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Abstract
Accurate detection of epileptic seizures from EEG signals remains a central challenge in biomedical signal processing due to the non-linear and non-stationary nature of brain activity. This study introduces a Deep Variational Empirical Mode Decomposition (DVEMD) framework that integrates variational mode initialization, empirical sifting, and adaptive noise control to generate noise-resilient and physiologically interpretable modes. DVEMD is evaluated on the University of Bonn EEG dataset and compared with EMD, EEMD, CEEMDAN, EWT, and VMD. Experimental results demonstrate that DVEMD achieves superior performance, reaching 99.2% accuracy, 98.8% sensitivity, and 99.4% specificity, improving classification accuracy by approximately 2–6% over traditional decomposition methods. The approach also offers strong potential for real-time implementation due to its computationally efficient hybrid design. These findings highlight DVEMD as a robust and interpretable solution for automated seizure detection and clinical EEG analysis. 
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1. Introduction
Epilepsy is one of the most prevalent neurological disorders worldwide, characterized by recurrent and unpredictable seizures that arise from abnormal synchronous neuronal discharges in the brain. It affects over 65 million individuals globally, imposing substantial personal, social, and economic burdens on patients and healthcare systems [1, 4]. Electroencephalography (EEG) is the primary clinical tool for diagnosing, monitoring, and understanding epilepsy due to its high temporal resolution and non-invasive nature [3, 5]. EEG recordings provide valuable insights into the electrical activity of the brain, enabling clinicians to detect abnormal patterns associated with seizure onset. Precise localization of epileptogenic zones is especially critical in treatment planning, particularly for patients with drug-resistant epilepsy who may require surgical intervention to remove or isolate the seizure focus [2, 11].
However, accurate and efficient analysis of EEG data remains a challenging task. Manual review by clinicians, while effective, is time-consuming, subjective, and prone to variability among experts [4, 6]. This has motivated substantial research into automated EEG analysis and seizure detection systems that can provide objective, reproducible, and real-time results. In recent years, numerous machine learning and deep learning-based approaches have been explored to improve the reliability of automated seizure detection [5-8]. Despite their progress, challenges persist due to the inherent complexity, non-linearity, and non-stationarity of EEG signals during seizure activity [1, 9].
Traditional frequency-domain approaches, such as the Fourier transform (FT), have been extensively used to study EEG signals, providing insights into their spectral content. However, these methods assume stationarity of the signal, which is rarely valid in real-world EEG data where transient, abrupt changes occur during seizure onset [8, 9]. Fourier-based analysis tends to blur time-localized features, resulting in the loss of critical transient components such as high-frequency oscillations (HFOs) and other short-lived phenomena that play an essential role in identifying epileptic discharges [2, 11].
To overcome this limitation, time-frequency representations such as the Short-Time Fourier Transform (STFT) and Wavelet Transform (WT) have been introduced. These methods improve temporal resolution and offer multiscale analysis of EEG signals. Nevertheless, both STFT and WT depend on pre-defined basis functions, limiting their adaptability to the signal’s intrinsic dynamics [2, 10]. In addition, the trade-off between time and frequency resolution restricts their ability to accurately describe rapidly evolving transient events in EEG recordings. These shortcomings highlight the need for adaptive data-driven methods that can decompose signals into components reflecting their inherent oscillatory modes without prior assumptions about linearity or stationarity [1, 12].
Adaptive signal decomposition methods, such as Empirical Mode Decomposition (EMD), Ensemble Empirical Mode Decomposition (EEMD), Complete Ensemble EMD with Adaptive Noise (CEEMDAN), Empirical Wavelet Transform (EWT), and Variational Mode Decomposition (VMD), have gained increasing attention for EEG signal analysis [12, 13]. These methods adaptively extract oscillatory components—known as intrinsic mode functions (IMFs) or modes—directly from the data. Unlike fixed-basis methods, they offer flexibility in handling non-linear and non-stationary signals, making them well-suited for biomedical applications.
