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Abstract—The occurrence of an epileptic crisis can generate
changes in the autonomous nervous system, given the relation
between the zones in which an epileptic crisis generates and
propagates, and the zones of the brain that control the
involuntary responses of the body. Thus, an investigation aiming
at identifying ictal periods in autonomous nervous systemcontrolled signals that can be, also, continuously recorded
through a wearable device is proposed. Two signals are
considered, electrodermal activity, obtained from the
measurement of the galvanic skin response, and heart rate
variability, derived from the analysis of the inter beat interval
computed from the photoplethysmographic signal. A database
of 11 subjects, composed by these two signals recorded
simultaneously with electroencephalography is employed. Time
and frequency-domain features were extracted from the
electrodermal and heart rate variability signals by taking 4minute segments previous to the beginning of a seizure as
interictal, and 4-minute segments after as ictal, for training, and
through a 4-minute windows with a 30-second slide
segmentation for testing, while the electroencephalographic
signal was taken as reference to obtain the tags for the ictal and
interictal periods. The features were classified using a
perceptron multilayer neural network trained with scaled
conjugate gradient backpropagation algorithm, obtaining the
following results, accuracy: 25.15%, recall: 97.49%, specificity:
0.44% precision: 24.86%, and F2 score: 60.12%.
Keywords—epilepsy, electrodermal activity,
variability, ictal period detection, wearables
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I. INTRODUCTION
The usage of wearables, which has become widespread
nowadays, has driven research to find the possible solutions to
everyday problems that can be addressed by analyzing the
signals acquired through these devices. One of these addressed
problems is the continuous monitoring of epileptic patients,
and the identification of precursors and the beginning of ictal
periods in a signal acquired from a patient, based on the
changes these signals show given the alterations that the
autonomous nervous system (ANS) suffers by the presence of
an epileptic crisis.
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Most of the research papers focused on the monitoring of
epileptic patients by analyzing wearable acquired signals use:
1) the electrodermal activity (EDA), derived from the galvanic
skin response (GSR), 2) heart rate variability (HRV) obtained
from the analysis of the inter-beat interval (IBI) computed
from the photoplethysmographic (PPG) signal, 3) movement
derived from accelerometry (ACC) or 4) pulse oximetry
(SpO2) computed, also, from PPG [1-4]. For this
investigation, we will focus on EDA and HRV only.
In terms of the analysis of the EDA signal of epileptic
patients, studies have shown that either by studying the signal
itself [1,3] or studying it along with other signals [1],
morphologic changes in the time and frequency domain
extracted features can be observed when an ictal period begins
and finishes, which allows to differentiate them.
For HRV, time and frequency domain extracted features
correlate with the presence of an ictal period [5,6].
Furthermore, relevant changes in the autonomic regulation are
related to sudden unexpected death in epilepsy (SUDEP)
events reflected in the HRV signal [7].
Even though these changes have been observed, to our
knowledge, there has not been an investigation that studies
both EDA and HRV signals to identify ictal periods by using
the electroencephalography (EEG) signal as a reference,
namely, to acquire the tags needed for the classification. Thus,
the following paper describes a methodology for extracting
time and frequency domain characteristics from EDA and
HRV and classifying them by a neural network. Signals go
through two methods for segmentation: 1) For the training of
the neural network, in which 4-minute segments are taken
from the signal before and after the start of an ictal period, and
2) For the classification, a 4-minute windows with a 30second slide from the signals.
This paper is divided into five sections. In section II the
database employed in this research is described. In Section III
the methodology for the analysis done to EEG signals to
acquire the tags used in the classification and the process for
feature extraction and classification for both EDA and HRV

is presented. Then, in Section IV the analysis of the obtained
results is developed, and the conclusions and discussion are
presented in Section V.
II. MATERIALS

For visualization of the three signals tied in time, in Fig. 1,
11 seconds of the recording from a 9-year-old patient
diagnosed with generalized epilepsy are shown, in this
segment there is an ictal period, identified through EEG,
which lasts from seconds 2315 to 2326.

