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Objective: Cross-subject generalization in EEG-based seizure detection remains a significant challenge 
due to diverse physiological differences among patients, which can degrade model performance across 
individuals. This work aims to develop a robust, lightweight, and fast-deployable model for cross-
subject seizure detection that achieves high accuracy while enabling real-time, low-latency inference 
on resource-constrained devices. Methods: We propose PSD-LW-DCN, a novel lightweight deep 
convolutional network that leverages power spectral density (PSD) features extracted via multitaper 
spectral estimation. Raw EEG signals are preprocessed through bandpass filtering, segmentation, and 
class balancing. PSD features are computed across multiple frequency bands (δ,θ,α,β,γ), averaged 
across channels to enhance generalizability, and concatenated as input to the network. The model was 
trained and evaluated separately on the CHB-MIT and TUSZ datasets, with no data mixing between 
them. Results: With only 61,218 parameters, PSD-LW-DCN achieves state-of-the-art efficiency, 
reducing inference time to 1.9 ms/sample on CHB-MIT and 2.1 ms/sample on TUSZ, demonstrating 
its suitability for real-time applications. It attains 85.84% accuracy on CHB-MIT and 83.21% on TUSZ, 
representing improvements of 5% and 3%, respectively, over previous approaches. Notably, the 
model shows strong cross-subject generalization and robustness across diverse patient populations. 
In clinically meaningful event-based evaluation, it achieves a low false alarm rate of 0.33 false alarms 
per hour (FA/h) on CHB-MIT and 1.09 FA/h on TUSZ, indicating high operational reliability in long-term 
monitoring scenarios. Conclusions: PSD-LW-DCN offers an optimal balance between accuracy, speed, 
and model size, making it highly suitable for real-time, edge-based clinical diagnosis of epilepsy. Its 
efficiency and low false alarm burden confirm its potential for deployment in low-power wearable and 
point-of-care systems. Future work will focus on further reducing the false alarm rate, particularly in 
more heterogeneous datasets like TUSZ, to enhance clinical usability. 
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Electroencephalography (EEG) is essential for diagnosing neurological disease1, capturing dynamic brain 
electrical activity. It plays a crucial role in identifying epilepsy types, diagnosing syndromes, and assessing 
recurrence risks2. However, traditional manual EEG analysis is manual, subjective, and highly dependent on 
specific datasets, making it less generalizable and prone to inter-expert variability, which leads to inefficient 
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and inconsistent resource utilization3. Given the complexity and variability of EEG patterns during seizures, 
there is a growing need for automated EEG processing systems to improve detection accuracy, consistency, 
and efficiency4. Existing approaches typically involve segmenting raw EEG signals, extracting features, and 
using neural networks or machine learning for classification, aiming to reduce clinician burden and enhance 
diagnostic precision5,6.

Feature extraction is essential for identifying epileptic activities, traditionally relying on manual methods 
in time, frequency, and nonlinear domains, which are labor-intensive and impact model performance7. To 
address these limitations, various improvements have been proposed, such as optimization algorithms for 
SVM8, Kernel Sparse Representation Classification (KSRC)9, and AdaBoost LS-SVM frameworks10. However, 
feature extraction remains a bottleneck. Deep learning techniques, including CNNs, RNNs, and BiLSTMs, have 
been widely adopted to automate feature extraction11–13. Recent studies have further explored their potential, 
such as transformer-based algorithms14, 1D-CNN with data augmentation15, EEGWaveNet16, adversarial neural 
networks17, dynamic EEG channel selection18, multi-head self-attention mechanisms19, LDA-LASSO framework 
for selecting minimal EEG channels and features to achieve seizure detection20. Despite these advancements, 
challenges in feature extraction and model generalization persist.

EEG signals are easily affected by physiological noise, making the extraction of epileptic features challenging. 
Traditional methods such as power spectral density (PSD) have been widely used for EEG classification. For 
example, PSD parameterization was employed to separate periodic and aperiodic components of EEG signals 
and validated on two public datasets for epilepsy detection21. Similarly, a hypergraph network framework 
combined PSD with Conv-LSTM to capture temporal-spatial and frequency domain features22. Additionally, a 
CNN model (AlexNet) was trained using PSD-encoded images constructed from all channels at different time 
periods23. However, these methods often suffer from high computational complexity, limited robustness to inter-
subject variability, and suboptimal representation of spectral dynamics.

To address these limitations, recent studies have introduced adaptive channel selection strategies and deep 
learning models. For example, an adaptive channel selection module was proposed to identify seizure-relevant 
channels using EEG power spectral features24. Empirical Mode Decomposition (EMD) combined with PSD 
was also used as input to CNNs for improved feature extraction25. Cross-subject seizure detection remains 
challenging due to the non-stationarity of EEG signals. Recent approaches include leveraging weak labels to 
train Dense-CNN models26, multi-view feature fusion based on adversarial learning27, and Self-Organizing 
Fuzzy Logic (SOF) classifiers for both cross-patient and patient-specific detection28. Other methods combine 
CNN and LSTM for distinguishing seizure types29 and use frameworks like SeizureNet to classify seizure types 
by integrating information from different frequency bands30.

