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Abstract - Automated seizure detection faces critical challenges in generalizing across age-specific EEG patterns, particularly
for neonates and the elderly, where seizures are frequently missed. This study proposes a novel harmonic-guided neural
framework optimized for loT-cloud environments, enabling accurate and low-latency seizure monitoring for all age groups. The
proposed architecture combines three key innovations: First, wavelet-based preprocessing harmonizes EEG signals across age
groups, accounting for developmental variations like neonatal delta brushes and elderly focal slowing. Second, adaptive neural
networks (CNNs + Transformers), trained on standardized time-frequency representations, detect seizure patterns with high
accuracy. Finally, a distributed edge-cloud system ensures efficient processing—lightweight wavelet analysis runs locally on
Raspberry Pi devices, while complex model inferences are handled remotely in the cloud. This study validates the TUH EEG
Corpus (covering neonates to the elderly) and NICU datasets, comparing them against traditional SVM and raw-EEG CNN
baselines. The system achieves: 93.2% sensitivity and 91.7% specificity across ages (vs. 70-85% for non-harmonic methods in
neonates/elderly), <150ms latency on edge devices (60% faster than cloud-only processing), 40% lower energy use via
harmonic-guided feature pruning. Our work bridges the age-generalization gap in seizure detection by unifying harmonic signal
processing with edge-cloud optimized neural networks. The framework’s low-cost deployment potential (~$50 edge hardware)
makes it viable for NICUs, aged-care facilities, and resource-limited settings. This study introduces the first harmonic-guided
neural framework for cross-age seizure detection with loT-ready scalability.

Keywords - EEG, Seizure detection, Harmonic analysis, Edge Computing, loT-cloud, Deep learning.

1. Introduction

Epileptic seizures present dramatically different patterns
across age groups, creating critical diagnostic challenges that
endanger patient outcomes. The present seizure-detecting
models cannot generalize over all age groups because of
neurodevelopmental differences (e.g., neonatal delta brushes
vs. elderly temporal slowing). In the neonatal population,
60% of seizures are missed [1], and in the elderly one 30% of
cases are falsely diagnosed [2]. These age-related disparities
persist because current hospital-based EEG systems rely on
manual review and lack adaptive algorithms to handle
neurodevelopmental variations [3]. To address these
limitations, this study proposes HarmonySeiz, a novel loT-
cloud framework that integrates Harmonic-guided wavelet
processing to standardize age-specific EEG patterns (Section
3.2). A hybrid CNN-Transformer model for robust seizure
detection (Section 3.5), and a distributed edge-cloud
deployment  for real-time, low-latency  monitoring
(Section 3.7). Together, these innovations achieve age-
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invariant seizure detection with 93% sensitivity while
meeting real-world latency and cost constraints.

Despite advances in deep learning for seizure detection,
three fundamental limitations prevent accurate cross-age
diagnosis. First, models trained exclusively on adult EEG data
(e.g., CHB-MIT dataset [4]) fail to recognize pediatric and
geriatric patterns due to neurophysiological differences in
brain development and ageing [5].

Second, complex neural networks like ResNet-LSTM [6]
exceed the memory capacity of edge devices needed for real-
time monitoring [7]. Third, conventional approaches process
raw EEG signals without addressing age-specific artifacts like
motion interference in infants [8] or muscle artifacts in elderly
patients [9]. While wavelet transforms could standardize
these variations [10], existing implementations remain
narrowly focused on adult seizure detection [11].
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The system then uses the Morlet wavelet transforms [12]
to construct age-invariant time-frequency representations,
essentially normalize the neonate, adult, and elderly EEG
patterns. Such harmonized characteristics are then input into
an effective CNN-Transformer hybrid [13] that is accurate
and edge-compatible. Finally, the proposed architecture can
achieve a latency of 150ms and save 40% reduction in energy
over the traditional systems, as the low-power Raspberry Pi
devices (to run wavelet extraction) and the cloud servers (to
run deep learning inference) can handle the processing
overhead. These advancements represent a significant leap
forward for loT-driven neurological monitoring and
evidence-based patient care. By achieving 93% detection
sensitivity across all age groups - a 20% improvement over
current methods [16] - HarmonySeiz addresses the most
vulnerable populations: premature infants in NICUs [17] and
elderly patients in long-term care facilities [18, 27]. The
system’s $50 edge deployment cost makes it practical for low-
resource settings where expert neurologists are scarce [19].
Extensive validation using the TUH EEG Corpus [20] and
NICU datasets confirms robust detection of both neonatal
seizure signatures and age-specific epileptic manifestations,
effectively addressing a long-standing diagnostic challenge in
clinical neurology.

Seizures in epilepsy also exhibit change throughout ages,
but how are they met in the current systems. Neonates have
barely discernible 0.5-2Hz delta brushes - 60 percent not seen
in NICUs [1]. Misdiagnosis between elderly patients and
seizures as stroke/dementia is 30 percent [2]. There are adult-
based models (e.g., CHB-MIT [4]), where the concept of
pediatric/geriatric neurophysiology [5] is ignored. Existing
deep learning (e.g., ResNet-LSTM [6]) is not compliant with
the edges to be used in real time [7]. Wavelet based
approaches (such as [10]) normalize features but are age
agnostic. Cloud-only systems (Persyst 13) are well above
clinical latency (>167ms) [17]. Hospitals are controlled by
manual review, which creates delays in interventions at
critical epochs [3]. There is no single solution to cross-age
detection that is scalable to 10T. HarmonySeiz solves this gap
through harmonic wavelets, hybrid Al, and optimized edge-
cloud optimization.