The database used in this project was developed by the
Instrumentation and Signal Processing Laboratory (LIPS) in
UPIITA-IPN and it has 11 recordings, each composed of six
signals: EDA sampled at 4 Hz; PPG sampled at 64 Hz; IBI,
obtained from PPG; Temperature; ACC; EEG sampled at 200
Hz and acquired through the 10/20 system.
The first five signals were recorded through the
Empatica® e4 wearable device, and the EEG signal was
acquired through a Comet-PLUS® Portable EEG-Recording
& Review System from Grass Technologies®.
Signals from all recordings have a mean duration of 40
min and were acquired during an epileptic trigger-identifying
session under the supervision of a specialist. Eight of the
recorded patients had generalized epilepsy, one patient had
frontal epilepsy and another, partial epilepsy. The ages of ten
of the patients are in a range between 1 and 27 (14.3 ± 7.67)
years, and the eleventh recording belongs to a 56-year-old
patient.
III. METHODOLOGY
A. Tags obtainment.
The tags for the training and testing of the classifier are
obtained from the EEG signal by applying the algorithm
developed by Ramírez-Fuentes et al. [8]. This algorithm
identifies the starts and endings of ictal periods based on the
measurements of amplitude, frequency, and morphological
analysis according to the clinical guides that specialists use as
a reference to identify epileptic crises. As a result, a matrix
with the size m*n was obtained, where m is the seconds of the
EEG recording and n is the number of channels. The matrix
was then processed to obtain a vector in which the initial and
final seconds of the crisis are identified regardless of the
channel, since we are only interested in the seconds in which
an epileptic crisis occurs. The starting time and duration of the
EEG, EDA and HRV signal recordings are compared, data is
eliminated from either the crisis vector or the EDA and HRV
signals, whichever starts before or lasts longer, so that they are
tied in time. The obtained vector is handled in two ways: one
for training and one for testing the classification algorithm.
For training, the second in which an ictal period starts is
marked, the previous 4 min are considered interictal periods
(tagged as 0), and the following 4 min are identified as ictal
(tagged as 1). The seconds in which both the identified 4minute ictal and interictal periods start and end are used in the
feature extraction, which will be described in the following
section. For testing, the vector is segmented into 4-minute
windows with a 30-second slide, if there is at least one ictal
period in the segment, it is identified as ictal (tagged as 1),
otherwise, the segment is identified as interictal (tagged as 0).

Fig. 1. An identified ictal period in EEG, EDA and HRV during
seconds 2315 to 2326 of the recording

B. Feature extraction
Feature extraction for both, EDA and HRV signals, is also
done for classification and training. For training, the seconds
in which the 4-minute interictal and ictal periods start and end,
previously identified through EEG, and contained in the crisis
vector are used. In both signals, these segments are identified
and features in the time and frequency domain are extracted.
For EDA, the proposed methodology is summarized in the
diagram in Fig. 2. First, an artifact correction was performed
through a non-linear 5th order median filter, followed by
computing the standard deviation of 15-second segments. If
the value of each data point is higher than the value of its
corresponding median filter value plus or minus 2.5 times the
standard deviation of the segment, the sample is replaced by
the mean of the previous and following two samples. Then,
the following features are calculated.
Time-domain features for EDA
Statistical measures mean, variance, skewness, and
kurtosis, along with sample entropy, minimum and maximum
values, which are uniform and non-stimuli-markers dependent
features were calculated as follows.
Mean, or first moment, is defined as:
∑
Eq. 1
Where N is the number of data points in the analyzed
segment, in this case, it is the length of the data vector
corresponding to each window [9].

Variance, or second moment, is obtained as:
∑
Eq. 2
This measurement describes the width of the data
distribution [9]. The standard deviation is the square root of
the variance.
The third statistical moment is used to measure the
asymmetry of a data distribution. The expression for this
parameter is:
∑
Eq. 3
Then, the skewness coefficient is calculated as follows,
from the second and third moment [9].
Eq. 4
The kurtosis coefficient reflects the shape of the
probability distribution [9] from the fourth statistical moment
defined as:
∑
Eq. 5
The expression for the kurtosis coefficient can also be
understood as the fourth moment normalized with respect to
the standard deviation, and is defined as:
∑

