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AbstractSharmi 

Deep Learning models’ applicability to the prediction and classification of EEG-seizures has certainly been a 

challenge to researchers and academia. This paper examines the relation of deep learning approaches and 

the decoding of seizure events building upon the vast amount of empirical data present in the EEG recordings 

of the epilepsy patients. We are able to discover several prospects of using deep learning in seizure prediction 

models by understanding the aspects of signal processing, classification accuracy, and clinical relevance. Our 

conclusions point out that more than deep learning model accuracy is needed to implement effective systems 

integration. Approaches to solve these problems used by successful models in EEG of patients are useful 

recommendations for both scientists and practitioners. The paper focuses on the practical advice concerning 

the best ways to employ deep learning techniques to the problem of seizure prediction and classification based 

on EEG data and ultimately improving the efficiency of the treatment of patients suffering from epilepsy. 
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1. Introduction 

Machine learning and deep learning methods have 

quickly been developed in the analysis of 

Electroencephalography (EEG) signals. The EEG is 

a non-invasive passive technique conducted only to 

detect and record electric impulses of the brains. 

Because of the wide use in diagnosing neurological 

conditions, including epilepsy, sleep-related problem 

and cognitive impairments, research in EEG has 

become popular in these areas (Briar et al., 2023). 

However, analysis of the neurological data such as 

the one captured by an EEG is complex due to its high 

dimensionality, noise, and inter subject variability. 

Fourier transforms and the wavelet analysis have 

been some of the traditional procedures which have 

been used in the processing of EEG signals. Research 

analyses conducted have had major emphasis put in 

feature extraction and classification processes for 

machine learning models like support vector 

machines and decision tree (Rajan, P, 2023). In rare 

cases, these methods appear to be efficient, whereas 

in the majority of applications, it is unable to model 

complex and temporal relations intrinsic within EEG 

signals and, in addition, gives poor performance 

within any tasks involving seizure prediction and 

mental workload assessment or other cognitive states 

monitoring [1]. To make these techniques applicable 

in the real world, utilization of deep learning methods 

appears promising; mainly Convolutional Neural 

Networks and Recurrent Neural Networks. Deep 

learning models have the advantage of learning 

hierarchical feature representation of EEG signals 

from raw data and can be used to improve the 

accuracy and coverage of learning across tasks and 

disciplines.-Briar et al. 2023.Due to the capability 

provided by deep learning to analyse spatial and 

temporal aspects of EEG effectively, it can be utilized 

in more dynamic modelling of brain activity, thus 

providing better solutions for BCI systems, 

neurological disorders identification systems, and 

cognitive state capture techniques (Rajan, P, 2023). 

Nonetheless, EEG often includes sophisticated 

models, and training them using such advanced 

techniques is still challenging. Some of these critical 

issues are especially the fact that large amounts of 
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well annotated datasets and deep learning models' 

complexities with their understanding and 

deployment in clinical situations pose (Birari et al, 

2023). Moreover, the enabling multi-modal 

networks, as in the case of couplings of EEG with 

FMRI or other masses or physiological signals, 

brings forward some additional limitations that have 

to be pinpointed in order to make future strides. 

Recent advances in deep learning have improved the 

interpretation of EEG signals by providing more 

precise and efficient methods for a large number of 

applications, including brain-computer interfaces, 

mental state tracking, and epilepsy diagnosis (Birari 

et al., 2023; Rajan, P. ib., 2023). Such approaches, 

however, remain limited by traditional reliance on 

hand-crafted inference combined with machine 

learning because of complexity and lack of 

predictiveness in the EEG signal. Deep learning 

approaches, including convolutional neural networks 

and recurrent neural networks, hold promise because 

they can enhance model performance, learn pertinent 

features from raw EEG data, and have universal 

capabilities. The present work explores and expands 

on the existing developments on the application of 

deep learning models to the problems of noise, little 

data, and real-time processing in EEG, shown in 

figure 1.  

 

 
Figure 1 Pie Chart 

 

This pie chart represents the relatives using diverse 

deep learning techniques for analysing EEG signals, 

indicating their geographical area. CNN has 35%. 

This is because it boasts a high success rate in 

extracting spatial features and discovering patterns 

from EEG signals in large chunks of data. RNNs are 

applied in 25% usage. Their flexibility in object 

manipulation and adherence to the physical world 

explain why they are best suited to tasks like time 

distribution. Auto encoders, at 20%, are applied to 

reduce the dimensionality and unsupervised learning. 