1.1. Technical Limitations

There are three serious technical constraints of the
current automated seizure detection systems that cannot be
used across all ages. Second, current deep models (ResNet-
LSTM, CNN-LSTM structures) are learned on adult EEG
data, making them highly domain-shifted when applied to
pediatric or elderly populations, where the data (neural
oscillations) differ due to as much as a 30-40 % difference in
frequency characteristics. Second, edge devices on clinical
sites can sustain computation, with the edge transistor count
of complex neural network building blocks with a memory
requirement of >8GB being impractical. Third, typical signal
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processing methods do not take into consideration age-related
artifacts - neonatal (movement) artifacts lie in the 2-8Hz
range, which is in the frequency range of seizures, and aged
patients have a lot of medication-induced changes in EEG,
which interfere with the conventional seizure detection
programs.

1.2. ldentifying the Research Gap

Although considerable research has been done on seizure
detection, there is a significant lack pertaining to the
development of unified frameworks capable of generalizing
over the full age range, including both neonates and the
elderly, with sensitivity levels of clinical quality (> 90
percent) incurring a latency of no more than 150ms and power
consumption of no more than 5W making them suitable to be
deployed in the field in real-time. Available solutions to those
problems have been developed separately. Wavelet-based
systems work on signal processing but are not age-specific,
edge-efficient models compromise accuracy to be efficient,
and high-accuracy deep learning systems are only deployable
in settings with abundant computing resources. None of the
existing frameworks has been successful in combining the
harmonic signal processing with edge-compatible neural
architecture to arrive at cross-age seizure detection.

1.3. Research Objectives and Contributions

To overcome these shortcomings, this paper suggests a
new loT-cloud HarmonySeiz framework that will fill the age-
generalization gap in three ways. Second, age-adaptive
Morlet wavelet treatment compares signatures of EEG
between neurodevelopmental stages. It normalizes neonatal
delta brushes (0.5-2Hz), mature spike-wave complexes (3-30
Hz) and older age temporal slows (1-4Hz) into standardized
time-frequency responses. Second, the CNN-Transformer
hybrid architecture provides a combination of local seizure
pattern identification characteristics and global temporal
dependency analysis, but it is compatible with the edge
device. Third, the distributed edge-cloud deployment
configuration can be considered as the processing being split
- lightweight wavelet extraction at Raspberry Pi devices (<50
ms) and difficult neural inference in cloud-based
environments (<100 ms) and reaches clinical-grade latency
limits. The suggested framework has made a breakthrough
compared to the available approaches: 93.2% cross-age
sensitivity (60% increase in comparison to the age-specific
models), <150ms end-to-end latency (100% faster compared
to cloud-only systems), and 40% of energy savings due to
harmonic-guided feature optimization. The findings showed
clinical validation of 1,104 age-diverse EEG records with
high sensitivity (94.3%) in neonatal seizure detection and
high specificity (92.7%) in elderly seizure patterns compared
to the existing methods of 74% and 85%, respectively. This is
the first harmonic-based neural network aimed at cross-age
seizure detection and scalable to 10T protocols to fill in the
gap in pediatric and geriatric neurological monitoring.
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Fig. 1 Harmonyseiz: cross-age seizure detection framework

1.4. The Major Contributions of this Article

e The proposed HarmonySeiz framework in Figure 1 is the
proposed cross-age seizure detection framework, which
can harmonize EEG patterns across three key age groups-
neonatal, adult, and elderly-each with distinct
physiological signatures. At its core, the system performs
harmonized feature extraction using specialized signal
processing techniques that normalize developmental
variations, such as neonatal delta brushes (0.5-2Hz) and
elderly temporal slowing.
(4-7Hz).

This standardized representation enables real-time
seizure detection, generating alerts within a clinically
critical 150ms latency threshold. The distributed
architecture  optimizes  efficiency: lightweight
preprocessing occurs at the edge, while cloud-based deep
learning completes the analysis, balancing speed and
computational demand. This end-to-end workflow
addresses the long-standing challenge of reliable cross-
age seizure monitoring, particularly in resource-
constrained environments like NICUs.

The structure of the rest of this paper is as follows:
Section 2 contains Related work, Section 3 Proposed
Methodology, Section 4 Training & Evaluation protocol,
Section 5 Results & Discussions and Section 6
Conclusion.
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2. Related Work

Seizure detection is one of the hardest issues in
neurological monitoring, especially considering the
heterogeneity of Electroencephalographic (EEG) patterns
depending on the age group. The current segment provides a
detailed background of the basics of the concepts being
developed, the current methods to address the problem, and
the current drawbacks that people are limited by, which drive
the invention of age-invariant seizure detection systems.

2.1. Foundational EEG and Seizure Detection Background

EEG is an activity that measures brain electrical activity
using electrodes attached to the scalp, and it records neural
rhythms that respond to the underlying neurophysiology.
Seizures occur as asynchronous or synchronous aberrant
electrical transmissions that result in typical data in the EEG
records. However, these patterns have abundant age-related
differences because of neurodevelopmental aspects [1]. The
clinical gold standard of seizure detection is based on a
neurophysiologist’s  interpretation of ongoing EEG
recordings, which is costly and vulnerable to inter-observer
variability.

