improved interpretability and 
performance. Experimental results showed 
significant improvement in seizure detection 
accuracy. The study highlighted the synergy 
between hybrid architectures and attention 
mechanisms. 
 
Study 28: Transferable Graph Neural 
Networks for EEG 
This research proposed a transferable graph 
neural network for modeling EEG channel 
relationships across different patients. The 

model captured spatial dependencies and 
improved generalization through transfer 
learning. The approach addressed inter-patient 
variability challenges in seizure detection. 
Experimental results demonstrated improved 
performance on unseen data. The study 
emphasized the importance of graph-based 
modeling in EEG analysis. 
 
Study 29: Self-supervised Learning for EEG 
Representation 
This study explored self-supervised learning 
techniques for extracting meaningful EEG 
representations without labeled data. The model 
learned robust features through pretext tasks, 
improving downstream seizure detection 
performance. The approach reduced 
dependency on annotated datasets. 
Experimental results showed enhanced 
generalization and accuracy. The study 
highlighted self-supervised learning as a 
promising direction in EEG research. 
 
Study 30: Multi-modal Deep Learning for 
Seizure Detection 
This research introduced a multi-modal deep 
learning framework integrating EEG with 
additional physiological signals. The model 
leveraged complementary information to 
improve seizure detection accuracy. The 
approach demonstrated enhanced robustness 
and reliability. Experimental results showed 
superior performance compared to single-modal 
models. The study emphasized the benefits of 
multi-modal integration in healthcare systems. 

 
Comparative Table 

Study Year Method Model Data 
Type 

Key Contribution Performance 

1 2018 Deep Learning CNN EEG End-to-end 
learning 

High accuracy 

2 2019 Sequential 
Learning 

LSTM EEG Temporal 
modeling 

Improved 
sensitivity 

3 2019 Hybrid CNN-LSTM EEG Spatial-temporal 
fusion 

High robustness 

4 2007 Signal 
Processing 

SVM EEG Wavelet features Baseline 
accuracy 

5 2020 Attention CNN + 
Attention 

EEG Feature focus Reduced false 
positives 

6 2020 Transfer 
Learning 

CNN EEG Data generalization Improved 
performance 

7 2018 Efficient DL EEGNet EEG Lightweight model Real-time 
capable 

8 2018 Unsupervised Autoencoder EEG Feature learning Competitive 
accuracy 

9 2020 Graph Learning GCN EEG Channel 
connectivity 

Superior 
classification 

10 2021 Ensemble Multiple EEG Robust prediction Increased 
stability 
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11 2018 Deep Learning ResNet EEG Deep feature 
extraction 

Higher accuracy 

12 2019 Sequential Bi-LSTM EEG Bidirectional 
context 

Better 
performance 

13 2019 Advanced DL Capsule Net EEG Spatial hierarchy Improved 
robustness 

14 2018 Hybrid ML RF EEG Time-frequency 
features 

Reliable results 

15 2016 Real-time DL 1D CNN EEG Fast processing Efficient 
detection 

16 2020 Multi-scale CNN EEG Multi-resolution 
features 

Enhanced 
accuracy 

17 2018 Data 
Augmentation 

GAN EEG Synthetic data Better 
generalization 

18 2017 Sparse 
Modeling 

Sparse Rep. EEG Efficient features Noise robustness 

19 2016 Generative DL DBN EEG Hierarchical 
learning 

Competitive 
results 

20 2021 Transformer Transformer EEG Global attention High scalability 
21 2018 Temporal DL TCN EEG Long-range 

