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Abstract—Seizure monitoring and detection are crucial
for reducing the morbidity and mortality associated with
seizures. Current epilepsy care, often involving expensive video-
electroencephalography (VEEG) monitoring, requires special-
ized expertise and is limited to in-hospital settings, and in-
trusive in nature. Seizure diaries, on the other hand, suffer
from unreliability due to under-reporting, leading to incorrect
therapeutic decisions. Wearable non-invasive seizure detection
may offer a more tolerable and feasible solution for long-term
ambulatory monitoring. This study explores a wearable remote
monitoring system utilizing a single wrist-worn accelerometer
device and capable of detecting multiple types of seizures,
including shorter duration events. We enrolled 79 patients under
video-electroencephalography monitoring to wear accelerometer
devices and collect data. Concurrent VEEG recordings were re-
viewed by board-certified epileptologists to produce annotations,
including seizure onset, offset, and seizure type. Using this data,
we constructed a deep neural network based on the time-series
ResNet architecture, which could discriminate among seizure and
non-seizure events. Our proposed approach achieved a seizure
detection sensitivity of 95.65% and an overall false alarm rate
of 0.15/24 hours during the evaluation, which spanned 5576
hours of total recording. Additionally, it resulted in an area
under the receiver operating characteristic curve (AUC-ROC)
of 0.98 and an area under the precision-recall curve (AUC-
PRC) of 0.67 when averaged over 20 patients who experienced
46 convulsive seizures. These promising results suggest that the
proposed seizure detection system can be effectively used for
long-term ambulatory seizure monitoring. Future steps include
validating our findings in larger datasets and assessing the utility
of detection for additional seizure types.

Index Terms—wearable devices, accelerometer, seizure de-
tection, deep neural network (DNN), generalized tonic-clonic
seizures (GTCS), psychogenic non-epileptic seizures (PNES), focal
impaired awareness seizures (FIAS).

I. INTRODUCTION
A. Background

PILEPSY is one of the most prevalent chronic diseases of

the nervous system, characterized by recurrent seizures.
Globally, approximately 50 million individuals are affected
by epilepsy, with 30% of them diagnosed with intractable
epilepsy, a condition showing resistance to anti-epileptic drugs
or even multiple drug therapies[48, 49]. Seizures are caused by
abnormal neuronal activity of a population of neuronal cells in
the brain. Based upon 1) the seizure onset in the brain (focal
onset or generalized onset), 2) the degree of awareness during
the seizure (awareness intact or awareness impaired) and 3)
the level of body movement (motor or non-motor), seizures

are categorized into different types, associated with distinct
prognosis and treatment options[62]. Focal impaired aware-
ness seizures (FIAS) are the most common known seizure
type among adults with epilepsy and generalized tonic-clonic
seizures (GTCS) are the most common generalized seizure
involving tonic and clonic convulsions [42, 61, 63].

The unpredictable nature of seizures is distressing for the
patients and leads to social isolation and decreased quality of
life[10]. When unattended or failing to provide urgent medical
care, seizures lead to accidental injuries and can evolve into
status epileptics, a condition associated with severe complica-
tions including neuronal death, neuronal injury and even death
[71]. Nevertheless, the most significant risk associated with
seizures is sudden unexpected death in epilepsy (SUDEP),
which has a mortality rate of 0.3% and poses a risk of sudden
death more than 20 times higher than that in the general
population[64].

The key principle for mitigating seizure-associated risks is
early detection and intervention. If the caregivers or physicians
could promptly recognize when a patient had a seizure, the
injuries/fatalities related to seizures can be potentially reduced.
Moreover, it allows physicians to enhance their management of
clinical support, diagnosis, and the identification of potential
precipitating factors and therapeutic options. Consequently,
there is a pressing need for continuous seizure detection and
monitoring mechanisms for epileptic patients in both inpatient
and outpatient settings.

B. Limitations in current seizure monitoring

The current options for the detection and monitoring of
seizures exhibit limitations on multiple fronts. For instance,
video-electroencephalography monitoring (VEM); the current
gold standard method for detecting epileptic seizures, and
intracranial EEG (iEEG) monitoring, present challenges due
to their resource-intensive nature and limited availability,
typically confined to tertiary hospitals. This circumstance
poses a significant issue, particularly given that approximately
80% of individuals with epilepsy are situated in low-middle-
income countries(LMIC). And partially elucidates why 75%
of patients with epilepsy in LMICs do not receive any form
of treatment at all [25]. Besides VEM, iEEG and ambulatory
EEG are obtrusive and not appealing for patients in long-
term seizure monitoring. For those reasons, in most cases,
long-term continuous seizure recording solely relies on seizure
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diaries, maintained by patients or caregivers. However, self-
reported seizures are unreliable due to under-reporting with
less than half of all seizures being accurately documented[24].
The fact that patients are partially or fully amnestic to seizures
renders some seizure types including GTCS and FIAS partic-
ularly susceptible to under-reporting[47, 62]. This issue is of
utmost importance because inaccurate subjective information
regarding seizure frequency hinders effective diagnostic and
therapeutic decisions and can result in incorrect prescriptions
[26].

C. Non-invasive seizure monitoring using wearable devices

A non-invasive wearable biosensor coupled with a machine
learning algorithm has the greatest immediate potential to
overcome those barriers [12, 17]. Various recent research
has worked toward this direction, employing wearables ca-
pable of acquiring non-cerebral physiological signals such as
electrocardiography (ECG), electrodermal activity (EDA), sur-
face electromyography (SEMG), accelerometer (ACM), photo-
plethysmography (PPG), skin temperature, oxygen saturation
etc.

1) seizure detection modalities: Several studies employed
ECG-derived heart rate variability (HRV) to detect both motor
and non-motor seizures [30, 35, 37, 39, 40]. But most of
the works adding patient specificity to their algorithms to
improve the seizure detection sensitivity which demands prior
recordings of test subjects and adapting the algorithms on
unseen patient data [38, 40, 74]. This is primarily due to the
substantial variability in cardiac profiles between individuals
and within individuals for different seizure semiology, making
it difficult to develop generalizable algorithms using ECG
derived cardiac data [35, 73]. Utilizing three distinct and inde-
pendent datasets, [37] further illustrates this fact, highlighting
the decline in performance of ECG-based detection methods
when training samples and test samples were constructed from
different datasets. Another drawback in cardiac activity-based
seizure detection is the existence of patients who do not exhibit
significant ictal heart rate changes during a seizure, referred to
as non-responders in the study [39]. Their algorithm yielded
a sensitivity of 87% among responders but exhibited a very
low sensitivity of 28% among non-responders, raising con-
cerns about the universal applicability of HRV-based detection
methods.

