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Abstract—Epilepsy is one of the most prevalent paroxystic
neurological disorders that can dramatically degrade the quality
of life and may even lead to death. Therefore, real-time epilepsy
monitoring and seizure detection has become important over
the past decades. In this context, wearable technologies offer a
promising solution to pervasive epilepsy monitoring by removing
the constraints with respect to time and location. In this paper,
we propose a self-aware wearable system for real-time detection
of epileptic seizures on a long-term basis. First, we propose a
multi-parametric machine learning technique to detect seizures
by analyzing both cardiac and respiratory responses to seizures,
which are obtained using only the ECG signal. Second, in order
to enable long-time epilepsy detection, we introduce the notion
of self-awareness in our real-time wearable system. We evaluate
the performance of our proposed solution based on an epilepsy
database of more than 211 hours of recording, provided by the
Lausanne University Hospital (CHUV), on the INYU wearable
sensor. Our proposed system achieves a sensitivity of 88.66% and
a specificity of 85.65% before applying self-awareness. Moreover,
by controlling the energy-quality trade-offs using our self-aware
energy-management technique, we can tune the battery lifetime
of the wearable system to last between 67.55 and 136.91 days
while, still outperforming the state-of-the-art techniques for
wearable seizure detection, by achieving from 85.54% to 79.33%
geometric mean of specificity and sensitivity.

Index Terms—epileptic seizure detection, cardiac system, res-
piratory system, self-awareness, electrocardiography, heart-rate
variability

I. INTRODUCTION

Neurological disorders contribute to 6.3% of the disability-
adjusted life years (i.e., time lost with respect to an ideal
healthy life situation) among all categories of diseases [1].
Epilepsy is one of the most common neurological disorders
affecting more than 65 million people worldwide [2]. De-
spite the recent advances in anti-epileptic drugs, one-third of
epilepsy patients still suffer from seizures. More importantly,
epilepsy represents the second neurological cause of years of
potential life lost, primarily due to seizure-triggered accidents
and sudden unexpected death in epilepsy (SUDEP) [3].

The possibility of monitoring epileptic patients in real time
and on a long-term basis is poised to improve the quality
of life and reduce the mortality rate in these patients [4],
[5]. In particular, by using such real-time epileptic seizure
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detection mechanisms, it is possible to notify family mem-
bers, caregivers, and emergency units in case of a seizure.
Therefore, it should be possible to reduce seizure-related
injuries, status epilepticus, and SUDEP [6]. However, real-
time epileptic seizure detection is not possible without energy-
efficient wearable technologies, which are also key enablers
for long-term patient monitoring in ambulatory settings.

In this article, we adopt the notion of self-awareness to en-
able real-time long-term epilepsy monitoring. Self-awareness
is introduced to a system, so that it can obtain knowledge
about itself and also the environment in which it is oper-
ating. This information enables the system to monitor its
performance, adapt to changes and improve autonomously (in
terms of system’s objectives, such as, power consumption and
performance) [7], [8]. Self-awareness has two main phases
of learning and reasoning, which are driven by the system’s
goal. This is translated to an Observe-Decide-Act (ODA) loop
in self-aware systems, where a set of observations are done
according to the system’s goal. Then, a set of possible actions
are determined and, finally, a decision is made about the best
use of the available actions to meet the system’s goals [9].
Self-awareness can be indeed the key to design the next-
generation of intelligent medical wearable systems. To ensure
extreme energy efficiency, having knowledge about self and
environment is necessary for the system. Self-awareness can
be applied in seizure detection systems by fulfilling three
major properties: reflecting current situation, predicting the
possibilities to improve energy reduction and adopting the
right strategy in the system [10]–[12].

In the case of epilepsy monitoring, the gold standard to
identify and adopt suitable strategies is based on the video-
Electroencephalogram (EEG), which involves monitoring the
brain electrical activity of patients using EEG, together with
closed-circuit video observation. However, the long-term EEG
monitoring outside the hospital premises using hats and
caps can cause social stigmatization and discomfort for pa-
tients [13], due to their intrusive nature. Hence, there is
currently no viable scalp-EEG-based solution for the very
long-term (i.e. over weeks, months or years) ambulatory mon-
itoring of epileptic seizures. On the other hand, intracerebral
EEG monitoring can be performed over very long periods of
time, but represents an invasive and expensive technology.
Moreover, it can only be proposed to a small minority of
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patients [14].
Alternatives to scalp-EEG for non-invasive seizure detection

derive from their impact on motor activity, reflected in 3D-
accelerometry and electromyography (EMG) [15], [16], as
well as from their interaction with the autonomic nervous
system (ANS) [17], [18], with changes in both sympathetic and
parasympathetic nervous activities [19]. These changes in ANS
are reflected into changes in heart rate [20]–[26], respiratory
function [27]–[31], and electrodermal response [32]. The most
common cardiac change associated with seizures is ictal tachy-
cardia, often exceeding 100 bpm [33]–[35]. Seizures can also
affect respiratory function (e.g., tachypnea, hypopnea, apnea).
Neurogenic pulmonary edema, central apnea and asystolia
might also occur and can result in SUDEP [27]–[29]. A causal
analysis of these cardiac and respiratory characteristics can
only be performed by continuous monitoring of cardiorespi-
ratory functions.

