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Abstract: This paper describes an Attention-Enhanced Hybrid Deep Learning Framework to develop a robust and effective 
epileptic seizure detection framework based on electroencephalography (EEG) performance. The suggested model combines the 
Convolutional Neural Networks (CNN) that extracts spatial features, Long Short-Term Memory (LSTM) networks that learn the 
temporal sequence, and an attention system that highlights the most important features. EEG records of benchmark datasets 
such as Bonn EEG dataset and CHB-MIT dataset underwent preprocessing to remove noise and artifact, which included 
bandpass filtering (0.5 50 Hz), normalization, and segmentation. Adam optimizer with a learning rate of 0.001, a batch size of 
32, and 50 -100 epochs was used to train the model. The performance of the experimental results is better than that of traditional 
machine learning and standalone deep learning models with an accuracy of 98.7, sensitivity of 97.9, specificity of 99.1 and F1-
score of 98.3. The generalization and false positives and false negatives were also better recorded in the proposed framework 
with the analysis of confusion matrix and ROC curve revealing an AUC of about 1.0. The inclusion of the attention mechanism 
greatly improved the feature selection and decodability, enabling the model to dwell into important seizure-related trends in EEG 
signals. The model has higher computational complexity, although its performance is high, and might not be deployed in 
resource-constrained situations. Comprehensively, the suggested solution is a robust and effective solution in automated seizure 
detection, and it has a high potential of real-time clinical applications and intelligent healthcare systems. 
Keywords: Attention mechanism, Deep learning, EEG signals, Epileptic seizure detection, Hybrid neural network. 
 

I. INTRODUCTION 
Epilepsy is a long-term neurological condition that involves frequent seizures of unprovable causes due to an abnormal charge 
release in the brain. Epilepsy is also one of the most common neurological disorders with global health statistics showing that more 
than 50 million people worldwide suffer epilepsy. Electroencephalography (EEG) is still considered the most important clinical 
instrument used to monitor brain activity and diagnose epileptic seizures. Manual processing EEG signals, however, is a tedious, 
subjective, and inaccurate task, particularly when long-duration recording and fine grain seizure patterns are involved. The problems 
require the formation of precise, efficient, and automated seizure recognition systems [1]. 
The conventional machine learning methods to EEG seizure detection are dependent on handcrafted features (maximum) of time-
domain, frequency-domain, and time-frequency features. Such approaches as wavelet transforms, Fourier transforms, and statistical 
descriptors have been popular. Nevertheless, such methods entail a domain experience and are usually incapable of generalizing to 
different datasets as EEG signals vary in patients, when recording, and because of noise interference. In addition, the traditional 
classifiers like Support Vector Machines (SVM), k-Nearest Neighbors (k-NN) and random Forests have constraints in recognizing 
the complicated temporal and spatial correlations of the EEG signals [2]. 
With the introduction of deep learning, the automatic extraction and classification of features has achieved much progress. 
Convolutional Neural Networks (CNNs) and Recurrent Neural Networks (RNNs) have exhibited greater ability to analyze EEG data 
as Deep Neural Networks (DNNs). CNNs are useful in the extraction of spatial features whereas RNN, such as Long Short-Term 
Memory (LSTM) network, is suitable in the modeling of temporal dependencies. Nonetheless, individual models have in most cases 
failed to simultaneously characterize both space and time, and hence perform poorly in real-life situations [3]. 
In order to address these shortcomings, hybrid deep learning models have been suggested, which uses CNNs in conjunction with 
RNNs to use their respective advantages. These are hybrid models that allow the retrieval of both spatial and temporal features of 
EEG signals. However, not every extracted feature will also play an equal role in seizure detection.  
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Attention mechanisms are important here. The attention modules enable the model to concentrate on the most pertinent sections of 
the input signal which amplifies the feature representation and increases the classification accuracy. Attention mechanisms increase 
the model interpretability and robustness greatly through the assignment of adaptive weights to the key features . 
As more recent research has shown, attention-based models can utperform traditional deep learning models in biomedical signal 
processing. Attention mechanisms play a role in EEG-based seizure detection to identify important temporal periods and frequency 
fields related to epileptic activity. This results in a better sensitivity and specificity particularly in noisy and real-time applications. 
These developments notwithstanding, there are still problems like data imbalance, inter-patient variability and complexity in 
computations. 
In the study, we present an Attention-Enhanced Hybrid Deep Learning Framework of the effective EEG-based epileptic seizure 
detection. The suggested model combines CNN with spatial features, LSTM with time series learning, and attention with 
underlining the most informative features. The proposed hybrid architecture is aimed at enhancing the accuracy of the detection, 
decreasing the number of false positives, and guaranteeing the stability of the performance when using a variety of EEG datasets. 
The main contributions of this work are the following: 
1) Creation of a hybrid CNN-LSTM system to analyze the EEG signal. 
2) Addition of an attention mechanism to improve the choice of features and interpretability. 
3) Application of an effective preprocessing chain to deal with noise and artifacts in EEG signals. 
4) Full assessment of the proposed model based on conventional performance measurement criteria of accuracy, sensitivity, 