Given the discomfort associated with wearable ECG elec-
trodes, some studies have explored the use of PPG signals
for deriving ictal heart rate [23, 31, 76]. However, PPG
signals alone have shown limited benefit for seizure detection,
exhibiting low sensitivities and higher FAR values [31, 76].
The fact that PPG is easily interfered by motion artifacts is
known to be the main reason behind the poor performance
[48]. To enhance sensitivity, the use of multimodal approaches,
such as coupling PPG with ACM, is demonstrated [3].

Some researchers have also demonstrated the utility of
SEMG for detecting seizures [5, 7, 19, 69]. The majority
of SEMG-based studies have reported high specificity values
in their performance. Moreover, compared to algorithms trig-

gered by clonic jerks, sSEMG-based algorithms have demon-
strated shorter GTCS detection latency, as they target the tonic
phase [8]. However, the surfaces of the SEMG sensors require
continuous and strong attachment to the skin and have the
potential for detachment, which can lead to patient discomfort.
Additionally, the location of SEMG acquisition significantly
impacts the algorithm’s performance[19, 48, 72]. These factors
limit the use of SEMG for long-term seizure detection.

Electrodermal activity (EDA), which reflects the activity
of the sympathetic branch of the autonomic nervous system,
has also been identified as a potential seizure biomarker in
recent studies [58, 60]. Importantly, a significant increase
in EDA has been associated with SUDEP, highlighting the
potential of EDA in mitigating SUDEP risk [58]. However,
there are no studies that advocate for EDA as a single modality,
instead, EDA is commonly utilized in multimodal studies
[17, 48]. In a study [70], comparing different modalities,
EDA did not achieve significant better than chance seizure
detection, as indicated by overall AUC-ROC, whereas other
modalities did. Due to the fact that skin conductance response
is relatively slow, EDA shows a delayed response time [70].
This latency in the onset of EDA might be the main underlying
reason why EDA fails as a single modality but performs well
when combined with other modalities. Other disadvantages
associated with EDA include its susceptibility to motion and
pressure artifacts, as well as its uncomfortable and obtrusive
nature [72].

Accelerometry (ACM) presents a viable alternative modality
to address these challenges, offering the advantage of being
worn as a comfortable wristband-type device. Since ACM
measures the three-dimensional acceleration of movements
and rotations, it can be employed for detecting seizures based
on their clinical motor symptom, one of the main criteria
for diagnosing a seizure. Furthermore, ACM’s ubiquity in
consumer electronics, including smartwatches, smartphones,
and fitness monitors, has contributed to its widespread ac-
ceptance and familiarity among individuals. Notably, recent
findings indicate that smartphones and watch-based devices
were acceptable to over 70% of people with epilepsy, in
contrast to devices placed on the head, leg, upper arm, and
chest, which garnered an acceptance rate of <50% [14].
Moreover, its cost-effectiveness and low power consump-
tion are among other advantages of ACM. This underscores
the favourable reception and suitability of ACM for long-
term seizure monitoring. Recent studies have demonstrated
its utility in detecting motor seizures [1, 44, 45, 50]. One
study revealed that, when compared to other modalities ACC
achieved the best performance for most seizure types and
improved the performance of other modalities when coupled
with ACM [70]. In a result analysis among 30 studies [17],
many of the reported highest sensitivities and lowest FARs
were associated with the incorporation of ACM as a sensor
modality.

Seizure-related changes in physiological signals vary across
different seizure semiologies, making some sensor modalities
more applicable to specific seizure types. For instance, the



effectiveness of ACM and sEMG is better demonstrated in
motor seizures, whereas their utility is limited in seizures
lacking apparent motor symptoms. Conversely, ECG and PPG
can be employed for non-motor seizures, albeit with reduced
sensitivity to motor seizures [48]. As a result, certain stud-
ies have adopted multi-modality systems to address a wide
range of seizure types. Commonly used combinations include
ACM with EDA [36, 56, 59], ACM with sEMG [29, 52]
and ECG with ACM [54, 73]). Furthermore, certain studies
have employed multiple sensors from the same modality to
ensure better sensor placement on the body for optimal seizure
registration and detection, enhance signal quality, and reduce
missing data and issues aroused due to sensor failures [41, 52].
While studies involving multiple modalities and multiple
sensors have shown promise, their practical application in
real-world scenarios is constrained by several factors. These
limitations include burdens related to instrument portability,
extensive data handling and processing requirements, elevated
power consumption leading to limited expected battery life,
synchronization issues among multiple signals, and obstacles
in terms of commercialization and clinical implementation.
Consequently, still there is significant potential for research
in epileptic seizure detection using single-modal signals and
a minimal number of sensors, possibly even a single sensor.
Such an approach holds substantial research prospects, espe-
cially if it can successfully detect multiple seizure types, which
would be extra advantageous.

2) seizure detection algorithms: seizure detection algo-
rithms are integral to seizure detection with wearable biosen-
sors. The algorithms used in recent studies can be mainly iden-
tified in three categories, traditional machine learning(SVM,
kNN, random forest, decision tree etc), deep learning(1D
CNN, LSTM) and other algorithms including thresholding and
event searching [17]. The most commonly used algorithms
were threshold-based, where the optimal value is being picked
as threshold to pass the event as an epileptic seizure. The rise
of heart rate [35], number of zero crossings[7, 19] and z-
score [29, 35] were among the parameters that threshold were
derived from. But those methods inherently carries drawbacks
associated with threshold-based classification such as not
robust to signal noise, poor generalization on new or unseen
data, lack of context and less adaptability under evolving data
characteristics of a patient and variability across patients.

In contrast machine learning algorithms allow the systems
to adaptively learn patterns in data, which may not be appar-
ent to human observer. Among traditional machine learning
methods, SVM [52, 57, 59, 76] was the most commonly em-
ployed and random forest [21, 27, 75] , k-Nearest Neighbours
[36, 41], gradient tree boosting [15, 16] were among rest
of the commonly utilised methods. However, these methods
involve laborious feature engineering steps, where raw data
is preprocessed, and time domain features, frequency domain
features, or other characteristics of interest are extracted. These
features are selected for their discriminative power in distin-
guishing between seizure and non-seizure events and among
different types of seizures. Hand-crafted features may struggle

to capture complex and nonlinear relationships within the data,
potentially missing intricate patterns and relationships, which
can limit the model’s representational power. Besides these
features are subjective to the particular study, the dataset being
studied and targeted seizure types.

In contrast deep learning methods provides “end-to-end”
learning , where the salient features extracted through initial
layers enables algorithms to be seamlessly tailored to a single
seizure type or multiple seizure types. Several recent studies
have employed deep learning networks as seizure detection
algorithm, including 1D CNN [70], LSTM [51, 55], varia-
tional autoencoder (VAE) [81], generative adversarial network
(GAN) [80], and residual 1D CNN (Res1DCNN) [4]. The
VAE and GAN developed using behind-the-ear EEG reported
higher sensitivities (>90%) and lower FARs (<1d™~1), which
were comparable to traditional machine learning methods.
However with reported sensitivities below 80% or FARs
around 10d™1, results looked less promising, in LSTM and
CNN networks developed using EDA, ACM, BVP, PPG and
TEMP [51, 55, 70] indicating certainly existing opportunities
for further enhancement in performance of seizure detection
tasks using deep learning. Deep learning is better equipped to
learn complex relationships and variabilities among different
modality signals and across various channels within single-
modality multivariate signals. However, most existing deep
learning networks primarily emphasize multimodal signals.
Further exploration of their applicability to single-modal sig-
nals in the multivariate analysis perspective is warranted.

