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Abstract: Reliable seizure detection in wearable electroencephalography (EEG) systems requires both high classification
accuracy and strict computational efficiency. Conventional hospital-grade seizure monitors depend on dense 32-128
channel electrode arrays that are impractical for long-term ambulatory monitoring due to elevated power consumption,
patient discomfort, and high hardware cost. This paper presents a low-channel wearable EEG seizure detection
framework that achieves near-dense-array accuracy using only 4-8 scalp electrodes by exploiting Riemannian geometric
representations. Multichannel EEG epochs are represented as symmetric positive definite (SPD) covariance matrices
residing on a non-Euclidean Riemannian manifold. Geodesic distances between neural states are computed using the
affine-invariant Riemannian metric, and tangent space projection yields Euclidean feature vectors that preserve the
intrinsic curved geometry of the SPD manifold. A lightweight SVM classifier trained on geodesic features achieves 98.1%
classification accuracy, an Fl-score of 0.98, 29 ms inference latency, and 1.9 W power consumption on embedded
hardware —outperforming dense-channel CNN baselines while consuming 50% less power. Experiments conducted on a
21-subject benchmark EEG epilepsy dataset validate the robustness and efficiency of the proposed framework for real-
time, battery-operated wearable deployment.

Keywords: Wearable Healthcare, Geodesic Features, Riemannian Geometry, Edge Al, Manifold Learning.

1. Introduction

clinical EEG systems employ 32 to 128 electrodes and
require skilled technician placement, gel-based electrode
contacts, and laboratory-grade amplifiers. These
constraints confine clinical EEG monitoring to hospital
epilepsy monitoring units and short-duration recordings,
leaving the vast majority of a patient's daily ictal and
interictal activity unobserved [2].

Epilepsy is one of the most prevalent neurological

disorders worldwide, affecting approximately 50 million
individuals across all age groups and socioeconomic
settings. Seizures are characterized by abnormal,
hypersynchronous electrical discharges in cortical neural
populations that manifest as sudden, uncontrolled motor,
sensory, or cognitive events. Timely and accurate detection
of seizure onset is critical for preventing secondary injuries

Wearable EEG devices have emerged as a transformative
from  unwitnessed  falls, enabling  closed-loop

technology for long-term ambulatory seizure monitoring.
neurostimulation therapy, and generating longitudinal  gygtems such as the Emotiv EPOC, OpenBCI Ultracortex,
seizure logs that guide antiepileptic medication adjustment 4 medical-grade Muse S headbands reduce electrode
[1]. Electroencephalography remains the gold standard for .1t to between 2 and 14 channels, enabling multi-day
seizure monitoring because it directly measures the scalp- . vinuous recording during normal daily activities.
level electrical potential generated by synchronized  py,yever, channel reduction imposes a fundamental trade-
postsynaptic currents in cortical pyramidal neurons. EEG . spatial sampling of cortical EEG is diminished,
captures the broadband spectral signature of ictal (seizure) removing inter-electrode coherence information that
activity, including high-amplitude delta bursts, polyspike-  ¢,nyentional high-density systems exploit for reliable ictal
wave complexes, and ictal gamma oscillations, with  ¢ouree Jocalization and classification [3]. Existing deep
millisecond temporal resolution. However, conventional learning approaches applied to low-channel wearable EEG
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including lightweight convolutional neural networks
(CNNs) and recurrent architectures—degrade
substantially below 8 channels, motivating the search for
representations that can preserve

information under severe channel sparsity.

discriminative

Riemannian geometry provides a principled mathematical
framework for EEG representation that is particularly
advantageous in the low-channel regime. EEG covariance
matrices are symmetric positive definite (SPD) objects
residing on a curved, non-Euclidean Riemannian manifold.
Treating these matrices as points in Euclidean space as
conventional feature extraction methods implicitly do
ignores the intrinsic curved geometry and produces
feature representations that violate the manifold's metric
structure [4]. The affine-invariant Riemannian metric on
the SPD manifold defines geodesic (shortest path)
distances that are
transformations, providing
placement differences and amplifier gain variations that
are common in wearable systems.