Automated detection of seizures has become an important
necessity, especially since up to 70 percent of neonatal
seizures present without any visible clinical evidence and are,
therefore, only diagnosed with the help of an EEG to provide



Bala Abirami B & G. Umarani Srikanth / IJECE, 12(8), 244-256, 2025

prompt treatment [21]. Conventional detection techniques
have relied on feature extraction methods such as time-domain
analysis, frequency-domain decomposition and time-
frequency representations and subsequent classification based
on machine learning algorithms. Nevertheless, these standard
approaches tend to have limitations when applied to more
complex and inconsistent forms of seizures, resulting in a wide
rate of false positives and a lack of generalizability to
populations of patients.

2.2. Age-Specific Neurophysiology and EEG Characteristics

The neurophysiological phenomena of seizures are highly
diverse across ages because of the developmental changes in
the brain structure, connections and the neurotransmitter
systems. In the literature, critical weaknesses of detecting
cross-age seizures have been revealed to begin with major
clinical needs. In infants, seizures occur as 0.5-2Hz non-
obvious delta brushes (60 percent of cases remain
undiagnosed [1]), and in the elderly as equally unrecognizable
stroke (30 percent underdiagnosed [2]) and a solution specific
to age is required [17].

The brains of neonates have incomplete cortical
development, and most of the seizures are generated by
subcortical structures, which produce delta brushes (0.5-2 Hz)
over faster activity (14-16 Hz). Unlike seizures in an adult,
these patterns are fundamentally different. They are in the
form of generalized spike- and wave complexes at 3-4 Hz, and
the unique amplitude features are between 70-150 60 mV (1).
Older patients further add to the complexity in that there are
age changes to the brain structure, and the elderly are more
susceptible to comorbidities and, in many cases, present with
temporal slowing (1-4 Hz), which is easy to diagnose as stroke
or dementia since they share common EEG characteristics [2].

Patterns of EEG form a developmental progression,
which poses an essential problem for seizure detection
systems. Most of the common publicly available data (e.g.,
CHB-MIT [4]) leans biologically toward the adult population,
thus creating bias [3, 5]. Research shows that using models
trained on adults reduced the performance of the analysis of
pediatric EEG by >25% [19], indicating an urgent need for
age-adaptive methods.

2.3. Deep Learning and Neural Network Approaches

With the development of deep learning, seizure detection
has undergone a revolution with the formation of
Convolutional Neural Networks (CNNSs), outperforming other
networks in terms of spatial and temporal pattern detection in
EEG data. More recent developments have demonstrated that
scaling of CNNs can result in expert-level performance on
neonatal seizure detection, with several models being able to
reach 90-97% accuracy when scaled up on large-scale clinical
datasets. Nonetheless, the existing deep learning methods still
suffer from serious concerns.
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Sophisticated models (e.g., ResNet-LSTM [6]) are
inappropriate to deploy to edge devices since they are
excessively memory-intensive [12]. Limitation of data and
models hinders the available solutions; adult-based models
(e.g., CHB-MIT [4]) cannot provide assistance to other ages,
and complicated models can only be implemented with edge
devices that are too large to fit in the capacity restriction [7].

This computational factor is a critical hindrance in
realizing the use of advanced seizure-detecting algorithms in
the clinical and real world, since low-power and compact
devices play a vital role in keeping the real-time distribution
of monitoring.

2.4. Signal Processing and Wavelet-Based Approaches

Wavelet transformation has been found to be strong in
EEG analysis since it offers simultaneous decomposition of
time-frequency, which is a natural fit to examine non-
stationary signals of a seizure process. Wavelet transforms ([8,
9]) are standardizing in regard to features, but not to age. The
Morlet wavelets ([9, 12]) show promise, but must be
dynamically tuned to be cross-age, or must be tuned cross-
frequency cross-frequency--which is a key gap covered by the
proposed framework. New surveys further involved age-
dependent settings: [23] suggests a wavelet customized to
paediatrics, and [12] applies CNN and wavelets to detecting
seizures. Nevertheless, the modern approaches using wavelets
are age-agnostic, in which nothing is done to adjust to
developmental changes in EEG characteristics. The difficulty
will be building a dynamic wavelet parameterization that
could adapt automatically to age-specific frequency
behaviours, keeping the computational cost manageable to
deploy within the edge.

2.5. Edge Computing and 10T Integration Challenges

Continuous seizure detection is possible due to
integrating the Internet of Things (loT) technologies with
medical monitoring. Edge computing paradigms specifically
lend themselves to EEG monitoring as local processing can
reduce the latency, maintain patient privacy and ensure
connectivity with respect to clinical oversight. Recent
solutions have also shown the promise of quantization of
neural networks being deployed into edge devices to detect
patient-specific seizures in real-time, using under 5W of
power. But in limited-resource environments, edge-cloud
deployments [7] prioritize latency or precision without
considering costs. Parenthetically, introducing advanced
intersection seizure detection algorithms at the resource-
limited edge devices is problematic. The compromise about
model complexity and computational efficiency can lead to
less accuracy, especially when used in a deep neural network
structure, which is computationally expensive in complex
seizures. In the current systems, the clinical latency
requirements are frequently transcended, and the manual
review delays hospital interventions [17].
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2.6. Current Limitations and Research Gaps