Seizure detection algorithms can be identified in two cat-
egories namely personalized and generalized. The distinction
between them lies in whether the algorithm is designed for a
specific patient or can be applied across any patient (including
the unseen during training). Personalized algorithms which
tailored to a specific patient, often reported high sensitivities
and low FARs compared to generalized counterparts [72].
However, they are costly in terms of data acquisition, as
they require collecting patient-specific training data for each
individual patient and tuning the algorithm separately. This
poses challenges for commercialization, reduces practicability,
and limits clinical utility. On the other hand, generalized algo-
rithms could reduce these costs by developing models that can
be applied across patients. But the inherent variability among
patients in terms of clinical symptoms and pathophysiological
conditions related to seizures makes the implementation of
generalized algorithms challenging. The key to addressing this
challenge is to only focus on features that are not influenced
by individual patient characteristics. Deep learning algorithms
are well-suited to this task, as they can automatically learn
relevant features that are generally applicable and evolving
nothing about individuals [48].

Seizures represent exceedingly rare events, constituting an
exceptionally small fraction of long-term monitoring data in
comparison to non-seizure intervals corresponding to normal
behaviour. Therefore, the issue of class imbalance should be a
pivotal consideration in the design of seizure detection algo-
rithms. This imbalance becomes more pronounced when the



TABLE I
SEIZURE DISTRIBUTION AMONG PATIENTS.

Patient ID #GTCS #PNES #FIAS
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minimum targeted seizure duration is reduced to smaller val-
ues. Furthermore, it is worth noting that many studies exclude
patient data in which no seizures occurred during the recording
period. Consequently, the degree of imbalance encountered in
real-world patient data far exceeds that encountered during the
training phase. As a result, algorithms that give minimal atten-
tion to imbalance may not perform well in real-world seizure
detection. Despite this, only a few studies have taken class
imbalance into account during algorithm development. Among
these, some have employed novelty detection or anomaly
detection-based methods [20, 79, 80, 81]. Additionally, the
support vector data description (SVDD) method [45] has
been used to address class imbalance. However, all of these
proposed methods exclusively adopt unsupervised learning ap-
proaches, omitting the potential benefits of supervised learning
algorithms, which could offer better control in achieving the
desired balance between sensitivity and specificity.

3) limitations in current ACM-based seizure detection and
monitoring: Eventhough ACM is the dominant modality in
non-invasive seizure detection, current studies limited in mul-
tiple senses. Since ACM focus on motor behaviour, rthythmic
movements in daily life such as brushing teeth would also
mimic the seizure related convulsions or jerking movements.
Therefore algorithms that not capture these intricacies in data
may lead to lots of false alarms. It has been repeatedly reported
that motivation to use wearables by patients will depend on
the accuracy and reliability of the device to detect or predict
seizures, with a low false positive/false negatives rates[65].
Therefore reducing FAR is a crucial factor and most of the
existing literature is yet to achieve a fairly acceptable FAR.
Most of the ACM-based seizure detection algorithms only
focus on detecting GTCS, which exhibit prominent motor
activity but ignore other seizure types like focal seizures.

II. METHODS
A. Data Acquisition

The data used in this study were collected from pa-
tients undergoing long-term VEM at Royal Melbourne Hos-
pital. To capture motor activity data, Apple iPod Touch de-
vices equipped with built-in microelectromechanical systems
(MEMS) accelerometer sensors were employed. These devices
were securely strapped to the dorsal side of the monitored
patients’ forearms. A custom-designed mobile application was
developed to continuously record 3D ACM data, which had a
sensitivity range of -2.5g to +2.5g. The recorded data, along
with corresponding timestamps, were stored in the flash mem-
ory of the devices and subsequently sampled at a rate of 50 Hz.
To enable synchronization with the VEM recordings, the time
settings were manually updated. Each recording session had a
duration of 12 hours, and the devices were replaced with fully
charged ones to ensure continuous coverage throughout the
entire VEM period. It is noteworthy that the patients were not
confined to their beds during the recording sessions and were
encouraged to engage in their usual daily activities. Ethical
approval for the study was obtained from the Human Research
Ethics Committee of the Royal Melbourne Hospital (HREC
Project 300:259).

B. Recorded Dataset

The data collection period spanned from 2012 to 2015 and
included records from a total of 79 patients, resulting in a
cumulative recording duration of 5576 hours. Each seizure
event was meticulously reviewed by expert epileptologists to
determine its type, onset, offset, seizure semiology as observed
on VEM, and localization. Importantly, the epileptologists con-
ducting the reviews were blinded to the accelerometer traces.
Out of the 79 patients, 20 (25.31%) experienced convulsive
seizures, 15 (18.98%) had non-convulsive seizures, while 44
patients did not exhibit any seizures during the monitoring
period. This study focuses exclusively on convulsive seizures.
The 20 patients who had convulsive seizures accounted for
approximately 1397 h of recording duration. Among them a
total of 46 convulsive seizures were observed comprising 21
GTCS, 20 PNES, and 5 FIAS. As shown in table I , among
the 20 patients , 10 (50%) had only GTCS events, 6 (30%)
had only PNES events, and 2 (10%) had only FIAS events.
Additionally, 1 patient each experienced both GTCS + PNES
and GTCS + FIAS events.

To provide context on the seizure types includes in the
dataset:

e GTCS is characterized by abnormal electrical activity
originating simultaneously in both the right and left cere-
bral hemispheres, often leading to impaired awareness or
complete loss of consciousness. It typically consists of
a tonic (stiffening) phase followed by a clonic (jerking)
phase.

o FIAS occurs when abnormal electrical activity starts in
one side of the cerebral hemisphere and is associated with
memory loss and jerking of a single limb.



TABLE II
SEIZURE DURATIONS DISTRIBUTION
seizure duration > 10s >20s >30s >40s > 50s > 60s
#patients 20/79 20/79 18/79 18/79 17779 14/79
#seizures 46/46 45/46 39/46 34/46 29/46 25/46

o PNES is characterized by events that do not result from
epileptiform discharges in the brain yet superficially re-
sembles epileptic seizures. These events typically involve
impairment of consciousness, flaccid or rigid collapse,
and/or tremulous limb movements [13].

Given that FIAS is the most common seizure type, GTCS
is the most prevalent among generalized seizures, and PNES
is the most common non-epileptic seizure type, the inclusion
of these three seizure types allows our dataset to represent a
substantial portion of the patient cohort experiencing seizures.