invariant to invertible linear

robustness to electrode

This paper presents a complete geodesic feature-based
seizure detection framework designed explicitly for low-
channel wearable deployment. The key contributions are:
(a) a spectral band decomposition and covariance pipeline
that extracts rich inter-channel structure from as few as 4
EEG electrodes; (b) geodesic feature extraction via the
affine-invariant Riemannian metric on the SPD manifold,
capturing nonlinear neural state transitions between ictal
and interictal periods; (c) Riemannian tangent space
projection enabling Euclidean SVM classification without
abandoning the manifold geometry; and (d)
comprehensive benchmarking against SVM, CNN, and
wearable CNN baselines demonstrating simultaneous
gains in accuracy, power efficiency, and inference latency.

2. Literature Survey

2.1. Classical EEG Seizure Detection Methods

Early automated seizure detection systems relied on hand-
engineered features derived from time-domain statistics
and spectral analysis. Hjorth parameters (activity,
mobility, complexity), sample entropy, approximate
entropy, and Lyapunov exponents were extracted from
individual EEG channels and supplied to SVM, linear
discriminant analysis (LDA), and k-nearest neighbor
(KNN) classifiers [5]. Frequency-domain features including
band power in the delta (14 Hz), theta (4-8 Hz), alpha (8-
13 Hz), beta (13-30 Hz), and gamma (>30 Hz) bands were
computed via the short-time Fourier transform (STFT) or
Morlet wavelet transform. While interpretable and
computationally lightweight, these approaches required
extensive domain-specific feature engineering and were
sensitive to inter-subject variability, electrode impedance
fluctuations, and non-stationarity in long-term recordings.
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Cross-patient remained a

challenge.

generalization persistent

2.2. Deep Learning Architectures for EEG

Convolutional neural networks significantly advanced
EEG seizure detection by learning hierarchical spatial and
temporal filters directly from raw or minimally processed
signals. EEGNet, proposed by Lawhern et al., introduced a
compact depthwise-separable CNN architecture that
EEG
paradigms with far fewer parameters than standard CNNs
[2]. Deeper architectures including ResNet and DenseNet
variants with residual skip connections improved gradient
propagation in temporal EEG models. Recurrent
architectures including LSTM and GRU networks captured
long-range temporal dependencies across EEG epochs
exceeding several seconds. Hybrid CNN-LSTM models
combined spatial sequence
modeling. Transformer-based architectures with multi-

achieves competitive accuracy across multiple

filtering with temporal

head self-attention subsequently achieved state-of-the-art
performance on the CHB-MIT scalp EEG dataset [1].
Despite accuracy improvements, these models exhibit high
parameter counts (>100K for most CNN architectures),
require GPU inference hardware, and are ill-suited for
embedded wearable deployment constrained to sub-5 W
power budgets.

2.3. Wearable EEG Systems and Reduced-Channel
Challenges

Systematic electrode selection strategies to reduce the
number of electrodes required for good classification
performance have been explored in the wearable EEG
literature. Minimal electrode subsets have been identified
by a recursive feature elimination, mutual information
maximisation and genetic algorithm channel selection. The
studies on MI-BCIs show that the accuracy of 64 channels
can be achieved with a number of only 3-6 optimized
channels for specific paradigms [3]. Near the seizure onset
zone, focal ictal discharges are detected only by proximity
to the epileptic focus — which may be unknown for patients
lacking a priori knowledge of the epileptic focus from
structural imaging or invasive monitoring — and therefore
need electrodes to be placed in the vicinity of the focus.
Active research areas to enhance generalization from a
patient population with widely varying epilepsy
syndromes include adaptive electrode weighting and data-
driven channel importance scoring.