Through the literature, one can identify some of the
critical gaps that constrain the effectiveness of seizure
detection systems presently. The existing solutions to
detecting seizures are developed independently: wavelet-
based systems based on signal processing, but not specific to
age, edge-efficient models sacrifice accuracy to be
computationally more efficient and high-accuracy deep
learning systems may only be deployed in locations with
excessive computing resources. Of the available structures,
none has managed to reconstruct harmonic signal processing
and edge-compatible neural architecture and come up with
cross-age seizure-detecting. Age-diverse benchmarks have
not yet been implemented, leading to well-performing models
in one population and being ineffective across different age
groups [22]. This shortcoming is aggravated by the fact that
publicly available datasets are biased towards adults, and

those are inaccurately reflective of the neurophysiological
diversity observed in the developmental spectrum. Also,
clinical validation may target single-age groups and laboratory
settings and not reveal much about live performance across
diverse patient populations and clinical settings. In [1, 3], the
variations in EEG variables about the particular age are
highlighted, where the predominant delta brushes (0.5-2 Hz)
show as seizures in neonates and the EEG in the aged shows
signs of stroke. Studies reveal [21] that of the prevalence in
NICUs, 70 percent of the cases of neonatal seizures do not
display clinical symptoms to enable neurological detection,
hence a need to automate this process. Research [2, 17] shows
that over 30 per cent of senior patients who are victims of
epileptic episodes are incorrectly diagnosed, and this is mainly
because their EEG is comparable to the spectrum pattern of
dementia.

Table 1. Comparative analysis of prior works vs. HarmonySeiz

HarmonySeiz Advantages of

Standardization harmonization.

Criteria ResNet-LSTM [6] Wavelet-SVM [10] (Proposed) HarmonySeiz
Captures neonatal
Ade Adaptation Limited to adult EEG | Partial (1-20 Hz); no ?;;miﬁt;ugs(oei}?g delta brushes (0.5-2
9 P patterns (3—30 Hz). neonatal support. tunign P Hz) and elderly
g- slowing (1-4 Hz).
Reduces inter-age
Feature Raw EEG input; no Wavelet features, but Morlet wavelet + PCA variability by 38%

no age normalization.

pooling (Eq. 3) for age-

: . Jensen-Shannon
invariant features. (

divergence).

Computational | High GPU dependency

Moderate (5.7W) but

Edge-cloud split (3.2W;
Raspberry Pi + AWS

60% faster latency
(142ms vs. 210ms)

edge optimization

Efficiency (>10W). cloud-dependent Lambda). and 40% lower energy.
- . . $50 edge hardware; Cost-effective for
DeCIIIome?;n t Lacbc;r?]nlgt’igﬁ i:}dge Not Sg?!g)rﬁgle n HIPAA-compliant NICUs/low-resource
ploy P Y ' cloud. settings.
Sensitivity 0 0 94.3% (NICU trials 20% improvement
(Neonates) 74.2% [6] 82.6% [10]. [16]). over baselines.
- I 22% fewer false
Specificity 0 0 92.7% (stroke-mimic o
(Elderly) 89.1% [6]. 78.4% [10]. rejection [2]). p05|t|vesl\és. Persyst
Hybrid CNN- First unified
Novelty Deep learning only; no | SVM lacks dynamic Transformer + framework for cross-

learning.

harmonic-guided edge-

cloud. age detection.

HarmonySeiz shows major improvements of the current
practices in three dimensions, as shown in Table 1. First, its
dynamic wavelet scaling of 0.5 to 30Hz surmounts the age-
specific limitation of ResNet-LSTM [6] and Wavelet-SVM
[10] that do not identify vital neonatal (0.52Hz delta brushes)
and senescence (14Hz slowing) signatures. Second, the end-
to-end latency of the framework with edge-cloud deployment
is 142ms (60 percent times faster than the cloud-only
processing latency of Persyst 13 [17]), and runs on off-the-
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shelf hardware (1 x Raspberry Pi at 50 USD), which allows
in-the-loop monitoring in NICUs and aged-care sites. Third,
HarmonySeiz advances clinical detectors to the level that the
metric of sensitivity of detection of neonates and elderly
patients increased by 22-60%, respectively [1, 2], omitting
seizures by 60-22%. The combination of these innovations
trades off long-standing trade-offs in seizure monitoring
among age-generalization, computational efficiency and
diagnostic accuracy.
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transform, CNN-transformer feature learning, and edge-cloud deployment for real-time alerts.

3. Proposed Methodology
3.1. Architecture Overview

HarmonySeiz will utilize multi-age EEG data as input to
four key stages. The raw EEG signals are conducted according
to age groups, such as neonatal (bandpass filtering focused on
0.5-4Hz representing delta brushes), adult EEG (avoiding
60Hz line noise using notch filter) and elderly recordings
(muscle artifacts are forgotten using independent component
analysis), and it is illustrated in Figure 2. The normalized
signals are transformed using a Morlet wavelet with age-
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adaptive scales (central frequency 5.0). The result is a time-
frequency map of seizures where the characteristics are
maintained at different age stages. Such synchronized features
pass through a hybrid CNN-Transformer model, in which a
local pattern is extracted using convolutional blocks (four 3x3
kernel layers with batch normalization), and a global
dependency is learned with transformer encoders (four
attention heads). The edge-cloud split is used to deploy the
system: Raspberry Pi devices perform wavelet extraction in
less than 50ms due to threaded parallel C++ compilation, and



Bala Abirami B & G. Umarani Srikanth / IJECE, 12(8), 244-256, 2025

the cloud servers (AWS Lambda) perform model inference in
100ms. Training is performed with focal loss (gamma=2) on
age-balanced data with TUH EEG Corpus (Adults), NICU
recordings (Neonates), and Temple Hospital datasets (old
age). The training uses the AdamW optimizer (Ir=3e -04) with
93 percent sensitivity. It runs the pipeline at <150ms with the
end-to-end latency at 40 percent lower energy than traditional
systems.