The distribution of the observed convulsive seizures, cat-
egorized by the minimum seizure duration, is presented in
Table ??. Notably, the number of observed seizures decreases
as the minimum seizure duration increases. To gain a more
comprehensive insight into the utility of our algorithm con-
cerning specific motor behaviors associated with different
seizure types, we organized our data into four distinct groups.
This categorization follows the same methodology outlined in
our baseline work [45]. The four groups are as follows: 1)
PGI1: Patients with only GTCS, 2) PG2: Patients with GTCS
and FIAS, 3) PG3: Patients with GTCS and PNES, and 4)
PG4: Patients with GTCS, PNES, and FIAS.

C. Pre-Processing

We adopted same pre-processing steps as described in the
baseline work [45] which ACM data is formed into so called
“events” (seizure events and non-seizure events). As the first
step the resultant signals of 3D ACM data was generated using
R =
a discrete time signal.

z[n] = x(nT) = {x1, 22,23, ...} ()

where n € Z and T is the sampling period. The ACM
signal was analyzed using 10s windows with 50% overlap.
The choice of window size of 10s is made based on the
minimum seizure duration (10s) considering in the study. The
first stage of pre-processing involves activity filtering, where
it selectively filters out segments with no activity or subtle
activity. The activity filtering starts with thresholding the signal
at 0.2 g and can be summarized in (2). The value of 0.2 g is
empirically chosen based on the lower bound of the collected
seizure data.

az + a2 + a2. Let (1) represent the resultant signal as

2lt] = z[t], if |z[t]] > 0.2¢ o
t 0, otherwise

where x;[t] denotes the thresholded signal. Followed by the
thresholding step, signal is filtered using a sixth-order But-
terworth bandpass filter with the intention of filtering out

spurious spikes. The cutoff frequencies were set to 2 and 25
Hz frequency range based on the observations of dominant
frequency of typical seizure events from the previous works
[6, 32]. The last step of activity filtering involves evaluating
activity measure per each window using:

1 b
S/ t=a

where, activity,, represent the activity of nth window, Fj is
the sampling rate, a = (n — 1) x Wen x F, + 1, b = (n +
1) x % X Fy, Wien, = 10 and sgn(x) is the signum function
defined by:
1, x>0
sgn(x) = {_17 =0 4)

. The windows with more than 50% activity is identified
as active windows with sustained activity and subsequently
merged into one if they are lies within < 20s gap. This
merged signals are termed here as ’events’. They include
both non-seizure events(ADL) and seizure events that vary
in duration. The next stage of the preprocessing is time-
filtering where it filters out all the events that having duration
< 10s (minimum seizure duration). As the last step we resize
the each event to have same number of samples(500) using
upsampling/downsampling in Fourier method. As a whole,
preprcessing steps segment the whole data of each patient into
several events that having duration > 10s and 500 time-steps.
The total number of events corresponding to 79 patinets were
8362 among which 46 seizure events and 8316 of non-seizure
events.

This way, pre-processing steps contributed to reduce the
volume of the data and mitigating the class imbalance problem
for some extent, and computational complexity as well.
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Fig. 1. Overview of the Proposed Method.

D. Time Series Residual Network

We constructed a deep neural network following the Resid-
ual Network architecture proposed in [78]. In plain networks,
when backpropagating over large number of weight layers
gradient can decrease exponentially quickly to zero termed as
vanishing gradients problem, which hamper convergence from
the beginning. Another issue is even though network begin to
converge, with the network depth increasing, it generate higher
training error that is irreducible even after large number of



iterations, termed as network degradation problem. Therefore
making a plain networks deeper may either end up with
hindering their convergence or degrading the performance.
ResNet alleviate theses two problems using shortcut connec-
tions and residual blocks allowing to construct very deep
neural networks to learn complex data. In backward propa-
gation shortcut connections enable the gradient flow directly
through the bottom layers alleviating the gradient vanishing
problem and in forward propagation, input signals can be
directly transmitted from any low level to high level reducing
the degradation problem [34, 68]. It was originally developed
for object detection and other vision-related tasks and achieved
milestone performance with a relative improvement of 28% for
some benchmark datasets [34]. Its application to time series
classification later being explored [78] and achieved state-
of-the-art performance when evaluated on UCR time-series
archive [18].
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Fig. 2. Time Series ResNet Architecture.

The implemented version of ResNet includes three residual
blocks as depicted in Figure 2. Each residual block is first
composed of three stacked convolutional blocks whose output
is added via a shortcut connection to the same residual block’s
input and then fed to the next residual block. The basic
convolutional block consists of a convolutional layer followed
by a batch normalization (BN) layer and a rectified linear unit
(ReLU) activation layer and can be represented in:

y=W®x+b
s = BN(y)
h = ReLU(s) (1

where ® is the convolution operator. The ReLLU activation
function, handles the non-linearity while prevent the gradients
from being saturated when the network becomes deep. Batch
normalization on the other hand contributes to speedy con-
vergence and improved generalization. To prevent overfitting
, pooling layers has omitted in the design. If C'B; denotes the
convolutional block, then the residual block can be formulated

as:
hy = CB;(x)
he = CBy(hy)
hs = C'Bsy(h2)
y=hs+ux
h = ReLU((y) ()

In each residual block the filter lengths are set to 7, 5 and
3 respectively for the first, second and third convolution. All
convolutions in the first residual block are performed with 64
filters and it is 128 for the rest of the residual blocks. Followed
by the residual blocks is a global average pooling (GAP) layer
and a final softmax layer whose number of neurons equals the
number of classes(’seizure’ or "non-seizure’). It is important to
note that feeding final feature maps in to a GAP layer instead
of a fully connected layer heavily reducing the number of
weights.

E. Training DNN

Under class imbalance, a model is exposed to a significantly
larger number of negative samples than positive samples
during training. This makes the model learn to predict more
negatives than positives since minimizing the training loss
is favored by doing so. To address this issue, class weights
can be introduced to modify the loss function, preventing the
model from taking the “easy solution” of predicting negatives.
In our study, we employed weighted binary cross-entropy
loss function, denoted in (3), with prediction p, label p,
and hyperparameter 3 defining the positive class weight. By
finetuning this hyperparameter, we can adjust the balance
between the reward for true positives and true negatives.

WBCE (p,p) = — (Bplog(p) + (1 —p)log(1 —p)) (3)

When g > 1, a higher value gets multiplied with the negative
log-likelihood of the true class, effectively up-weighting the
loss for the underrepresented class and imposing a higher
penalty. In our training process, we experimented with various
values of 3 (all > 1), ultimately determining that a value of
3 yielded the optimum setting.