Building on the challenges of detecting different patient states and the need for efficient deployment in 
resource-constrained environments, we propose a highly automated, PSD-based lightweight deep convolutional 
neural network. By directly learning discriminative spectral patterns from aggregated per-channel PSD features, 
without explicit spatial modeling, the proposed model achieves accurate seizure detection with a lightweight 
design ideal for real-world clinical deployment.

The main contributions of this paper are as follows.

•	 We propose PSD-LW-DCN, a unified framework that synergizes PSD analysis with a lightweight Deep Con-
volutional Network. This integration explicitly bridges the gap between spectral feature extraction and deep 
representation learning to tackle the challenge of cross-subject seizure detection.

•	 Motivated by the practical need for edge deployment, we developed a lightweight framework where signal 
preprocessing simplifies the downstream neural workload. This co-optimized approach allows for robust sei-
zure detection on resource-constrained devices without sacrificing accuracy.

•	 We validate the co-design rationale through a systematic analysis of EEG energy variations across seizure 
states. This confirms that coupling explicit energy-based features with learnable convolutional features cap-
tures the intrinsic dynamics of seizures better than either approach in isolation.

Methodology
Seizure detection
Seizure detection involves the automatic identification of epileptic seizure events from continuous EEG 
recordings, aiming to distinguish ictal periods from interictal states with high accuracy and low false detection 
rates. This task is challenging due to the complex, non-stationary, and patient-specific nature of EEG signals. 
Effective seizure detection models are crucial for assisting clinicians in epilepsy diagnosis, reducing the manual 
burden of EEG review, and enabling real-time monitoring in clinical and home settings.

Description of the dataset
The experiments were conducted separately on two benchmark datasets: the CHB-MIT dataset from Boston 
Children’s Hospital and the Massachusetts Institute of Technology (CHB-MIT)31, and the Temple University 
Hospital Seizure(TUSZ) dataset32.

The CHB-MIT database contains 940 hours of long-term, continuous, multi-channel EEG recordings from 
23 epilepsy subjects aged between 1.5 and 22 years. Data on CHB01 and CHB21 were collected from the same 
patient, 1.5 years apart. The EEG signals were sampled at a frequency of 256 Hz, with at least 19 channels 
recorded according to the international 10–20 system. The dataset includes 198 seizures, with the onset and 
offset of each seizure precisely annotated by clinicians with expertise in neuroscience.

The TUH EEG dataset is currently the largest publicly available EEG dataset. The TUSZ dataset is a subset 
of TUH dataset. The EEG signals were sampled at 250 Hz with a 16-bit resolution, and the recordings were 
acquired using 20 to 128 channels. The TUSZ dataset contains manually annotated EEG seizure event data, 
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including start time, stop time, channels, and seizure types. It comprises 1,643 sessions, 675 patients, and 3,971 
seizure events, with a total seizure duration of 1,474 hours.

Since the TUSZ dataset contains many subjects but with varying total seizure durations, we selected the 20 
subjects with the longest seizure durations under the same montage configuration, in order to ensure consistency 
in channels and montage.

Preprocessing
During EEG signal collection, noise such as power line interference (50–60 Hz) and eye movement artifacts 
can be introduced. To remove ocular and muscular artifacts, we first applied Independent Component Analysis 
(ICA) as part of the preprocessing pipeline. Then, to retain seizure-related information while suppressing high-
frequency noise and power line interference, a 0.5–50 Hz FIR band-pass filter was applied. The long-duration 
signals were then segmented into 4-second intervals to simplify analysis and enhance computational efficiency 
while capturing meaningful EEG patterns33–35. On the CHB-MIT dataset, we used the commonly adopted 
18 EEG channels, while on the TUSZ dataset, we used the standard 20-channel36,37. All data were strictly 
partitioned according to the labels provided by the datasets. Boundary segments overlapping seizure intervals 
were preserved and labeled as ictal if any part of the segment fell within the clinically annotated seizure period. 
As shown in Table 1, the original sample sizes were presented. Next, interictal samples were downsampled to 
achieve class balance, ensuring that result biases caused by sample imbalance were avoided. Ultimately, 59,346 
samples (29,673 ictal and 29,673 interictal) were obtained from the CHB-MIT dataset, and 108,976 samples 
(54,488 ictal and 54,488 interictal) were obtained from the TUSZ dataset. Subsequently, Z-score normalization 
was applied using statistics computed from the training dataset in each leave-one-out cross-validation fold, 
ensuring consistency and enhancing the convergence efficiency of the deep learning models.