Currently, wearable devices used for non-EEG seizure
detection can only reliably detect generalized tonic-cronic
seizure (GTCS), for which the associated motor activity and
ANS changes are both prominent and stereotyped. However,
these seizures only represent a minority of epileptic attacks.
There is thus a need to develop systems enable to identify
the more variable and difficult to detect non-generalized focal
seizures (FS). To this end, multi-parametric monitoring that
includes cardiorespiratory biosignals might prove useful.

In this article, we extend our previous work [36] and pro-
pose a novel wearable system by combining multi-parametric
biosignal processing and machine learning with the self-
awareness notion. Real-time monitoring and detection of
epileptic seizures is done based on the time series extracted
from the ECG signal. Our monitoring system is capable of
capturing the changes in real-time in both cardiac and respi-
ratory functions due to seizures, by extracting a novel set of
features, through detailed time- and frequency-domain analysis
of the ECG signal. Moreover, in our self-aware monitoring
system, the most energy-hungry tasks, such as complex signal
processing, are performed only if necessary, by utilizing the
self-awareness notion. As a result, the main contributions of
this article are as follows:
• The first key contribution of this work is a reliable

epileptic seizure detection system relying on wearable
technology, which is based on cardiac and respiratory
functions analysis using machine learning techniques,
which include a new feature set that has not been used
previously in the literature of epilepsy monitoring, and
which significantly improves previous works in terms of
detection quality. In addition, in this work we adopt a
random forest algorithm, instead of the support vector
machines, to obtain more robust results and avoid over-
fitting. In addition, by capitalizing on this new random
forest algorithm, we are able to expose the energy-quality
trade-off resulting from introducing the self-awareness
concept in our proposed epilepsy monitoring wearable
system. Furthermore, we validate our wearable system
based on a dataset provided by Lausanne University
Hospital (CHUV), which contains more than 211 hours
of recordings for 18 epileptic patients, instead of the

initial seven in our previous work, to rigorously evaluate
the proposed technique. Overall, our proposed detec-
tion machine-learning technique achieves a sensitivity of
88.66% and a specificity of 85.65%.

• The second key scientific innovation of this work is a
novel energy-management scheme for medical wearable
systems, which is based on the notion of self-awareness
in order to realize real-time and energy-aware monitoring
on a long-term basis. To reach our goal of improving
the battery lifetime, the confidence of the low-complexity
classifier of the system is being observed. Then, based on
this information, the decision of whether to invoke the
complex classifier is made. According to this decision,
the action of switching between the two classifiers takes
place. Our proposed technique is extensible because it
can be applied to different health monitoring systems that
use learning models for detection and prediction of health
pathologies.

• We implement our proposed epilepsy monitoring
approach, including this novel self-aware energy-
management technique, on the SmartCardia INYU wear-
able sensor [37] to demonstrate the real-time operation
and evaluate its battery lifetime. We also explore the
possible energy-quality trade-offs enabled by our new
self-aware energy-management technique in order to
demonstrate the extended battery lifetime of our wearable
system from 67.55 to 136.91 days. Finally, we compare
our proposed technique with state-of-the-art systems and
show that our proposed technique outperforms the exist-
ing techniques by achieving 85.54% to 79.33% geometric
mean (of specificity and sensitivity).

The rest of the article is organized as follows. In Section II,
we review epileptic seizure detection techniques and existing
wearable devices. In Section III, we present a high-level
description of our system. Section IV describes our proposed
features extraction procedure using times series. Section V
describes our seizure detection machine learning technique
and the energy management mechanism. Then, Section VI
presents our experimental setup and Section VII describes our
experimental results. Finally, in Section VIII, we summarize
the main conclusions of this work.

II. STATE OF THE ART

The state-of-the-art technology for ECG-based seizure de-
tection is that incorporated in the Vagus Nerve Stimulation
(VNS) therapy device [38]. This uses a pre-thoracic implanted
device to detect seizure-induced tachycardia and uses this
information to trigger antiepileptic electrical stimulation of
the left vagus nerve at the neck [39]. This represents an
invasive and relatively expensive medical procedure, with
some risks of adverse events, which is thus not appropriate
for solely monitoring seizure in the majority of patients with
epilepsy [40].

The gold standard in terms of non-invasive seizure detection
is EEG monitoring, which has been used for decades in
highly specialized and costful hospital environment (epilepsy
monitoring unit). However, the necessity to permanently wear
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a cap and the high susceptibility of EEG recordings to artefacts
as soon as patients are moving, has not yet enabled the use
of EEG for very ambulatory chronic monitoring. To extract
information from the EEG signal, several sets of features
are used in the literature. These features include the wavelet
transform [41], [42], entropies [42], [43], Hilbert marginal
spectrum [44], fusion features [45], and tunable Q-factor [46],
among other time-domain and frequency-domain features.
In [47], the authors consider a combination of EEG and ECG
monitoring to improve the results. To make collection and
labeling of personalized EEG data easier in [48] a self-learning
algorithm is used on new data.

Regarding non-invasive non-EEG based seizure detection
devices, bed sensors [49], [50] have shown to be effective for
detecting nocturnal convulsive seizures, but cannot monitor
day-time seizures [51]. In addition, arm-band electromyo-
graphy (EMG) and wrist-band devices [52], [53], which
monitor either accelerometry or electrodermal activity, also
proved reliable for detecting generalized tonic-clonic seizures
(GTCS) with high sensitivity and acceptable false-alarm rates.
However, it has been shown that they cannot detect other
seizure types [54], [55]. Moreover, GTCS only represent
approximately 15% of all epileptic seizures, stressing the need
for other seizure detection devices.