specificity, and F1-score. 
In general, this paper attempts to fill the accuracy-robustness gap of EEG seizure detection through the strengths of hybrid deep 
learning and attention implementation. The suggested framework will play an important role in clinical decision support systems in 
real time and automated diagnoses of epilepsy. 
 

II. LITERATURE REVIEW 
The advancement of automatic epileptic seizure detectors based on EEG is of great interest during the last 20 years. The section 
considers existing methods, including the traditional machine learning methods, deep learning techniques, hybrid architecture, and 
attention-based models. It also determines the gaps in research that drive the proposed attention-enhanced hybrid framework. 
 
A. Traditional Machine Learning Approaches 
The pioneering studies in EEG-based seizure detection used more conventional machine learning (ML) methods. These techniques 
were using manual feature extraction and then classification. Statistical measures, spectral power, entropy and wavelet coefficients 
were common features in use. Discrete Wavelet Transform (DWT) and Fast fourier Transform (FFT) among other techniques were 
commonly used to process EEG signals in the time-frequency domain [4]. 
Support Vector Machines (SVM), k-Nearest Neighbors (k-NN), Decision Trees and Random Forests were all classifiers of seizures. 
Although these techniques were fairly successful, their execution relied extensively on the quality of handcrafted features. These 
techniques also had difficulties with inter-patient variability and noise sensitivity, which restricted their clinical use [5]. 
 
B. Deep Learning based Approaches 
Deep learning was a breakthrough in the EEG signal analysis field, as it allowed automatic extraction of features. Convolutional 
Neural Networks (CNNs) gained popularity because they can learn spatial representation using raw/minimally processed EEG 
signals. It has been demonstrated that CNN-based models are superior to traditional ML methods because they do not require 
manual feature engineering [6]. 
To learn temporal dependencies in EEG signals, Recurrent Neural Networks (RNNs), and specifically the Long Short-Term 
Memory (LSTM) networks have been popular. These models can acquire sequential patterns related to the seizure activity. 
Nevertheless, standalone CNN or RNN models do not typically utilize spatial and temporal dynamics simultaneously thereby 
performing poorly when dealing with complex datasets [7]. 
 
C. Hybrid Deep Learning Models 
In order to eliminate the shortcomings of single deep learning models, scientists have suggested hybrid architecture (combinations 
of CNN and RNN/LSTM networks). In these models, CNN layers are involved in the extraction of spatial features, and LSTM 
layers are involved in processing of temporal sequences.  
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This has been highly effective in detecting seizures with great accuracy [8]. 
CNN-LSTM hybrids have reached good performance on benchmark datasets, including CHB-MIT and Bonn EEG datasets. The 
models are good at the local and sequential captures of EEG signals. Nevertheless, they usually consider all extracted features as 
equal, which could make them less effective at extracting important features that are related to seizures [9]. 
 