Lightweight high-performance deep convolutional neural network
As illustrated in Fig. 1, the EEG signal is processed through a series of steps. Initially, bandpass filtering is 
applied to the signal, followed by segmentation into 4-second intervals. After preprocessing, PSD features are 
extracted and concatenated. These fused features are then processed through the Conv 1 module to extract high-
dimensional features, and further processed through the Conv 2 module to extract low-dimensional features. 
Finally, the features are flattened and passed through two fully connected layers for classification of ictal and 
interictal states.

Feature fusion
(1) Frequency band division

The EEG signals were decomposed into five canonical physiological frequency bands: δ(0.5–4.5 Hz), θ(4–8 
Hz), α(8–13 Hz), β(13–30 Hz), and γ(30–50 Hz). For each channel, bandpass filtering was applied to extract the 
corresponding band-limited components, resulting in five filtered versions of the original multi-channel signal, 
each representing neural activity within a specific frequency range. Subsequently, power spectral density (PSD) 
features for each band were computed from the segmented raw data using the multitaper method (MTM), a 
robust spectral estimation technique that reduces variance through orthogonal tapers.

(2) Calculation of Power Spectral Density
The MTM is a sophisticated technique for estimating PSD38, involving three essential steps: selection of 

orthogonal windows, individual PSD estimation, and averaging.
Selection of Orthogonal Windows
A set of K  data windows, which are mutually orthogonal, are chosen from the Slepian function set or Discrete 

Prolate Spheroidal Sequences (DPSS). For a given time series length N  and bandwidth parameter W , one can 
find a set of K  mutually orthogonal tapers {vk(n)}K−1

k=0 , where n = 0, 1, ..., N − 1.
Individual PSD Estimation
For each taper, the original time series is multiplied by that taper to produce a new time series, which is then 

Fourier transformed to obtain the corresponding PSD estimate. Assuming we have a time series x(n), the PSD 
estimate using the kth taper vk(n) is calculated as follows:

	
Pk(f) =

∣∣∣∣∣
N−1∑
n=0

x(n)vk(n)e−j2πfn

∣∣∣∣∣
2

� (1)

Here, f  denotes frequency, j is the imaginary unit, and e−j2πfn is the complex exponential function used to 
transform the time-domain signal into the frequency domain.

Averaging Process
All K  individual PSD estimates produced by the tapers are summed to compute the average PSD:

Dataset Ictal Interictal

CHB-MIT 29,673 77,850

TUSZ 54,488 121,022

Table 1.  Original sample sizes on the two datasets.
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P̂ (f) = 1

K

K−1∑
k=0

Pk(f)� (2)

The PSD values were averaged across the channel dimension and then combined across the five frequency bands. 
After averaging, the resulting PSD representation is one-dimensional (1D) with respect to time and frequency 
band, which preserves spectral characteristics while reducing spatial variability. This 1D feature vector is then 
used as the input to the PSD-LW-DCN model. This design is pivotal for our lightweight framework. it minimizes 
spatial variability, and thus model complexity, while retaining comprehensive spectral information.

Model classification
The PSD-LW-DCN model is designed for cross-subject seizure detection, incorporating two feature extraction 
modules, Conv Module 1 and Conv Module 2, which process reconstructed PSD features sequentially.

The use of two convolutional modules enables the network to learn progressively more complex spectral 
patterns while maintaining a lightweight architecture, which is crucial for efficient deployment in resource-
constrained clinical environments. During preliminary experiments, we observed that adding a third 
convolutional module did not yield significant performance improvements but substantially increased model 
size and computational cost. In contrast, a single-layer design was insufficient to capture the hierarchical spectral 
dynamics required for robust seizure detection. Therefore, two modules were selected as an optimal trade-off 
between representational capacity, model compactness, and inference efficiency within the PSD-LW-DCN 
framework.

Conv Module 1 consists of two convolutional blocks: the first includes a convolutional layer (32 kernels, 
size 3, stride 1), a batch normalization layer, and a max-pooling layer (kernel size 2, stride 1); the second block 
includes a convolutional layer (32 kernels, size 3, stride 1), a max-pooling layer (kernel size 2, stride 1), and a 
batch normalization layer.

Conv Module 2 mirrors this structure but omits the max-pooling layer in the second block. The high-
level representations from Module 2 are concatenated and passed through two fully connected layers for final 
classification.

Experiments
In this section, the experimental setup is detailed, encompassing data evaluation metrics and implementation 
details. These components are critical for ensuring the rigor and reproducibility of the experiments.

Fig. 1.  The overall framework of our proposed method.
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Evaluation metrics
The performance of the proposed model was evaluated using accuracy, sensitivity, specificity, F1 score, AUC, 
and false alarms per hour.

Accuracy measures the overall proportion of correct predictions:

	
Accuracy = TN + TP

TN + TP + FN + FP
� (3)

where TP (True Positive) and TN (True Negative) are correctly classified seizure and non-seizure samples, FP 
(False Positive) are incorrect seizure predictions, and FN (False Negative) are missed seizures.