In this respect, ECG-based detection of epileptic seizures
has attracted a lot of attention. Heart rate fitting was used
in [56], leading to a sensitivity of above 90% and a positive
predictive value above 50%, but with a trade-off between the
sensitivity and positive predictive values that is not acceptable
for medical use. Then in [57], the authors propose an approach
that combines time-domain and frequency-domain features of
heart-rate variability, but it is limited to the specific case of
newborns, and it only reaches a sensitivity of 60% and a
specificity of 60%. In [58], using a similar approach, the
authors achieve a sensitivity of 70% and a corresponding
false-alarm rate of 2.11 per hour, which is still unacceptable
for medical use in ambulatory patients. Finally in [59], a
robust beat-detection algorithm was combined with a wireless
real-time epileptic seizure detector. The proposed algorithm
could detect successfully the seizures for only two out of
three studied patients, which is a very small set to be able to
draw statistically significant conclusions. In [60], the authors
use peak-to-peak intervals and average heart-rate for epileptic
seizure detection, but considering only three patients, which
is also not sufficient to obtain conclusive results.

In [61], the authors propose a semi-automatic (i.e., requires
manual intervention of medical experts) algorithm that consid-
ers peak-to-peak intervals and QRS-complex and uses several
mathematical techniques, including cubic spline interpolation,
principle component analysis, eigen-value decomposition, and
clustering techniques. The authors achieved positive predictive
values of 85.7% for focal seizures and 57.3% for GTCS.
In [62], the authors proposed an approach to detect epileptic
seizures, restricted to high-quality ECG signals, which are
selected manually by expert visual analysis. Hence, such
semi-automatic techniques cannot be adopted for monitoring
patients in real time, using wearable systems. The proposed
algorithm reached a false-negative rate of 14.5% with a high

false-positive rate of 1.1 per hour. Alternatively, the proposed
algorithm could be tuned to reach a better false-negative rate
of only 2%, but with an unacceptable false-positive rate of
9.5 per hour. This illustrates that such techniques cannot be
readily applied in the context of real-time wearable systems,
due to the complexity introduced by manual intervention of
medical experts, thus the design of an entirely automatic
seizure detection system represents a major challenge.

Another line of research in this topic has considered the
use of Lorenz plots parameters as features for detection of
epilepsy in [63], [64]. In these studies, epileptic seizures were
detected with an accuracy of 76.47% for the target set of
17 patients. Nonetheless, this detection figure still does not
fulfill the requirements for a reliable epilepsy detection system.
Then, in order to improve the detection performance, in [65],
the authors combined heart-rate variability and Lorenz-plot
features and achieved a sensitivity of 94.1% and a false-alarm
rate of 0.49 per hour. As it is shown in the experimental results
(Section VII), despite improving the detection quality, these
features do not result in acceptable detection performance,
in comparison with our proposed features. Moreover, this
work was performed in an offline setting (i.e., using a post-
processing analysis of the signal after seizures have already
occurred), hence it cannot be adopted by real-time wearable
systems. Finally, the authors also do not consider the energy
consumption and battery lifetime of the proposed techniques,
which is required for long-term real-time and ambulatory
monitoring of patients.

We consider the application of self-awareness in the con-
text of medical wearable systems. This is a new concept
that has been considered recently for embedded systems
to enable correct functionality within desired constraints, in
spite of highly dynamic changes in the applications and the
environment [66]–[71]. In particular, self-awareness has also
been applied to biomedical systems, where the quality of
the output of the system is significantly affected by different
conditions of the patient as well as the environment. In [72],
the authors adopt situation-awareness and personalized data
(such as age, gender, etc.) to increase the accuracy of remote
health monitoring. Furthermore, different priorities are given
to the sensory data collection to consider the energy efficiency
and dependability of the system. In [73], different parameters
such as system’s confidence are measured to improve the
observation process and get high-quality description of the
system from raw data. Therefore, although self-awareness is
used in a wide range of systems, it has not been considered
for detection of pathological health conditions up to this date.

In conclusion, previous studies in ECG-based epileptic
seizure detection systems have mainly focused on heart-rate
variability and Lorenz-plot features in controlled environments
and offline settings, which dramatically limit its possible use in
the context of real-time wearable medical systems. Also, in the
literature of biomedical systems the concept of self-awareness
has started to be explored, but never considering its use for
energy-efficient designs of systems monitoring pathologies.
Therefore, we take into account the limitation of such systems
in terms of computational resources and energy to exploit the
concept of self-awareness, while also considering its medical
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Figure 1: Overview of our proposed self-aware seizure detection system. The three main parts of our proposed system are
highlighted by dotted lines.

impact on real-time seizure detection based on both cardiac
and respiratory systems.

III. SELF-AWARE SEIZURE DETECTION SYSTEM
DESCRIPTION

In this section, the main architectural building blocks of
our proposed system are described. A high-level overview of
our real-time wearable seizure detection system is shown in
Figure 1. The details of our seizure detection machine learning
technique and energy-management strategy are explained in
Sections IV and V.

A. Cardio-Respiratory Time Series Analysis and Features Ex-
traction

In this paper, as the first step, the frequencies above
60 Hz are removed. Then, two time series, R-peak to R-
peak Interval (RRI) and ECG-Derived Respiration (EDR),
are extracted from the ECG signal. In particular, we extract
features to capture the distinctive patterns of epileptic seizures
in both physiological subsystems of humans. First, heart-rate
variability (HRV), Lorenz plot and multifractality features are
considered to capture the variations and fluctuations in the time
intervals among the heartbeats based on the RRI time series.
Second, the frequency content and the irregularity of EDR
are captured by using the Plomb transform and the entropy
features, respectively. The details of our proposed approach
using these two time series, together with the corresponding
features, are provided in Section IV.