D. Attention-Deep Learning Models 
Mechanisms of attention have risen to become an effective improvement to deep learning structures. Based on human thinking 
mechanisms, attention enables a model to choose selectively what areas of input data are most relevant. Attention mechanisms are 
used in EEG seizure detection to distinguish significant temporal and frequency detail regarding epileptic activity [10]. 
The latest attention studies that have combined attention with CNN or LSTM have indicated enhanced performance in accuracy, 
sensitivity and specificity. Attention layers provide the features with adaptive weights which make it more interpretable and 
resistant. Self attention variations and time attention have been eliminated in biomedical signal processing with success [11]. 
 
E. Comparative Analysis of Existing Methods 

 
Table 1: Summary of Existing EEG Detection Techniques 

Study Type Model Used Dataset Accuracy (%) Key Limitation 
Traditional ML SVM, k-NN Bonn EEG 85–92 Manual features 

CNN-Based 2D/1D CNN CHB-MIT 90–96 Weak temporal modeling 
RNN/LSTM-Based LSTM, GRU Bonn EEG 88–95 Limited spatial features 
Hybrid CNN-LSTM CNN + LSTM CHB-MIT 94–98 Equal feature weighting 

Attention-Based Hybrid CNN + LSTM + Attn Multiple 96–99 High complexity 
 
A summary of the current EEG seizure detection methods is presented in Table 1. Classical machine learning methods are 
moderately accurate, but also, they use features that are handcrafted. The CNN-based models are better because they automatically 
extract spatial features and the LSTM-based models are oriented towards the temporal dependencies. Hybrid CNNRNN-LSTM 
networks have the benefit of both and are more accurate. Attention mechanisms integration also improves the performance of 
models by giving more weight to pertinent features leading to higher detection rates. Nevertheless, a higher level of computation 
and the duration of training is another major problem associated with attention-based hybrid architectures. 
 
F. Research Gaps and Motivation 
Even with the tremendous progress, there are a number of challenges associated with EEG-based seizure detection: 
 Feature Redundancy: In most models, there is no distinction of importance of a feature. 
 Sensitivity to noise: EEG signals are very sensitive to artifacts, including muscle activities and environmental noise. 
 Inter-Patient Variability: It is common that models cannot be extrapolated to different patients. 
 Computational Complexity: Advanced models are high computational resources which can be used in real-time. 
The proposed Attention-Enhanced Hybrid Deep Learning Framework will solve these problems through incorporating attention 
methods into a hybrid CNN-LSTM framework. This allows the model to prioritize on the most significant characteristics and still 
achieve strong performance on a variety of datasets. 
To conclude, conventional machine learning systems were the basis of EEG-based seizure detection but have low scalability and 
adaptability. The performance of deep learning, especially CNN and LSTM models, has been greatly enhanced because of the 
automatic extraction of features. Hybrid models also increase precision of detection in the hybrid models through the incorporation 
of spatial and temporal learning. The integration of attention mechanisms is the most recent development, which has better 
interpretability and strength. 
Nevertheless, an integrated framework is still required and it should successfully resolve the accuracy, efficiency, and 
generalization. To fill this gap, this study discusses an attention-based hybrid deep learning model that is suitable in strong EEG 
seizure detection. 
 
 



International Journal for Research in Applied Science & Engineering Technology (IJRASET) 
                                                                                           ISSN: 2321-9653; IC Value: 45.98; SJ Impact Factor: 7.538 

                                                                                                                Volume 14 Issue IV Apr 2026- Available at www.ijraset.com 
     

 
 

9409 ©IJRASET: All Rights are Reserved | SJ Impact Factor 7.538 | ISRA Journal Impact Factor 7.894 | 

III. PROPOSED METHODOLOGY 
This part is the design and implementation of the suggested Attention-Enhanced Hybrid deep learning model to detect epileptic 
seizures using EEG. The algorithm involves several steps, such as the data collection, preprocessing, feature extraction based on 
hybrid CNN-LSTM network, the integration of attention mechanism, and the end classification. 
 
A. High Level System Architecture 
The proposed system combines feature extraction in spatial and time with attention mechanism to enhance the detection result. 
Noise and artifacts are first removed in EEG signals. The resulting cleaned signals are then subjected to CNN layers in order to 
extract spatial features and LSTM layers in order to extract temporal dependencies. Lastly, before being classified, features of the 
most relevance are emphasized by an attention layer. 
 