For training the ResNet, we employed the lcycle policy
proposed in [67]. Training a Deep Neural Network (DNN)
poses a challenging global optimization problem, with the
learning rate (LR) being a critical hyperparameter to fine-
tune during training. Ideally, one should start with an optimal
LR and gradually decrease it towards the end. Traditional LR
schedulers, such as Time-Based Decay, Step Decay, Expo-
nential Decay, and others, are set before training and remain
constant throughout. In contrast, adaptive LR methods like
AdaGrad [22], Adam [43], AdaDelta [82], and others offer
locally adaptive LRs but come at a higher computational cost.
Cyclical Learning Rates (CLR), introduced in [66], provide a
computationally efficient alternative to adaptive LR methods.
CLR allows the LR to cyclically change between minimum
and maximum boundaries instead of following a fixed or
exponentially decreasing schedule. Each CLR cycle consists



of two phases: one in which the LR increases and another
in which it decreases. The optimal LR is expected to fall
between the minimum and maximum bounds. Building upon
the CLR method, [67] introduced the Icycle policy, which
enables DNN training with an order of magnitude greater
speed than standard methods. The lcycle policy employs the
CLR method but with just one cycle and a notably large
maximum LR bound. It starts with a low LR, increases it
to a significantly high value, and then decreases it to a
value much lower than the initial LR. In this approach large
LR serves as a regularization technique, keep network from
overfitting, greatly enhancing training efficiency and achieving
higher test accuracy compared to standard training protocols.
In particular, it has been demonstrated with shallow ResNet
architectures that the lcycle policy leads to a notable increase
in accuracy. Importantly, the benefits of this method become
even more pronounced when dealing with a limited number
of labeled training samples [67]. These observations, which
align with our specific use case of employing a shallow ResNet
architecture with a limited available training examples, provide
strong motivation for the adoption of the Icycle policy.

We determined the maximum LR for the Icycle policy
through an LR range test [66]. This test involves a pre-training
run in which training begins with a small LR and is gradually
increased linearly after each mini-batch until the loss value
starts to explode. The LR value at this extremum point, where
the loss is at its minimum before starting to explode, is the
largest value for the maximum bound for LR. We selected
a value between this point and the point with the steepest
slope. Additionally, to prevent overfitting, we employed early
stopping based on the validation loss with a patience of 3
epochs. All the analyses were performed with a written code
using Python and tsai (timeseriesAl) library.

F. Datasets Formation and Experimental Setup

To leverage the available limited data optimally for test
result generation and to present these results in a generic, non-
patient-specific manner, we adopted the leave-one-patient-out
(LOPO) cross-validation approach. The data from all patients
who experienced at least one seizure during the monitoring
period were included in the training process of the LOPO mod-
els. There were 12 such patients for patient group PG1, while
there were 14, 18, and 20 such patients for groups PG2, PG3,
and PG4, respectively. Conversely, data from patients who did
not experience any seizures were employed as an independent
population to assess the generalization of the developed mod-
els, in terms of false alarm rate (FAR). Let Ps ,;; denote the
set of patients who had seizures and let P, ,;; represent the
patients without any seizures. Furthermore, let P; designate
the patient whose data were excluded from the training phase
of the specific LOPO model, denoted as LOPQO;. Then the
training set and test set for the LOPO; model consist of data
from distinct patient sets: {Ps_o;; — P;} and {P;} respectively.
Additionally, the training set is further subdivided such that
two-thirds of it comprises the learning set, while one-third
is allocated to the validation set. Importantly, no shuffling of

data across patients is performed during this splitting. Each
LOPO; model undergoes ten separate training iterations with
different randomizations to select the best-performing model.
The criteria, determining the best-performing model will be
described later.

To assess the generalization of the proposed method by
evaluating the FAR on non-seizure patients, another four sep-
arate models were trained (one per each group PG1-PG4). In
each of these models, the training set comprised corresponding
{P;s_a11}, while the test set comprised corresponding { Pp,s_q1: }-
The training set was further subdivided into a learning set
and a validation set using the same setup as described earlier.
Furthermore, each of these models underwent training in ten
different randomizations, and the best model weights were
stored.

G. Performance Metrics and Evaluation

Out of the ten training randomizations for each model,
the best weights were selected based on the criterion of
achieving the maximum validation AUC-PRC. Both AUC-
PRC and AUC-ROC are valuable metrics for assessing the
prediction scores of a classifier. However, it was observed
that our models consistently optimized AUC-ROC at higher
values, rendering it an insufficiently discriminative metric for
performance monitoring. What sets them apart is that AUC-
PRC calculates the area under the Precision-Recall curve, in-
corporating precision and recall, whereas AUC-ROC employs
the False Positive Rate (FPR) in place of precision. Unlike
FPR both the precision and the recall are focused on the
positive class (typically minority class in a imbalanced dataset)
and are unconcerned with the true negatives (majority class in
a imbalanced dataset). Therefore AUC-PRC is recommended
for highly imbalanced datasets where AUC-ROC may provide
an excessively optimistic view of the performance [11].

After retaining the weights corresponding to the maximum
validation AUC-PRC, each LOPQO,; model is subsequently
employed to assess the performance on the test patient F;. The
performance was evaluated in terms of sensitivity, specificity,
Fiscore, positive predictive value(PPV) and the FAR/24h
(false alarm rate per 24 hours). The AUC-ROC and AUC-PRC
values of each LOPO model were also recorded. In addition to
those patient-specific results, the overall results per each group
were also evaluated. The best models trained using entire
seizure-patient data from each group were used to evaluate
FAR on the non-seizure patient data cohort. Furthermore, the
overall FARs for each patient group were also recorded by
aggregating the false alarm counts for {Ps 4} and {Pos_air}
and subsequently averaging them over the total recording
duration of 5576 hours.

III. RESULTS

All patient-specific and overall results are presented in
Tables III to VI. The results for patient group PGl (Table
IIT) show that our DNN correctly classified all GTCS events
(100%) and 1521 (99.25%) out of 1534 non-seizure events,
with a mean FAR of 0.34/24h (13 false alarms from 12



