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Abstract—Today, epilepsy is one of the most common chronic
diseases affecting more than 65 million people worldwide and
is ranked number four after migraine, Alzheimer’s disease,
and stroke. Despite the recent advances in anti-epileptic drugs,
one-third of the epileptic patients continue to have seizures.
More importantly, epilepsy-related causes of death account for
40% of mortality in high-risk patients. However, no reliable
wearable device currently exists for real-time epileptic seizure
detection. In this paper, we propose e-Glass, a wearable system
based on four electroencephalogram (EEG) electrodes for the
detection of epileptic seizures. Based on an early warning from
e-Glass, it is possible to notify caregivers for rescue to avoid
epilepsy-related death due to the underlying neurological disor-
ders, sudden unexpected death in epilepsy, or accidents during
seizures. We demonstrate the performance of our system using
the Physionet.org CHB-MIT Scalp EEG database for epileptic
children. Our experimental evaluation demonstrates that our
system reaches a sensitivity of 93.80% and a specificity of 93.37%,
allowing for 2.71 days of operation on a single battery charge.

I. INTRODUCTION AND RELATED WORK

Epilepsy represents one of the major neurological health
issues affecting more than 65 million people worldwide [1].
It is the fourth most common chronic disorder after mi-
graine, stroke, and Alzheimer’s disease [2]. Despite substantial
progress in the efficacy and tolerance of anti-epileptic drugs,
one-third of the epileptic patients continue to have seizures
[3].

Epilepsy is characterized by intermittent seizures caused by
disturbances in the electrical activity of the brain [1]. These
seizures can last from seconds to minutes and can range from
an impaired consciousness, automatic movement, up to severe
convulsions of the entire body. Impaired consciousness may
lead to driving accidents, drowning, as well as other serious in-
juries [4]. This contributes to a severe reduction in the quality
of life and psychosocial functioning. The unpredictable nature
of seizures can be life-threatening with a 2–3 times higher
mortality rate in these patients than in the general population
[5]. Furthermore, the most severe seizures, especially when
occurring at night, can result in sudden unexpected death
in epilepsy (SUDEP) [6]. Epilepsy-related causes of death
account for 40% of mortality in high-risk groups of people
with epilepsy [7]. In order to reduce morbidity and mortality
due to epilepsy, real-time patient monitoring is essential for
alerting family members and caregivers to administer prompt
emergency medication and assist a person at the time of a
seizure.

In the medical community, the standard procedures com-
monly used for epileptic patient monitoring are performed
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based on the video-EEG (v-EEG) [8]. v-EEG takes place in
hospitals over several days and it involves the acquisition of
the audio signal using a microphone, the video recording of
the patient using a camera, the brain electrical activity using
electroencephalography (EEG), as well as the electrical activ-
ity of the heart using electrocardiography (ECG). Considering
the unpredictability of seizures, it is not possible to monitor
patients on a long-term basis, due to the highly intrusive nature
of these procedures.

With the currently flourishing era of embedded computing,
wearable technologies are opening up new opportunities for
real-time epileptic seizures monitoring. These new ultra-low
energy portable devices overcome the limitation of medical
equipment for real-time and long-term patient monitoring. In
particular, the portability of these devices allows real-time re-
mote patient monitoring on a daily basis. Ambulatory real-time
patient monitoring allows hospital physicians to access patient
information remotely and, hence, prevent further patient state
deterioration by early detection of epileptic seizures.

The most popular wearable system for the detection of
epileptic seizures consists of EEG head caps with embedded
electrodes for measuring the electrical activity of the brain
[9]. The placement of electrodes is based on the international
10-20 system [10], [11]. In [12], a new scheme for epileptic
seizure detection based on approximate entropy and discrete
wavelet transform analysis of 100 EEG channels has been
proposed. Furthermore, different approaches that use artificial
neural networks for epileptic seizure detection based on EEG
signals are reported in the literature [13]. Nevertheless, all
these methods use EEG head caps that are cumbersome and
uncomfortable as they require from 23 to 256 wired electrodes
to be placed on the patient’s scalp. The majority of epileptic
patients refuse to wear these caps due to negative effect of
social stigma they are facing in their daily lives [14].

In order to alleviate the negative impact of social stigma
on patient’s daily life, several studies have been conducted
to reduce the number of EEG electrodes needed for epileptic
seizure detection. For instance, in [15], the authors use two
different montages with reduced number of electrodes for
automatic multimodal detection of epileptic seizures: eight
electrodes in forehead montage, and seven electrodes in poste-
rior montage. However, the proposed solution is still intrusive
and, hence, the problem of social stigma persists.