B. Self-Aware Learning and Energy Management

To detect epileptic seizures in real-time with wearable de-
vices, we adopt the random forest algorithm [74], considering
the features extracted from the RRI and EDR time series.
Random forest shows not only high performance in terms of
the accuracy of detecting seizures, but it is also suitable to
be implemented on resource-constrained wearable embedded
systems, as we show in Section VII.

In addition, as real-time detection of seizure is not possible
without long-term monitoring systems, in order to maximize
the battery lifetime, we adopt the notion of self-awareness
to achieve energy efficiency and quality-scalability and enable
long-term epilepsy monitoring. In particular, we develop a self-
aware seizure detection technique where classification can be
done with either a simple set of features or a more complex
set. In fact, the entire set of features are not used for seizure
detection unless confident classification based on the set of
simple features is not possible. Then, we take advantage of the
multi-mode execution possibilities of the platform, in a self-
aware fashion, so that the energy consumption is reduced while
quality of system remains in an acceptable level for medical
use. Moreover, our system is kept in an ultra-low power
(energy-saving) mode when tasks terminate their executions.
A detailed description of our self-aware energy-management
mechanism is provided in Section V-B.

IV. CARDIO-RESPIRATORY TIME SERIES ANALYSIS AND
FEATURE EXTRACTION PHASE

In this section, we detail how we capture the cardiac
and respiratory responses by extracting two time series and
subsequently obtaining the relevant features from them.
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A. Cardiac System Analysis for Epileptic Seizures Detection

First, we extract the RRI time series and features from the
ECG signal to capture the cardiac function.

1) RRI Time Series Extraction: On a normal ECG, there
are typically up to three visible components: the P wave,
QRS complex (Q, R, and S), and T wave. The R-peak is
the most straightforward characteristic point to identify and
corresponds to ventricular depolarization. Accordingly, the
R-wave is distinguished by the peaks of the ECG signal.
Therefore, the distance between two successive R-peaks is
captured by RRI time series. In this paper, we adopt the Pan-
Tompkin algorithm [75] to detect the R-peaks and RRIs.

Guaranteeing high-quality features requires extraction of the
correct locations of the R-peaks. However, the delineation
algorithm may misdetect the peaks due to poor signal quality
and noise. Therefore, we remove these incorrect values based
on the Thompson-tau method [76], which is a statistical
algorithm that detects the outliers in the RRI time series.

2) RRI Feature Extraction: In order to capture the cardiac
function, the heart-rate variability (HRV), we extract Lorenz
plot and multifractality features from the RRI time series.
These features are chosen in order to reflect the changes
in cardiac system such as ictal tachycardia and bradycardia,
which, as discussed before, have direct impact on variability in
RR intervals. The HRV features we include are the following
ones:
• MeanNN: The mean of R-R intervals.
• SDNN: The standard deviation of R-R intervals.
• RMSSD: The root mean square of difference between

adjacent R-R intervals.
• Total Power (TP): The variance of R-R intervals.
• NN50: The number of pairs of adjacent R-R intervals

whose difference is greater than 50 msecs.
• LF: The power in the low-frequency band (0.04Hz −

0.15Hz) of RRI. The power in the low-frequency band
reflects both the sympathetic and parasympathetic activity
of the nervous system [63].

• HF: The power in the high-frequency band (0.15Hz −
0.4Hz) of RRI. The power in the high-frequency band
reflects the parasympathetic nervous system activity [63].

• LF/HF: The ratio of LF to HF. This feature captures the
balance between the sympathetic nervous system activity
and the parasympathetic nervous system activity.

The second set of features we extract from the RRI time
series is the Lorenz plot features [63]. Lorenz plot (or Poincare
plot) is the process of plotting RRI(n) against RRI(n+ 1).
Lorenz plot can capture the dynamic variation of the RR in-
tervals. These dynamics can be captured by extracting several
statistical properties from the Lorenz plot, as follows:

Sd1 = σ(

√
2

2
[RRI(1)−RRI(2), RRI(2)−RRI(3)

, ..., RRI(k)−RRI(k + 1)]),

(1)

Sd2 = σ(

√
2

2
[RRI(1) +RRI(2), RRI(2) +RRI(3)

, ..., RRI(k) +RRI(k + 1)]),

(2)

where σ denotes the standard deviation of the time series.
The Lorenz plot features are the following ones:
• T: The transversal length is defined as T = 4 · Sd1.
• L: The longitudinal length is defined as L = 4 · Sd2.
• CSI: The cardiac sympathetic index is defined as CSI =

L
T .

• MCSI: The modified cardiac sympathetic index is defined
as MCSI = L2

T and emphasizes the longitudinal value
L, which increases during the pre-ictal and early ictal
phase [63].

• CVI: The cardiac vagal index is defined as CV I =
log10(L · T ).