3.2. EEG Input Standardization

HarmonySeiz also solves age-restricted preprocessing
pipelines, which answer the various neurodevelopmental
variants of EEG signatures. In a special case of newborns,
EEG is examined with a set of delta brushes (0.5-2 Hz)
isolated against the high-frequency artifacts of incubators, a
0.5-20 Hz bandpass filter (Butterworth, the 4th order) [1]. This
was corroborated by the NICU trial (n=217 preterm infants)
that retained 98.2 percent of the clinically significant seizures
that were defined by child neurologists [16]. Recordings in
adults are low-pass filtered with a notch filter (Q-factor of 30)
at 60Hz to eliminate the line noise but not lighten the
important background ictal pattern of electrical spike-wave
complexes (3-4Hz) with a 22.7dB higher signal-to-noise
proportion in the processed file as compared with the raw file
[3]. Automatic artifact rejection (ADJUST algorithm [9]) in
Independent Component Analysis (ICA) can reduce myogenic
contamination by 72% in view of movement, as evaluated in
the TEMPO-AGE study (n=382 patients with Parkinsonian
tremors). Each signal is received onto a standardized scale, 0
to 1, mV, and the parameters are age-limited. Per-age

normalization:
X- Hage
X = 2 _Fage
norm (Uage)

,where Ugge , 0 1)

e Neonates: u=28.7uV, 0=12.3uV (based on 500h of non-
ictal NICU recordings)

e Elderly: ©=19.1uV, 6=9.8uV (adjusted for age-related
voltage attenuation [2])

This dual-stage standardization (frequency + amplitude)
enables cross-age comparability while preserving pathological
features, as confirmed by an anonymous review of 120
samples by EEG technologists (x=0.91 agreement with
manual preprocessing).

3.3. Morlet Wavelet Transform

HarmonySeiz uses a complex Morlet wavelet to produce
age-optimized time-frequency observances, which cover
neurodevelopmental differences in the seizure dynamics. The
transform is as follows:

1 t2

W(t) = 23 pliwot) 6{7}, wo = 5.0 )

Where wo is the central frequency, tuned to capture
seizure-specific oscillations while suppressing artifacts.

EEG signals are processed in overlapping 512-ms
temporal windows, with 95% overlap, so momentary seizure
activity as short as 0.5 seconds is reliably captured. This is
followed by log-normal scaling across frequency to provide
equal resolution of the spectral axes and standardized time-
frequency maps of 128x128 pixels, with 0.1Hz per pixel
(Figure 2).

A neonatal intensive care cohort (n=89 patients) was used
to clinically validate improved delta brush detection accuracy.
It displayed a 22 percent improvement over conventional
short-time Fourier transform algorithms (p<0.01). To achieve
real-time operation, the Raspberry Pi accelerator uses a Field-
Programmable Gate Array (FPGA) to compute ten wavelet
scales in parallel. It has a processing latency of only 3.2ms per
epoch with an energy requirement of less than 3.5W. This
optimized implementation supports all the functions of
solving age-specific distributions of seizures and meets the
low-latency requirements of clinical settings.

Table 2. Age-specific parameterization

GégEP FREXE(E;NECY SCALES CLINICAL RATIONALE

Neonatal 0.5-2 Hz 10-40 Targets delta brushes (NICU trial: 94% detection rate) [16]
Elderly 1-4 Hz 20-60 Isolate temporal slowing (AUC=0.91 vs. dementia) [2]
Adult 3-30 HZ 5-50 Optimized for spike-wave complexes [4]

The Morlet wavelet transform was tuned to age-specific
neurophysiological patterns (Table 2). Neonatal EEGs used
lower scales (10-40) to capture delta brushes (0.5-2 Hz),
validated in NICU trials with 94% sensitivity [16].

For elderly patients, scales 20-60 isolated temporal
slowing (1-4 Hz), achieving 0.91 AUC against dementia
mimics [2]. Adult parameters (5-50 scales) prioritized spike-
wave complexes (3-30 Hz) from the TUH EEG Corpus [4].

3.4. Age-Invariant Feature Pooling

HarmonySeiz achieves domain adaptation through shared
wavelet coefficient subspaces to empower cross-age seizure
detection, aiming to align the feature distributions of neonatal,
adult, and elderly EEG, and retain the pathological signatures.
In 5-second epochs, all the age groups of the training set (TUH
EEG Corpus [4], NICU recordings, and Temple Hospital
geriatric data [2]) are used in computing Principal Component
Analysis (PCA) with varimax rotation that projects Morlet
wavelet coefficients into a shared 128-feature space. The
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inter-age variability is minimized with this approach, and the
variation is 38% less compared to the age-specific models
(measured as Jensen-Shannon divergence), and clinical trials
show 91-94% sensitivity of seizure detection across each age
group. These 128D feature vectors are optimized in terms of
computations. They can be processed in real-time at 2.3MB of
memory on an edge device - a vital improvement to the NICU
use-case where costly hardware components are limited.
Compared with manually-calculated features using annotated
ictal templates built by a group of neurologists, the pooled
pool features maintained 89% of the clinically relevant seizure
characteristics (kappa=0.87), indicative of the preservation of

clinically relevant features across significantly different ages.
HarmonySeiz implements domain-invariant feature extraction
through shared wavelet subspaces, combining PCA-based
pooling with age-specific calibration. The system projects
16,384 wavelet coefficients (from 128x128 time-frequency
maps) into a 128D space using PCA Whitening:
Fpooled = Wig.16384(X — 1) ®)
Where W contains principal components (PCs) learned
from 50,000 age-balanced epochs, and g is the grand mean.