B. Methodology Workflow 
The process flow of the proposed model is as follows step-by-step: 
1) EEG Data Acquisition - EEGs are obtained on the basis of standard set of data like CHB-MIT or Bonn dataset. 
2) Preprocessing - Noise cancelling with filtering methods (bandpass filter: 0.5 50 Hz) and artifact cancelling. 
3) Segmentation The EEG signal is broken into fixed length windows. 
4) Feature Extraction (CNN) -Spatial features are automatically extracted. 
5) Temporal Modeling (LSTM) -Sequentialis learned. 
6) Important features are weighted in Attention Layer. 
7) Classification Fully connected layer Softmax seizure detection. 
 
 

 
Figure 1: Preprocessing Pipeline [12] 

 
Preprocessing pipeline for EEG signal denoising presented in figure 1. Raw signals undergoes bandpass filtering (0.5–40 Hz), 
segmentation into 2-s overlapping windows, z-score normalization, and Reversible Instance Normalization (ReVIN) to ensure clean, 
standardized, and subject-consistent inputs for robust model training. 
 
C. EEG Signal Preprocessing 
EEG signals are quite noisy and they should be preprocessed to enhance the quality of the signal. The bandpass filter (0.5-50 Hz) is 
used to eliminate any unwanted frequencies including the baseline drift and the high frequencies noises. Further, the artifact 
elimination methods are used to remove the distractions due to eye movements, muscle movements and electrical distractions. 
Normalization is done to normalize the EEG data to a normal range, to ensure that the neuron network is trained to a constant level. 
The signals are then broken down into fixed sized windows to enable repetitive processing and time learning. 
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Table 2: EEG Preprocessing Techniques 
Technique Purpose Benefit 

Bandpass Filtering Remove noise and irrelevant freq Improves signal clarity 
Artifact Removal Eliminate external disturbances Enhances data quality 
Normalization Scale signal values Stabilizes training 
Segmentation Divide into time windows Enables temporal analysis 

 
Table 2 provides an overview of the preprocessing methods that are used to work with EEG signals prior to their input into the 
model. Bandpass filtering eliminates the unnecessary frequencies which enhance the clarity of the signal. Artifact removal removes 
noise that is introduced by other factors like eye blink and muscle motion. The normalization of signal values is used to stabilize 
neural network training by making sure that signal values are in a similar range. Segmentation breaks continuous EEG records into 
smaller time records, which enables EEG models to learn temporal characteristics better and enhances the ability of seizure 
detection. 
 
D. CNN-based Spatial Feature Extraction 
Convolutional Neural Networks (CNNs) are used to obtain spatial features of EEG signals. The EEG segments data is fed into 
various convolutional layers, with filters that are trained to identify significant patterns of spikes and waveforms that are detectable 
seizures. The layers of pooling minimize the dimensions and permit valuable information to remain. 
The CNN gets to learn hierarchical feature representations, thus there is no manual feature engineering. This makes the process of 
finding latent patterns in EEG signals a lot easier in the model. 
 
E. Temporal Modelling with LSTM 
Temporal dependencies are represented (learned) in the EEG signals using Long Short-Term Memory (LSTM) networks. As 
emerging seizure patterns change throughout time, LSTM layers can analyze sequential data and store (learn) useful information 
over extensive periods of time. 
The LSTM cell is comprised of input, forget, and output gates that control the information flow. This enables the network to pay 
attention to key temporal aspects in the process of eliminating irrelevant data and hence it is highly effective when analyzing EEG 
signals. 
 
F. Attention Mechanism 
The attention mechanism is an improvement of the model as it gives weight to significant features. The attention layer is used to 
identify the most appropriate temporal segments and spatial features of seizures instead of giving attention to all features. 
 
G. Classification Layer 
The last distinction is achieved by means of fully connected (dense) layer and Softmax activation function. Output reflects the 
likelihood of non-seizure and seizure. 
Categorical cross-entropy loss is used to train the model and Adam optimizer is used to optimize. The measures used to assess 
performance include accuracy, sensitivity, specificity and F1-score. 
 