Among them, EMD is one of the most intuitive and effective approaches for non-linear signal analysis, relying on the identification of local extrema to iteratively extract IMFs that represent oscillations within specific time scales [1, 12]. Nevertheless, EMD suffers from mode mixing, a phenomenon where oscillations of different scales appear within the same IMF, or a single oscillation spreads across multiple IMFs. EEMD and CEEMDAN improve EMD’s stability and reduce mode mixing through the addition of controlled noise during decomposition [12]. Alternatively, VMD formulates the decomposition process as a constrained optimization problem, allowing it to estimate modes with compact frequency bandwidths [13]. This makes VMD more robust against noise and mode overlap than EMD-based methods. EWT, on the other hand, leverages wavelet filters that adaptively partition the Fourier spectrum into sub-bands, achieving efficient representation of localized time-frequency features [2].
Despite their advantages, these decomposition techniques still face limitations in practical seizure detection tasks. EMD-based methods may produce redundant or noisy IMFs, complicating feature extraction and classification [1, 12]. VMD requires a predefined number of modes and careful tuning of parameters, which can hinder adaptability in real-time processing [13]. Moreover, existing approaches often lack interpretability when integrated with deep learning, as black-box neural networks obscure the physical meaning of extracted modes and features [14]. These limitations underscore the need for an adaptive, interpretable, and computationally efficient framework capable of robustly separating meaningful signal components under noisy, dynamic conditions [2, 3, 7, 14].
Recent studies have shown that combining signal decomposition methods with deep learning architectures significantly enhances the discriminative power of EEG features for seizure detection [2, 6, 7]. Convolutional Neural Networks (CNNs) and Long Short-Term Memory (LSTM) models, when trained on spectro-temporal representations of EEG data, can capture both local and temporal dependencies in seizure patterns [2, 3, 4]. Nonetheless, the interpretability of these models remains a challenge, as they often lack a clear mapping between learned features and underlying physiological phenomena.
To bridge this gap, the current study introduces a Deep Variational Empirical Mode Decomposition (DVEMD) framework—an innovative hybrid approach that combines the strengths of data-driven decomposition and deep probabilistic modeling. DVEMD integrates VMD and EMD in a unified architecture, guided by a deep variational encoder that adaptively selects and reconstructs informative modes while suppressing noise. This encoder-decoder mechanism enables the system to learn latent representations corresponding to significant frequency structures in the EEG, ensuring that the extracted components preserve both interpretability and discriminative relevance [1, 3, 12].
In addition to the theoretical advantages of adaptive decomposition, DVEMD offers several practical contributions. It provides a flexible method to model the stochastic variability of EEG patterns across patients and seizure types, while maintaining computational efficiency for potential real-time deployment [2, 14]. The extracted features—spanning spectral, temporal, and Hilbert-domain descriptors—are evaluated using hybrid classifiers such as CNN-LSTM and RBF-SVM, allowing for both deep contextual learning and statistical separability. Similar advantages of hybrid machine learning meta-models in enhancing classification performance and robustness have been demonstrated in other complex domains, such as urban infrastructure condition assessment [2, 3, 15].
Furthermore, the integration of data-driven insights with strategic decision-making has been shown to improve interpretability and robustness in hybrid frameworks across various domains [16].
This work therefore contributes to the field of EEG-based seizure detection in several ways. First, it introduces a new decomposition paradigm that fuses variational inference with empirical mode analysis to achieve noise-resilient and interpretable feature generation. Second, it performs a comprehensive comparison between DVEMD and state-of-the-art adaptive decomposition methods (EMD, EEMD, CEEMDAN, EWT, and VMD) on the University of Bonn EEG dataset, demonstrating consistent improvements in classification accuracy and robustness [1, 12, 13]. Third, the framework enhances interpretability by correlating latent representations from the variational encoder with physiologically meaningful modes, providing a transparent link between deep learning outputs and EEG biomarkers [3, 14].
This work addresses a significant gap in EEG seizure detection by combining adaptive variational modeling with empirical mode refinement. The proposed DVEMD framework provides improved mode separation, reduced sensitivity to noise, and enhanced physiological interpretability. These improvements support both scientific research and practical clinical applications, including real-time EEG monitoring.
Ultimately, this study aims to move beyond the conventional trade-off between performance and interpretability in EEG analysis. By incorporating probabilistic deep learning into adaptive signal decomposition, DVEMD not only advances seizure detection accuracy but also opens the path toward clinically interpretable, real-time EEG monitoring systems that could assist neurologists in both diagnostic and surgical decision-making [2, 3, 11].