Table 3. Comparative Analysis with Alternative Methods

AGE-
METHOD DIMENSIONALITY GENERAL IZATION CLINICAL INTERPRETABILITY
PCA (Ours) 128D 0.91 AUC High (PCs map to known ictal patterns)
t-SNE 128D 0.83 AUC Low (non-linear projections obscure features)
Autoencoder 128D 0.88 AUC Medium (latent space not physiologically grounded)
LDA 128D 0.79 AUC High (but fails on non-linear age variations)

The comparative analysis of different methods was done
in Table 3, where the PCA pooling method proved to have
serious clinical benefits, being computationally efficient and
able to perform 5.1ms in an epoch on the Raspberry Pi 4
hardware against 23ms of t-SNE-based techniques. This
processing capacity allows real-time processing, vital in
detecting neonatal seizures. The interpretability of the method
is through matching with known ictal biomarkers, where
principal component analysis reveals physiologically
significant patterns - PC1 recovers 23 percent of variance that
includes the energy in the delta brush in neonates, and PC3 (11
percent variance) represents elderly temporal slowing.

Most importantly, the PCA methodology has strong 91
per cent detection rate of seizures even in complex situations
of preterm babies below 28 weeks’ gestation, when evaluated
in clinical testing in comparison with t-SNE method which
displays weaker results of 74 per cent in the preterm patient
group which is highly vulnerable, as confirmed in clinical
testing [16]. This combination of speed, interpretability and
reliability makes PCA pooling particularly suitable for cross-
age seizure detection systems deployed in resource-
constrained clinical environments.

3.5. CNN-Transformer Hybrid Model

HarmonySeiz uses a multi-modal CNN-Transformer
architecture to learn not only localized indicators of focal
seizures using CNN, and to learn long-range relationships
within EEG during the neurodevelopmental spectrum. The
CNN backbone operates on 128 128 maps of the wavelet time-
frequency coefficients and contains four blocks (3 3 kernels,
stride=1) of convolutions. Then each block is passed through
batch normalization and ReLU, capturing progressive spatial
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representation linearly, but keeping the time-frequency
resolution. These blocks produce 256-dimensional
embeddings which reflect localized ictal signatures--such as
those in a newborn delta brush down to those in an elderly
temporal slowing.

The transformer encoder would then capture the long-
range dependencies through a four-head self-attention
mechanism and a sinusoidal positional encoding mechanism,
preserving the order in the sequence but not in a recurrent
manner. The unified architecture shows an 11 percent
increment in age-invariant identification accuracy during
concurrent detection of localized initiation points of the
seizure due to processing using the CNN and the tracking of
the ictal spread using the Transformer (p=0.01).

Finally, the softmax classification head presents the
probability of seizure, which is optimized on clinical
interpretability, achieving 93 percent mean sensitivity across
the board in validation experiments.

3.6. Attention Mechanism in HarmonySeiz
The multi-head attention computes scaled dot-product
attention as:

. kT
Attention(Q,K,V) = softmax <E> |74 4)
where:

e Q, K,V are learned query, key, and value matrices
(dim=64)
dk=64 is the dimension of keys (scale factor prevents
gradient vanishing)
Softmax normalizes attention weights across time

steps
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3.7. Edge-Cloud Deployment Architecture

The HarmonySeiz system uses a distributed processing
pipeline technique to ensure a balance between real-time
necessities and calculation needs. EEG signals are sampled by
devices with Raspberry Pi 4 and ADS1299 analog-to-digital
converters on the edge layer, with the configuration of 250Hz
to record all important seizure frequencies (0.5-30Hz). The
edge achieves optimal speed in wavelet extraction, based on a
Python-C++ hybrid implementation (GIL-free
multithreading), and feature-preprocessing in <50ms - which
is essential in small delays in neonatal seizure detection, the
consequences of which are finer than treatment efforts. Final
processed features are securely communicated to the cloud
layer. AWS Lambda is used to perform CNN-Transformer
model evaluation using TensorFlow Lite without exceeding a
latency of 100ms (95th percentile) to contain the model to the
required clinical response level. Under this partitioned model,
bandwidth consumption is cut in half compared to raw EEG
transmission. Operational costs remain at 0.0001 dollars per
inference, proven during 12 months on deployment trials in
three NICUs. Encryption in the system is HIPAA-compliant,
and thus, patients’ data is secure when transmitted over the
network, and the failover mechanism takes care of the 99.9%
system availability during critical monitoring.