THE LEAVE-ONE-PATIENT-OUT(LOPO) VALIDATION RESULTS

TABLE III

FOR PATIENT GROUP PG1

TABLE VI
THE LEAVE-ONE-PATIENT-OUT(LOPO) VALIDATION RESULTS
FOR PATIENT GROUP PG4

Patient AUC  AUC  Sensitivity Specificity ~ Flscore PPV

ID  -ROC -PRC (%) (%) @) (@) AR
Patientt AUC  AUC  Sensitivity  Specificity = Flscore PPV Py 1 1 100 100 100 100 0
ID  -ROC -PRC (%) (%) (%) (%) TAR/24h Py 099 076 100 98.81 85.71 75 0.29
I2) 1 1 100 100 100 100 0 P 1 1 100 100 100 100 0
Py 1 1 100 100 100 100 0 Py 0.88 0.02 0 100 0 0 0
P 1 1 100 100 100 100 0 Ps 1 1 100 100 100 100 0
Py 097  0.07 100 96.92 25 14.29 223 P 1 1 100 100 100 100 0
Ps 1 1 100 100 100 100 0 Pr 095 017 100 94.74 50 3333 0.56
Ps 099 013 100 992 40 25 0.82 Py 1 1 100 100 100 100 0
Pr 097 025 100 97.37 66.67 50 0.28 Py 099 017 100 99.22 50 3333 051
Py 1 1 100 100 100 100 0 Pio 1 1 100 100 100 100 0
Py 099 013 100 98.83 40 25 0.77 P 1 1 100 100 100 100 0
Pig 1 1 100 100 100 100 0 Pi1o 1 0.77 66.67 100 80 100 0
Py 1 1 100 100 100 100 0 Pi3 1 1 100 100 100 100 0
Pla 1 1 100 100 100 100 0 Py 096 037 100 92.08 5556 3846  3.17
100 9915 Pis 098 0.1 100 98.33 3333 20 1.89
Overall 099 071 515y (5171534 /036 6176 034 P 093 006 100 92.93 02 125 2.39
Pi; 099 09 100 94 75 60 3.17
Pis 099 008 100 98.85 2857 1667 1.92
Plo 1 1 100 100 100 100 0
Pao 1 1 100 100 100 100 0
Overall 098  0.67 (Zi}%) (30%‘}23 i 104 557 0.69
TABLE IV

THE LEAVE-ONE-PATIENT-OUT(LOPO) VALIDATION RESULTS
FOR PATIENT GROUP PG2

Patient AUC  AUC  Sensitivity Specificity Flscore PPV
ID  -ROC -PRC (%) (%) ) (%) FARZH
Py 1 1 100 100 100 100 0
P 0.99 0.71 100 97.65 66.67 50 0.59
P3 1 1 100 100 100 100 0
Py 0.98 0.1 100 97.95 33.33 20 1.49
Ps 1 1 100 100 100 100 0
Ps 1 1 100 100 100 100 0
Py 0.97 0.25 100 97.37 66.67 50 0.28
Py 1 1 100 100 100 100 0
Py 0.99 0.17 100 99.22 50 33.33 0.51
Pio 1 1 100 100 100 100 0
Py 1 1 100 100 100 100 0
Pya 0.68 0.68 66.67 100 80 100 0
Pyg 1 1 100 100 100 100 0
Pyo 1 1 100 100 100 100 0

Overall 097 0.78 (Zg)/;)) (1532}T202) 83.33 73.53 0.2

TABLE V

THE LEAVE-ONE-PATIENT-OUT(LOPO) VALIDATION RESULTS
FOR PATIENT GROUP PG3

Patient ~AUC  AUC  Sensitivity Specificity ~ Flscore =~ PPV
ID  -ROC -PRC (%) (%) @ (@) AR
2 T T 100 100 100 100 0
Py 1 i 100 100 100 100 0
Py 1 1 100 100 100 100 0
P 087 002 0 100 0 0 0
Ps I 1 100 100 100 100 0
Ps I 1 100 100 100 100 0
P 092 013 100 92.11 40 25 0.83
Ps 1 1 100 100 100 100 0
Py 099 013 100 98.83 40 25 0.77
Pro 1 1 100 100 100 100 0
Pi 1 1 100 100 100 100 0
Pro 1 1 100 100 100 100 0
Pis 1 1 100 100 100 100 0
P 095 034 100 86.14 4167 2632 554
Pis 077 00l 0 100 0 0 0
Pis 068 002 0 100 0 0 0
Pir 098 078 100 95 7826 6429  2.64
Pis 098 005 0 100 0 0 0

Overall 095  0.64 g%‘l‘) (2922};378) 7184 5968 0.54

patients). The overall Fjscore and PPV were 76.36% and
61.76%, respectively. Notably, the FAR for the 67 patients
without any GTCS was O, resulting in an overall FAR of
0.06/24h for 79 patients over the total recording period of
5576 hours.

As shown in Table IV, the DNN detected 25 (96.15%) out of
26 seizure events and 1593 (99.44%) out of 1602 non-seizure
events, achieving an Fscore of 83.33% and a PPV of 73.53%.
One FIAS event went undetected in the case of patient Ppo.
The mean FAR, evaluated on 14 patients, was 0.2/24h (9 false
alarms), while it was 0.01/24h for the remaining 65 patients
without any GTCS or FIAS (2 false alarms). This resulted in
an overall FAR of 0.05/24h (11 false alarms for 79 patients).

Table V presents the results for patient group PG3. The
DNN correctly detected 37 (90.24%) out of 41 seizure events,
with the four missed seizures (1 GTCS and 3 PNES) corre-
sponding to patients Py, Pi5, Pig, and Pjs. Additionally, it
accurately classified 2953 (99.16%) out of 2978 non-seizure
events. The overall F} score and PPV were 71.84% and
59.68%, respectively. The mean FAR for the 18 patients
was 0.54/24h, with 25 false alarms. During validation on 61
patients without GTCS or PNES, there were 7 false alarms,
resulting in a FAR of 0.04/24h. The overall FAR for all 79
patients was 0.14/24h, with 32 false alarms.

The results for patient group PG4 (Table VI) indicate that
the DNN could detect 44 (95.65%) out of 46 total seizure
events, encompassing all three seizure types: GTCS, FIAS,
and PNES. Additionally, it correctly identified 3011 (98.85%)
out of 3046 non-seizure events, with a mean FAR of 0.69/24h
across 20 patients (35 false alarms). The resulting Fscore
and PPV were 70.4% and 55.7%, respectively. Notably, two
events (one GTCS and one FIAS) went undetected in patients
P, and P;5. When evaluated on 59 patients without any type of
seizure, there was one false alarm, resulting in an overall FAR
of 0.15/24h over the 5576h recording period for 79 patients



(36 false alarms).

IV. DISCUSSION

In this research paper, our primary objective is to em-
ploy wearable accelerometry for detecting convulsive epileptic
seizures. Distinguishing our approach from the majority of
existing studies within the literature, which often involve
the use of multiple modalities or sensors[], our methodol-
ogy exclusively relies on a solitary accelerometer sensor for
data acquisition. Notably, this system can effectively identify
various seizure types, namely, 1) Generalized tonic-clonic
seizure, 2) psychogenic non-epileptic seizures, and 3) focal
impaired awareness(previously complex partial) seizures in
contrast to prevalent research which predominantly focuses on
Generalized Tonic-Clonic Seizures (GTCS) or other isolated
seizure types[]. Based on our dataset, it is evident that the co-
occurrence of multiple seizure types within a single patient
is possible (1 patient with GTCS + FIAS, and 1 patient
with GTCS + PNES). Furthermore, the occurrence of CPS
and PNES alone is also noteworthy, aside from GTCS (60%
of 20 patients had GTCS, 30% had PNES and 10% had
FIAS(Table I)). Therefore, it is important for seizure detection
systems to be capable of detecting multiple seizure types, as
this better reflects their results within the general epileptic
population. Our model, when applied to the patient group PG4
(comprising all seizure types), achieved an AUC of 0.98 and
an AUC-PRC of 0.67, demonstrating the feasibility of such a
system employing wearable ACM. Additionally, our method
is capable of detecting seizures with short durations (> 10
seconds). In combination with its ability to detect multiple
seizure types, this contributes to the accurate recording of
seizure frequencies in seizure diaries. This, in turn, assists
clinicians in better managing treatments. This section presents
a comprehensive performance evaluation and a comparison of
results with the current literature.