2. Methods
This section presents the methodological framework adopted for the proposed Deep Variational Empirical Mode Decomposition (DVEMD)-based seizure detection model. The methodology consists of six major parts: dataset description, analytical framework overview, the proposed hybrid decomposition algorithm, comparative baseline methods, feature extraction and selection, and classification strategies. Each stage was carefully designed to ensure both interpretability and robustness in EEG-based seizure detection.
2.1 Datasets
The experiments were conducted using the University of Bonn (UoB) EEG dataset, a standard and widely recognized database for benchmarking epileptic seizure detection methods [1, 12]. The dataset comprises five subsets - Z, O, N, F, and S - each containing 100 single-channel EEG recordings of 23.6 seconds duration, sampled at 173.61 Hz with 12-bit resolution.
· Z and O: Recordings from healthy subjects (eyes open and eyes closed).
· N and F: Interictal EEG segments from epileptic patients recorded during seizure-free intervals.
· S: Ictal EEG segments captured during active seizure episodes.
The dataset provides well-separated classes, which facilitate model evaluation under both interictal and ictal conditions. All EEG recordings were visually examined to exclude segments corrupted by muscle or electrode artifacts. The data were split into 80% training and 20% testing subsets, with 10-fold cross-validation employed for performance evaluation.
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Figure 1: Representative EEG data of the UoB dataset showing ictal, interictal, and normal EEG segments and their corresponding spectra.
2.2 Analytical Framework Overview
The overall analytical framework integrates adaptive decomposition, feature extraction, and machine learning-based classification. The signal processing and classification pipeline is illustrated in Figure 2.
In this study, EEG signals first undergo preprocessing to eliminate noise and baseline drift using a zero-phase fourth-order Butterworth filter (0.5–40 Hz). The filtered signals are then decomposed into intrinsic oscillatory components using the proposed Deep Variational Empirical Mode Decomposition (DVEMD) algorithm.
Following decomposition, discriminative spectral, temporal, and time–frequency features are extracted from the selected modes. The most informative features are identified through Recursive Feature Elimination (RFE) and subsequently classified using hybrid classifiers such as CNN-LSTM and RBF-SVM. This integrated design aims to balance interpretability, computational efficiency, and classification accuracy.
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Figure 2: Workflow of the proposed seizure detection system, including preprocessing, hybrid DVEMD decomposition, feature extraction, and classification using machine-learning and deep-learning models.
2.3 Proposed Hybrid Decomposition Method: Deep Variational Empirical Mode Decomposition (DVEMD)
The proposed DVEMD algorithm unifies the data-driven adaptability of Variational Mode Decomposition (VMD) with the empirical sifting process of Empirical Mode Decomposition (EMD). The model leverages a Deep Variational Encoder to learn latent frequency distributions and guide mode selection and denoising. This results in decompositions that are both stable and physically interpretable.
Algorithmic Steps
1. Preprocessing: Each EEG segment x(t)x(t)x(t) is filtered within 0.5–40 Hz using a zero-phase Butterworth filter to remove low-frequency drifts and high-frequency interference.
2. Variational Initialization: A Variational Autoencoder (VAE) learns the latent spectral representations of EEG data. The mean vector from the latent space defines initial center frequencies for decomposition, ensuring data-driven initialization [2, 13].
3. Hybrid Decomposition: The filtered EEG signal is decomposed into KKK adaptive modes using a variational energy criterion similar to VMD. Each mode is iteratively refined using an EMD-like empirical sifting process to maintain physical interpretability and reduce mode overlap.
4. Adaptive Noise Injection: Controlled Gaussian noise with adaptive variance is added at each iteration (as in CEEMDAN) to suppress mode mixing. The variance is proportional to the entropy of the residual signal, maintaining decomposition stability under non-stationary conditions.
5. Mode Selection: Attention weights from the VAE’s latent features are used to rank and select informative modes. Modes with low energy contribution or high redundancy are discarded.
6. Feature Extraction: From the selected modes, the algorithm computes spectral, temporal, and Hilbert-domain features, such as power, spectral entropy, Hjorth parameters, and amplitude/frequency modulation (AM/FM) bandwidths.
7. Classification: Extracted features are passed to hybrid classifiers (CNN-LSTM or RBF-SVM) for final seizure classification.
Pseudocode for DVEMD:
	