In this paper, we propose e-Glass, a wearable ultra-low
energy system that uses four EEG electrodes embedded and
hidden in the temples of glasses for real-time epileptic seizure
detection. Concretely, the main contributions of this paper are:

1) A wearable system for reliable detection of epileptic
seizures in real time that reaches a sensitivity of 93.80%
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Fig. 3. Geometric mean (gmean) for personalized versus generic approach
using four electrodes

2) Personalized Versus Generic: In this section, we inves-
tigate the difference in terms of classification performance
between the personalized and generic approach. Namely, the
generic approach uses leave-one-out cross-validation scheme.
Out of ten subjects, a single subject is retained for testing
the model, and the remaining nine are used as training data.
The personalized approach performs the classification based
on the features extracted from different trials of one subject.
Hence, this classification is done per subject. While splitting
the data into training and test sets each trial is included into
either the training set or the test set. First, we find the number
of seizures for each patient. As we want to make sure that
the test set contains at least one seizure, 30% of seizure data
is put in the test set, whereas 70% goes to the training set.
For instance, let us assume that patient A has had 6 seizures.
Then, feature windows that correspond to two seizures are put
in the testing set, whereas the remaining four seizure windows
are put in the training test. We use all possible combinations
of six seizures to select two at a time for test set. For each
of these combinations, we split the rest of seizure-free data
into training and test sets for all possible 70–30% splits. We
report the value of gmean (Eq. (3)) for each subject in our
personalized approach.

Fig. 3 shows the gmean across all subjects (vertical axis)
for four electrodes used: F7T3, and F8T4 in Fig. 1. The
geometric mean across all subject for the generic approach is
80.48% (sensitivity = 80.82%, specificity = 80.15%), whereas
this value reaches 93.59% for the case of our personalized
approach (sensitivity = 93.80%, specificity = 93.37%). In the
best case, for patient 6 our approach improves the detection
rate for 26.26%, as shown in Fig. 3. As we can infer from
this figure, the personalized classification approach can adapt
to significant inter-patient variations in EEG patterns. Thus, it
achieves a higher classification performance.

3) EEG Caps Versus e-Glass: In this section, we compare
the classification accuracy in case of the personalized approach
for a different number of used electrodes. Fig. 4 shows the
value of gmean for personalized approach using EEG caps
(all available electrodes) versus the value of gmean obtained
from e-Glass (four selected electrodes: F7T3, and F8T4). The
geometrical mean across all subjects is 96.36% (sensitivity

6 4 8 3 7 9 2 1 5 10
Subject Number

0.5

0.6

0.7

0.8

0.9

1

g
m

e
a

n

EEG caps (all electrodes) e-Glass (4 electrodes)

Fig. 4. Geometric mean (gmean) for personalized approach using EEG caps
(all electrodes) versus e-Glass (four selected electrodes)

= 96.95%, specificity = 95.77%). and 93.59% (sensitivity
= 93.80%, specificity = 93.37%) for all electrodes and for
the subset of electrodes, respectively. As it can be observed
from Fig. 4, using only a few electrodes it is possible to
ensure a high degree of wearability without any major loss
in classification performance. Even though there is a slight
difference for subject number 7 in Fig. 4, this difference is
within the expected statistic range since the number of trials
for this subject is limited.

D. Energy Consumption and System Lifetime Analysis

Our proposed e-Glass system includes a 570 mAh battery,
as previously discussed. Assuming that the EEG acquisition
circuit is active all the time, we run our proposed algorithm for
epileptic seizure detection every four seconds. The processing
of a four-second window takes 3.08 seconds, which represents
the latency of our system. Therefore, the CPU duty cycle of
our system is 77%. This results in 65.15 hours of operation
on a single battery charge. Thus, it allows for 2.71 days of
continuous operation. Furthermore, e-Glass is designed to be
an inconspicuous system that could enable patients to avoid
the aforementioned social stigma of wearing EEG head caps.

IV. CONCLUSIONS

In this paper, we have presented e-Glass, a new wearable
system for real-time epileptic seizure detection. Our experi-
mental evaluation demonstrates that our personalized approach
outperforms the generic approach in terms of classification
performance reaching a sensitivity of 93.80% and a specificity
of 93.37%, while allowing for 2.71 days of operation on a
single battery charge. Furthermore, it also ensures the high
degree of wearability without any major loss in terms of
classification performance. This reduced set of electrodes
overcomes the lack of portability of hospital equipment, as
well as reducing the computational complexity, which further
leads to a reduction in energy consumption. Thus, e-Glass can
provide an early warning of epileptic seizures and promptly in-
form patient family members of preventive measures to avoid
possible accidents during seizures and epilepsy-related death.
Overall, e-Glass can significantly contribute to improvements
in the patient’s quality of life by reducing the socioeconomic
burden of epilepsy.
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