A. Performance of the Proposed Method

For the patient group PG1 (consisting only of GTCS), all
GTCS events were successfully detected. Eight out of the 12
patients achieved an AUC of 1.0 and an AUC-PRC of 1.0
with no false alarms. Surprisingly, among these eight patients,
two had multiple seizure types (P, with 2 GTCS and 1 PNES
and P;5 with 2 GTCS and 1 FIAS, as shown in Table I).
This indicates that the sensitivity and FAR of our seizure
detection model for GTCS remain intact even in the presence
of multiple types of seizures. Notably, P, had the minimum
AUC-PRC (Table III) and the highest FAR which accounts
for nearly half of the false alarms among 20 patients. Based
on visual inspections, it was observed that the GTCS event in
patient P, exhibited less pronounced characteristics of having
sharp, transient, and concentrated spikes, which are typically
observed in other GTCS signals. Instead, it consisted with
more dispersed spikes. This observation may be attributed
to the presence of the clonic phase, which was not clearly
discernible in the seizure manifestation. Therefore, the missing
seizure can be identified as a comparatively less violent

seizure, lacking the pronounced high-frequency twitches or
clonic rhythmical jerks, typically associated with GTCS[62].

The patient group PG2, (considering both GTCS and FIAS),
missed only one FIAS seizure in the case of patient Pjs.
Patient P, exhibited multiple seizure types, and while all
instances of GTCS were detected, this particular FIAS seizure
went undetected. It is worth noting that FIAS seizures are
frequently underreported due to their variable presentation;
the presence of rhythmic jerking in a single limb is optional,
and some patients may exhibit no discernible symptoms at
all[24, 62]. This fact is further substantiated by the visual
inspection of ACM signals, where GTCS events are typically
characterized by concentrated sudden bursts of activity, while
FIAS signals lack this nature and exhibit similarities to non-
seizure events.

However, the seizure events of patients P9 and Py, who
exclusively experienced FIAS (1 for patient P9 and 3 for
patient Ps»g), were impeccably classified, resulting in zero
false alarms. This outcome is particularly surprising given the
limited exposure to FIAS events during the model’s training
phase, which was further exacerbated in the Leave-One-
Patient-Out (LOPO) setting. For instance, in the LOPO model
for patient Py, only 2 FIAS training samples were available
out of the total 5 FIAS in the training dataset. This suggests
that the model’s ability to detect FIAS benefited from the
inherent structural knowledge it gained from learning GTCS
patterns.

From the patient group PG3, which includes both GTCS
and PNES, a total of 4 seizures went undetected, with 3 of
them being PNES. Test results for ten patients among the
fourteen, achieved an AUCPRC of 1.0 and an AUCROC of
1.0, with no false alarms recorded. Notably, this excellent
performance extends to the test results for the patient P>, who
experienced both GTCS and PNES (refer to Table V). In the
case of the test results for the 6 patients who exclusively had
PNES events, the majority exhibited relatively lower AUCPRC
values, contributing to 75% of the total false alarms. The
overall PNES detection rate reached 85%, while the GTCS
detection rate was notably higher at 95%.

However, the models for patients P;4 and P;7, who ex-
perienced 5 PNES and 9 PNES respectively, were able to
detect all PNES events, even though during LOPO validation,
nearly half of the PNES events were available for training. This
demonstrates that models trained on ACM sensor data, which
captures behavioural changes, can leverage the knowledge
gained from GTCS to detect PNES as well. However, if we
were to use EEG sensor modality instead, which captures
electrical brain activity, the applicability of knowledge from
GTCS for identifying PNES diminishes. This is due to the
fact that, unlike in epileptic seizures, PNES are not associated
with abnormal electrical activity in the brain, resulting in EEG
recordings during seizures remaining normal without display-
ing ictal electrical changes[2, 13, 28, 46]. This fundamental
distinction sets PNES apart from GTCS in terms of EEG
characteristics.

A total of 2 seizures, comprising 1 GTCS and 1 FIAS,



TABLE VII
RESULT COMPARISON OF THE PROPOSED METHOD WITH THE BASELINE
METHOD
patient group  method sensitivity  specificity Flscore PPV FAR/24h
GTCS baseline 95.23 98.04 56.33 40 0.72
proposed 100 99.15 76.36 61.76  0.34
GTCS+CPS baseline 88.26 96.75 45.54 30.66 1.24
proposed  96.15 99.44 83.33 7353 0.2
GTCS+PNES baseline 87.8 97.12 44.44 29.75 1.56
proposed  90.24 99.16 71.84 59.68 0.54
ALL baseline 86.95 96.16 39.6 25.64 225
proposed  95.65 98.85 70.4 55.7 0.69

went undetected in patient group PG4, which encompasses
all seizure types (see Table VI). It’s worth noting that the
FIAS event that went undetected was the same event from
patient P;5 that was not detected in PG2 as well. However, this
time, the test results for patient ;o showed an improvement
in both the AUCPRC and AUCROC compared to PG3. This
observation demonstrates that the inclusion of PNES for
training contributed to enhancing the model’s performance in
distinguishing FIAS from normal events.

Similar to PG3, the test results for patients who exclusively
had PNES in PG4 achieved relatively lower test AUCPRC
and AUCROC values, contributing to 85% of the total false
alarms. However, this time, the AUCROCs showed a slight
improvement compared to PG3. This suggests that including
both FIAS and PNES in the training data can mutually benefit
each other in producing optimal models to detect these seizure
types from non-seizure events. Furthermore, the GTCS event
that went undetected in PG4 was from the same patient
P4, who previously contributed to missing GTCS events or
generating the highest FAR in previous groups.

While these results are impressive, it’s essential to acknowl-
edge that firm inferences regarding FIAS cannot be drawn due
to the limited representation of FIAS in this dataset (only 5
FIAS events). However, the inclusion of FIAS data was crucial
because it represented an important patient group necessary to
model a more generalized epileptic cohort. This is of particular
significance because FIASs are the most common type of
known seizure in adults with epilepsy.[42, 61, 63].