	Input: EEG signal x(t), number of modes K

	
	Output: Selected intrinsic modes M

	
	

	1
	Preprocess x(t) using a 0.5–40 Hz Butterworth filter.

	2
	Train a lightweight VAE to learn latent frequency representations.

	3
	Initialize center frequencies using the latent mean vector.

	4
	Perform VMD-like constrained optimization to estimate coarse modes.

	5
	Apply EMD-style sifting on each mode for refinement.

	6
	Inject adaptive Gaussian noise proportional to residual entropy.

	7
	Rank all modes using VAE-based attention weights.

	8
	Select informative modes and discard redundant ones.

	9
	Extract spectral, temporal, and Hilbert features from selected modes.


Advantages of the Proposed DVEMD 
The proposed Deep Variational Empirical Mode Decomposition (DVEMD) framework provides several important advantages that make it particularly suitable for robust EEG seizure detection. First, the method is capable of learning adaptive mode centers directly from the data through the use of deep variational encoding. By employing a variational autoencoder (VAE) during the initialization stage, the latent frequency distributions of the EEG signal are estimated, allowing the decomposition to focus on the most informative frequency components. This data-driven approach ensures that the extracted modes are highly representative of the underlying neural oscillations, which enhances feature relevance and improves classification performance. Unlike traditional EMD or VMD methods that rely on fixed or heuristic parameters, DVEMD adapts to the specific characteristics of each EEG recording, which is particularly valuable given the inherent variability of epileptic brain signals.
Another critical advantage of DVEMD is its ability to reduce mode mixing and eliminate redundant intrinsic mode functions (IMFs). Mode mixing, a common problem in classical EMD and even some extensions like EEMD, can lead to overlapping frequency content across multiple modes, reducing interpretability and potentially degrading classification accuracy. DVEMD addresses this issue through the combination of VMD-based constrained decomposition and iterative EMD-like sifting, guided by the attention weights learned from the VAE. This ensures that each mode captures distinct oscillatory behavior, improving both the robustness and the stability of the extracted features.
In addition to improved mode separation, DVEMD maintains interpretability similar to classical EMD while enhancing stability. The empirical sifting process ensures that each extracted mode retains a clear physical meaning in terms of its oscillatory pattern, which is critical for clinical validation and understanding the neural basis of seizures. At the same time, the deep variational component stabilizes the decomposition by preventing spurious modes and minimizing sensitivity to noise or small variations in the input signal.
DVEMD also demonstrates robustness to noise and non-stationarity in EEG signals, a fundamental requirement for real-world seizure detection. EEG recordings are inherently noisy and subject to temporal fluctuations due to patient movement, electrode artifacts, or spontaneous brain activity. By combining adaptive mode learning, constrained decomposition, and selective mode refinement, DVEMD effectively separates meaningful neural components from noise, thereby improving detection accuracy even under challenging conditions.
Finally, the proposed method is suitable for real-time or near-real-time seizure detection. While classical decomposition methods can be computationally intensive, DVEMD leverages a lightweight hybrid framework for feature extraction and classification, allowing rapid analysis of incoming EEG data. This makes the approach highly relevant for clinical monitoring applications, where timely detection of seizure onset can significantly impact patient management and treatment decisions.
The computational complexity of DVEMD is influenced by three components: VAE inference (O(N)), VMD-like optimization (O(KN log N)), and empirical sifting (O(IN)). This hybrid design enables near–real-time processing for single-channel EEG signals.
In summary, DVEMD integrates adaptive learning, improved mode separation, interpretability, robustness, and computational efficiency into a unified framework. These advantages collectively enable reliable, physiologically meaningful, and clinically applicable seizure detection from EEG signals, addressing limitations present in traditional decomposition-based methods. Insights from recent literature show a clear movement toward adaptive, noise-resistant, and clinically interpretable EEG analysis frameworks [18], supporting the relevance of the proposed DVEMD method.
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Figure 3: Spectral representation of ictal EEG using DVEMD, showing adaptively extracted intrinsic modes and their Hilbert spectra.
2.4 Comparative Methods
To assess the performance of the proposed approach, DVEMD was compared with five well-known adaptive decomposition methods under identical experimental conditions:
· Empirical Mode Decomposition (EMD): Decomposes signals into IMFs through empirical sifting based on local extrema.
· Ensemble Empirical Mode Decomposition (EEMD): Adds white noise to reduce mode mixing through ensemble averaging.
· Complete Ensemble Empirical Mode Decomposition with Adaptive Noise (CEEMDAN): Enhances EEMD by adaptively controlling noise and ensuring consistent mode alignment [12].
· Empirical Wavelet Transform (EWT): Uses adaptive segmentation of the Fourier spectrum to construct empirical wavelet filters [2].
· Variational Mode Decomposition (VMD): Performs constrained optimization to decompose signals into modes with limited bandwidth.
For all comparative experiments, parameters were tuned to ensure fair performance comparison. The proposed DVEMD method serves as an advanced hybrid model that combines the strengths of these algorithms.
2.5 Feature Extraction, Selection, and Classification
After decomposition, the most relevant features are extracted from the selected modes to characterize EEG dynamics across spectral, temporal, and time–frequency domains.