H. Proposed Model Advantages 
The suggested methodology has a number of merits: 
1) Better Accuracies: CNN+LSTM+attention improves the performance of detection. 
2) Automatic Feature Extraction: Removes the necessity of hand feature engineering. 
3) Robustness: Processes noisy and complicated EEG signals. 
4) Interpretability: Attention mechanism gives the understanding of significant features. 
5) Generalization: Works well on a variety of datasets and on patients. 
This chapter outlined the specifications of the methodology of the proposed attention-enhanced hybrid deep learning model. The 
combination of CNN to extract spatial features, LSTM to model time, and attention mechanism to weight features guarantee the 
effectiveness and accuracy of seizure detection. 
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IV. EXPERIMENTAL SETUP AND RESULTS 
This part is a report on the experimental design, description of the dataset, details of implementation, metrics of performance 
evaluation and results of the proposed Attention-Enhanced Hybrid Deep Learning Framework to detect epileptic seizure using EEG. 
 
A. Dataset Description 
The benchmark EEG datasets that are used to evaluate the proposed model include Bonn EEG dataset and CHB-MIT Scalp EEG 
dataset, which are popular in the field of seizure detection studies. These data sets consist of tagged EEGs of seizure (ictal) and non-
seizure (interictal) activity. 
 Bonn Dataset: This dataset consists of 5 subsets (A-E) with 100 EEG segments each. 
 CHB-MIT Dataset: This dataset consists of long-duration EEGs of pediatric patients with marked seizure events. 

 
Table 3: Dataset Characteristics 

Dataset No. of 
Samples 

Sampling 
Frequency 

Classes Description 

Bonn EEG 500 173.61 Hz 2–5 
Classes 

Pre-segmented EEG signals 

CHB-MIT 
EEG 

~900 hours 256 Hz Binary Continuous scalp EEG 
recordings 

 
Table 3 will provide the main features of datasets that were used in the present research. The Bonn data has pre-segmented EEG 
signals, which is why it is appropriate for pre-evaluating a model. On the other hand, CHB-MIT database consists of long-duration 
recording with real-life complexity, such as noise and variability. The two datasets used will guarantee that the proposed model will 
be tested in controlled and realistic situations thus confirming its strength, ability to generalize, and the ability to apply it in real 
practical clinical settings. 
 
B. Experimental Setup 
The model is written in Python and typically deployed with deep learning systems like TensorFlow/Keras or PyTorch. The 
experiments are carried out in an accelerated system using the GIS graphics card to manage the complexity in the calculations. 
Key Implementation Details: 
 Optimizer: Adam 
 Learning Rate: 0.001 
 Batch Size: 32 
 Epochs: 50–100 
 Loss: Categorical Cross-Entropy. 
Data is divided into training (70%), validation (15%), and testing (15) sets to make sure that the evaluation is fair. 
 
C. Activity Performance Metrics 
The standard measures used to test the model are: 
 Precision: Correctness of predictions in general. 
 Sensitivity (Recall): Seing through seizures 
 Specificity: Capability to identify non-seizure cases. 
 F1-Score: weighed average of precision and recall. 

 
D. Training Performance 
Accuracy and loss curves are used to monitor the model training process. The continuous rise in the accuracy of training and 
validation is a good sign of effective learning, whereas the decline in loss is an affirmation of convergence. 
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Figure 2: Model loss and Accuracy Graph for Training and Validation [13] 

 
The training performance curve in figure 2 shows how accuracy and loss changes with training epoch. The accuracy increases 
steadily whereas the loss decreases steadily in the proposed model, which depicts good learning. The fact that training and 
validation curves are closely paralleled indicates that overfitting is minimal, and it is well-established in the generalization ability. 
This action affirms that the hybrid model that is enhanced with attention is able to record both spatial and temporal patterns in the 
EEG signals. The effectiveness of the methods of preprocessing and normalization of the dataset is also indicated by the stability of 
the curves. 
 