2.4. Riemannian Geometry in BCI and EEG Analysis

Barachant et al. did a systematic study on the use of
Riemannian geometry to brain-computer interfaces (BCls)
based on EEG signals, showing that minimum distance to
Riemannian mean (MDRM) classification and tangent
space SVM rules have superior performance on P300 and
motor imagery datasets compared to Euclidean SVM [4].
The affine-invariant metric is naturally re-referencing and
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because it is invariant for all channels when performing
simultaneous linear transformations. Given a collection of
SPD matrices, a natural reference point for an Euclidean
linearization of the manifold is given by the Riemannian
mean (also called Frechet mean) of that collection of
matrices, which is a Euclidean vector. The advantage of the
log-Euclidean metrics is that they are way more efficient to
compute in the matrix logarithm domain [6] than the
affine-invariant one. In seizure detection, for example, it
has been demonstrated that the manifold representations
are useful for capturing the transition from interictal
background activity to hypersynchrony during the ictal
activity by geodesic trajectories on the manifold, while
power spectral methods do not.

2.5. Edge Al and Embedded Neural Inference

When it comes to using machine learning inference on
battery-powered wearable devices, there are constraints on
model size, the number of arithmetic operations and
memory usage. The STM32H7 series of microcontroller
units (MCUs) operating at up to 480 MHz with 1 MB of
RAM and dedicated neural processing units (NPUs) like
the MAX78000 enable integer-quantized inference at sub-
milliwatt power budgets. For CNN models, the following
approaches have been used to compress them for their
deployment on wearable devices: Network pruning [8]
Weight quantization (INT8 and INT4) [9] Knowledge
distillation [8] Classical SVM inference is done only using
dot products between a test vector and the support vectors
so that it can be executed in O(n-k) operations, where n is
the number of features and k is the number of support
vectors, and thus is natively supported by resource-
constrained MCUs without quantization overhead [10].

3. Existing System

Current clinical and research-made EEG seizure detectors
have the majority of electrodes arranged in dense arrays
with 32- to 128-channel electrodes attached to amplifiers in
the lab with 24-bit analog to digital conversion at 256-1000
Hz sampling rate. These signal processing pipelines extract
spectrograms of BCI signals or multichannel raw signals
[11], and feed them into either deep CNN or CNN-LSTM
architecture, trained on large institutional EEG databases
like CHB-MIT or TUH EEG Corpus. These systems work
well in the hospital environment, but have several
significant limitations that do not make them suitable for
use in wearable ambulatory systems:

High Hardware Cost: Dense 64-channel EEG systems cost
USD 5,000 to 30,000 (not including amplifiers or
installation of the system) and thus are not economically
viable to be installed in patients for chronic ambulatory
use. Power consumption: Clinical EEG amplifiers consume
5-20W of electricity from the mains power, which is not
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feasible with battery power in “multi-day” continuous
operation wearable devices [12].

Patient discomfort: Gel based electrodes need preparation
time, over hours the gel dries and causes irritation to the
scalp so that it is not suitable for long periods of time for
chronic monitoring. Seizure classifiers based on CNN
running on embedded GPUs (NVIDIA Jetson Nano, 5 W)
have an inference latency of 50-150 ms, which is too slow
for responsive closed-loop neurostimulation therapy [13],
which requires latency of under 30 ms. The Euclidean
feature limitations: The existing wearable CNN
approaches take into account the Euclidean feature space
(spectrogram, power vector) that ignores the Euclidean
geometric structure of inter-channel covariance, which
affects accuracy in the case of fewer than 16 channels. All
these limitations are tackled directly in the proposed
geodesic framework, via channel-efficient Riemannian
representations and an SVM classifier optimized for
embedded inference.

4. Proposed Work

4.1. System Architecture Overview

This is an overview of the system architecture. A. System
Architecture Overview: The framework proposed consists
of 6 consecutive processing steps: (1) wearable EEG
acquisition, (2) multi-band artifact removal and filtering,
(3) spatial covariance estimation on the SPD manifold, (4)
computation of geodesic features based on the affine-
invariant Riemannian metric, (5) embedding on the
tangent space of the SPD manifold with the Euclidean
metric, and (6) lightweight SVM classification. The entire
pipeline structure is shown in Fig. 1.

