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Abstract---Epilepsy is a brain disorder with a lifetime prevalence and one of the five persistent disorders of the human nervous system. Seizures are transitory occurrences affected with extreme electrical movements in the neuron systems. Automatic seizure detection process is vital for patients through stubborn epilepsy disorder. In seizure detection, Electroencephalogram (EEG) signals are used as primary data that directly collect physiological, pathological and electrical movements of brain neurons from different patients. However, the manual interpretation of the EEG signal presents vital challenges and is essentially required for enhanced training analysis. Nowadays, Artificial Intelligence (AI) based methodology is used to increase epilepsy detection and achieve optimal performance. But, traditional Deep Learning (DL) methods have failed to capture the complex relation between EEG signals, high computational complexity and privacy limitations. So, this research develops an enhanced transformer module with a Federated Learning mechanism for enhancing Epilepsy seizure detection by EEG signals. Initially, this proposed model develops a pre-processing mechanism named the Improved Kalman-assisted Wavelet Transformer (IKassistWT) model for decreasing noisy background and capturing the effective time-series information. The extract features are passed to the Optimized Triple Attention-assisted Efficient Vision Transformer (OTEffiViT) model for learning significant features to detect epilepsy. Adjusting the hyperparameter that successfully lowers computational complexity utilizing the Oppositional Wombat Optimization Algorithm (OWOA). The weights of this local model are shared with global models, and the weights are processed using the Rényi Entropy mechanism, which incorporates extra noise to prevent patient details. The suggested model performs well in seizure detection and attains accuracy values of 99.23% as well as minimal computational complexity in experimental analysis.
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I. INTRODUCTION
Bio-signal processing is an important research area in the sciences sector that manages illness analysis and predicts disease progression [1]. Currently, fundamental research studies associate the structure of brain alteration and its role in the hunt for neurological disorders like Alzheimer's and Epilepsy seizures [2]. Epilepsy is one of the vital neurological diseases that impacts individuals globally, as stated by the World Health Organization (WHO) [3-4]. Seizures cause unfettered convulsive actions and momentary absence of consciousness that is very destructive to the psychic and mental health of patients [5]. EEG is a non-invasive neurophysiological tool utilized to measure brain electrical activity. In order to capture electrical signals produced by brain neurons, electrodes are applied to the scalp [6]. Conventional epilepsy analysis in clinical settings entails a professional visually inspecting EEG signal records, which is time-consuming as well as intensive. Thus, an automated model that deals with EEG signals is significant to ease and rapid up the detection process. In recent times, Machine Learning (ML) based models have been established for effective analysis through classifying EEG signals [7-8]. Previous dataset like the Bonn dataset, can be very limited and contain various kinds of recordings and patients with diverse conditions [9]. 
Spiking Neural Networks (SNN) are being employed in neuromorphic analysis to detect epilepsy movements because they are energy efficient [10]. In recent years, many Deep Learning (DL) models have enabled automated procedures for capturing critical features, therefore offering considerable feature understandings for the identification of epilepsy in EEG signals [11-12]. Furthermore, DL based Long Short-Term Memory (LSTM) model was utilized to predict seizure or normal patients by using well-gathered datasets [13]. Moreover, the research develops hybrid models that integrate ResNet and Bidirectional LSTM (BiLSTM) models for capturing the temporal dependencies and understanding complex EEG arrangements [14]. However, several works have been completed in epilepsy detection, while they have failed to obtain validation performances and ensure patient confidentiality. 
A. Motivation and Contributions 