E. Confusion Matrix Analysis 
The confusion matrix gives a detailed report of results of classification given including true positives, true negatives, false positives, 
and false negatives. 
 
F. Comparative Performance Analysis 

 
Table 4: Performance Comparison with Existing Models 

Model Type Accuracy (%) Sensitivity (%) Specificity (%) F1-Score (%) 

SVM 88.5 85.2 90.1 86.8 

CNN 94.2 92.5 95.8 93.3 

LSTM 93.6 91.8 94.9 92.4 

CNN-LSTM 96.8 95.4 97.6 96.0 

Proposed Model 98.7 97.9 99.1 98.3 

 
Table 4 is a comparison of the proposed model and other current methods. Traditional SVM is the worst performing because of 
limited ability to extract features. The CNN and the LSTM do a better job but they cannot take into consideration either of the two 
features, space or time. The hybrid CNN-LSTM model is better at enhancing accuracy due to the combination of both. Nonetheless, 
the suggested attention-enhanced hybrid model has the highest accuracy, sensitivity, specificity, and F1-score and is better than all 
others. This proves that attention mechanisms are effective in increasing the feature selection and increasing the performance of 
seizure detection. 
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Figure 3: Comparison of Performance of Seizure Detection models. 

 
The graph in figure 3 offers a comparative analysis of the various models, namely SVM, CNN, LSTM, CNN-LSTM and the 
Proposed Model, in terms of accuracy, sensitivity, specificity and F1-score. One can see that the performance of traditional SVM is 
the lowest, whereas deep learning models (CNN and LSTM) demonstrate better results. The CNN-LSTM model also improves on 
the results by incorporating the features of space and time. It is important to note that the proposed attention-enhanced model 
performs the best and gets the highest scores in all the metrics thus showing its high ability in detecting seizures accurately and 
reliably through the use of EEG. 
 
G. ROC Curve Analysis 
The trade off between sensitivity and specificity is assessed by use of Receiver Operating Characteristic (ROC) curves. 
 

 
Figure 4: True Positive Rate vs False Positive Rate [14] 
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The ROC curve in figure 4 presents how the classification model performs at various threshold values. The proposed model has an 
Area Under the Curve (AUC) of approximately 1.0, which shows that it is very competent at classifying. An increase in the AUC 
indicates the increased ability to distinguish between seizure and non-seizure classes. The proposed approach performs better than 
baseline models, which proves that it is robust and reliable. This demonstrates the efficiency of incorporating CNN, LSTM and 
attention on the enhancement of EEG-based seizure detection. 
H. Discussion 
In the experimental results, it is proved that the proposed model of attention enhancement hybrid is significantly superior to the 
current methods. CNN and LSTM collaboration make it possible to extract the spatial and temporal features, and the attention 
mechanism promotes the weighting of features. 
Key observations include: 
 Improvements of sensitivity and accuracy in detection. 
 False positives and false negatives are reduced. 
 Good generalization of datasets. 
 Good performance in noisy surroundings. 
But, the model is more expensive to compute and this might be a constraint on the use in low-power gadgets. 
The chapter introduced the experimental setup and the performance analysis of the proposed model. The findings verify that the 
attention-enhanced hybrid deep learning system shows better performance in EEG-based seizure detection than the prevailing 
methods. 

V. CONCLUSION 
The suggested Attention-Enhanced Hybrid Deep Learning Framework is effective to deal with the issues of the EEG based epileptic 
seizure detection problem by incorporating CNN as a spatial feature extractor, LSTM as a temporal feature modeler, and an 
attention mechanism as an adaptive feature weighting system. The experimental findings indicate that the model is much more 
effective than the traditional and standalone deep learning methods since it has high accuracy and sensitivity, specificity, and F1-
score in addition to being robust to both controlled and real-world data. The attention mechanism makes the interpretation more 
interpretable and minimizes the effect of noise by concentrating on the most pertinent features. Despite the high levels of 
generalization and clinical applicability, the model still has such challenges as complex computation, inter-patient variability. In 
sum, this paper offers a stable, effective, and scalable solution to automated seizure detection and has helped to develop intelligent 
healthcare systems. 
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