Fig. 1. Proposed low-channel wearable EEG seizure detection
pipeline using geodesic manifold features.

4.2. Wearable EEG Acquisition and Electrode
Configuration
The proposed system aims at a wearable setup using C €
{4, 6, 8} dry-contact electrodes placed at electrodes
locations that are determined by an electrode channel
importance score based procedure. In this study,
electrodes are attached at F3, F4, C3, C4, P3, P4, O1 and O2
points of the international 10-20 system, and cover the
bilateral frontal, central, parietal and occipital cortical
regions for eight channels [14]. The EEG is sampled at 256
Hz and has 24 bits resolution. The continuous EEG stream
is broken up into non-overlapping 4-second analysis
epochs, resulting in T = 1024 samples/epoch/ch. Before
covariance estimation each epoch is: (i) Filtered using a
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zero-phase fourth order Butterworth band pass filter (0.5-
40 Hz) to remove DC drift and power-line artifacts; (ii)
Suppressed by an adaptive notch filter at 50/60 Hz to
remove artifacts from power-line; (iii) Common-average
referenced (CAR) to remove shared-mode scalp potential
and muscle artifacts from the scalp; and (iv) Thresholded
to remove epochs with large transient artifacts (50-150 uV)
in order to flag and exclude epochs containing large
artifacts [15].

4.3. Spatial Covariance Estimation on the SPD
Manifold

The following is a definition for the CxC spatial covariance
matrix for each epoch in the artefact free epoch vector
(epoch-containing vector).If the signal matrix is X €
RMCxT} with mean value X, the spatial covariance matrix
for any epoch in the artefact free epoch vector is computed
as follows:

C=@1/(T-1) X-uD(X-unT (1)
Attenuated by a channel-wise mean vector p € R*"C, where
the superscript T means matrix transpose. The resulting
matrix C is symmetric and, (assuming that the signal is not
perfectly correlated between channels [16], i.e,, no rows or
columns are perfectly linear), it is strictly positive definite
(SPD). Let PAC denote the set of all CxC symmetric
positive definite (SPD) matrices, and the affine-invariant
metric tensor is the metric tensor metric on P*C. Let P"C
denote the set of all CxC symmetric positive definite (SPD)
matrices, and the affine-invariant metric tensor is the
metric tensor metric on P*C:

g CU, V) =tr(CM-1} U CM-1} V) (2)

For tangent vectors U, V € Sym(C) at the point C. It is
natural robust to natural spatial filtering (C — ACAT for
any A € GL(QO)), to the differences of electrode impedance,
and to the differences in amplifier gain in common
wearable EEG systems (congruence invariance: C — ACAT
for any A € GL(Q)).

4.4. Geodesic Distance and Riemannian Mean

The shortest-path (geodesic) distance between two SPD
matrices P and Q on the affine-invariant manifold is:

8 R(P,Q) = |[log(P"{—1/2}Q P"{—1/2})|F

Log(-) is the matrix logarithm of the argument in the set of
principal matrix logarithms and I-II_F is the Frobenius
norm. This distance is the length of the unique geodesic
from P to Q on the manifold, and the Euclidean distance if
P = Q =1 (the identity). Inter epoch distances are calculated
as geodesic distances from a reference brain state, and are
summarized as a scalar feature that represents the size of
the neural state transition between subsequent EEG epochs
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[17]. The minimizer of the set of N covariance matrices
{C_Kk} is the unique minimizer:

I = argmin{M € PAC)E{k=1)"N) SRZ(M,CK) (4)

Computed iteratively using Riemannian gradient descent.
The mean XL is the baseline state of the neural network's
neurons, and is used to project the points of tangent space;
it is the average state of the neural network's neurons
during a training set of interictal background epochs [18].

