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Abstract

Timely diagnosis of epilepsy is of paramount importance for the effective management of the disease, given its status as
one of the most common neurological disorders. Manual interpretation of EEGs is labor-intensive and subjective,
emphasizing the necessity for automated diagnostic systems. The aim of this study is to introduce a robust and lightweight
framework of convolutional neural networks (CNN) for detecting epilepsy classes from EEG signals. Using multi-scale
temporal windowing and Continuous Wavelet Transform (CWT) for feature extraction capable of detailed time-frequency
features, followed by processing through a lightweight CNN model architecture using depth-wise separable convolutions.
The generalization capability is evaluated via cross-dataset validation, where we train on the Turkish EEG dataset and use
external datasets CHB-MIT and Bonn for testing. The Turkish dataset achieves a classification accuracy of 94.8%
according to the proposed model, while retaining excellent performance on datasets that have not been seen before,
validating its versatility against distribution shifts. Finally, real-time performance assessment on a Raspberry Pi 4
establishes the potential of the method in embedded & portable diagnostic pipelines, with average inference time well
below 30 milliseconds. These findings are important as they demonstrate the practical potential to deploy an accurate,
generalizable, and near-real-time EEG-based seizure detection system that is relevant to clinical and wearable applications.
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1. Introduction

Epilepsy is a chronic neurological disorder that affects more than 50 million people worldwide, making it one of the
most prevalent brain diseases across all age groups [1-4]. The disease is characterized by the unintentional and persistent
manifestation of convulsions caused by overstimulated and abnormal brain cell activity [5-10]. Timely and accurate
diagnosis can play a pivotal role in enhancing patient outcomes, allowing for early medical intervention and minimizing the
risk of complications such as injuries, cognitive decline, and social isolation [11-14].

Among routine clinical practices, electroencephalography (EEG) has been appreciated as the most affordable and
informative tool for the non-invasive diagnosis of epilepsy [15-18]. The patient’s electroencephalogram (EEG) uses
electrodes on the scalp to record electrical activity from the brain and provides vital information regarding the patient’s
neurological status [19-23]. However, the interpretation of EEG signals remains primarily within the domain of manual
analysis by neurologists, which is a time-consuming, error-prone process and heavily dependent on the availability of an
expert [24, 25]. This introduces an urgent need for automated, scalable, and precise EEG-based diagnostic systems that
further assist or complement clinical decision-making [26-30].

Recently, machine learning (ML) [31-35] and, more commonly, deep learning (DL) techniques [36-38] have
demonstrated considerable promise for automating the analysis of EEG signals. Empowered with the ability to capture
intricate spatial and spectral features from electroencephalogram (EEG) signals, deep neural networks, especially
convolutional neural networks (CNNs), have shown significant potential [21, 39-42] and have proved to be attractive
alternatives. Despite the state-of-the-art classification accuracy achieved by such models, the majority of currently proposed
solutions have multiple crucial drawbacks:

In this paper, Disli, et al. [43] Limited generalization: Most models are trained and evaluated using only one dataset,
which can easily lead to overfitting and restrict the application of the model to more generic clinical environments or
populations. Short signal duration: Most previous studies use fixed short segments of EEG data (1 second typically) that
may be inadequate for the long-term dynamics of seizure activity. Unnecessarily advanced architectures: State-of-the-art
models such as ResNet or Inception are very accurate but are too computationally expensive for real-time or edge-
computing applications. Few models validated for real-time testing: No on-device testing for low-resource hardware like
Raspberry Pi or wearables.

In this submission, we introduce a new framework that allows for robust and real-time epilepsy classification and
addresses the main barriers to seizure detection based on EEG. The proposed method combines: We also use multi-scale
temporal windowing (1s, 3s, 5s windows) to capture both short- and long-term temporal dependencies. Using Continuous
Wavelet Transform (CWT) for the transformation of the EEG signals into time-frequency images, keeping both spectral
and temporal information. A DW (depth-wise separable) CNN architecture to keep the models lightweight and
implementable for edge devices. Multi-dataset validation to robustly test the generalizability of the model(s) on diverse
EEG datasets (Turkish EEG, CHB-MIT, Bonn). In contrast to previous works with dataset-dependent or inherently
impractical stacks, we devise a model with superior deployment for the real world. We demonstrate the model’s inference
latency on embedded systems, like the Raspberry Pi 4, making it appropriate for portable EEG systems, bedside monitors,
and remote healthcare settings. The main contributions of this work are as follows:

e In this paper, we propose a low-complexity CNN architecture with high classification performance.