They are helpful in bringing out the representative 

content from raw EEG data. GANs are applied in 

10% of the applications. It produces synthetic EEG 

data that is useful in improving training data and 

solving random problems. Transformers again share 

10%. It is a useful tool that captures relationships in 

the EEG signals by using tracking techniques and 

ways to increase their potential. Generally, CNNs and 

RNNs take the lead on the basis of their performance 

in spatial and temporal processing. Other capabilities 

are supplemented by auto encoders and GANs 

especially in data augmentation and feature 

extraction. While the capability of Transformers may 

seem small, they paved the way for the high-

innovative technology of EEG analysis [2]. 

2. Literature and Review 

“Deep Learning for Electroencephalogram (EEG) 

Classification Tasks: A Review “by Alexander Craik 

- This paper offers a detailed systematic review of the 

literature pertaining to the deep learning methods in 

the classification of EEG signals. The work is based 

on systematic review of 90 studies procured from 

databases like Web of Science and MEDLINE 

focusing of various EEG tasks such as emotion or 

motor imagery or mental workload or event and 

seizure detection or sleep scoring. The authors argue 

that CNNs, RNNs and DBNs outperform the 

previously more popular multilayer perceptron’s and 

auto encoders in informational separation of the data 

for supervised classification. This paper highlights 

tasks pertaining to pre-processing, input formulation 

and deep learning architectures with specific 

instructions for the best results for the tasks. The 

objective is also to integrate these trends with the 

guidance on settings of hyper parameters in order to 

ease the future incorporation of the deep learning 

technology into EEG analysis making the EEG-based 

systems more efficient and user-friendly. "Deep 

Learning Enabled Automatic Abnormal EEG 
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Identification “by Subhrajit Roy – This paper talks 

about the utilization of deep learning techniques to 

automatically identify EEG data as either being 

normal or abnormal. With this, the research used 

various pre-processing techniques coupled with 

machine learning algorithms wherein their 

performance is compared as well [3]. It introduces a 

new data augmentation technique and compares 

against traditional machine learning algorithms and 

very modern deep neural networks in its approach. 

The results show that modern deep gated recurrent 

networks achieve better performance than previously 

reported results. The goal of the proposed study is to 

improve the quality of patient care by reducing time 

to diagnosis and minimizing errors due to human 

intervention with automated EEG analysis. “Deep 

learning-based electroencephalography analysis: a 

systematic review “by Yannick Roy - This paper is a 

comprehensive systematic review of deep learning 

applications in the analysis of 

electroencephalography. It covers 154 studies 

published between 2010 and 2018, exploring the use 

of deep learning for various EEG-related tasks, such 

as epilepsy detection, sleep staging, brain-computer 

interfaces, and cognitive monitoring. Key findings 

show a trend towards inter-subject generalization and 

use of publicly available datasets, where CNNs are 

the most common architecture. The review 

emphasizes the potential of deep learning to simplify 

traditional EEG processing pipelines by learning 

features directly from raw data but also notes 

significant reproducibility challenges due to the lack 

of open data and code. Some recommendations for 

better reproducibility and future research directions 

are proposed to advance the field. "Analyzing EEG 

Data with Machine and Deep Learning: A 

Benchmark “by Danilo Avola - This paper evaluates 

the performance of the different models of machine 

and deep learning models for the classification of 

EEG signals. It used four models: MLP, CNN, 

LSTM, and GRU. Among the latter, CNN showed the 

maximum accuracy to be 90.4%, and it was followed 

by MLP to be at 85.2%. The paper points out the 

importance of model selection for the analysis of 

EEG data and CNNs as particularly useful for this 

task. "Deep Learning in EEG: Advances of the Last 

Ten-Year Critical Period “by Shu Gong – This paper 

reviews the tremendous progress of applying deep 

learning techniques in the analysis of EEG signals 

over the last decade. The integration of different deep 

learning models, including Convolutional Neural 

Networks (CNNs), Recurrent Neural Networks 

(RNNs), and Auto encoders, into EEG-based 

applications such as brain-computer interfaces (BCI), 

disease detection, emotion recognition, and sleep 

stage classification are highlighted. The paper 

discusses key challenges such as variability in EEG 

signals, the need for large datasets, and adaptation of 

models to EEG-specific characteristics. It also 

provides future directions, including transfer 

learning, multimodal data fusion, and dynamic model 

adaptation, to improve EEG classification 

performance and understanding of brain functions. 