Sensitivity (recall) measures the model’s ability to detect actual seizures:

	
Sensitivity = TP

TP + FN
� (4)

Specificity measures the proportion of non-seizure events correctly identified:

	
Specificity = TN

TN + FP
� (5)

The F1 score is the harmonic mean of precision and recall, providing a balanced measure for imbalanced data:

	
F1 = 2 · TP

2 · TP + FP + FN
� (6)

AUC (Area Under the ROC Curve) evaluates the model’s overall discriminative ability between seizure and 
non-seizure classes.

A predicted seizure is considered a true positive if it occurs within 30 seconds before or 60 seconds after a 
true seizure onset; otherwise, it is counted as a false alarm. This asymmetric event-based matching protocol—
allowing for early detection and delayed response—follows the standardized evaluation framework defined in 
SzCORE39, ensuring clinically meaningful and comparable assessment across studies.

Building on this event-based evaluation, the false alarm rate per hour is reported to assess the model’s clinical 
reliability in long-term monitoring. It is computed for each subject as:

	
False Alarms per Hour = Number of False Alarm Events

Monitoring Duration (hours) � (7)

where a false alarm event is any predicted seizure that does not align with a true seizure within the −30 to +60 
seconds tolerance window. This metric provides a practical measure of system usability, helping to quantify the 
risk of alarm fatigue in real-world clinical environments.

Together, these metrics provide a comprehensive evaluation of both performance and real-world applicability.

Experimental setup
To ensure the robustness and validity of the proposed model, leave-one-out cross-validation (LOOCV) was 
employed for evaluation. This method iteratively selects N-1 subjects for training and one subject for testing, 
ensuring reliable model assessment. The overall accuracy is computed as the average precision across all 
iterations.

The model was trained and validated on two publicly available datasets, CHB-MIT and TUSZ, using the cross-
entropy loss function and optimized with the Adam optimizer. The best model weights were selected based on 
the minimum validation loss achieved during training, using an early stopping mechanism with a patience of 10 
epochs to prevent overfitting. All implementations utilized PyTorch, an open-source deep learning framework.

Experimental results and discussion
Performance evaluation In CHB-MIT
As shown in Table 2, the proposed model achieves an average accuracy of 85.84% ± 10.13%, sensitivity of 79.57% 
± 15.64%, specificity of 92.12% ± 14.78%, AUC of 0.94 ± 0.09, F1 score of 0.84 ± 0.11, and a low false alarm rate of 
0.33 ± 0.37 per hour. High performance is observed in subjects like chb01, chb02, and chb22 (accuracy >96%, F1 
≥ 0.96, <0.1 false alarms/h), while chb02 and chb09 achieve near-perfect sensitivity (100.00% and 99.21%), and 
chb01/chb04 show high specificity (>99.3%). Most subjects (chb17/chb23) have fewer than 0.5 false alarms per 
hour, indicating strong clinical feasibility. However, performance declines in subjects with atypical physiology, 
chb14 exhibits low accuracy (61.50%) and sensitivity (39.56%), chb06 has poor specificity (51.99%), and chb05 
suffers from high false alarms (1.64/h), suggesting limited generalizability for some individuals. Overall, the 
model demonstrates robust seizure detection with high specificity and low false alarms across most subjects, 
highlighting its potential for real-world epilepsy diagnosis.

Performance evaluation In TUSZ
As shown in Table 3, the proposed model achieves competitive performance on the TUSZ dataset with an 
average accuracy of 83.21% ± 6.57%, sensitivity of 78.02% ± 10.32%, specificity of 88.39% ± 7.48%, AUC of 0.91 
± 0.07, F1 score of 0.81 ± 0.08, and a false alarm rate of 1.09 ± 0.75 per hour. High-performing subjects such as 
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ID Acc (%) Sen (%) Spe (%) AUC F1 False alarms per hour

PN01 89.27 88.39 90.17 0.96 0.89 1.08

PN02 80.49 79.67 81.30 0.88 0.80 1.04

PN03 79.10 77.23 80.96 0.87 0.78 1.71

PN04 69.46 62.38 76.52 0.77 0.67 2.10

PN05 90.47 88.09 92.85 0.96 0.90 0.78

PN06 87.31 81.38 93.23 0.94 0.86 0.74

PN07 74.49 55.68 93.34 0.85 0.68 0.73

PN08 79.01 71.78 86.20 0.88 0.77 1.38

PN09 87.94 96.91 79.04 0.93 0.88 1.50

PN10 90.10 82.42 97.76 0.98 0.89 0.23

PN11 88.38 89.72 87.04 0.94 0.88 1.39

PN12 78.72 66.97 90.48 0.89 0.75 1.05

PN13 80.73 68.26 93.18 0.90 0.77 0.79

PN14 80.84 63.23 98.47 0.96 0.76 0.16

PN15 86.24 76.26 96.33 0.96 0.84 0.41

PN16 79.40 68.12 90.61 0.89 0.76 0.98

PN17 71.45 75.31 67.54 0.76 0.72 2.98

PN18 80.30 81.99 78.62 0.88 0.80 2.26

PN19 97.52 95.22 99.79 0.99 0.97 0.02

PN20 92.92 91.49 94.33 0.98 0.92 0.50

Mean±Std 83.21±6.57 78.02±10.32 88.39±7.48 0.91±0.07 0.81±0.08 1.09±0.75

Table 3.  Cross-subject experimental results based on the TUSZ dataset, using a leave-one-out strategy.