· Spectral features: Power spectral density, spectral entropy, peak frequency, and spectral centroid.
· Temporal features: Hjorth parameters (activity, mobility, complexity), variance, skewness, and kurtosis.
· Time–frequency features: Instantaneous frequency and amplitude modulations derived from the Hilbert transform.
· Optional: Wavelet packet entropy or fractal dimension for additional complexity analysis.
Feature selection was carried out using Recursive Feature Elimination (RFE), which iteratively removes the least important features based on SVM weights until the optimal subset is found [14]. This step reduced feature redundancy by nearly 40% while maintaining high discriminative power.
The refined feature set was classified using machine learning and deep learning models:
· SVM (RBF kernel): Tuned via grid search to optimize accuracy and generalization.
· AdaBoost/XGBoost: Ensemble learners to improve robustness against noisy features [5], [14].
· Hybrid CNN–LSTM: Combined convolutional and recurrent layers to capture both spatial–spectral and temporal dependencies in EEG patterns [2, 3].
Model performance was assessed using Accuracy (ACC), Sensitivity (SEN), Specificity (SPEC), and Area Under the Curve (AUC) metrics, averaged over 10-fold cross-validation.
Extracted features are classified using machine learning and deep learning models, including SVM (RBF kernel), ensemble methods such as AdaBoost/XGBoost, and hybrid CNN–LSTM models that capture both spatial–spectral and temporal dependencies in EEG patterns [17]. The use of hybrid classifiers allows the integration of complementary model strengths, improving robustness and classification performance in complex, noisy biomedical datasets.
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Figure 4: Decomposition results of ictal EEG from the UoB dataset using proposed DVEMD.
3. Results
This section presents the experimental findings obtained from applying the proposed Deep Variational Empirical Mode Decomposition (DVEMD) framework to the University of Bonn EEG dataset.
All methods were evaluated under identical conditions, and classification results were averaged across 10-fold cross-validation. The evaluation focuses on key performance indicators, the effect of the number of decomposed modes, and a comparative analysis with conventional decomposition techniques.
3.1 Performance Metrics (ACC, SEN, SPEC, AUC)
To assess the reliability and discriminative capability of the proposed method, four standard performance metrics were computed: Accuracy (ACC), Sensitivity (SEN), Specificity (SPEC), and Area Under the Curve (AUC). These metrics respectively quantify the model’s ability to correctly classify seizure and non-seizure events, detect ictal states, reject false alarms, and summarize overall separability across classification thresholds.
The DVEMD-based CNN–LSTM classifier consistently outperformed other models in all metrics.
DVEMD achieved 99.2% accuracy, 98.8% sensitivity, and 99.4% specificity, improving classification accuracy by 2–6% over conventional decomposition methods.
The high AUC (>0.99) further validates the model’s discriminative quality across varying decision thresholds.
Notably, the variance of the results across folds was very low (standard deviation <0.5%), indicating strong generalization and stability of the proposed framework.
This consistency highlights that the variational initialization and adaptive noise control in DVEMD effectively enhance signal decomposition, leading to more discriminative features for classification.
3.2 Effect of Number of Modes on Classification Accuracy
To analyze the impact of decomposition granularity, the number of intrinsic modes KKK in the DVEMD process was varied from 2 to 10, and the corresponding classification accuracy was evaluated.
As shown in Figure 5, classification accuracy improved sharply as KKK increased from 2 to 6, indicating that additional modes contributed valuable frequency–temporal information.
However, beyond K=6K = 6K=6, the accuracy plateaued and even showed a slight decline for K>8K > 8K>8, primarily due to mode redundancy and over-decomposition that introduced irrelevant features. This behavior confirms that an optimal range of 5–7 modes ensures the best trade-off between feature richness and noise robustness. Performance peaked when using 5–7 modes. Beyond 8 modes, accuracy decreased due to increased redundancy. This confirms the importance of adaptive mode selection within DVEMD.
The analysis also suggests that the variational encoder within DVEMD implicitly stabilizes this trade-off by adaptively emphasizing the most informative latent frequencies during decomposition. This adaptiveness is crucial for handling EEG signals, which exhibit non-stationary and patient-specific variations.
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Figure 5: Area under curve for classification EEG signal using the proposed DVEMD-based model.
3.3 Comparison of DVEMD vs. Other Decomposition Methods
A comprehensive comparison was conducted between DVEMD and several established signal decomposition algorithms, including EMD, EEMD, CEEMDAN, EWT, and VMD, under identical classifier settings. Table 1 summarizes the mean and standard deviation of the classification performance obtained using each method.
The proposed DVEMD achieved superior results in all metrics, yielding higher mean accuracy, sensitivity, and specificity compared to baseline approaches. Traditional EMD-based methods showed limitations due to mode mixing and poor adaptability, while EWT and VMD offered improved stability but lower interpretability. DVEMD effectively addressed both limitations by integrating variational frequency learning and empirical mode refinement, producing clean, distinct, and information-rich components.
These findings confirm that the proposed hybrid decomposition not only enhances seizure detection accuracy but also preserves the physical meaning of EEG oscillatory patterns, a key advantage for clinical interpretability.
Table 1: Classification performance (mean ± standard deviation) using different decomposition and classification methods.
	Method
	Accuracy (%)
	Sensitivity (%)
	Specificity (%)
	AUC

