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Abstract

Epileptic seizures are unpredictable, posing major challenges in clinical
care. Accurate seizure prediction is crucial for timely interventions and
improved patient outcomes. With the rise of edge computing,
healthcare systems can process data locally, enhancing scalability and
reducing latency. However, concerns about data privacy and the need
for collaboration across hospitals call for decentralized learning
approaches. Federated Learning (FL) addresses this by enabling
distributed model training without sharing sensitive patient data. This
review focuses on integrating edge-assisted healthcare with FL to
enhance real-time seizure prediction and forecasting. It explores FL
techniques that utilize data from multiple, geographically dispersed
healthcare centers while maintaining privacy. The study also discusses
key challenges such as data heterogeneity, communication overhead,
and network constraints in edge environments. Furthermore, it
evaluates state-of-the-art FL algorithms and frameworks based on
prediction accuracy, latency, and robustness. The integration of edge
computing and FL demonstrates significant potential to improve model
performance and personalized care. Overall, this approach paves the
way for secure, efficient, and privacy-preserving seizure prediction
systems, revolutionizing epilepsy management and advancing Al-
driven healthcare innovation through collaborative intelligence across
distributed medical networks.
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2.Introduction

Epilepsy is a chronic neurological disorder characterized by recurrent,
unprovoked seizures caused by sudden bursts of abnormal electrical
activity in the brain [1]. According to the World Health Organization
(WHO), approximately 50 million people worldwide are affected by
epilepsy, with about 5 million new cases diagnosed annually [2]. Nearly
80% of individuals with epilepsy reside in low- and middle-income
countries. The unpredictable nature of seizures significantly impacts
patients’ quality of life, leading to fear, anxiety, and restrictions in daily
activities. Various diagnostic tools such as Magnetic Resonance Imaging
(MRI), Magnetoencephalography (MEG), and Electroencephalography
(EEG) have been developed to detect and predict epileptic seizures. Among
these, EEG remains the most essential diagnostic tool [3], as it records the
brain’s electrical activity via scalp electrodes. In epileptic patients, EEG
patterns often show abnormal discharges—spikes, sharp waves, or
rhythmic bursts—that help identify seizure types and their origin within the
brain.

The diagnosis and management of epilepsy using EEG data involve three
primary approaches: detection, prediction, and forecasting. Detection
identifies seizures during the ictal phase when abnormal brain activity is
prominent, prediction analyzes the preictal phase to detect early signs of an
impending seizure, and forecasting evaluates long-term interictal data to
estimate the probability of future seizures [4].

With the rapid progress of Artificial Intelligence (Al), medical diagnostics
have advanced through the use of deep learning (DL), enabling complex
pattern recognition in biomedical data [5]. DL models such as
convolutional neural networks (CNNSs), recurrent neural networks (RNNSs),
and transformer-based architectures efficiently extract temporal and spatial
EEG features for seizure prediction [6]. However, centralized model
training raises privacy and generalization concerns. Federated Learning
(FL) [7] addresses these issues by enabling decentralized model training
across multiple healthcare centers without sharing raw EEG data [8].
Combined with edge computing, FL enhances model robustness, privacy,
and scalability, paving the way for secure and personalized seizure
prediction systems.
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3. Methodology

Electroencephalogram (EEG) data is collected non-invasively from patients
using surface electrodes placed on the scalp. The procedure typically
follows the internationally recognized 10-20 system, where electrodes are
strategically positioned to capture electrical activity from different regions
of the brain. Prior to electrode placement, the scalp is prepared to reduce
impedance, and conductive gel or paste is applied to ensure optimal signal
quality. During the recording session, patients are either monitored in a
hospital's epilepsy monitoring unit (EMU) or through ambulatory systems
at home, depending on the clinical protocol.

Each electrode captures minute voltage fluctuations resulting from neuronal
activity, which are then amplified and digitized at sampling rates typically
ranging from 256 to 1024 Hz. The raw signals undergo initial filtering to
remove artifacts such as muscle noise, eye blinks, and electrical
interference. Recordings often span several hours to days to capture
spontaneous seizure events. Throughout this period, trained technicians and
neurologists annotate the EEG data by marking seizure onset and offset
times, as well as the preictal, interictal, and postictal phases. Additional
metadata, such as patient age, diagnosis, medication, and clinical
observations, are also recorded.

All data is anonymized to protect patient privacy and is collected in
accordance with ethical guidelines, including informed consent and
institutional review board (IRB) approval. The resulting dataset provides a
rich, temporally labeled representation of brain activity that supports the
development of machine learning models for seizure prediction and
forecasting.

3.1 Data Collection

Electroencephalogram (EEG) data is collected non-invasively from patients
using surface electrodes placed on the scalp. The procedure typically
follows the internationally recognized 10-20 system, where electrodes are
strategically positioned to capture electrical activity from different regions
of the brain. Prior to electrode placement, the scalp is prepared to reduce
impedance, and conductive gel or paste is applied to ensure optimal signal
quality. During the recording session, patients are either monitored in a
hospital's epilepsy monitoring unit (EMU) or through ambulatory systems
at home, depending on the clinical protocol.

Each electrode captures minute voltage fluctuations resulting from neuronal
activity, which are then amplified and digitized at sampling rates typically
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ranging from 256 to 1024 Hz. The raw signals undergo initial filtering to
remove artifacts such as muscle noise, eye blinks, and electrical
interference. Recordings often span several hours to days to capture
spontaneous seizure events. Throughout this period, trained technicians and
neurologists annotate the EEG data by marking seizure onset and offset
times, as well as the preictal, interictal, and postictal phases. Additional
metadata, such as patient age, diagnosis, medication, and clinical
observations, are also recorded.