The survey, therefore, serves as both a retrospective 

analysis and a guide for future research in this 

evolving field. "Deep Learning with Convolutional 

Neural Networks for EEG Decoding and 

Visualization “by Robin Tibor Schirrmeister - This 

study focused on using ConvNets to analyze EEG 

signals in order to decode and visualize brain activity. 

ConvNets can achieve higher or at least equal 

performance without manual feature extraction, 

according to the paper's comparison of ConvNets 

with conventional EEG decoding techniques, 

including FBCSP. Many ConvNet architectures are 

developed, new training methods like cropping are 

introduced for improved decoding accuracy, and new 

visualization techniques are developed to interpret 

how ConvNets might be using the EEG feature—in 

this case, the spectral power of alpha, beta, and 

gamma frequencies—to produce a better sense of 

brain mapping [4]. 

3. Method  

This research uses deep learning technology to 

analyze electroencephalogram data to improve the 

accuracy and reliability of the model for service 

processing such as epilepsy diagnosis, case studies, 

and psychological assessments. This method includes 

data collection, prioritization, model design training 

and evaluation. Data collection EEG data are 

collected from public databases such as CHBMIT 

dataset for epilepsy diagnosis and SEED dataset for 
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curiosity [5]. The data consist of multichannel EEG 

recordings at 256 Hz, each of which contains 

recorded events corresponding to a psychotic 

epileptic state. Data Preprocessing EEG signals are 

often noisy and subject to artifacts, which may reduce 

the accuracy of deep learning models The 

preliminary steps include:- *Filter:  Use a band pass 

filter (0.550 Hz) to remove high frequency and low 

frequency noise. 2 seconds epoch for better training. 

*Artifact Removal: Electronic Artifact Analysis 

(ICA) is used to eliminate artifacts such as eye blinks 

and muscle movements. Deep Learning Models: The 

research investigates 3 deep learning models 

Convolutional Neutral Networks (CNN): CNNs are 

used to detect areas in the EEG data structure. The 

model has several convolutional layers to extract high 

level features, followed by max pooling layers. The 

entire connected layer at the end of the model is used 

for classification. Short term memory (LSTM) 

network is a type of RNN used to model long term 

temporal patterns in data. The combination method 

first uses CNN to extract spatial features, and then 

uses LSTM to learn the physical parameters of EEG 

signals. Model training: Train the model using back 

propagation algorithm and Cross Entropy Loss 

Function for task classification. Optimization was 

done using Adam optimizer with training value 

starting from 0.001. Training is performed 50-100 

times depending on the model architecture and 

dataset size. Dropout layers and trusted data are used 

to avoid overfitting. For RNN: 0.001 , 0.0005 Epoch: 

50-100-Cross-validation: Use 5-fold cross-validation 

to evaluate the generalization ability of the model. 

Metrics measurement, other model performance 

metrics use the following metrics:-Accuracy: The 

proportion of correct predictions from the model. The 

metrics provide a detailed evaluation, especially 

when the data are not uniform.  Amount ROCAUC : 

Calculate the area under the  receiver operating 

characteristic curve to evaluate the ability of the 

model. Software and tools, this model is used by 

Tensor Flow and Keras library in Python. Use 

NumPy, Pandas and SciPy for data preprocessing and 

analysis. These tests are run on machines equipped 

with GPUs for faster training on demand 

immediately. 

4. Results and Discussion  

4.1. Results  

This part covers pre-processing techniques, deep 

learning-explored EEG classification task domains, 

architecture trends, and case study insights on the 

shared dataset. Recent research has categorized EEG 

activities into six groups with more sporadic trials. 

4.1.1. Emotion Recognition Tasks 

In the emotion recognition task, subjects watched 

videos categorized by emotion and then self-rated 

them this information is used to classify valence 

(positive or negative) and arousal (emotional 

intensity). This approach can be applied to brain 

machine interfaces (BMIs) to facilitate thought 

driven actions and enhance human computer 

interaction, enabling devices to respond to emotion. 

4.1.2. Motor Imagery Tasks 

While motor activity contains information about 

specific muscle movements, EEG data captures the 

brain’s emotional movements. This information will 

be important in creating BMIs that aid mobility, such 

as helping people with paralysis or helping people 

control artificial devices or robotic machines through 

their own processes [6]. 