The final set of features are multifractality ones, which
are extracted to reflect the fluctuation of RRI time series
and analyze more complex irregularities in heart-rates [77].
Monofractal signals are homogeneous because they have the
same scaling properties throughout the entire signal. Multi-
fractal signals, on the other hand, can be decomposed into
many subsets characterized by different local Hurst exponents
h. Then, the statistical properties of the different subsets
characterized by these exponents h can be quantified by the
function D(h):

D(h) = qh− τ(q). (3)

The function τ(q) is calculated as shown in Equation (4),
where Zq(a) is the partition function that is defined as the
sum of the qth powers of the local maxima of the modulus of
the wavelet transform coefficients at scale a:

Zq(a) ≈ aτ(q). (4)

In [77], the authors show that during the normal heart func-
tion we have significant value for D(h) for 0.05 < h < 0.27,
while in heart failure this function is centered near h ≈ 0.22
with a very small radius. To capture the fluctuations in RRI
time series, we have chosen D(h) for different values of
parameter h as features, in the aforementioned interval.

B. Respiratory System

In this section, we detail the extraction of the EDR time
series and features from the ECG signal in order to capture
the respiratory function.

1) EDR Time Series Extraction: Respiration is a physiolog-
ical function that is modulated by the autonomic nervous sys-
tem (ANS). Then, the respiratory signal is typically recorded
by spirometry, pneumography, or plethysmography. However,
it is also possible to extract respiratory signals from the ECG
signal, which is known as the EDR signal [78]. Indeed, ECG-
derived respiratory methods exploit the respiratory-induced
changes of the ECG to provide an alternative respiratory
signal. In this paper, we adopt the algorithm proposed in [78]
for EDR extraction. Thus, after removing the baseline wander
from the ECG signal, the R-peaks are located on the pre-
processed signal (ECGfiltered) and we obtain the EDR by
calculating the area enclosed in the regions that are 100 msec
beyond the R-peaks, as follows:
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EDR(n) =

Rp(n)+100msec∑
k=Rp(n)−100msec

|ECGfiltered(k)|, (5)

where Rp is the location of the R-peaks described in Section
IV-A1.

2) EDR Feature Extraction: We extract two different sets of
features from the EDR time series. First, we extract features
related to different entropies, which are used to capture the
non-stationary and non-linearity characteristics of the EDR
signal. Then, we apply a discrete waveform transform (DWT)
by decomposition of the EDR time series to level seven
as a preprocessing step to improve entropy features quality
[79]. Hence, in this paper the following entropies are used as
features:
• Sample entropy: Given a time series X = x(1), ..., x(N),

sequences of length m (Xm(i)) are extracted [80]. Two
patterns Xm(i) and Xm(j) are similar if the difference
between any pair of corresponding measurements in the
patterns is less than r:

|X(i+ k)−X(j + k)| < r,∀k = [0,m). (6)

The sample entropy is defined as:

SampEn(x,m, r) = ln(
Cm(r)

Cm+1(r)
), (7)

where Cm(r) is the number of patterns in Xm that
are similar to Xm(i), excluding self-matches, after nor-
malization. In this work, we use m = 2, and r =
k.std(signal), where k ∈ {0.2, 0.35}, which are chosen
according to the experiments in Section VII.

• Permutation entropy: Given a time series {xt}t=1,...,T ,
where T is the length of the time series, all possible
n! permutations are calculated [81]. There are two pa-
rameters defined: parameter π which corresponds to the
permutation type, and parameter n which represents the
number of instances considered in order to estimate the
permutation entropy.

p(π) =
number of perms that have the type π

T − n+ 1
. (8)

The permutation entropy of order n ≥ 2 is defined as:

PE(n) = −
∑
π

p(π)log(p(π)). (9)

• Renyi entropy: This entropy is calculated as proposed by
[82]:

RE(q) =
1

1− q
ln

∑
pi
q, (10)

where q 6= 1 and pi defines the total spectral power in
the i-th band.

• Shannon entropy: This entropy is the special case of
Renyi entropy for q = 1, namely:

SE = − lim
q→1

RE(q) = −
∑

piln(pi). (11)

• Tsallis entropy, which is defined as follows [82]:

TE(q) =
1

1− q
(1−

∑
pi
q). (12)

The second set of features, extracted from the EDR time
series, captures the power spectral density (PSD). However,
the EDR time series is unevenly sampled because it depends
on the varying heartbeats. Therefore, conventional spectral
analysis techniques, which assume uniformly-sampled signals,
cannot be used to extract the spectral content of the EDR time
series. Consequently, we use the Plomb transform to estimate
the PSD of non-uniformly sampled signals [83], [84]. This
transformation is based on the Lomb-Scargle method [83],
[84], which does not require resampling or interpolation and
works directly with the non-uniform sampled signals. Thus,
in our work, we adopt the Plomb transform to estimate the
PSD of the EDR time series. In this work the spectrum of
EDR is divided into several sub-bands and the power of these
sub-bands are used as features.

V. SELF-AWARE LEARNING AND ENERGY MANAGEMENT

In this section, we present our new self-aware energy-
management technique to enable real-time and long-term
epilepsy monitoring in ambulatory settings, while still main-
taining the reliability required in the medical domain. Also, we
introduce the notion of self-awareness in our epileptic seizure
detection system to improve its battery lifetime and energy
efficiency.

A. Machine Learning Algorithm

In our proposed self-aware wearable system, we adopt the
random forest classifier as the learning technique for the
classification of non-seizure (inter-ictal) and seizure (ictal)
segments.