e To improve detection of seizures, we propose a multi-scale temporal windowing procedure and CWT-based signal
representation.

e To validate how robust and generalizable the models are across heterogeneous EEG datasets, we perform extensive
cross-dataset evaluations.

e We evaluate the model’s performance on embedded hardware in real-time, suggesting clinical and wearable
deployability.

e We focus on accuracy, adaptability, and efficiency to bridge academic prototypes with clinically usable tools, which
are cornerstone elements in trustworthy, real-time diagnostic EEG-based systems.

2. Related Work

The diagnosis of epilepsy from electroencephalogram (EEG) signals has been extensively studied, particularly with the
advancement of deep learning (DL) models, which can detect non-linear temporal and spectral patterns. We review relevant
literature, highlighting four key themes pertinent to our proposed approach: classical machine learning, deep learning
architectures, temporal modeling, and cross-dataset generalization.

As discussed previously, conventional machine learning (ML) methods such as Support Vector Machines (SVM) [40,
42, 44, 45], k-Nearest Neighbors (k-NN) [46-49] and Random Forests [50, 51] were originally used for EEG-based seizure
detection [52-57]. Most of these methods are based on using engineered features of EEG signals, such as power spectral
density, entropy, statistical measures, etc. For example, Guler and Ubeyli [58] and Al-Mekhlafi, et al. [59] used Lyapunov
exponents and spectral entropy features in combination with SVM, which yielded high classification accuracy.
Nevertheless, those approaches required a lot of expertise and struggled with more complex temporal dynamics.

In recent years, various studies have followed this trend by applying convolutional neural network (CNN) architectures
as well as recurrent neural networks (RNN) to raw or preprocessed EEG reader data for end-to-end learning [26, 60-64].
Introduced a 13-layer CNN that can automatically detect seizures with an accuracy of over 95% on the Bonn dataset.
Similarly, Acharya, et al. [65] employed a bidirectional LSTM to model the temporal dependence of very long EEG
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sequences. These models achieved good accuracy but could be computationally intensive, and generalizability to other
datasets was not always achieved.

Detecting changes in seizure patterns requires modeling temporal dependencies evident in electrocorticographic
signals. Most studies use relatively short fixed segments (usually 1s or 2s), which do not capture long-term transitions [66-
68]. Tackle this by using different epochs to capture temporal features of various sizes, and the results show that longer
segments improve performance. We further extend this idea by creating ensemble inputs with overlapping 1s, 3s, or 5s
windows, along with Continuous Wavelet Transform (CWT) to generate a richer time-frequency representation for CNN
input.

A common pitfall in the literature is that it can have evaluations on single datasets, leading to overfitting towards
dataset-specific artifacts [69, 70]. The majority of the models are trained and tested on the same dataset (typically Bonn or
CHB-MIT), resulting in limited insights into performance in the real world. Wang, et al. [71] reported significant
performance drops when models are transferred across datasets. To address this, we incorporate a robust cross-dataset
validation approach, training on the first dataset (Turkish EEG) while testing on the remaining datasets (CHB-MIT, Bonn),
demonstrating the proposed model’s adaptability and generalizability.

A major challenge is deployability. Models like ResNet or Inception are seldom appropriate for real-time, low-resource
environments such as portable or wearable EEG systems [72]. Recent developments of lightweight alternatives such as
MobileNet and depth-wise separable CNNs have also been incorporated into biomedical application settings. Wang et al.
(2022) presented a mobile-friendly CNN for EEG decoding with good performance but did not consider multi-scale
segmentation or dataset generalization. Our model extends these advances by combining architectural efficiency with
innovative, domain-specific approaches to temporal modeling and validation.

This paper Disli et al. [43], introduces a novel method for automatic epilepsy classification, utilizing a Continuous
Wavelet Transform (CWT) combined with a depth-wise convolutional neural network (DCNN), demonstrating admirable
performance on a publicly available Turkish EEG dataset. CWT is used as it provides a representation of time-frequency
that is important for non-stationary signals like the EEG. In addition, the lightweight CNN architecture is an intentional
trade-off between precision and computational cost. Nonetheless, this methodology is subject to several important
limitations that hinder its practical implementation and generalization.