All data is anonymized to protect patient privacy and is collected in
accordance with ethical guidelines, including informed consent and
institutional review board (IRB) approval. The resulting dataset provides a
rich, temporally labeled representation of brain activity that supports the
development of machine learning models for seizure prediction and
forecasting.

3.2. Data Preprocessing

To prepare the EEG recordings for deep learning-based seizure prediction
and forecasting, a structured preprocessing pipeline is applied to ensure
signal quality, consistency, and clinical relevance. Initially, all EEG signals
are resampled to a common sampling rate to standardize the temporal
resolution across datasets. Re-referencing is performed using either a
common average reference or bipolar montage to normalize baselines
across channels. To remove physiological and environmental noise, artifact
removal techniques are employed, including amplitude thresholding,
variance-based detection, and optionally, independent component analysis
(ICA) for isolating eye or muscle artifacts.

A bandpass filter, typically between 0.5 and 70 Hz, is applied to retain
seizure-relevant frequency components while excluding baseline drifts and
high-frequency noise. Additionally, a notch filter at 50 or 60 Hz is used to
eliminate power-line interference. Poor-quality or non-standard EEG
channels are removed or interpolated to ensure consistent spatial input
across samples. The cleaned signals are then segmented into overlapping
windows, each labeled as preictal, interictal, or postictal based on expert
annotations of seizure onset and offset. These segments are normalized
using z-score normalization to reduce inter-subject variability and enhance
training stability.

In cases of class imbalance, particularly with fewer preictal windows, data
balancing techniques such as oversampling or augmentation may be
applied. This comprehensive preprocessing ensures the model receives
clean, temporally aligned, and contextually labeled EEG inputs, enabling
robust learning of seizure-related patterns across the full seizure cycle.
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3.3. Feature Engineering

In the FL framework, feature engineering is executed locally on each client
device to ensure data privacy. To make the extracted representations
informative and transferable across diverse clinical sources, a combination
of time-domain, frequency-domain, and time—frequency features is
computed from each EEG segment.Key time-domain features include
statistical metrics such as mean, variance, skewness, kurtosis, and Hjorth
parameters, which capture the temporal characteristics of brain activity.
Frequency-domain features, such as power spectral densities and band
power ratios (delta to gamma), help identify spectral variations associated
with seizure onset.

To account for the non-stationary nature of EEG, time—frequency features
using wavelet transforms or short-time Fourier transforms are derived to
encode transient changes across multiple resolutions. Additionally, entropy-
based measures like spectral entropy and sample entropy are used to
quantify signal irregularity, which is crucial for early seizure prediction.
Feature extraction is kept computationally lightweight to suit resource-
constrained edge devices while ensuring sufficient discriminative power.
All engineered features are standardized locally before being used in
federated updates, supporting robust model training without sharing raw
EEG data.

3.4 Comparitive study of Existing Work

Author& Meth Dataset | Accura Key Findings Limitations
year od cy (%)
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Zhanget Federated Synthetic | 92 Improved Limited real-
al.,2024 Autoencoder | EEG accuracy under | world
FL validation
Reddyet LSTM Bonn EEG| 88 Goodshort- Sensitive
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forecasting

3.5 Proposed Methodology

EEG Data Collection From Various Health Centers for Prediction

Data
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3.6 Result Analysis from Existing work

Model Training

S

|

Prediction &
Forecasting

A~

Model Type Accuracy (%) Sensitivity (%) Latency (s)
Conventional 94.8 92.6 1.0

Deep Learning

Attention / 97.2 95.8 0.6
Transformer

Federated / Edge | 94.2 91.8 1.4

 Attention/Transformer models achieved the highest mean accuracy
(97.2%), exceeding FL models by 3.0% and conventional models by 2.4%.
* Sensitivity was also highest for Attention models (95.8%), 4.0% higher

thanFLmodels.

* Latency was lowest for Attention models (0.6s), while FL/Edge systems
showed the highest latency (1.4s).
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4. Challenges and future work

Federated learning (FL) and edge-assisted epileptic seizure prediction
systems face several challenges that hinder large-scale clinical adoption.
Major issues include data heterogeneity caused by non-11D EEG signals
from diverse patients and devices, which reduces model generalization.
Resource limitations on edge devices, such as limited computation and
energy, constrain real-time processing. Despite privacy preservation in FL,
gradient leakage risks still threaten data security. The absence of
standardized EEG datasets and benchmarks also limits reproducibility.
Additionally, black-box deep learning models lack interpretability,
affecting clinical trust, while network instability and synchronization issues
hinder consistent model aggregation.

Future research should focus on personalized FL frameworks that adapt to
individual patient patterns and lightweight architectures optimized for edge
environments. Integrating self-supervised and transfer learning can enhance
model robustness with limited labeled data. Advancements in privacy-
preserving techniques like differential privacy and homomorphic
encryption are essential. Furthermore, developing explainable Al models
will foster clinical acceptance and transparency. Hybrid edge—cloud
architectures can improve scalability and latency balance. Finally,
establishing standardized datasets and evaluation protocols and conducting
real-world clinical trials will validate the efficacy and reliability of FL-
based seizure prediction systems for practical deployment in healthcare.

Conclusion

This research develops an EEG-based system that improves seizure
anticipation by analyzing brain activity patterns across multiple time scales.
The framework identifies early warning signals minutes before seizures
while monitoring longer-term risk patterns, combining short-term
prediction with extended forecasting. Using adaptive computational
methods, it automatically adjusts to individual patients' brain activity and
maintains reliable performance across different medical centers without
sharing sensitive data. By integrating immediate alerts with continuous risk
assessment, the approach provides comprehensive support for epilepsy
management. The system demonstrates how advanced computational
techniques can address complex neurological challenges while
safeguarding patient privacy, paving the way for more effective seizure
monitoring solutions.
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