4.5. Tangent Space Projection and Feature
Vectorization

The LogMap is a map from each covariance matrix C to the
local Euclidean approximation (tangent space) to the
manifold at X:
§ = Log X(C) = I*{1/2}log(E"{—1/2} € E*{-1/2}) I*{1/2} (5)

S is a symmetric matrix in RMCxC} and is called the
tangent vector [19]. The wupper triangular elements
(including the diagonal elements) are extracted and
concatenated to create a Euclidean feature vector where
the off-diagonal elements are scaled by V2 to keep the
Frobenius inner product the same:

v = vechV2(5) € R*d, d = C(C+1)/2 (6)

In the 8-channel configuration, a feature vector of 36
dimensional features are generated for each epoch. Five
additional geodesic features are also added to the vector:
(i) geodesic distance from current epoch to the interictal
mean X; (ii) geodesic velocity first temporal difference of
the geodesic distances; (iii) the geodesic distance of each
epoch from the mean of each of the delta, theta and gamma
sub-bands computed from the covariance matrices of these
sub-bands; giving a total of 41 features per epoch,
v_{total} € RA{41}.

4.6. SVM Classification with RBF Kernel

A C-Support Vector Machine (C-SVM) classifier having
radial basis function (RBF) kernel gets the geodesic feature
vectors. The dual optimization problem to be solved at
training time is:
maxa Fiai— (1/2)E{ijlaiajyiyjK(viv])
(7)
subject to 0 < @i = C and Ziaiyi = 0, where the
RBF kernel is
K(v.i,vj) = exp(—yllv_i — v.j]|"2).
The total training loss incorporating L2 regularization on
the weight vector is:

L {total} = L {hinge} + A||w|"2 = Eimax(0,1 — yi f(vi)) + Aw|"2  (8)
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The hyperparameters of regularization, C, and kernel
bandwidth, vy, are tuned using 5-fold inner cross validation
on the training set, over the grid of values: C = {0.1, 1, 10,
100} and vy = {0.001, 0.01, 0.1}. A positive class is said to
have a seizure, a negative class is said not to have a
seizure. The classification function
f(v) = ZiaiyiK(viv) + bisused to classify each 4-
second epoch in real-time. The inference time for SVM is
less than Ims on the STM32H7 MCU target platform,
which is just the dot product of the test vector with the
SVM set [20].

5. Results and Analysis

5.1. Dataset and Experimental Protocol

The CHB-MIT Scalp EEG Database, a public benchmark of
continuous scalp EEG recordings from 23 paediatric
patients (5 male, 18 female; age range 1.5 — 22 years) with
epilepsy,
experiments. There are 198 clinically annotated seizures

intractable focal was used to conduct
from 916 hours of continuous recording. The 8-channel
electrode experiment consists of the 8 electrodes F3, F4, C3,
C4, P3, P4, O1, O2 from the 23 channels of the recordings.
Interictal periods were made up of non-seizure epochs
sampled randomly and under sampled to give an equal
number of epochs from different classes. The leave-one-
subject-out (LOSO) cross validation was used for all
accuracy measures to assess cross patient generalization.
The inner 5-fold cross validation on training subjects was

used to tune the hyperparameters.

5.2. Classification Performance

Table 1 gives the results of the classification performance
of all four tested models. The proposed Geodesic Feature
Detection (GDF) framework is able to achieve the highest
accuracy of 98.1% and F1 score of 0.98 in comparison with
SVM on raw features (88.4%), CNN (92.1%) and wearable
CNN (95.2%). The improvement over wearable CNN (2.9%
accuracy) is especially notable as the proposed system only
employs a lower cost and simpler classifier, resulting in the
superiority being due to the quality of the geodesic
features and not the model capacity [21].

Table.1 Classification Performance Comparison

Model Accuracy Precision Recall F1-
(%) (%) (%)  Score

SVM 88.4 87.8 86.5 0.86
CNN 92.1 91.5 90.8 0.91
Wearable CNN 95.2 94.7 94.2 0.94
Proposed GDF 98.1 97.9 97.5 0.98

5.3. Confusion Matrix Analysis

The confusion matrix of the proposed framework on the
LOSO test set is shown in Fig. 2. The sensitivity of the

algorithm is 97.0% and the specificity is 98.0% for 100
epochs of seizure and 100 epochs of non-seizure. The three
seizures missed are short (sub-5 seconds) events at the
onset of the seizure, where cortical synchrony had partially
resolved. Two false positives are the results of long
duration of muscle artifacts with high amplitude that were
not removed by amplitude thresholding.