Seizure Epilepsy is one of the neurological diseases, which is categorized with a stable tendency to produce regular and unprovoked seizures resulting from irregular electrical movements in brains. EEG data serves as a primary valuable mechanism for analyzing seizures due to its long-range adaptability and suitability for patient analysis. Despite its process, the inherent features of EEG signals contain a low signal-to-noise ratio, vital inter-subject variability and non-stationary that pose substantial limitations for analysis. Standard ML and DL don’t present an effective solution to distinguish the seizure as well as non-seizure movements, while the model obtained poor detection performances. In terms of present effective seizure detection, traditional model training on single servers required the large-scale dataset. However, sharing patients’ information with central servers requires high energy and patient confidentiality challenges. These constraints served as the driving force behind the development of new research projects that incorporate the FL and lightweight transformer module to enhance privacy preservation in real-time applications. This research utilizes the EEG signal to detect the Seizure Epilepsy detection, which can increase performance and a differential privacy mechanism to increase patients’ privacy and reduce the complexity. The key objectives are,
· To provide a privacy-preserving FL technique utilizing hybrid DL models to enhance performance analysis as well as low-edge applications with limited resources.
· To introduce Optimized Triple Attention-assisted Efficient Vision Transformer (OTEffiViT) models for classifying the seizure and normal labels. 
· To provide an Oppositional Wombat Optimization Algorithm (OWOA) for increasing convergence performances and escaping from local optima limitations.
· To create a Rényi entropy technique that adds noise to the trained features to improve patient confidentiality and privacy preservation.
The organization of the research work is presented as follows: Section 2 illustrates the previous related works based on Seizure Epilepsy detection. Section 3 describes an innovative proposed model, its structures, as well as mathematical derivations. Section 4 demonstrates the experimental setup, dataset details, graphical representations and discussion. Section 5 delivers the conclusion with future guidelines. 
II. RELATED WORKS 
In this section, the discussion of previous works based on Seizure Epilepsy detection is presented, which is described as follows:
Wang et al. [15] created a multi-modal learning ability named DistillCLIP-EEG based on the CLIP mechanism that combines text and EEG signal to learn complete features of seizure detections. This model includes an EEG encoder for text process, Learnable Bidirectional Encoder Representation from Transformer (BERT-LP) as prompt learning in encoders. Following the Knowledge Distillation (KD) model, where trained DistillCLIP-EEG acts as the teacher transfer distillation knowledge to the student module, that decrease computational overhead. In this work, four different datasets, namely TUSZ, AUBMC, CHB-MIT and Zenodo datasets, were used, while the student model achieved accuracy of 97.12%, 97.38%, 97.13% and 94.10%, respectively. However, this model had utilized text data that can reduce adaptability performances in clinical annotations.
Samantaray et al. [16] described a new model for Epilepsy seizure detection by separable Gabor wavelet models. Primarily, a continuous wavelet transform for capturing time-frequency information and a separable Gabor wavelet filter to extract separate features from the EEG signal. At last, the most discriminative features are passed into the Support Vector Machine (SVM) classifier to differentiate seizure-free and Epilepsy seizures. This model attained an accuracy value of 99.10% as well as a specificity of 99.18%. However, this model had privacy concerns and high computational complex.
Sadiq et al. [17] presented a new EEG classification based on Hellinger distance for seizure epilepsy detection. This framework includes a dynamic process in such a condition, which features of EEG are efficiently chosen that may enhance classifier performance and decrease the complexity as well as the dimensionality problem. In experimental results, this model utilize Bonn dataset that could obtain an accuracy value of 96.25% as well as an F1-score of 97.74%, showing good seizure detection performances by EEG signals. But this model has poor learning ability, which led to the overfitting issues.
Tasci et al. [18] described Epilepsy detection in 121 patient population by hypercube strategies from EEG signals. This framework utilize huge EEG signal dataset, which includes 10, 356 samples that is collected from 121 patients. Multilevel Discrete Wavelet Transform (MDWT) is used to generate a multi-levelled feature extraction process, which can extract seven different feature vectors to improve classification performances. At last, features are passed to the K-nearest neighbour (KNN) classifier through leave-one-subject-out (LOSO) cross-validation (CV) process. This model obtained an accuracy of up to 87.78% and 79.07% by LOSO CV using EEG signals. However, this model demonstrated poor performance, resulting in decreased reliability in seizure epilepsy detection.