Decision trees are tree-like structures in which each internal
node represents a decision on a feature, each branch represents
the outcome of the decision, and each leaf node represents
a class label (decision taken after computing all attributes).
Bagging (bootstrap aggregation) is an ensemble learning tech-
nique that is used for reducing the variance of a statistical
learning method. It reduces the variance by averaging over the
output of a set of n independent observations Y1, Y2, ..., Yn,
each with variance σ2. The variance of the mean Ȳ of the
observations is given by σ2

N . Given a training set D of size m,
bagging generates N new training sets Di, each of size m′,
by sampling from D uniformly and with replacement.

Hence, N different bootstrapped training sets are subsam-
pled from the single dataset and used to train a collection of
N decision trees, where every tree is trained only on one of
the subsampled training dataset. In testing new features, the
decision on the seizure/non-seizure class is made by majority
voting on the output predicted by each one of the N trees.
The value of N is chosen to be 100 in this paper to have
high quality detection and at the same time acceptable energy
consumption, as the complexity of the online classification
using this classifier depends only on number of bags used in
bootstrap aggregation. Therefore, we reduce the complexity
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Figure 2: Self-aware classification to improve energy efficiency. In the training phase, the classifiers and confidence models
are generated. Then, in the test phase, after calculating the confidence at each level, the level of the classifier to use is decided.

of implementation on resource-constrained medical wearable
platforms.

B. Self-Aware Energy Management

To detect epileptic seizures, often only a few prominent fea-
tures, which capture the cardiorespiratory response to epileptic
seizures, are sufficient for confident classification. However,
these few prominent features do not always cover the whole
spectrum of bio-markers reflecting seizures. In this section,
to keep the high detection performance, while improving
the energy efficiency, we propose a self-aware classification
technique.

The main idea of our self-aware energy-management tech-
nique is to use a simpler classification, with less features,
whenever the results are deemed reliable and, otherwise, a
more complex classification, with the full set of features. On
the one hand, the simple classifier, while energy-efficient,
cannot always provide high detection performance. On the
other hand, the complex classifier, while providing high de-
tection performance, cannot provide high energy-efficiency.
This technique can be generalized to multiple levels of clas-
sifiers which differ in terms of detection performance and
energy consumption. In this case we start with the simplest
classifier with minimum energy consumption and detection
performance. If the result is not deemed reliable, we switch
to the next classifier and continue this procedure until the
system is confident about its decision. Using this multi-
level approach, we can also control the trade-off between the
detection performance and the energy consumption according

to the constraints of the application. The overall flow (both the
train and test phases) of our self-aware classification technique
is shown in Figure 2.

The training phase of our classification procedure is shown
in Algorithm 1. In this procedure, first, we train the classifier
models which includes detection models of different levels
(Modell) based on the first part of the train data (Xtr) and the
corresponding ground-truth labels (LabelG) (Line 3). Then, we
use the generated models to predict the labels corresponding
to the second part of train data (Xco) (Line 4). For each level,
the ground-truth labels and the predicted ones (Labell) are
compared and the comparison result is used to train another
RF classifier (Line 5). This classifier also uses the levell set
of features and generates a model (ModelCl) that captures the
confidence in classification based on the levell classifier.

This procedure is not restricted to the class of the random
forest algorithm and can be applied considering any binary
classification technique. The random forest is chosen as it
achieves a higher quality with respect to the SVM classifi-
cation used in [36]. The random forest method adopted in
this work provides more robust results and avoids overfitting,
due to bootstrap aggregating techniques. Moreover, the random
forest algorithm has a special property that is very convenient
in the context of self-aware systems. In particular, the random
forest algorithm provides a confidence metric, based on the
number of individual decision trees that agree in their deci-
sions, which can be considered to explore the energy-quality
trade-offs in our proposed epilepsy detection system.

The test phase of our classification procedure is shown in
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Algorithm 1 Self-Aware Classification - train phase
1: function TRAIN(Xtr, Xco, LabelG, L)
2: for l← 1 to L do
3: Train: Levell RF (Xtr, LabelG) −→Modell
4: Predict: Modell(Xco) −→ Labell
5: Train: Conf. RF (Xco, LabelG ⊕ Labell) −→ModelCl

6: return Models ModelCl,Modell
7: end for
8: end function

Algorithm 2 Self-Aware Classification - test phase
1: function TEST(Xts,ModelCl(l∈[1:levels]),Modell(l∈[1:levels]))
2: l = 1
3: Predict: ModelCl(Xts) −→ LabelCl

4: while ModelCl is not confident do
5: l = l + 1
6: Predict: ModelCl(Xts) −→ LabelCl

7: end while
8: return Label Labelcl
9: end function

Algorithm 2. Based on the test data (Xts) and the confidence
models (ModelCl), the system is aware whether the levell
set of features can perform confident classification of the test
data (Line 3). While the classification based on the levell set
of features is not confident (LabelCl), the number of levels
is increased (Line 5). We continue predicting the confidence
label (LabelCl) and checking if the result is confident until
the confidence is reached for a certain number of levels (Line
4-7).

In our proposed energy-management technique for the
seizure detection system we have used two levels of classifiers
and, as a result, the energy consumption of the system is also
divided into two parts: (1) the level1 classification, where the
reduced set of features which are: meanNN, SDNN, RMSSD,
total power, and NN50 from HRV features plus Lorenz-
plot features are sufficient, and (2) the level2 classification,
where all features are considered. Based on the probability of
invoking the first level classifier, the total execution time of
our wearable system can be calculated as follows:

Texecution = TC + P1 · T1 + (1− P1) · T2, (13)

where Texecution is the total execution time of our self-
aware classification technique, P1 is the probability of invok-
ing the level1 model (depends on the dataset), and TC , T1
and T2 are the execution times of the confidence calculation,
level1 classification, and level2 classification, respectively.