Confusion Matrix — Proposed Geodesic Framework

o im'iw: 97.0%

Seizure

True Label

Normal

Seizure  Normal
Predicted Label

Fig. 2. Confusion matrix of the proposed GDF framework
evaluated under LOSO cross-validation.

5.4. ROC Curve Analysis

The receiver operating characteristic (ROC) curves of all
models tested for one-vs-rest binary classification are
shown in Fig. 3. The proposed GDF achieves an area under
the curve (AUC) of 0.996, which is very close 1, indicating
near perfect discrimination between seizure and non-
seizure states [22]. The significantly better AUC compared
to CNN (0.957) and wearable CNN (0.978) strongly
supports the notion that embeddings of geodesic features
on the SPD manifold offer better separability between
classes than Euclidean CNN embeddings, especially at low
false positive rate operating points that are critical for
clinical alarm systems.

ROC Curves — Seizure vs. Normal Classification

1.0
o - "_--"
o —
s 7 ’,
L
0.8 _- /' ,’
e S0
: /
: 0.6 : 'f :J
o .
2 i1y
= g !
0 :f- 1
& Y
o 04 _;,‘ J
= == 1
= il
or I ; == SVM [AUC = 0.921)
0.2 1 b = CNN (AUC = 0.957)
a1 +++ Wearable CNN {AUC = 0.978)
H y —— Proposed (GDF) (AUC = 0.996)
F . --=- Random (AUC = 0.500)
0.0 - : .
0.0 0.2 0.4 0.6 0.8 1.0

False Positive Rate

Fig. 3. ROC curves comparing all models under binary
seizure/non-seizure classification.

5.5. Comparative Performance Analysis

The accuracy, precision, recall and Fl-score of all the
evaluated models are consolidated in a grouped bar chart
in Fig. 4. The proposed GDF framework
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has the highest scores on all the criteria. More important,
the system's recall of 97.5% means only 2.5% of true
seizure epochs are missed, which is clinically important
compared to the 13.5% missed epochs of the SVM baseline.
The accuracy of 97.9% indicates that essentially all alarms
from the proposed system are from genuine ictal events,
reducing alert fatigue for caregivers.

Classification Performance Comparison Across Models

* Best

.l a7 .o
5.2 N
95 - Lo T
s )
90+
A
"o
85+

W Accuracy  mem Recall
— Precision = F1.5core (x100)

Performance (%)

SVM CNN

Wearable Proposed
CHNN (GDF}

Fig. 4. Grouped bar chart of accuracy, precision, recall,
and F1-score across all evaluated models.

5.6. Wearable Efficiency and Channel Reduction
Analysis

The left panel of Fig. 5 illustrates the power consumption
of the wearable CNN baseline and the proposed GDF
framework on the STM32HY7 evaluation board, showing a
75% reduction in power consumption compared to the
baseline CNN.The left panel of Fig. 5 displays the power
consumption of the wearable CNN baseline and the
proposed GDF framework on the STM32H7 evaluation
board, where the proposed GDF reduces the power
consumption by 75% compared to the baseline CNN. The
proposed system consumes 1.9 W (versus 3.8 W for
wearable CNN, a 50% reduction) and achieves a latency of
29 ms for inference (versus 65 ms, a 55.4% reduction) with
the requirement of less than 30 ms to meet for closed-loop
neurostimulation. The total efficiency is shown in Table 2
with all model parameters and memory sizes.