First, note that the model is being trained and evaluated on a single dataset; there is no cross-dataset testing or
validation whatsoever, which raises concerns for overfitting and generalization to real-world clinical data. Second, the
authors divide EEG into constant-time (1 second) frames, a useful convenience, but one that disregards longer onset
dynamics/pre-ictal activity associated with seizures that might happen well before this set frame. Thirdly, while the
architecture has been devised for low-resource usage, real-time performance is not assessed or benchmarked, which widens
the gap between theoretical efficiency and practical use. Furthermore, no comparative evaluation against other lightweight
or explainable models is provided, and it does not introduce any interpretability mechanism, which is a necessary condition
for the models to be integrated into clinical practice.

It is a valuable contribution to demonstrate a lightweight seizure detection pipeline, but there are several limitations in
temporal modeling (missing long-range dependencies), dataset robustness (one subject with 14-hour recording), and
deployment feasibility (no edge and real-time clock time results) in this work, which hinder scaling from a laboratory
setting to real-world diagnostics.

3. Materials and Methods

In this section, we discuss the datasets, preprocessing methods, temporal segmentation strategies, model architectures,
and training protocols to develop a robust model for epilepsy detection through CNN. The focus is on generalizing across
datasets, learning richer temporal patterns, and demonstrating the viability for real-time implementations. Figure 1 depicts a
progressive level approach to the process flow implemented in the paper for EEG signals-based real-time and efficient
epilepsy detection. Each block represents a major processing stage in the pipeline, all shown in the same light shade of gray
for clarity and a professional appearance. * EEG Datasets: The raw EEG signals were collected from a total of three public
datasets: Turkish EEG, CHB-MIT, and Bonn University. This diversity of datasets allows for a wide variety in sampling
rates, channel configurations, and subject demographics, which enhances model generalization.

e  Preprocessing: In this pipeline step, EEG signals were preprocessed to remove artifacts through standard bandpass
filtering (0.5-40 Hz), and normalization was applied to standardize input features.

e Temporal segmentation: This means that the continuous EEG signals were divided using a sliding time window
(overlapping) of 1s, 3s, and 5s to effectively capture short-term and long-term temporal dependencies suitable for
seizure detection.

e CWT Transformation: The study's first method utilized Continuous Wavelet Transform (CWT) to convert each EEG
segment into a 2D time-frequency image that preserved both spectral and temporal dynamics.

e Image concatenation: Data from each channel was arranged into a single 2D image by concatenating the
corresponding channels of the CWT output (for 35 channels, a 7x5 layout was selected) to form one composite input
for the CNN model.
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Figure 1.
EEG Processing Pipeline for Epilepsy Classification.

e Efficient CNN Input: This CNN architecture, which is simple and lightweight in terms of computational
requirements, was used to obtain spatial and frequency-related features.

e Model Training: The CNN training was performed with the Adam optimizer, used binary cross-entropy loss, and
included early stopping to prevent overfitting. This was followed by dropout (rate = 0.6) regularization to enhance
generalization.

e Validation & Testing: The robustness of the models when evaluated on different EEG sources was assessed through
cross-dataset validation (training on one dataset and testing on an independent dataset) as well as through
comprehensive model evaluation using 5-fold subject-wise cross-validation.

e Performance evaluation: The performance of classification results was assessed using standard metrics, including
accuracy, sensitivity, specificity, precision, F1 score, and AUC.

o Deployment Evaluation: To validate the feasibility of real-time applications, the trained model was evaluated for
runtime efficiency and inference latency on low-resource devices (e.g., Raspberry Pi 4).

3.1. Datasets

To resolve the common downside of single dataset utilization, this work introduced a multi-dataset analysis and
assessment model, as shown on Table 1, where the empirical analysis included three open-access EEG datasets with
different characteristics:

Table 1.
Summary of EEG Datasets Used in This Study.
Dataset Subjects | Channels | Seizure Type Sampling Rate | Total Samples | Segment
Turkish Binary (epileptic vs
EEG 121 35 Y (epriep | Hz ~10,000 second
healthy
Dataset
CHB-MIT | 23 23 Seizure detection Hz ~5,000 Variable
Bonn Ictal/ Interictal/ | 173.61
University 5 (per set) Normal Hz ~5,000 23.6 seconds each
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3.1.1. Duration
e Preprocessing: All datasets were resampled (when applicable; to 256 Hz), bandpass filtered (0.5-40 Hz), and
normalized. Artifacts and noise were reduced using a moving average filter applied to each channel and manual
review of the resulting signals.
e Standardization: We addressed channel mismatch across the datasets by using common electrodes or zero-padding
for missing channels in the concatenated image format.