4. Training & Evaluation Protocol
With this 1,000 age-balanced normal adult EEGs (the
prototype 3-4Hz abnormal spike-waves) of the TUH EEG
Corpus, 200 neonatal recordings of the partnered NICUS
(annotated with abnormalities of delta brush by Pediatric
neurologists), and 150 elderly recordings gathered at Temple
hospital (including stroke-mimic controls), the quality of the
HarmonySeiz model is assessed. With an imbalance in one of
their classes of more than 11:1 and the use of Focal Loss
(gamma=2, alpha=0.25), training took place on NVIDIA
A100 GPUs with the AdamW (Ir=3e-4 and weight
decay=0.01) optimizer. It achieved a 32 per cent improvement
in false negative rate on neonatal discharges over regular
cross-entropy.
FL(P) = —a,(1—P)" loglog (P,), v =2,a,=025 (5)
It has a penalty of falsely assigned seizure epoch 4x the
magnitude of non-seizure, and the training protocol entailed
an age-balanced batch sampling as well as gradient clipping
(max norm = 1.0) to provide the Transformer layers with
stability of convergence in the 8 hours of training. During
evaluations, clinical relevance of measures took precedence: a
mean sensitivity of 93.0 percent was achieved amongst age
groups (0.5-2Hz neonates: 94.3 percent and stroke mimics:
91.2 percent elderly), and a median latency of 142ms of
execution in a practical edge-cloud setting. Clinical validation
of a NICU (n=45 preterms) showed the capability of detecting
89/92 of the normally recorded expert-labeled seizures; tests
carried out on elderly cohorts (n=78) revealed a 22 percent
reduction in the portion of false positives compared to other
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commercially available systems (such as Persyst 13). The end-
to-end architecture is a fair compromise between the cost of
the computation and the degree of consistency in the
neurodevelopmental level diagnostic (the cost of training is
228 dollars)-focal Loss Adaptation.

5. Results and Discussions

Synthetic EEG with Seizure Activity

——Raw EEG
Simulated Seizure

Amplitude (nV)

2 3 4 5

Time (s)

Fig. 3 Synthetic EEG epoch showing normal background (black) and
simulated seizure activity (red), generated to validate age-specific
detection thresholds. Time markers indicate seizure onset (t=2s) and
termination (t=4.5s)

0 I

Figure 3 shows a 5-second EEG epoch with both normal
background activity and simulated seizure patterns, recorded
to prove the efficacy of HarmonySeiz in detecting it. Age-
dependent baseline activity (neonatal delta brushes at 12Hz,
adult alpha/beta rhythms or elderly diffuse slowing) is free of
synthetic seizure content in the raw signal (black). The
identified synthetic components are limited to pure EEG: The
computationally  synthesized EEG waveforms were
instrumentally designed to reproduce age-dependent seizure
morphologies, without otherwise modifying the biologically
plausible aspects of the signal across all ages. The neonatal
EEG pattern is characterized by layers of the slow (0.5-2Hz)
and rapid (14-16Hz) frequency signals that can be accurately
described as the typical binodal form of the polyrhythmic
structure present in the premature babies. In the adult, these
admittedly simulated seizures manifest classic 3-4Hz spike-
wave discharges, the amplitude of which is defined as 2
caused above the baseline, and reflect a sudden electrographic
onset reflective of the syndrome of generalized tonic-clonic
seizures. In older patients, the synthesized data includes time
series theta sweeps (4-7Hz) which linearly increase in
amplitude, simulating the gradual transition of focal weaker
awareness seizures. These constrained signals have three
important purposes, namely a rigorous test of the sensitivity
of the algorithm to the variation in ictal patterns across the age
range, verification of strong artifact rejection properties
against neonatal motion artifacts and aged myogenic artifacts,
and the production of interpretable training sets that mediate
the clinician-Al interface. The synthesized EEG waveforms
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were also narrowed down to clinically tested readings,
reflecting the 20-150 microvolt variations in amplitude and an
8-42-second range of the event duration recorded in the TUH
reference database, allowing easy performance measurement.

Wavelet Transform of EEG

1.00

0.75

0.50

0.25

0.00

Magnitude

-0.25

Scale (Frequency Proxy)

-0.50

-0.75

-1.00

3

Time (s)

Fig. 4 Morlet wavelet transform of EEG, showing time-frequency
energy distribution. High-magnitude regions (red) correspond to
seizure activity, with scales optimized for neonatal (0.5-2Hz), adult (3—
30Hz), and elderly (1-4Hz) detection.

0 1 2

4

5

By wavelet transformation, HarmonySeiz transforms 5-
second chunks of EEG data into time-frequency data, and can
be used to detect seizure patterns accurately in all age groups.
According to Figure 4, the x-axis is time and shows distinct
points at 2.1s and 3.8s as the start and end of the seizure,
respectively.

In contrast, the y-axis is frequency bands mapped
nonlinearly according to age-based neural patterns: 0.5-2Hz
delta brushes of neonatal seizures, 3-30Hz spike-wave
complexes of normal adults, and 1-4Hz temporal slowing in
diseased elderly. The color-intensity can state energy
distribution.

Hot red-orange signals signifying high-magnitude ictal
activity, such as the 1.5Hz neonatal delta brush oscillations,
and cooler blue signals indicating normal baseline activity or
artifact-free intervals. Such transformation allows accurate
localization of the seizure events and maximize robustness
against artifacts that occur with age, with the optimal 95%
overlapping windows and parameter 0=5.0 designed to
achieve a transient ictal pattern (500ms) in all ages.

5.1. Age-Specific EEG Characteristics with Pathological Patterns
Neonatal EEG (Delta Brushes + Artifacts)
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Fig. 5 Age-specific EEG signatures: (a) Neonatal recording showing characteristic delta brushes (0.5-2Hz) with motion artifacts, (b) Adult 3-4Hz
spike-wave discharges, and (c) Elderly focal temporal slowing (4-7Hz). Time axes mark seizure onset/offset points.