 

ID Acc (%) Sen (%) Spe (%) AUC F1 False alarms per hour

chb01 96.42 93.47 99.34 0.99 0.96 0.03

chb02 99.14 100.00 98.28 0.99 0.99 0.08

chb03 87.56 79.35 95.62 0.97 0.86 0.22

chb04 90.22 81.11 99.33 0.98 0.89 0.01

chb05 91.57 99.04 83.98 0.98 0.92 1.64

chb06 68.19 84.53 51.99 0.80 0.72 0.20

chb07 93.01 93.49 92.51 0.96 0.93 0.18

chb08 87.25 80.19 94.38 0.94 0.86 0.96

chb09 88.96 99.21 78.52 0.98 0.90 0.44

chb10 89.13 90.89 87.36 0.96 0.89 0.36

chb11 89.54 81.33 97.73 0.97 0.88 0.55

chb12 84.14 76.05 92.20 0.93 0.82 0.51

chb13 80.52 70.09 91.08 0.89 0.78 0.52

chb14 61.50 39.56 83.33 0.64 0.50 0.32

chb15 90.12 86.83 93.40 0.95 0.89 0.80

chb16 81.11 68.42 93.55 0.93 0.78 0.05

chb17 83.93 69.41 98.63 0.97 0.80 0.12

chb18 85.86 75.00 96.71 0.95 0.84 0.15

chb19 87.63 79.26 96.11 0.96 0.86 0.27

chb20 81.42 64.05 99.08 0.96 0.77 0.03

chb21 71.17 43.15 99.25 0.90 0.59 0.03

chb22 96.40 95.68 97.12 0.99 0.96 0.17

chb23 84.98 73.41 96.52 0.94 0.83 0.11

chb24 90.53 86.14 94.92 0.96 0.90 0.18

Mean±Std 85.84±10.13 79.57±15.64 92.12±14.78 0.94±0.09 0.84±0.11 0.33±0.37

Table 2.  Cross-subject experimental results based on the CHB-MIT dataset, using a leave-one-out strategy.
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PN19 (accuracy: 97.52%, F1: 0.97, false alarms: 0.02/h) and PN20 (92.92%, F1: 0.92, 0.50/h) demonstrate strong 
detection reliability, while PN09 and PN19 achieve high sensitivities (96.91% and 95.22%) and PN19 attains 
near-perfect specificity (99.79%). The majority of subjects show balanced F1 scores (mean 0.81) and moderate 
false alarm rates, though some exhibit higher alerts (e.g., PN17: 2.98/h) or lower sensitivity (e.g., PN04: 62.38%), 
indicating variability across individuals. Overall, the model shows good generalization capability in cross-subject 
seizure detection with consistent accuracy, acceptable F1 scores, and manageable false alarms, highlighting its 
potential for clinical application in epilepsy monitoring.

Interpretability analysis
For interpretability analysis, subjects with varying classification performance (good, moderate, and poor) were 
selected from the CHB-MIT and TUSZ datasets. Their EEG signals were annotated by experts for epilepsy 
diagnosis. As shown in Fig. 2, subjects with good classification performance (e.g., chb01 and PN19) exhibited 
significant increases in PSD values during seizure periods across most frequency bands. In contrast, subjects 
with moderate or poor performance (e.g., chb14 and PN04) showed higher PSD values during interictal periods 
in certain frequency bands. This suggests that the lack of a clear energy difference between interictal and seizure 
periods in specific frequency bands may contribute to reduced classification accuracy. These findings highlight 
the importance of considering individual variability in EEG signal characteristics when interpreting model 
performance.

Ablation study
Ablation experiments systematically evaluated the contribution of individual and combined frequency bands (α, 
β, γ, δ and θ) to cross-subject seizure detection on CHB-MIT and TUH datasets, with detailed results presented 
in Tables 4 and 5.

Among the single-frequency inputs, the θ band consistently delivered the most pronounced improvements. 
On CHB-MIT, θ exceeded the average of the remaining four bands by 5.53 percentage points in accuracy, 3.81 
percentage points in sensitivity, 6.22 percentage points in specificity, and approximately 0.05 in AUC. Parallel 
gains were observed on TUH: 4.25, 7.36, 7.29 percentage points and approximately 0.05, respectively. These 
enhancements confirm that θ-band inputs most effectively boost sensitivity and specificity for cross-subject 
seizure detection, aligning with prior findings that link θ-band activity to seizure onset40–42.