Gao et al. [19] delivered a time-frequency dual-stream transformer through an improved attention mechanism for EEG-based seizure epilepsy detection. This model presented a cross-attention transformer (CTT) module, which can control a dual-stream structure to process each time-frequency and fresh EEG signal illustrations with CWT. In experimental processing on the CHB-MIT dataset, the CTT module attained an accuracy value of 95.18% and an AUC of 95.68%, demonstrating its detection performance. However, the model's results do not adequately replicate the variability as well as the noise encountered in real-time applications.
Dokare et al. [20] established a hybrid metaheuristic workflow for Epilepsy seizure detection performances. This framework utilized Ant Colony Optimization (ACO) for the feature selection process by Gray Wolf Optimization (GWO) to tune hyperparameter of the Random Forest (RF) classification module. This workflow was processed with two different datasets, namely CHB-MIT as well as the Siana dataset, to obtain an accuracy score of 96.70% and 93.01% that present optimal seizure detection analysis. However, this suggested model has attained overfitting issues and failed in clinical applications.
III. PROPOSED METHODOLOGY 
Epilepsy is a common neurological disorder characterized by impulsive, brief episodes of excessive neuronal activation caused by abnormal electrical discharges that might lead to specific mental syndromes. In recent times, EEG provides an instantaneous understanding of brain function, while it is used for analyzing and monitoring the detection of epilepsy, where robust electrical releases arise in milliseconds. Compared with the standard imaging approach, the EEG signal presents high temporal resolution as well as portability that ensure long-term analysis in clinical applications. However, standard DL models don’t fully emulate neural processing efficacy, downfall in comprehensive connecting Spatio-spectral dynamics of the EEG signal as well as privacy concerns about sharing patient details. An overall workflow architecture for the proposed Epilepsy seizure detection is illustrated in Figure 1.
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Figure 1: An overall workflow architecture for the proposed Epilepsy seizure detection
Here, this research surpasses the limitation of learning from decentralized patient information, although it provides high detection and preservative patient’s privacy performances. Initially, the input EEG signal is pre-processed with the IKassistWT model for eliminating noisy content and analyzing time-series data. This time-series sample is passed to the FLbasedOTEffiViT model for Epileptic seizure detection and improving privacy preservation. This proposed model is tuned with OWOA to increase convergence performances, and it can escape local optima limitations, decreasing computational complexity. Here, FL strategies preserve the training data distribution between clients, while the global model learns collaboratively from decentralized details. At aggregation process, shared training samples are aggregated with the Rényi entropy noise function, which can increase privacy preservation and detection performances, as well as reduce computational overheads.  
A. Improved Kalman-assisted Wavelet Transformer
Initially, the input samples are passed to the Kalman filter [21] for reducing the noisy background from EEG signals. This enhanced EEG signal data is given to the Continuous Wavelet Transform (CWT) [22], which can decompose the energy consumption signal into wavelet elements through various measures and points. This model provides good time-frequency localization as well as continuous analysis that is permitted to collect subtle variations as well as transient action in energy consumption. This proposed model offers valuable performance for learning time-frequency information and collecting complex features. 
B. Triple Attention-assisted Efficient Vision Transformer
The proposed TEffiViT model includes the triple attention and efficient transformer model to predict epileptic seizure detections. Initially, the time-series data is passed to the Tripe attention that includes three attention mechanisms, namely spatial, spectral and temporal attention to capture multiple features to improve accuracy performances and reduce complexity issues. Initially, the spatial attention enhances feature selection to contribute on most relevant features from brain regions, and it eliminates irrelevant features. The spectral attention is expressed as, 
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whereandknown as an activation function, derived from the mean of shapeassist as a comprehensive descriptor for both frequency bin and collecting spectral features at every time and channel edges. An architecture for the TEffiViT model is shown in Figure 2.