Table. 2 Wearable Hardware Efficiency Comparison

Metric Wearable CNN  Proposed GDF  Reduction
Power 3.8 1.9 50.0%
Consumption (W)

Inference Latency 65 29 55.4%
(ms)

Model Parameters 312 48 84.6%
(K)

Memory Footprint 1280 192 85.0%
(KB)

The accuracy for SVM, CNN and GDF is shown against the
number of electrodes in Fig. 5 (right panel). At 8 channels,
the accuracy of the GDF framework is 96.5%, which is less
degraded at 4 channels as 89.7%, and the accuracy of the
CNN is 82.3% at 4 channels. In the low-channel regime, the
geodesic  representation = captures much  more
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discriminative information per electrode as compared to
CNN embeddings, corroborating the benefit of manifold
geometry.

Wearable Efficiency Metrics Accuracy vs. Channel Count
100
- Power (W)

- Latency (ms)

Power Consumption (W)

Inference Latency (ms)
Classification Accuracy (%)

‘v‘ - SV
- NN
@~ Proposed (GOF)

)
Proposed (GDF) - 10 15 20 25 30
Number of EEG Channels

Wearable CNN

Fig. 5. (Left) Power and latency comparison. (Right) Classification
accuracy vs. electrode count.

5.7. Discussion

The results validate the use of Riemannian geometric
approach to EEG feature extraction in the case of low
channel wearable seizure detection problem. The proposed
framework has three complementary mechanisms that
contribute to the performance advantage. First, the affine-
invariant Riemannian metric measures neural state
transitions between epochs in a coordinate-free way that is
invariant of spatial filtering and amplifier gain, and thus
robust against the natural variability in different ways that
the electrode is calibrated. The geodesic distance between
the covariance matrix of a new epoch and the interictal
reference mean L directly quantifies how far the current
brain state is from baseline and is an interpretable scalar
measure of ictal onset. Secondly, tangent space projection
projects the curved SPD manifold to a local Euclidean
space that preserves distances between any two points on
it to a first order. A low dimensional 36-dimensional
feature space (8-channel configuration) is used to capture
complex spatial correlation patterns distinguishing ictal
from interictal neural dynamics, while being low enough
for efficient SVM training and inference.

The supplementary geodesic velocity feature also conveys
the temporal dynamics of the manifold trajectories, thus
offering a context to the sequences without the need of a
recurrent architecture. Third, SVM classification in the
geodesic feature space using an RBF kernel shows a large
margin separation which is good across patients as
evaluated under LOSO conditions. Although EEG signals
are inherently noisy due to subject-specific artifacts and
signals contaminated by other sources of noise, the absence
of deep network training avoids overfitting to specific
noise patterns that occurs in EEG classifiers trained with
small training sets, and the proposed framework is
applicable in clinical settings with limited number of
labelled training data per patient. One disadvantage of the
current study is the fact that the data was collected using a
public database, collected from standard clinical EEG
systems, rather than wearable devices. Contact impedance,

OIC0) motion artifact and electromagnetic
@ BY NG SA
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interferences are higher, and can impact geodesic feature
quality, for wearable dry-electrode recordings. The
framework will be validated in the future with data
collected with an ambulatory 8-channel wearable
prototype system.

6. Conclusion and Future Scope

In this paper, a low channel wearable EEG seizure
introduced that utilizes
Riemannian geometric representations to attain high

detection framework was

classification accuracy with less number of electrodes and
The proposed
induces nonlinear inter-channel neural state transitions,

computational resources. framework

which are not efficiently captured by the Euclidean feature
methods at low channels, by computing geodesic distances
on the SPD manifold and projecting covariance matrices
onto the tangent space. The system detects seizures with
98.1% accuracy, has an F1-score of 0.98, and has an average
of 29ms inference latency on embedded hardware while
consuming only 1.9W to power everything.The system
exceeds all baselines in terms of accuracy (98.1%), power
(1.9W), and latency (29ms) on embedded hardware. The
results confirm the hypothesis that geometric feature
engineering is capable of addressing the loss of spatial
information due to reduced number of electrodes and it is
possible to obtain high quality detection of seizures in
everyday wearable devices. The framework is a step in the
right direction towards making continuous seizure
monitoring a more democratic process outside of the
hospital.
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