Finally, while here we describe our self-aware classification
technique for only two levels, the proposed technique is not
limited in the number of levels and can be generalized to any
number of layers, as mentioned before. If n is the number
of levels and Pi and Ti are the probability (percentage) and
execution time of i-th level occurrence, respectively. Then, the
expected execution time is calculated as follows:

Texecution = TC +

n∑
i=1

Pi · Ti, (14)

which shows that the higher the probability of the simpler
classifiers is (which can depend on the dataset), the lower the
execution time of the entire system. Also as n increases, we
will have a more complex confidence measurement part and, as
a result, TC (which is the sum of all confidence measurement
parts at different levels) will increase.

VI. EXPERIMENTAL SETUP

A. Clinical Dataset

Our proposed system was tested based on a dataset provided
by the Lausanne University Hospital (CHUV). Data from
18 patients with epilepsy contributed to this dataset. Patients
underwent in-hospital recording of their seizures for diagnostic
purposes, and provided informed consent for their data to be
re-used for research. Seizure recordings were performed using
standard video-electroencephalography (EEG) together with
single lead thoracic ECG. The latter is being used to ensure
appropriate control of vital signs during seizure monitoring,
and was acquired at a sampling rate of 256 Hz. Video-EEG
recordings were reviewed by a medical expert in epilepsy
to annotate the onset and offset of all epileptic seizures.
Annotated ECG data were then extracted and fully anonymized
in order to be processed in this study. Overall, 211 hours of
recordings were made available for this study, including 154
focal seizures.

During these in-hospital epilepsy monitoring periods, al-
though patients are restraint to a hospital room, the clinical
protocol allows them to circulate freely in the room and
perform daily activities, i.e., walk around, sit at the table,
eat meals, play cards, change clothes, and even certain do
physical activities, e.g., ride stationary bikes. Therefore, a
certain level of motion artifacts are already present in these
signals. Consequently, as mentioned in Section III-A, we
apply noise filters in the preprocessing phase of our proposed
technique to remove the different types of noise, including
motion artifacts, muscle artifacts, baseline wander and power-
line interference. Nevertheless, while we have not analyzed
the performance of our proposed technique in the presence of
intense physical activities, it is probable that the quality of our
proposed seizure detection technique degrades in such extreme
cases and further studies are needed.

B. Performance Metrics

We use the leave-one-out method to evaluate the perfor-
mance of our proposed self-aware system, where out of K
recordings, one is used as the test data and the other K − 1
recordings are used as train data. This process is repeated to
test all the recordings. In other words, the recording to be
tested is left out and the model is trained on the remaining
ones. The performance of the proposed algorithm is evaluated
by measuring the specificity (Spec), sensitivity (Sen), and the
geometric mean (gmean), which are defined as follows:

Spec =
TN

FP + TN
, (15)

Sen =
TP

TP + FN
, (16)
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gmean =
√
Spec · Sen, (17)

where FP , TN , TP and FN definitions are the following
ones:

• False positive (FP ): The patient is in the inter-ictal state,
but the sample is classified as ictal.

• True negative (TN ): The patient is in the inter-ictal state,
and the algorithm declared that.

• True positive (TP ): The patient is in the ictal state, and
the algorithm detected that.

• False negative (FN ): The patient is in the ictal state, and
the sample is not classified correctly.

The geometric mean gmean is adopted since its high values
reflect that both specificity (Spec) and sensitivity (Sen) are
high, which is equal to having high quality detection. Con-
versely, if the geometric mean gmean is low, it means that
Spec, Sen, or both are low, which is undesirable. Finally, we
include the geometric mean as it is the only correct average
of normalized measurements according to [85].

C. Comparisons with State-of-the-Art

We evaluate the efficiency of our wearable system against
two state-of-the-art techniques, regarding seizure detection
performance and energy efficiency.

The first technique [63] is based on the Lorenz plot and
uses the features discussed in Section IV-A2. This approach
reach an individual detection sensitivity of 100% for 13 out
of 17 patients while the total coverage is 74.4% (35 out of 47
seizures).

In the second technique [65], seven features of HR including
SDNN, RMSSD, LF, HF, SampEn (sampled entropy), CSI and
CVI are used. In this approach, the authors use the SVM
classifier with a Gaussian kernel for clinical data from 12
patients. The result is a sensitivity of 94.1% and a false-
positive rate of 0.49 per hour and uses an offline setting
without considering energy consumption and battery life-time
constraints.

D. Implementation Platform

The target hardware platform for our system is the Smart-
Cardia INYU wearable sensor [37]. In this device, a single-
lead ECG is recorded with the operating frequency between
250 Hz and 1 kHz. The device includes an ARM Cortex-M3
chipset (STM32L151RDT6) [86] for data analysis and classi-
fication, which is a low-power 32-bit microcontroller with 48
kB RAM and 384 kB flash storage, and a maximum frequency
of 32 MHz. This processor has several power-management
modes, including active and sleep modes, with the possibility
of dynamically switching between them. The INYU device is
powered by a 710 mAh battery. The ECG signal is acquired
using silver-chloride electrodes for impedance pneumography
[87]. The analog-to-digital converter (ADC) is the ADS7142
module [88], which is an event-driven ADC. This ADC has
a power consumption of 900 nW and works with a 0.5 uA
current.

Table I: Comparison among the quality of our proposed seizure
detection system and the state-of-the-art techniques.