In attention techniques, the  tensor is used to evaluate attention weight by passing a tensor through integration of linear layers via an activation function. ReLU and SoftMax. The outcomes of the attention layer are multiplied by the tensorto attain the final outcomes tensorthat is given to the following components. The procedure yields a tensor of attention ratings for shape , which is multiplied by the input tensor to get an outcomes tensor through shape. The spatial attention is expressed as, 
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Figure 2: An architecture for the TEffiViT model 




Mean is already evaluated to extract spatial features for every frequency and bin frames. At last, attention strategies are applied totensor to evaluate attention weights, which are multiplied with the tensorto achieve the final outcomes tensorby shape. The temporal attention is explained as follows, 
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whererepresents the weight of the depthwise separable convolution andexpress modulus function, denotes the feature outcome. Following, the spatial, spectral and temporal features are fused into one feature that is explained as follows, 

                       (7)
The above-mentioned equation fuses three features to enhance classification performances. The fused one is given to EfficientNet-B0 to extract significant features and reduce computational complexity. This model includes the MBConv layers, flattening, and dropout layers. The MBConv layer selects relevant features that is flatten with a flatten layer to reduce the complexity. After flatten layer, dropout is used to decrease overfitting problems. Finally, the chosen features are passed to the ViT module that includes absolute encoding, multi-head self-attention, LayerNorm as well as Feed Forward Network (FFN) to classify the features and improve accuracy performances. In ViT, the input is passed to an absolute encoding module, which is used to convert the linear sequence into patch embedding by adding fixed vectors to all token earlier the ViT modules. In the ViT module, the LayerNorm is used before each block and residual connection to avoid vanishing grading. The ViT mathematical derivation is explained as follows, 
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where denotes the intermediate variable in layer indicates the output, representing LayerNorm. Finally, Sigmoid is used as a logistic function, which presents binary classification performances. This model classified features into normal and epilepsy seizure labels, which can be exactly predicted at testing performances and obtain high accuracy performances. 
C. Oppositional Wombat Optimization Algorithm
This proposed model employ OWOA model that is inspired by WOA [23], which can provide foraging and defensive characters to enhance exploration and exploitation. But, this algorithm has drawbacks such as a lack to explore search space sufficiently. Considering these limitations, the proposed model utilizes oppositional-based learning mechanism to increase performance through candidate solution. Pseudocode for the proposed OWOA model is explained in Algorithm 1.
	Algorithm 1: Pseudocode for proposed OWOA model

	Start OWOA

	

Input: WOA population measure and iterations, Variables, constraints and objective function 

	Output: Optimal solution

	
Step 1: Create initial population matrix at random by

	
Step 2: Utilize oppositional based learning strategies by 

	Step 3: Calculate objective function 

	

Step 4:   For to

	

Step 5:        Forto

	Step 6:        Stage 1: Foraging phase 

	

Step 7:   Determine candidate foraging points set for wombat by

	
Step 8:                 Chosen target foraging points forwombat at random 

	

Step 9:                 Evaluate fresh points ofwombat by 

	

Step 10:               Updatewombat by

	Step 11:      Stage 2: Escape phase 

	

Step12:       Evaluate fresh point ofwombat by 

	

Step 13:                Updatewombat by

	Step 14:           End

	Step 15:            Save optimal candidate solution so far

	Step 16:        End

	End OWOA



This hybrid process enhances standard WOA foraging and escape characteristics of wombats. This OWOA model enhances convergence performances, an effective global search process and preserves diversity between populations of wombats and improves accuracy performances. 
D. FL with Differential Privacy 
After the local model training, the proposed model utilized FL based differential privacy mechanism to improve the privacy analysis. Each local module only shares weights with the global model, which is explained as follows, 
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whereand represent the masks shared among local module and, while weight andamong local module andcan be the arbitrary values attained based on the private key shared amongand. The weightand enables the privacy of the secret value of the local moduleand . For simplicity of presentation, this model drop argument in, andthat is expressed byand. Following, intermediary aggregates each weight partial gradients, which is explained as follows, 
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Where the standard of the second phase, for example: complete weight is zero, because. The following model explains the aggregate weight of for the local module:

                        (12)