Among all dual-band inputs, the (β, θ) combination consistently outperforms the others. On CHB-MIT 
it achieves 80.43% accuracy, 73.21% sensitivity, 87.65% specificity and 0.89 AUC, surpassing every alternative 
pairing. A parallel pattern is observed on TUH, where (β, θ) attains 79.63% accuracy, 72.15% sensitivity, 86.25% 
specificity and 0.88 AUC, again exceeding all competing dual-band inputs. These findings establish (β, θ) fusion 
as the most effective two-band configuration for cross-subject seizure detection, corroborating prior evidence 
of strong (β, θ) coupling43,44 and highlighting the complementary roles of β oscillations in seizure onset, 
particularly in focal epilepsy45,46.

Tri-band ((β, γ, δ), (β, γ, θ), (α, γ, δ),) and quad-band ((α, β, γ, δ), (α, γ, δ, θ), (β, γ, δ, θ)) ensembles 
achieve robust performance, confirming complementarity across high-, mid- and low-frequency components. 
Despite these gains, all multi-band combinations still trail the full five-band baseline in overall accuracy and 

Fig. 2.  Interpretability analysis in the CHB-MIT dataset and the TUSZ dataset.
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AUC. Notably, on CHB-MIT the (β, γ, δ, θ) quartet surpasses the full-band setup by 0.46 in sensitivity, likely 
because the α band carries predominantly interictal information and attenuates ictal-related sensitivity47.

Overall, these ablation studies demonstrate that multi-band feature fusion significantly outperforms single-
band input for cross-subject seizure detection. The complementary nature of different frequency bands enhances 
both sensitivity and generalizability. The model effectively leverages full-spectrum EEG information to achieve 
robust and accurate seizure detection across various subjects and datasets. These findings validate the necessity 
of incorporating multi-band EEG information into seizure detection frameworks and highlight the potential 
for further performance improvements through the optimization of band selection and fusion strategies. Future 
work will investigate patient-specific band selection to further optimize detection for individual seizure profiles.

Parameter tuning
As illustrated in Fig. 3, the impact of hyperparameters on model performance reveals clear trends. The highest 
F1-score of 0.84 was achieved with a learning rate of 0.001, batch size of 64, kernel size of 3, and 32 filters—
marked as the peak in the visualization. This configuration significantly outperformed most settings with a 
higher learning rate (0.01), confirming that slower, more stable training leads to better generalization. The plot 
further shows that lower learning rates consistently yield higher scores across different batch sizes and kernel 
configurations, especially when combined with moderate filter counts.

The visualization highlights that small kernel sizes (3) and medium filter counts (32) achieve optimal 
performance, while larger kernels (5 or 7) and excessive filters (64) lead to performance drops, particularly at 
higher learning rates. Increasing filters from 16 to 32 generally improves results, but further expansion offers 
diminishing returns. Similarly, batch sizes of 64 and 128 perform comparably, with 64 slightly favored under 
optimal conditions. Overall, the parameter landscape peaks at a well-balanced configuration, emphasizing the 
importance of coordinated tuning for maximizing model effectiveness.