Eq. 6

The sample entropy, that quantifies the variability of the
data of a signal, or its degree of prediction [10,11] is defined
as:
(
!"# , %
&# ' ) +
Eq. 7
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For a data series of length N, sample segments of
embedded dimension m per time interval , are taken, with a
tolerance r defined as 0.2 * (standard deviation).
With Am as:
45678 9 , 678 : ; < %

Eq. 8

And Bm as:
4567 9 , 67 : ; < %

Eq. 9

It is the negative of the natural logarithm of the probability
that two groups of simultaneous points of length m have a
distance less than r, and that the same happens for a vector of
length m + 1. Indexes i, j are the position indexes.
These measurements are extracted without a reference
signal such as EEG or ACC [12]. The window length proposal
varies among authors, although windows’ length between 1
and 5 s are suggested to pay attention to the fast changes
component or electrodermal response (EDR) [13-15].
Furthermore, other authors recommend windows between 30
s and 5 min [12]. Thus, for this study, the 4-minute windows
are selected.
Frequency domain features for EDA
All the extracted features are obtained from a sub-band
analysis, taking the work of Posada-Quintero et al. as a
reference. The identified sub-bands are: 0-0.045 Hz, 0.045 –
0.15 Hz, 0.15 – 0.25 Hz, 0.25 – 0.4 Hz, and 0.4 – 0.5 Hz [16].

Fig. 2. Feature extraction procedure for both training and testing
stages of the EDA signal in time and frequency domains.

First, a Chebyshev type II filter is applied at 0.8 Hz since
it was confirmed with the frequency spectrum that there are
no components in frequencies higher than 0.8 Hz. Then, a
Butterworth 8th order filter is applied to separate each subband; first, a high-pass filter to eliminate the range of 0-0.045
Hz, along with a mean filter where the mean of every 4 data
points is calculated and subtracted from the curve; and bandpass filters for the other bands. Afterward, Welch's
Periodogram is performed for each segment and subband,
with a Hanning window with 128 data points and 50%
overlap. Finally, the power spectral density (PSD) is obtained
with the trapezoid rule, a numerical integration method.
For HRV, an artifact correction is unnecessary since the
wearable device employed to acquire the signal automatically
removes the artifacts. The feature extraction for both training
and testing in the time and frequency domain for the HRV
signal is summarized in the diagram shown in Fig. 3 and the
description of all the extracted features in both domains is
described below.
Time domain features for HRV
For this signal, five statistical and one geometric timedomain features are extracted. These features being heart rate
(HR), the standard deviation of the duration of successive
heartbeats (SDRR), the square root of the duration of
successive heartbeats (RMSSD), the number of successive
heartbeats whose duration differ more than 50 ms (RR50), the
RR50-Measurement in percentage (pRR50) and the HRV
triangular index [5, 17, 18].

Frequency domain features for HRV
In this domain, all the features are computed from the
Lomb-Scargle periodogram. The obtained periodogram is
analyzed by dividing it into three sub-bands: Very low
frequency (0.0033 to 0.04 Hz), low frequency (0.04 to 0.15
Hz), and high frequency (0.15 to 0.4 Hz). Thus, we have the
following characteristics: the integral of the PSD in the very
low frequency (VLF) band, the integral of PSD in the low
frequency (LF) band, the integral of PSD in the high frequency
(HF) band, the frequency with the highest peak in the low and
high-frequency bands, and the LF/HF ratio [17, 18]. The
trapezoidal rule is used to compute the integrals done per subband.

proposed and evaluated, in addition with three methods used
to preprocess the features previous to the NN, described as
follows:
1. Normalization of the data considering the maximum
absolute value for each feature, for each record.
2. Normalization of the data, and application of the
Principal Component Analysis (PCA) to preserve those
features that contribute at least 95% of the total variance
for each principal component.
3. Since specific segments were taken, few features were
obtained for training, then, the Bootstrap Aggregation
(Bagging) method was proposed to increase data points.
The algorithm takes data randomly with replacement and
obtains the mean as the new data point. This method is
widely used in learning ensembles, along with decision
trees (Tree Bagger) [21,22] and, in some applications, it
has shown to improve the performance of NN [23]. This
algorithm is applied after normalization and PCA, to ictal
and interictal data points separately.