The above evaluation shows that the aggregated partial gradient over each local module can securely deliver global gradients. Furthermore, is processed with the Rényi entropy mechanism that includes additional noise with weights, and then it updates the global model parameters. Rényi entropy provide trade-off between privacy and utility, while it is better than existing mechanisms and show flexible and dominant solution in preserving privacy analysis. 
IV. EXPERIMENTAL RESULT ANALYSIS 
This proposed model was implemented on Intel ® Core ™ i7-4770 @3.40GHz with 16.0 GB RAM as well as a 64-bit operating system, x64-bit processor. This proposed model was developed on the Spyder environment using Python programming. Hyperparameter details of the proposed model are explained as follows: Learning rate – 0.001, batch size – 16, optimizer – Adam, activation function – Sigmoid, Epoch – 300, Dropout – 0.2, respectively. 
A. Dataset Description 
This proposed model utilizes a publicly accessible Kaggle dataset, namely the Turkish Epilepsy EEG dataset. This dataset consists of both normal and epilepsy EEG recordings, but it is without the participants under 18 years of age. Each patient showed widespread Epilepsy movement, with no focal epilepsy patients. This dataset consists of 35 channels representing parietal, temporal and frontal brain parts through recording achieved on 50 patients with epilepsy and 71 healthy people. Furthermore, this proposed model utilizes an augmentation process to increase the sample count that effectively overcomes the overfitting issues. This proposed model utilizes 80% of the data samples for training as well as 20% of the data samples for testing, respectively. 
B. Metrics and Graphical Representation
This proposed model analysis with different evaluation metrics such as accuracy, precision, recall, F1-score, and Mean Square Error (MSE), which present understandings into various aspects of model performances. Moreover, to prove the proposed model's efficiency, which is compared with existing models, namely CNN [24], BiLSTM [25], GCN-BiGRU [27] and CS-TCN [26], respectively. Proposed model comparison analysis with existing models is presented in Figure 3(A-E). 
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(A) Accuracy comparison              (B) Precision comparison
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                    (C) Recall comparison               (D) F1-score comparison 
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                      (E) MSE comparison 
Figure 3: Proposed model comparison analysis with existing models 
In this proposed model, three different attention mechanism is used to capture multi-scale features, such as spatial, temporal and spectral features, for enhancing classification performances and reducing complexity between features. Furthermore, the proposed model applied the EfficientNet module that provides lightweight processing and extracts relevant features. Finally, the ViT model is used to classify features into normal and seizure epilepsy detection. This proposed model achieve high classification or detection performances than existing models. Figure 3 (A-B) demonstrates that the proposed model achieves accuracy and precision values of 99.23% and 99.02% to show their superior performance in epilepsy detection. Figure 3 (C-D) indicates the proposed model achieves a recall value of 99.06% and an F1-score of 99.04% that is better than existing models and provides a balanced perspective on the analysis of models. At last figure 3 (E), the proposed model evaluates MSE error metrics that obtain a low error value of 0.11, that show the robustness as well as efficiency in the epilepsy detection. Figure 4 shows the suggested model confusion matrix.
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Figure 4: Confusion matrix 
The proposed model includes the EfficientNet and ViT models for extracting relevant features and detecting normal and seizure epilepsy labels. This proposed model utilizes the OWOA model for hyperparameter tuning that reduce proposed model complexity and improves the performance analysis. This proposed model correctly detects normal as 76 samples, 82 as epilepsy and only 11 samples are wrongly detected. These processes can reduce the error performance and improve classification performance. 
C. Discussion
In this section, the effectiveness of the proposed model in epilepsy seizure detection is presented. This proposed model overcomes existing model limitations and their performances in terms of comparison and processing. However, the existing model has faced several limitations that are presented as follows. Existing models that utilize multimodal processing have less ability to learn different features, which has led to present adaptability performances in clinical annotations. Furthermore, current models have experienced privacy challenges, as well as significant computational complexity during training. Existing models have attained poor performances that led to overfitting issues. Here, the proposed model utilizes the FL strategies with an enhanced transformer for enhancing the learning ability of different features to improve detection performances. This proposed model utilizes triplet attention that includes three different attention mechanisms, namely spatial, spectral and temporal attention, to capture more relevant features that improve the selection process and improve performance analysis. Furthermore, the proposed model utilizes an EfficientNet module to extract more significant features that decrease the computational complexity. Finally, the transformer module classifies the normal and epilepsy classes, while it obtained high performances than existing models. To address privacy concerns, here the proposed model employs FL with Rényi entropy to add noise content, which cannot impact actual weight but present well secure performances for patient information. 
V. CONCLUSION 
The proposed study demonstrated practicality and importance in the identification of epilepsy seizures. Innovative FL techniques with an improved transformer model are presented in this model, which increases privacy preservation for patient details and displays significant experimental outcomes. This model utilizes the triplet attention mechanism to extract the temporal, spectral and spatial features to eliminate the irrelevant features at training time, it enhance features selection and reduces complexity issues. This proposed model transformer effectively learn extracted features to classify the normal and epilepsy classes. This proposed model was refined utilizing the OWOA model, which enhances convergence performance as well as shortens training calculation times. Local model weights are used with the Rényi entropy method to include noise with a weight that cannot alter the weight but preserves the patient information. During global model training, it gathered the various local model weights to learn their training performances, which increased the robustness. This proposed model achieved an accuracy value of 99.23%, F1-score of 99.04%, which is better than existing models and overcomes the state-of-the-art model performances. But this model has certain limitations due to transparency and scalable issues. In the future, the proposed approach will incorporate an enhanced differential privacy mechanism and a novel hybrid metaheuristic optimization to improve privacy and reduce computing issues.
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