	EMD
	92.8 
	91.5 
	93.6 
	0.945

	EEMD
	94.3 
	93.8 
	94.7 
	0.962

	CEEMDAN
	96.2 
	95.5 
	96.9 
	0.976

	EWT
	95.7 
	94.9 
	96.1 
	0.971

	VMD
	97.1 
	96.4 
	97.5
	0.983

	DVEMD (Proposed)
	99.2 
	98.8 
	99.4
	0.992



In summary, the proposed DVEMD model demonstrates remarkable performance improvements over classical decomposition approaches. The deep variational initialization enables adaptive frequency learning, the hybrid empirical refinement improves interpretability, and the adaptive noise mechanism suppresses mode mixing. These combined innovations lead to a more reliable, interpretable, and accurate system for EEG-based seizure detection, with strong potential for real-time clinical applications.
4. Discussion
This section provides an in-depth analysis and interpretation of the experimental results presented in Section 3. We discuss the implications of the proposed DVEMD framework for EEG seizure detection, including its advantages, limitations, the effect of adaptive mode learning, and potential clinical applications. DVEMD enhances interpretability by ensuring each extracted mode corresponds to a meaningful physiological oscillation, guided by variational latent priors.
4.1 Interpretation of Results
The results indicate that the proposed DVEMD algorithm outperforms traditional decomposition methods across all performance metrics (ACC, SEN, SPEC, and AUC). Several factors contribute to this improvement:
1. Enhanced Mode Separation: The hybrid combination of VMD and EMD allows DVEMD to produce intrinsic modes that are well-separated in both frequency and time domains. This reduces mode mixing commonly observed in EMD or EEMD methods [1, 12].
2. Variational Frequency Initialization: The variational autoencoder provides adaptive frequency priors that guide decomposition toward physiologically meaningful modes, improving feature relevance and classification accuracy [2, 13].
3. Adaptive Noise Injection: Incorporating controlled Gaussian noise (similar to CEEMDAN) prevents residual mixing while preserving signal structure, particularly in non-stationary EEG segments.
The effect of the number of modes observed in Section 3.2 reinforces that there is an optimal range (5–7 modes) for capturing significant EEG oscillations while avoiding overfitting or redundancy.
Overall, the results demonstrate that DVEMD extracts more informative and stable features than conventional methods, leading to superior seizure detection performance.
4.2 Advantages and Limitations of DVEMD
Advantages
· Improved Accuracy and Robustness: DVEMD consistently outperforms EMD, EEMD, CEEMDAN, EWT, and VMD in both interictal and ictal classification scenarios.
· Interpretability: The empirical sifting step ensures that extracted modes retain meaningful physiological information, which is critical for clinical trust and analysis [2, 3, 13].
· Noise Resilience: The adaptive noise injection mechanism provides robustness against EEG artifacts and non-stationary segments, reducing false positives.
· Adaptive Feature Selection: The VAE-based attention mechanism effectively selects informative modes, enhancing classifier performance while minimizing redundant features.
Limitations
· Computational Complexity: Although DVEMD is suitable for near-real-time applications, its decomposition process is more computationally intensive than simpler EMD-based approaches, particularly when processing multi-channel EEG data.
· Parameter Sensitivity: The method requires careful tuning of the number of modes KKK, noise variance, and VAE hyperparameters to achieve optimal performance.
· Dataset Dependence: Current validation is primarily based on the University of Bonn dataset; performance on multi-channel, long-term EEG recordings may vary, requiring further investigation.
4.3 Impact of Adaptive Mode Learning
The incorporation of adaptive mode learning via a variational encoder is a key differentiator of DVEMD:
1. Latent Frequency Guidance: The VAE learns the distribution of latent frequency components from the EEG data, which directs decomposition toward physiologically meaningful modes.
2. Dynamic Mode Selection: Attention-based weighting allows the model to select the most informative modes dynamically for each EEG segment. This reduces redundancy and enhances discriminative power.
3. Patient-Specific Adaptation: Adaptive mode learning inherently supports patient-specific EEG patterns, which is crucial given the variability of seizure manifestations across individuals.
These capabilities highlight that DVEMD is not merely a decomposition method but a data-driven framework that integrates machine learning for feature prioritization, leading to robust seizure detection.
4.4 Implications for Real-Time or Clinical EEG Applications
The proposed DVEMD framework has several implications for clinical and real-time applications:
1. Seizure Monitoring and Detection: High sensitivity and specificity suggest that DVEMD could be deployed in continuous EEG monitoring systems to alert clinicians of impending seizures.
2. Surgical Planning: Accurate identification of ictal and interictal segments can aid in epileptogenic zone mapping, complementing traditional visual inspection [2, 12, 14].
3. Integration with Wearable EEG Devices: The model’s computational efficiency, particularly when paired with lightweight classifiers (e.g., CNN-LSTM), allows adaptation for portable or wearable seizure monitoring systems.
4. Interpretability for Clinical Trust: Maintaining physiologically interpretable modes ensures clinicians can understand and verify the basis of algorithmic decisions, increasing adoption potential.
Challenges for Clinical Translation:
· Extending DVEMD to multi-channel, long-duration EEG recordings will require optimization for real-time processing and artifact handling.
· Integration with existing hospital EEG monitoring systems may require additional interface development and validation studies.
DVEMD presents a robust, interpretable, and clinically relevant framework for EEG-based seizure detection, balancing accuracy, computational feasibility, and physiological interpretability. Ablation analysis indicates that variational initialization and entropy-based noise injection are the strongest contributors to DVEMD’s performance gains.
5. Conclusion
The proposed Deep Variational Empirical Mode Decomposition (DVEMD) framework provides a robust and interpretable solution for EEG-based seizure detection by integrating variational frequency learning, empirical mode refinement, and adaptive noise injection. This hybrid strategy effectively addresses long-standing challenges such as mode mixing, instability, and sensitivity to non-stationary dynamics, enabling the extraction of physiologically meaningful and noise-resilient components. Experimental evaluation on the Bonn dataset demonstrates clear improvements over traditional decomposition methods, achieving 99.2% accuracy, 98.8% sensitivity, and 99.4% specificity. These results highlight the strength of combining adaptive decomposition with deep probabilistic modeling for enhanced discriminative power and stability in automated seizure detection.
Beyond its performance advantages, DVEMD offers practical benefits for real-time and clinical applications due to its computationally efficient design and the interpretability of its extracted modes. The inclusion of pseudocode and detailed methodological descriptions enhances transparency and reproducibility, addressing concerns regarding validation depth. Future work will focus on extending DVEMD to multichannel and long-term clinical EEG recordings, integrating multi-dataset validation, and exploring its deployment in wearable or bedside monitoring systems. These developments will further support the translation of the proposed method into reliable and clinically meaningful EEG analysis tools.
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