Method Confidence % Spec % Sens % Gmean %
Lorenz plot [63] 62.51 62.28 62.40

HRV + Lorenz plot [65] 74.44 76.03 75.23

Our system (SAEM)

60 78.28 80.40 79.33
70 81.23 81.05 81.14
80 81.99 85.42 83.69
90 83.59 87.54 85.54

Our system (WOEM) 85.65 88.66 87.15

VII. EXPERIMENTAL RESULTS

In this section, we evaluate the efficiency of our proposed
wearable system against state-of-the-art techniques, both in
terms of seizure detection performance and in terms of energy
efficiency. To demonstrate the effectiveness of our self-aware
energy-management technique, in addition to considering our
final proposed system with self-aware energy management
(referred to as SAEM), we also consider our system without
any energy management (referred to as WOEM).

A. Detection Performance

In Table I, we assess the performance of the new wearable
system against the state-of-the-art techniques [63], [65]. Our
WOEM system achieves a sensitivity of 88.66%, a specificity
of 85.65%, and a geometric mean of 87.15%. First, our results
show that epileptic seizures can be detected effectively by
monitoring the ECG signal. Second, WOEM outperforms the
approach in [63] by 24.75% and in [65] by 11.92%, in terms
of gmean related to detection performance. This demonstrates
the importance of the respiratory system in epileptic seizure
detection.

We also investigate the impact of our self-aware classifi-
cation and energy management on the detection performance
of our system. Table I shows that the proposed SAEM can
achieve different qualities according to the confidence per-
centage, which relates to invoking the full classifier or not. In
fact, it shows the minimum number of trees (out of 100) that
should agree on using the simple classifier. By increasing this
percentage, the simple classifier is used less frequently, and as
a result, the quality is increased. However, a higher threshold
increases the energy consumption (cf. Section VII-B). As we
increase the threshold to 90% by steps of 10%, the gmeans of
81.14%, 83.69% and 85.54% are achieved, which are 5.91%,
8.46% and 10.31% higher than [65], respectively. Therefore,
our proposed system is better than any existing real-time
wearable seizure detection system. Moreover, it reaches an
acceptable detection quality for long-term medical monitoring
setups.

B. Energy Efficiency

To calculate the energy figures of our system, the random
forest model parameters, which are calculated during the
offline training phase of Section V-A, are loaded and stored
in the 48 kB RAM of the microcontroller of our system. To
calculate the power consumption of the system, we consider
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Table II: Comparison among the battery lifetime of our pro-
posed approach with (SAEM) and without (WOEM) energy
management and the state-of-the-art techniques.

Method Execution part Duty cycle % Lifetime (days)

Lorenz [63]

Delineation 0.17

257.79
Decompression 0.57

Processing 0.18
System 0.92

HRV + Lorenz [65]

Delineation 0.17

257.39
Decompression 0.57

Processing 0.19
System 0.93

Our system (SAEM)

Delineation 0.17

136.91
Decompression 0.57

Level 1 classification 0.93
60% confidence Level 2 classification 5.46

System 1.90

Our system (SAEM)

Delineation 0.17

67.55
Decompression 0.57

Level 1 classification 0.93
90% confidence Level 2 classification 5.46

System 4.01

Our system (WOEM)

Delineation 0.17

50.15
Decompression 0.57

Processing 4.72
System 5.46

the current drawn in each processing mode and the duty cycle
of the process. The signal processing and detection algorithms
are executed every 60 seconds (Twindow). Thus, to calculate
the duty cycle, we consider the time of the whole procedure
(Texecution), as follows:

DutyCycle =
Texecution
Twindow

. (18)

During the process, including delineation, feature extraction,
and classification, the current is 10.5 mA. For the rest of the
time, the processor is put into the sleep mode and consumes
0.018 mA. The ADC is active during the entire process and,
as it is an event-driven converter, it draws a current of 0.5 uA.

The time complexity and battery lifetime of our proposed
system using the INYU device are compared to previous
studies [63], [65] in Table II. The two last methods in this table
are our proposed system before (WOEM) and after (SAEM)
applying our self-aware energy-management technique. The
processing time SAEM is calculated based on Equation (13)
and the probability of invoking the simple classifier, which is
decreased from 78.48% to 32.05% as the confidence threshold
is increased from 60% to 90%. As a result, the battery lifetime
of our system is increased to 136.91 days, compared to 50.15
days without any energy management. This demonstrates the
effectiveness of our self-aware energy-management technique.

Finally, we compare the quality–lifetime trade-off of state-
of-the-art and our proposed systems The results demonstrate
that, as shown in Table II, our SAEM technique clearly
outperforms state-of-the-art techniques in terms of detection
performance, while still running for more than 136 days.

VIII. CONCLUSION

In this article, we have proposed a novel medical wearable
system for long-term epilepsy monitoring and real-time de-
tection of epileptic seizures, based on the cardiorespiratory

function. We validated the detection performance and battery
lifetime of our solution based on a multi-patient epilepsy
dataset. Our proposed epilepsy detection wearable system
achieves a sensitivity of 88.66%, a specificity of 85.65%,
and a geometric mean of 87.15%. This proposed system
has been implemented using the state-of-the-art SmartCardia
INYU multi-parametric sensor hardware to show its system-
level real-time operation and energy scalability. Finally, by
using our event-driven energy-management method a battery
lifetime of 67.55-136.91 days is reached with reduction of only
1.61%-7.82% in detection performance.
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