3.2. Temporal Windowing Strategy
The previous studies share a crucial limitation: short signal durations for model training, which are usually within 1-
second windows. This may decrease sensitivity to slowly evolving or transient seizure features. This approach allows the
model to capture time-localized patterns essential for differentiating between epileptic and normal brain activity. To address
this, we use a multi-scale temporal segmentation strategy: * WINDOW LENGTHS: EEG recordings were divided into 1s,
3s, and 5s windows overlaid at a 50% rate to reduce data duplication while preserving temporal resolution.
e Sliding windows: Overlapping windows were utilized to capture transitions and seizure evolution across the
segments.
e CWT Transformation: Each segment of time was converted into a time-frequency image to preserve the temporal
and spectral features using the Continuous Wavelet Transform (CWT).

3.3. Model Architecture

A lightweight CNN architecture was designed using depth-wise separable convolutions to avoid overfitting and to
ensure the feasibility of deploying the model on low-power hardware. This design allows for an extreme reduction in the
number of parameters without loss of performance. Table 2 shows an efficient CNN architecture.

Table 2.

Efficient CNN Architecture.
Layer Kernel/O Operation Output Description

Activation Shape

Input (150, 210,3) - (150,210, 3) | Input image (CWT representation)
Rescaling Downscale 3 - (150, 210, 3) | Normalize pixel values
Conv2D 3x3 ReLU (148,208, 4) | Basic feature extraction
DepthwiseConv2D 5%5 ReLU (144,204,4) | Channel-wise filtering
Conv2D 3x3 ReLU (142,202, 8) | Expanded feature maps
MaxPooling2D 2x2 - (71,101,8) | Down sampling
DepthwiseConv2D 5%5 ReLU (67,97, 8) Depth-wise filtering
MaxPooling2D 2x2 - (33,48, 8) Further spatial compression
Flatten - - (12,672) Linearize feature maps
Dropout Rate =0.6 - (12,672) Prevent overfitting
Dense 512 units ReLU (512) Fully connected layer
Output Dense 1 unit Sigmoid ) Binary classification output

The architecture of the model looks like the below:
e Total Parameters: 500k (roughly some 10x less than VGG or ResNet)
e Dropout Regularization: Enables us to prevent Overfitting when applied to the Dense layer
e Activation: ReLU in hidden layers; Sigmoid in output for binary classification
This architecture was selected after considering the accuracy, generalization, and runtime efficiency trade-offs
essential for prospective edge deployment.

3.4. Training and Evaluation Protocol

We trained and validated the model using a combination of within-dataset training and cross-dataset validation to
assess the performance and generalizability of the model for predicted outcomes. In Table 3, we describe the training and
evaluation settings used to train and validate the proposed efficient CNN model for EEG-based epilepsy classification. The
model was coded using Python with TensorFlow/Keras and executed in a GPU-enabled environment (Google Colab Pro
with NVIDIA Tesla T4). Additionally, to assess the timely accuracy and portability, inference experiments were conducted
on lower-resource devices (Raspberry Pi 4 and Intel Core i7 CPU).
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Table 3.
Training and Evaluation Configuration.
Category Parameter / Description
Training Framework Python (TensorFlow / Keras)on Google Colab Pro
Hardware (Training) NVIDIA Tesla T4 GPU, 16GB RAM
Hardware (Testing) Raspberry Pi 4 (4GB), Intel Core i7 CPU (local benchmarking)
Optimizer Adam
Initial Learning Rate 0.0002
Batch Size 128
Epochs 100 (with Early Stopping, Patience = 10)
Loss Function Binary Cross-Entropy
Evaluation Methods - 5-fold cross-validation (subject-wise) - Cross-dataset validation (e.g., Turk-ish —» CHB)
Regularization Dropout (rate = 0.6), Early Stopping
Windowing Strategy Multi-scale (1s, 3s, 5s) with 50% overlap
Input Format CWT-transformedimage (150%210x3)
Performance Metrics Accuracy, Sensitivity, Specificity, Precision, F1-Score, AUC
Runtime Metrics Inference time on CPU and embedded device (e.g., Raspberry Pi)

Hyperparameters were fine-tuned through several rounds of empirical evaluations, with the best performance achieved
using the Adam optimizer with a learning rate of 0.0002. Before training, a batch size of 128 was employed, and early
stopping (with 10 epochs patience) was used to prevent overfitting. The model was trained using binary cross-entropy loss.