Dataset α β γ δ θ Acc (%) Sen (%) Spe (%) AUC F1

CHB-MIT

✓ 72.91 67.09 78.66 0.81 0.69

✓ 73.97 69.60 78.33 0.83 0.71

✓ 67.10 61.50 72.69 0.76 0.64

✓ 72.81 67.19 78.76 0.81 0.70

✓ 77.25 70.13 83.31 0.85 0.73

✓ ✓ 77.30 70.47 84.11 0.86 0.76

✓ ✓ 76.48 68.58 84.35 0.86 0.75

✓ ✓ 79.80 71.89 86.70 0.88 0.77

✓ ✓ 76.87 71.56 82.16 0.86 0.76

✓ ✓ 77.16 71.27 84.03 0.87 0.79

✓ ✓ 77.28 70.12 85.42 0.87 0.79

✓ ✓ 75.67 70.68 80.63 0.84 0.75

✓ ✓ 77.13 73.15 81.11 0.85 0.77

✓ ✓ 80.43 73.21 87.65 0.89 0.80

✓ ✓ 79.48 72.45 86.49 0.88 0.80

✓ ✓ ✓ 80.15 72.16 88.13 0.88 0.79

✓ ✓ ✓ 81.11 73.53 88.69 0.91 0.82

✓ ✓ ✓ 82.28 75.31 89.23 0.93 0.83

✓ ✓ ✓ 84.14 77.94 90.34 0.93 0.83

✓ ✓ ✓ 78.82 72.45 85.18 0.88 0.78

✓ ✓ ✓ 82.70 76.22 89.17 0.92 0.82

✓ ✓ ✓ 81.46 74.62 88.28 0.90 0.81

✓ ✓ ✓ 80.87 72.80 88.95 0.89 0.80

✓ ✓ ✓ 81.16 74.35 87.97 0.90 0.81

✓ ✓ ✓ 83.41 76.81 90.02 0.92 0.83

✓ ✓ ✓ ✓ 84.60 78.34 90.87 0.93 0.83

✓ ✓ ✓ ✓ 82.61 75.27 89.96 0.91 0.82

✓ ✓ ✓ ✓ 84.25 77.88 90.60 0.93 0.83

✓ ✓ ✓ ✓ 85.68 80.03 91.34 0.94 0.84

✓ ✓ ✓ ✓ 83.90 77.45 90.37 0.92 0.82

✓ ✓ ✓ ✓ ✓ 85.84 79.57 92.12 0.94 0.84

Table 4.  Ablation results on CHB-MIT dataset. Note:✓indicates whether to use this frequency band.
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Fig. 3.  Hyperparameter impact on F1-score. The blue line highlights the optimal configuration.

 

Dataset α β γ δ θ Acc (%) Sen (%) Spe (%) AUC F1

TUSZ

✓ 69.48 65.46 73.96 0.78 0.66

✓ 70.56 66.56 74.53 0.79 0.67

✓ 68.12 62.25 71.36 0.76 0.64

✓ 71.31 65.24 76.21 0.80 0.70

✓ 74.12 72.24 81.31 0.83 0.71

✓ ✓ 76.43 70.11 83.31 0.85 0.73

✓ ✓ 74.83 67.89 83.85 0.83 0.71

✓ ✓ 78.61 70.82 85.56 0.87 0.79

✓ ✓ 74.82 70.64 81.56 0.84 0.75

✓ ✓ 75.16 72.27 85.03 0.86 0.76

✓ ✓ 76.12 69.12 84.42 0.85 0.73

✓ ✓ 74.27 70.14 79.33 0.82 0.71

✓ ✓ 76.34 72.45 80.61 0.85 0.73

✓ ✓ 79.63 72.15 86.25 0.88 0.80

✓ ✓ 78.32 71.35 85.29 0.87 0.79

✓ ✓ ✓ 79.25 71.17 87.43 0.87 0.79

✓ ✓ ✓ 80.43 72.43 87.26 0.88 0.80

✓ ✓ ✓ 81.18 73.21 86.43 0.88 0.80

✓ ✓ ✓ 81.31 74.24 87.34 0.89 0.81

✓ ✓ ✓ 78.82 72.45 85.18 0.88 0.78

✓ ✓ ✓ 77.10 71.22 84.17 0.87 0.78

✓ ✓ ✓ 79.76 71.42 84.58 0.88 0.79

✓ ✓ ✓ 78.87 70.80 86.45 0.87 0.78

✓ ✓ ✓ 78.36 72.15 86.43 0.88 0.79

✓ ✓ ✓ 79.41 74.81 87.02 0.89 0.80

✓ ✓ ✓ ✓ 81.60 76.54 86.87 0.89 0.80

✓ ✓ ✓ ✓ 82.11 76.77 87.12 0.90 0.81

✓ ✓ ✓ ✓ 81.25 75.88 85.60 0.89 0.80

✓ ✓ ✓ ✓ 80.78 74.63 85.34 0.88 0.80

✓ ✓ ✓ ✓ 82.90 76.65 86.37 0.90 0.81

✓ ✓ ✓ ✓ ✓ 83.21 78.02 88.39 0.91 0.81

Table 5.  Ablation results on TUSZ dataset. Note:✓indicates whether to use this frequency band.
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Comparisons with advanced models
The proposed PSD-LW-DCN model was evaluated on the CHB-MIT and TUSZ datasets against state-of-the-
art baselines, including CNN-Self-Attention19, DCN36, DeepCNN37, ResNet-LSTM18, PANN17, StackedCNN15, 
EEGWaveNet16, and Transformer14, using metrics such as accuracy, sensitivity, specificity, AUC, and F1 score. 
The experimental results are presented in Table 6. On CHB-MIT, PSD-LW-DCN achieved the highest accuracy 
(85.84%), sensitivity (79.57%), AUC (0.94), and F1 score (0.84), outperforming the best prior method (ResNet-
LSTM) by 2.10% in accuracy and significantly surpassing Transformer in AUC (+0.05) and F1 (+0.06). It also 
showed competitive specificity (92.12%). On TUSZ, the model attained the best accuracy (83.21%) and specificity 
(88.39%), with a high sensitivity of 78.02%, close to the best, and achieved the highest AUC (0.91) and F1 score 
(0.81), surpassing Transformer in both. These results demonstrate that PSD-LW-DCN consistently outperforms 
existing methods, offering superior overall performance and robustness in epileptic seizure detection.