253



Bala Abirami B & G. Umarani Srikanth / IJECE, 12(8), 244-256, 2025

Figure 5 shows three different EEG signatures in three
clinically distinctive samples processed by HarmonySeiz. The
newborn panel shows characteristic delta brushes (frequencies
of 0.5-2Hz instrumental rhythms with overlapping 14-16Hz
rapidly accelerated activity), the necessary sign of the first
identification of convulsions in preemies, and more frequent
motion artifacts created by the tremors of the incubator, which
are at least suppressed by the adaptive filtering of the system.
HarmonySeiz detects typical stereotypical spike-and-wave
complexes 3-4Hz in adult EEG recordings characterized by
the acute increases in amplitude (70-150aV) and distinctive
periodicity. The sharp initial deflection and the slow wave
components that are followed are well picked by the Morlet
wavelet analysis of the system data that has been optimized.
In the older panel, slowing manifests as the temporal focus (4-

5.2. Comparative Results and Performance Analysis

7Hz theta/delta runs) developing in 8- 10 seconds, resembling
the slow symptoms of focal impaired awareness seizures,
which is difficult to distinguish from the vascular dementia
patterns - but the attention mechanism in the CNN-
Transformer was able to learn the characteristic, and the
differentiation follows the spatial propagation. The tracings
are identically dated (x-axis) and marked amplitude (mV, y-
axis) so that the comparison between the tracings of different
ages can be performed, and there are also vertical labels to
define the onset/offset of ictal events according to the video-
EEG comparison at clinical trials. This figure highlights the
ability of the framework to mediate neurodevelopmental
variability and diagnose with precision, as well as across
different ages.

Table 4. Cross-age seizure detection performance comparison

METRIC HarmonySeiz (Proposed) Persyst 13 [17] ReSNe[té;-STM Wavelet-SVM [10]
Sensitivity (Neonates) 94.3%* 88.1% 74.2% 82.6%
Specificity (Elderly) 92.7%* 85.3% 89.1% 78.4%
Latency (ms) 142 + 18 167 + 22 210 + 34 185 + 29
Energy Use (W) 3.2 4.1 10.3 5.7
Age adaptation Yes (0.5-30Hz) Limited(3-30Hz) NO Partial (1-20Hz)
Clinical Deployment Edge-Cloud ($0.0001/inf) | Cloud-only ($0.002/inf) | Local GPU only Not deployable

Table 4 proves the superiority of HarmonySeiz in relation
to the important indicators of seizure detection. Sensitivities
of the framework when evaluated in inuitors on obtained
results demonstrate that the framework yields 94.3 percent
sensitivity in detecting neonatal seizures, which is higher than
the current established 88.1 percent by the Persyst 13 system
by a statistically significant and clinically relevant margin
[17]. In NICU settings, such improvement is paramount
because current monitoring solutions fail to detect 3 out of
every 5 seizures [1]. In the case of elderly patients,
HarmonySeiz demonstrated an impressive 92.7% specificity
(7.4% improvement over Persyst 13), a highly valuable
improvement in the stroke misdiagnosis risk [2].

Three technical breakthroughs enable this performance:
Age Adaptation: The architecture has a great dynamic
range, 0.5-30Hz, that achieves both: (1) Neonatal Delta
Brushes (0.5-2Hz) and (2) Elderly TG Temporal Slowly
(1-4Hz) simultaneously. Compared to non-adaptive
ResNet-LSTM and partially adaptive Wavelet-SVM (1-
20Hz), this is a great enhancement.

Efficiency: 3.2W (7.1W less than ResNet-LSTM) power
allows the deployment of Raspberry Pi for 0.0001 USD
per inference, which is important in low-resource
environments [18].
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3. Speed: HarmonySeiz achieves 142ms processing latency,
demonstrating a 15% improvement over Persyst 13’s
response time while satisfying clinical real-time detection

thresholds [7].

Statistical Significance: Asterisked (*) values show
p<0.01 improvements in McNemar’s tests (n=1,104
recordings). The edge-cloud architecture uniquely bridges
clinical-grade accuracy with deployability, overcoming
limitations of cloud-only (Persyst 13) and GPU-dependent
(ResNet-LSTM) alternatives.

6. Conclusion

HarmonySeiz represents a transformative advance in
EEG-based seizure detection, overcoming long-standing
barriers to cross-age diagnosis through three key innovations:
(1) age-adaptive Morlet wavelets that harmonize neonatal,
adult, and elderly EEG features while suppressing age-
specific artifacts, (2) a hybrid CNN-Transformer architecture
balancing local feature extraction and global dependency
modelling for 93.4% mean sensitivity, and (3) a cost-effective
edge-cloud deployment ($0.0001/inference) enabling real-
time detection (<150ms) in resource-constrained settings.
Validated on 1,104 patient records, the system reduces
undetected neonatal seizures by 60% [1] and elderly
misdiagnoses by 22% [2] compared to commercial systems,
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while operating at 3.2W—critical for NICUs and long-term
care facilities. By bridging the gap between algorithmic
performance and clinical usability, HarmonySeiz sets a new
standard for accessible, lifespan-inclusive neurology
monitoring. Future work will extend validation to outpatient
wearable devices and integrate FDA-cleared diagnostic
thresholds for regulatory approval.
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