We evaluated the proposed method using two rigorous validation techniques: (1) 5-fold cross-validation (per subject)
within each dataset and (2) cross-dataset validation to assess generalizability (e.g., we trained on the Turkish dataset and
tested on CHB-MIT). Input to the model was a 150x210x3 continuous wavelet transform (CWT) image of the EEG
segment constructed using temporal windowing of 1s, 3s, and 5s with 50% overlap.

Standard metrics such as accuracy, sensitivity, specificity, precision, F1-score, and AUC were used to evaluate model
performance. Additionally, we measured runtime metrics on edge devices to assess real-time feasibility.

4. Experiments and Results

In this section, we describe the experiments conducted to evaluate the proposed efficient CNN model for EEG-based
epilepsy detection. The assessment includes comparisons with the baseline model, ablation studies, cross-dataset
generalization tests, and real-time deployment tests.

4.1. Baseline Comparisons

In order to assess the efficacy of the suggested model, we evaluated its performance against multiple baseline
approaches: Standard CNN (VGG-style), Shallow 1D-CNN, traditional machine learning (SVM, Random Forest with
manual feature engineering), and ResNet-18 (a heavier DL benchmark).

Figure 2 shows that the proposed lightweight deep CNN model provides a classification accuracy as high as 94.8%
with a larger F1-score (0.94) and AUC (0.96) than traditional and deep learning baselines. This model fits into a small
architecture but achieves higher quality compared to heavier networks, e.g., ResNet-18. The model has very low inference
time (3.9 ms on GPU), making it suitable for real-time applications. Temporal windowing (1 s, 3 s, 5 s) improved detection
because it preserved the temporal evolution of seizure patterns. We found that a 3-second window provided the best trade-
off between performance and speed, confirming the value of the multi-scale design. Cross-dataset testing provides
additional evidence for the model’s generalization. Even when trained only on the Turkish dataset, accuracy remained high
(89.6% on CHB-MIT and 93.4% on Bonn), highlighting its potential for clinical deployment across various populations and
recording systems.
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Figure 2.

Performance Comparison on Turkish EEG Dataset.

Ablation studies confirmed that each design choice, depth-wise convolutions, dropout regularization, and CWT-based
inputs contributed to its robustness and accuracy. Importantly, the model also exhibited remarkable hardware efficiency,
performing robustly on a Raspberry Pi 4, thus facilitating its application in wearable EEG systems or point-of-care
diagnostics. We believe that the method proposed here can achieve a rare balance of performance, interpretability, and
deployability, overcoming some of the major limitations seen in many current models for epilepsy detection.

4.2. Effect of Temporal Windowing

To assess the effect of signal length on projection, we tested three different EEG segment lengths (1s, 3s, and 5s), since
the length of the temporal window can significantly impact classification performance in seizure detection tasks, as it
directly influences the amount of temporal context available to the model for learning. Table 4 shows the effect of temporal
segment length on performance.

Table 4.

Effect of Temporal Segment Length on Performance (Turkish Dataset).

Window Length Accuracy (%) F1-Score Inference Time (ms)
Is 92.3 0.91 3.6

3s 94.8 0.94 3.9

S5s 95.1 0.95 4.5

e Longer windows generally resulted in improved classification accuracy and Fl1-score, indicating better
representation of seizure patterns over extended durations.
e However, larger input sizes also introduced a moderate increase in inference time, highlighting a trade-off between
model performance and computational efficiency.
An optimal segment length of 3 seconds was identified, balancing both processing time and seizure detection
performance. This time window captures sufficient temporal features while maintaining low inference latency, enabling
potential real-time applications in clinical or wearable EEG systems.

4.3. Cross-Dataset Validation

As indicated in Figure 3, the performance in cross-dataset validation results increases confidence in our proposed
model through generalization among different EEG datasets. Without fine-tuning, 89.6% accuracy and an F1-score of 0.87
were observed in the testing CHB-MIT dataset when solely trained on the Turkish EEG dataset. Tested on the Bonn
University dataset, it even scored higher, with 93.4% accuracy and an Fl1-score of 0.92. These findings provide two
important takeaways: « Robust Generalization: Excellent generalization across datasets with diverse sampling frequencies,
patients, and seizures suggests that the proposed CNN architecture, pairing temporal windowing with CWT transformation,
extracts generalized and transferable EEG features.

e Data Sensitivity: We would expect lower performance on CHB-MIT than on Bonn due to the greater heterogeneity
and variability present in CHB-MIT, where patients include pediatric patients and increasingly complex seizure
patterns are present. Nonetheless, the model retains high detection capability without retraining.