Lightweight and deployability analysis
In clinical applications and edge-device deployment of electroencephalogram (EEG)-based epilepsy detection 
systems, model computational efficiency, parameter size, and inference speed are critical factors determining 
practical usability. This section presents a comparative analysis of the proposed PSD-LW-DCN method against 
mainstream deep learning models in terms of training overhead, model complexity, and inference performance, 
demonstrating its significant advantages in lightweight design and deployability while maintaining high accuracy.

To evaluate the practicality of these models in resource-constrained environments, we tested their inference 
efficiency on low-power devices. The results are shown in Table  7. The test platform was a laptop equipped 
with a GeForce GTX 960M GPU (2GB VRAM), an i7-4700MQ CPU, 4GB RAM, and running Ubuntu 14.04, 
simulating a typical edge computing scenario. The evaluation metric is the average inference time per EEG 
sample in milliseconds (ms/sample), where lower values indicate better real-time performance.

Contemporary research frequently pursues performance through increasing model complexity, resulting in 
architectures like ResNet-LSTM and HybridCNN that suffer from significant parameter bloat (e.g., reaching 
24.61 million parameters) and sluggish inference (>5ms/sample). Challenging this paradigm, PSD-LW-DCN is 
built upon the principle of minimalism for generalization. Instead of relying on brute-force depth, we employ 
holistic lightweight strategies to distill the architecture down to its essentials (61,218 parameters), achieving a 
99.7% reduction compared to ResNet-LSTM. This shift in philosophy translates directly to operational efficiency: 
our model attains superior inference speeds of 1.9 ms/sample on the CHB dataset. While advanced methods like 
QFF-MLNet and PANN offer strong representational power, their latency renders them impractical for edge 
scenarios. In contrast, PSD-LW-DCN proves that high efficiency and robust generalization are not mutually 
exclusive, offering a viable solution for real-time deployment on resource-constrained devices.

In summary, the PSD-LW-DCN distinguishes itself not only by its compact model size and rapid inference 
speed but also by its significant clinical translational value. Its lightweight architecture directly addresses 
the real-world constraint of limited computational resources in edge devices, while its robust generalization 

Dataset Model Acc (%) Sen (%) Spe (%) AUC F1

CHB-MIT

CNN-Self-Attention19 71.44 72.92 73.29 0.83 0.73

DCN36 79.24 73.65 85.75 0.88 0.77

DeepCNN37 77.14 71.25 82.55 0.85 0.74

Resnet-LSTM18 83.74 75.32 92.16 0.92 0.81

PANN17 71.63 78.39 64.83 0.83 0.72

StackedCNN15 79.20 74.36 84.01 0.87 0.76

EEGwaveNet16 78.73 78.25 79.14 0.87 0.77

Transformer14 81.22 76.24 86.22 0.89 0.78

HybirdCNN48 73.32 73.14 82.56 0.84 0.73

QFF-MLNet49 81.63 78.56 87.32 0.90 0.80

PSD-LW-DCN 85.84↑ 79.57↑ 92.12 0.94↑ 0.84↑

TUSZ

CNN-Self-Attention19 76.42 75.68 83.24 0.86 0.76

DCN36 80.12 77.09 84.69 0.89 0.78

DeepCNN37 79.14 75.25 82.13 0.83 0.72

Resnet-LSTM18 81.32 76.41 81.86 0.83 0.73

PANN17 74.29 75.89 82.73 0.82 0.71

StackedCNN15 75.17 73.17 77.18 0.83 0.73

EEGwaveNet16 70.22 74.89 65.57 0.79 0.70

Transformer14 79.29 78.28 80.31 0.88 0.77

HybirdCNN48 73.41 73.35 75.67 0.81 0.71

QFF-MLNet49 80.28 77.31 85.46 0.89 0.78

PSD-LW-DCN 83.21↑ 78.02 88.39↑ 0.91↑ 0.81↑

Table 6.  Comparison of the proposed method with state-of-the-art techniques on two benchmark datasets.
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capability ensures consistent performance across heterogeneous patient data. These attributes position PSD-
LW-DCN as an ideal candidate for integration into mobile healthcare devices and wearable systems. Although 
large-scale deployment in clinical settings remains a direction for future work, our findings confirm that the 
model effectively bridges the gap between theoretical efficiency and practical, bedside utility.

Conclusion
The PSD-LW-DCN model has been proposed to enhance cross-subject seizure detection performance. By 
integrating PSD feature reconstruction, data augmentation, and balancing techniques, the model significantly 
improves detection accuracy. Interpretability analysis of PSD features provides insights into the model’s decision-
making process. Extensive experiments on the CHB-MIT and TUSZ datasets demonstrate its effectiveness, 
achieving accuracies of 85.84% and 83.21%, respectively, with improvements of 5% and 3% over existing 
methods. The lightweight design ensures computational efficiency, making it suitable for real-time applications. 
Future work may focus on optimizing the architecture, exploring additional feature extraction techniques, and 
validating performance on larger datasets to further enhance robustness and applicability.

Data availability
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