4.1.3. Mental Workload Tasks 

In the mental health field, EEG is recorded during 

various levels of complex tasks, such as while 

driving, in a simulation simulation, or performing 

various tasks. These activities provide information 

about people's experiences and interactions with 

technology, helping to measure cognitive stress 

levels and monitor BMI performance in response to 

changes in mental health. 

4.1.4. Seizure Detection Tasks 

The mission of seizure research is to record EEG 

signals from epilepsy patients and controls during 

and outside of epilepsy. This goal can help develop 

predictive systems that can detect seizures and 

provide early warnings to patients and caregivers to 

manage seizures. 

4.1.5. Sleep Stage Scoring Tasks 

Sleep stages include EEG data collected each night to 

classify different sleep stages, including stages 1-4 

and REM (rapid eye movement) sleep. The goal is to 

identify sleep patterns without relying on human 

experts to enable effective, large scale sleep 
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monitoring and research. 

4.1.6. Event-Related Potential (ERP) Tasks 

In ERP tasks, subjects respond to stimuli and identify 

EEG patterns resulting from these responses, such as 

the P300 response. These tasks are used, for example, 

in nonverbal communication in patients with poor 

communication and in clean signals for cognitive 

studies [7]. 

4.2. Discussion  

Recommendations for Non-Hybrid Deep Learning 

Architectures Recommendations are made for 

specific deep learning architectures tailored to 

different EEG tasks. These are based on existing 

studies and prevalent trends. Sleep scoring tasks were 

excluded due to the low number of studies and lack 

of consensus [8]. 

4.2.1. Mental Load Tasks 

Deep belief network (DBN) and convolutional neural 

network (CNN) are proposed for mental processing. 

Yin et al. Hajinoroozi et al. showed that DBNs 

outperform auto encoders (SAEs) and even CNNs in 

some cases in detecting brain activity. However, 

differences between CNNs have also been shown to 

be competitive in certain studies, suggesting that they 

have the potential to act as a suitable model for 

emotional intelligence [9]. 

4.2.2. Emotion Recognition Tasks 

Cognitive function with numerous EEG studies 

demonstrate the use of DBNs, CNNs, and Recurrent 

Neural Networks (RNN). When using this shared 

knowledge model, the accuracy of need recognition 

is generally between 87% and 89%, indicating that all 

three building blocks are valid. However, more 

research is needed to determine what is best for 

emotional intelligence, as no consensus has yet been 

reached [10]. 

4.2.3. Motor Imagery Tasks 

CNNs and DBNs are recommended for motor 

function. Direct comparisons between DBNs and 

CNNs are limited, but combinations (e.g., CNN/SAE 

combinations) have been shown to outperform CNNs 

and SAEs. Additionally, CNNs tend to outperform 

RNNs in motor performance, suggesting that CNNs 

are generally better for this type of analysis. 

4.2.4. Seizure Detection Tasks 

CNN and RNN are the popular approaches for 

epilepsy detection tasks. These architectures offer 

near real-time data sharing through epileptic 

searches. For instance, on the Bonn dataset, CNN 

reached 99% accuracy while RNN reached a perfect 

100% accuracy. Although DBN has not yet been 

widely utilized for epilepsy diagnosis, it will be worth 

further investigation as a work to improve its 

performance. 

4.2.5. Event-Related Potential (ERP) Tasks 

CNN and DBN are recommended for ERP projects. 

A study comparing DBN with SAE found that DBN 

performed slightly better. Although CNN 

modifications still perform well in ERP projects, 

direct comparisons with other designs are not 

available, suggesting that further research should 

focus on identifying the best ERP discovery 

architectures. 

4.2.6. Sleep Tasks 

Research on the function of sleep is limited and there 

is no consensus on recommendations. It is difficultto 

recommend designs for sleep related EEG at present 

due to the paucity of studies and the lack of clear 

recommendations [11]. 

Conclusion  

This presentation demonstrates the potential of deep 

learning techniques for analyzing EEG data and 

shows that these techniques can provide more 

accurate and efficient results compared to traditional 

techniques that are always available. Deep learning 

techniques are proposed to provide a way to use these 

techniques, allowing researchers and clinicians to 

gain a deeper understanding of brain function and 

neurological diseases. A new deep learning method 

has been developed that can further improve the 

performance of the framework for EEG data analysis. 

(MEG) can provide more information about brain 

activity. 
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