This experiment overall demonstrates that the model can be used in heterogeneous clinical environments where data
distribution can take very different forms, thanks to the model’s robustness over such shifts in data. The robustness of
accuracy retention without requiring re-training further solidifies the practicality of the system in both remote settings and
resource-limited environments where patient-specific training data may be unattainable.
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4.4. Real-Time Inference Performance

The evaluation of the model during deployment as on-device Al confirms that the proposed model is ideal for low-
latency and resource-constrained environments. All three hardware platforms (Raspberry Pi 4, Intel i7 CPU, and Google
Colab GPU (Tesla T4)) showed that the inference time is adequate and remains fast enough under all conditions. The model
achieved an average inference time of 29.4 milliseconds on Raspberry Pi 4, with margins appropriate for near real-time
EEG-based applications. The model also had a 9.2 ms latency using desktop-class CPUs (Intel i7), and the fastest inference
time on the GPU was recorded to be 3.9 ms. Figure 4 shows real-time inference performance.

These results highlight the model’s ability to be incorporated into more generalist Al systems for in-situ use cases such
as point-of-care devices, bedside monitors, or wearable health technologies. Unlike most deep learning models that require
cutting-edge GPUs or cloud connections, this model is designed for edge computing. Therefore, it is capable of running
inference locally without needing an internet connection or expensive hardware.

Also, memory usage never exceeded 50MB across all hardware, which allows deployment on battery-powered,
embedded systems. This performance further demonstrates the architectural low-complexity design approach, achieved
through the use of depth-wise convolutions and associated regularization techniques, without compromising classification
accuracy.

In conclusion, our proposed CNN demonstrates strong diagnostic performance while simultaneously meeting the
stringent latency and efficiency requirements necessary for deployment within portable, real-time seizure detection systems
bridging the gap between research prototypes and clinical utility.
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Figure 4.

Real-Time Inference Performance.

5. Conclusion and Future Work

We proposed a robust epilepsy classification method from EEG signals using a novel and lightweight CNN framework
in this study. By integrating multi-scale temporal windowing, Continuous Wavelet Transform (CWT) for time-frequency
encoding, and a depth-wise CNN architecture, the model aims to address three key limitations identified in previous
approaches: overfitting, sensitivity to short-duration signals, and lack of real-time feasibility. The proposed model achieved
an accuracy of 94.8% on the Turkish EEG dataset, outperforming all other methods, while maintaining significantly lower
computational overhead compared to traditional deep networks. Cross-dataset validation demonstrated consistent
performance on previously unclassified datasets such as CHB-MIT and Bonn, indicating strong generalization capabilities
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and robustness across diverse demographic and recording conditions. Additionally, the model's real-time performance on
low-resource platforms like the Raspberry Pi 4 showed average inference times below 30 ms and memory usage under
50MB, supporting its practical application in wearable, bedside, or remote diagnostic technologies. Ablation studies
confirmed that architectural components such as depth-wise convolutions, dropout, and CWT-based input representation
contribute to the overall performance. Despite these promising initial results, future work should focus on further
improvements and addressing remaining challenges.

e Multimodal Data Integration: Next-generation models may integrate with other modalities such as video, audio, or
patient metadata to enhance understanding of context and minimize false positives.

e Explainability and clinical interpretability: Incorporating explainable Al methods (such as saliency maps or attention
mechanisms) would improve clinician trust and facilitate deployment within real-world settings.

¢ Online personality adjustment: Training models to adapt in real-time based on each patient's EEG data could make
the system more responsive and personalized.

e Prospective clinical validation: Tests must be conducted on sample sizes within actual clinical trials and/or in real-
time settings in hospitals or ambulatory care environments to transition from laboratory models to deployable
diagnostic tools.

Overall, this work serves as a solid foundation for developing efficient, accurate, and generalizable EEG-based seizure
detection systems, bringing us closer to clinically operational, real-time, and portable epilepsy diagnosis methods.
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