dependency 
Stable 
performance 

22 2020 Fusion CNN EEG Multi-channel 
integration 

Higher accuracy 

23 2021 Optimization RL-based EEG Automated tuning Improved 
efficiency 

24 2016 Explainable AI XAI EEG Model 
interpretability 

Transparent 
results 

25 2021 Edge 
Computing 

Lightweight 
CNN 

EEG Low-resource 
model 

Real-time use 

26 2019 Spectral DL CNN EEG Frequency features Improved 
classification 

27 2020 Hybrid 
Attention 

CNN-RNN EEG Focused learning High accuracy 

28 2022 Graph Transfer GNN EEG Cross-patient 
generalization 

Robust results 

29 2021 Self-supervised SSL Model EEG Unlabeled learning Better 
generalization 

30 2022 Multi-modal DL Model EEG + 
Signals 

Data fusion Superior 
performance 

 
Analysis Based on Literature Review 
The reviewed literature demonstrates a 
significant evolution from traditional machine 
learning techniques to advanced deep learning 
architectures for seizure detection using multi-
channel EEG. Early methods focused on 
handcrafted features and classical classifiers, 
which provided foundational insights but lacked 
scalability and adaptability. The introduction of 
deep learning enabled automated feature 
extraction, significantly improving classification 
performance. Convolutional neural networks 
excel in capturing spatial patterns, while 
recurrent and transformer-based models 
effectively model temporal dependencies. 
Hybrid architectures combining these 
approaches achieve superior performance by 
leveraging both spatial and temporal 

information. Optimization techniques such as 
attention mechanisms, reinforcement learning, 
and transfer learning further enhance model 
efficiency and generalization. Additionally, 
emerging paradigms including graph neural 
networks and self-supervised learning address 
challenges related to data structure and labeling. 
Despite these advancements, issues such as data 
imbalance, interpretability, and computational 
complexity remain critical challenges requiring 
further research. 
 
Discussion 
The rapid advancement of deep learning 
techniques has significantly transformed the 
landscape of automatic seizure detection using 
EEG signals. Modern architectures demonstrate 
remarkable improvements in accuracy, 
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robustness, and scalability compared to 
traditional methods. However, several 
challenges persist that limit their practical 
deployment in clinical environments. One of the 
primary concerns is the lack of large, high-
quality annotated datasets, which restricts the 
training and validation of complex models. Data 
imbalance between ictal and interictal states 
further complicates model performance, often 
leading to biased predictions. Additionally, deep 
learning models are inherently complex and lack 
interpretability, which raises concerns in clinical 
decision-making where transparency is 
essential. Computational complexity and energy 
consumption also pose challenges for real-time 
and edge-based applications. Although 
lightweight models and optimization techniques 
have been proposed, achieving an optimal 
balance between performance and efficiency 
remains an open problem. Furthermore, inter-
patient variability in EEG signals limits the 
generalization capability of existing models. 
Future research should focus on developing 
explainable, efficient, and generalizable models, 
as well as leveraging emerging techniques such 
as federated learning and domain adaptation to 
address these challenges. 
 
Conclusion 
Automatic seizure detection using multi-channel 
scalp EEG has made remarkable progress over 
the past decade, largely due to advancements in 
machine learning and deep learning techniques. 
This review highlighted a wide range of 
approaches developed to differentiate between 
ictal and interictal states, with a strong focus on 
optimized learning architectures. Early methods 
based on handcrafted features and traditional 
classifiers established a solid foundation but 
struggled to capture the complexity of EEG 
signals. The introduction of deep learning 
enabled data-driven models to automatically 
learn hierarchical features from raw data, 
significantly improving detection accuracy and 
robustness. Convolutional neural networks have 
been particularly effective in extracting spatial 
patterns, while recurrent neural networks and 
transformer-based models excel at capturing 
temporal dependencies. Hybrid architectures 
that integrate these models have shown 
superior performance. Furthermore, 
optimization strategies such as attention 
mechanisms, transfer learning, and 
reinforcement learning have enhanced 
efficiency and generalization. 
Despite these advancements, several challenges 
persist. Issues such as data imbalance, noise, 
and inter-patient variability continue to impact 
performance. The limited interpretability of 

deep learning models restricts their clinical 
adoption, where transparency is essential. 
Additionally, high computational requirements 
hinder real-time implementation in resource-
constrained settings. Future research should 
prioritize explainable, efficient, and scalable 
models. Approaches like federated learning, 
domain adaptation, and multi-modal data 
integration, combined with edge computing, can 
improve generalization and practicality. These 
developments hold strong potential to advance 
epilepsy diagnosis and management. 
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