B. Comparison with Existing Litterateur

First, the results are compared with the previous work [45],
which uses the exact same dataset as ours and is considered
the baseline for our study. Table VII summarizes the results
for the proposed method and the baseline method [45] for
all patient groups. All sensitivities, PPV, F1Score and FAR
values demonstrate outstanding improvements across all cat-
egories when compared to the baseline. Notably, sensitivity
improvements are most pronounced in PG2 and PG4, where
they improve by nearly 9%. On the other hand, the remark-
able reduction in FAR stands as a significant achievement
across patient groups: in PGI, it was halved (reduced by
50%), in PG2, it was notably reduced to one-sixth (16%),
and in PG3 and PG4, it was reduced to approximately one-
third (34% and 30% respectively) of their baseline values.
This demonstrates the superior potential of the ResNet deep

learning classifier[33, 77] in seizure detection compared to the
SVDD method, which relies solely on hand-crafted features.

Comparison of the proposed model with existing studies
are presented below, following the same style proposed by the
baseline paper. The main contributing factors that affect the
performance of seizure detection systems, namely, 1) seizure
type, 2) the minimum seizure duration, 3) the number of
sensors, and 4) multi/single modality, were taken one by
one and kept fixed across the studies to enable a justifiable
comparison.

Table VIII compares the implemented deep learning models
in this study with other seizure detection systems when number
of sensors fixed to a single sensor. The implemented ResNet
model for GTCS seizures only (PG1), achieved the better per-
formance in-terms of both the sensitivity and FAR compared
to Kusmakar et al. [45], Beniczky et al. [9], Lockman et al.
[50], Kramer et al. [44], Beniczky et al. 2018 [7] and Jeppesen
et al. [40]. Interestingly, our system could detect seizures
of shorter duration than the system proposed by Kramer
et al. [44], but our FAR is significantly better than theirs,
even though it was expected to increase when reducing the
minimum seizure duration[45]. In another study that employed
one SEMG sensor, Conradsen et al. [19] achieved the same
seizure detection sensitivity as ours, which is 100%, but with
a considerably higher FAR of 0.96/24h. Furthermore, their
minimum seizure duration is longer (50s), and the assurance of
achieving a similar high sensitivity in shorter-duration seizures
is somewhat uncertain. In a distinct study conducted by Szabd
et al. [69], they achieved a lower FAR compared to our system.
Nevertheless, their methodology also yielded a lower sensi-
tivity value when compared with our system’s performance.
Furthermore, it is noteworthy that the total recording duration
in their study accounted for approximately one-fourth of the
total recording duration employed in our research, a factor that
may have contributed to the observed lower FAR. Motahar et
al. [53] achieved 98.40% of seizure detection sensitivity which
is slightly less compared to ours, and with zero false alarms.
However, there are concerns regarding the generalizability
of their findings to real patient data, as their model was
developed and evaluated using synthetic seizure data gathered
via simulated seizure-like movements. Meanwhile Agrahri et
al. [1] reported the performance of their seizure detection
systems with a sensitivity of 95.65% and a FAR of 14.80%. In
terms of sensitivity, our system performs better compared to
them. However, a direct comparison of FAR values between
the two studies is not feasible due to the absence of total record
duration information in [1]. Nevertheless, their reported count
of 451 false alarms stands significantly higher in contrast to
the 13 false alarms generated by our model.

V. CONCLUSION

The application of automated seizure detection using non-
invasive wearable devices holds the potential to significantly
reduce the morbidity and mortality associated with seizures,
providing objective seizure documentation and improving the
quality of life for individuals with epilepsy, particularly if



TABLE VIII
COMPARISON OF THE PROPOSED STUDY WITH SEIZURE DETECTION SYSTEMS BASED ON A SINGLE SENSOR.

Study baseline[45] Beniczky [9] Lockman [50] Kramer[44] Conradsen[19] Szab6[69] Agrahri[l] Motahar[53] Beniczky[7] Jeppesen[40] CNN LSTMFCN RESI\{H CNN Re.sNet
tsai tsai Keras (all) tsai (all)
Fixed parameters
Sensor 1 ACM 1 ACM 1 ACM 1 ACM 1 SEMG 1sEMG 1 ACM 1 ACM 1sEMG 1ECG (HRV) 1ACM 1 ACM 1 ACM 1 ACM 1 ACM
Variable parameters
Seizure duration > 10 - - > 20 > 50 - - s - >20 > 10 > 10 >10 >10 > 10
Total patients 79 73 40 31 60 33 79 1 71 19 79 79 79 79 79
Seizure patients 12 20 6 15 11 11 35 1 20 11 12 12 12 20 20
Total seizures 21 39 8 22 22 21 46 125 32 23 21 21 21 46 46
Seizure type GTCS GTCS GTCS C. GTCS GTCS GTCS - Synthetic GTCS TcS, crcs  ores  gres  OTCS PNES, GTCS, PNES,
seizures Focal CPS CPS
Record duration 5576 h 4878 h - 1692 h 776 h 1399 h - 184 min 37355 h 1434 h 5556.5h  5556.5h  5556.5h 5556.5 h 5556.5 h
Sensitivit 95.23% 90% 88% 91% 100% 95% 95.65% 98.4% 93.8% 7% 100% 95.23% 100% 97.83 95.65%
sivity (2021) (35/39) (7/8) (20122) (22/22) (20121)  (44/46) (123/125) (30/32) v (121)  (2021)  (21/21) (45/46) (44/46)
FAR 0.64/24 h 0.2/24 h - 0.11/24 h 0.96/24 h 0.02/24 h 14.80% 0% 0.67/24 h 0.9/24 h 0.29/24h  0.02/24h  0.06/24h  0.58/24 h 0.15/24 h
Note: “=” indicates that the corresponding value was not reported. ACM: accelerometry; SEMG: surface electromyography; ECG: electrocardiography; HRV: heart-rate variability;

FAR: false alarm rate.

these systems maintain high seizure detection sensitivities and
low FARs. Our study proposed a remote seizure detection
system employing a single wrist-worn accelerometer sensor,
capable of detecting three major seizure types with durations
> 10 s. When validated on accelerometer data from patients
undergoing VEM, our system successfully detected 44 out of
46 convulsive seizures, achieving a sensitivity of 95.65% with
an overall FAR of 0.15/24 h. Importantly, this proposed system
is a generalized model, making it applicable to any patient
without the need for personalized data collection. Utilizing
deep neural networks of sufficient depth empowers us to grasp
the complexity within the data, thus enabling us to achieve a
very lower FAR while retaining a high level of sensitivity. The
pre-processing steps and weighted loss function effectively
address the class imbalance problem, facilitating the modeling
of the problem as a supervised learning method. Furthermore,
the comparative analysis with existing literature demonstrates
the feasibility and potential of our proposed system for non-
invasive automated seizure detection. By utilizing the time-
series ResNet, our system autonomously extracts optimal
features for multiple seizure types without the need for manual
feature engineering. This adaptability positions our system
to easily accommodate the detection of other seizure types
as relevant training data becomes available in the future.
Overall, our study contributes to the ongoing efforts to enhance
the quality of care and management for individuals living
with epilepsy through effective non-invasive seizure detection
method.
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