Fig. 3. Feature extraction procedure for both training and
testing stages of the HRV signal in time and frequency
domains

Initially, windows varying from 1 to 5 min were
considered. However, an investigation made regarding
clinical guidelines for short term segmentation of HRV [19]
and tests made with the Lomb-Scargle periodogram showed
that windows less than 3 minutes long do not provide the
necessary information to study VLF and HF bands in some
recordings from the analyzed database. Therefore, the signal
is segmented in 3-to-5-minute windows to conduct tests.
C. Classification
The use of a perceptron multilayer neural network (NN) is
proposed, trained with a scaled conjugate gradient
backpropagation algorithm to classify the segments into ictal
or interictal periods. For the hidden layers, a sigmoid
activation function, and for the output layer, a softmax
function, were selected based on the comparison analysis of
Nwankpa et al. [20].
For each segmentation and preprocessing method, a model
of NN is obtained during training for EDA and HRV in time
and frequency domains, separately, with a total of fifteen
models for EDA and nine models for HRV in each domain.
The process is shown in the block diagram of Fig. 4 and
described below.
The features extracted from training segments of each
signal, for each domain, are the NN inputs. Preliminarily,
different segmentations of 1-5 min with shifts of 3-60 s for
EDA, and 3-5 min with shifts of 30-60 s for HRV, were

Fig. 4. Classification models for both signals in time and
frequency domain

Each model of NN was evaluated using Machine Learning
metrics, such as accuracy, recall, precision, sensitivity,
specificity, and Fꞵ score, during the training stage using the
first described tagging and segmentation methodology, and
finally, during testing using the second one. For this, the ictal
data are considered as positives, and the interictal as negatives.
IV. RESULTS AND DISCUSSION
From all the evaluation metrics considered, accuracy was
used to determine the window length, and recall was used to
determine the preprocessing method.
According to the performance evaluation, the 4-minute
windows with a 30-second shift provided better results.
Moreover, for each domain for each signal, a method of
preprocessing of the features was required. Normalization and
PCA model for EDA in time and frequency domains and HRV
in frequency-domain, meanwhile, for HRV in the time
domain, the Bagging method improved the performance for 4minute models specifically.
The evaluation results are shown in Table 1, where the
maximum accuracy and recall metrics for each method were
obtained as the mean corresponding to all the shifts for the
same window length, for all recordings from all patients. The

standard deviation for each metric of interest indicates that the
shift does not affect the performance for the same window
length.

because the severity of the pathology, age of the patient, and
other factors, such as possible precursors affect the intensity
and duration of the ictal events.

The final classification decision was made by first,
comparing the NN outputs for each signal in both domains, for
each signal, the frequency-domain response is preferred. Then
the output of both signals is compared, if they differ, the final
output value is taken as the EDA-freq NN output since the
performance of this model presented uniformity regardless of
the segmentation, shifting, and recording used for testing. The
proposed model provides the following results: accuracy:
25.15%, recall: 97.49%, specificity: 0.44% precision: 24.86%,
and F2 score: 60.12%.

Furthermore, the effects in EDA and HRV may last from
several minutes to hours, and this could mean that the
interictal periods defined in short- length recordings may still
present the effects of previous and following ictal periods,
then, those interictal periods would be classified as ictal.
Therefore, it is expected to have a low true negative rate and
a low accuracy value, thus further studies should be done. The
analysis of long duration records (hours or days long) that
would allow a more in-depth study of the effects of ictal events
to differentiate from interictal periods more accurately and
even evaluate whether precursors to seizures are present in
EDA and HRV, is suggested for future investigations.

Table 1. Metrics of interest for evaluation of neural networks

In general, the use of PCA resulted in an improvement to
the models compared to only normalizing the data, given that
the preserved features were representative for each signal. In
specific segmentations, bagging also contributed to enhancing
the NN performance, especially in HRV models. Although
bagging is a method to avoid overfitting, in some cases,
perhaps due to the nature of interictal data, it worsened the
performance of the classifier.

Some studies performed using long-duration recordings
have determined that the recovery time of EDA and HRV
signals after the occurrence of an epileptic seizure is variable,
from several minutes to hours [3,12,15,24]. Hence, to
correctly characterize interictal periods it is recommended that
the signals return to their basal state, ensuring that the ictal
period has completely ended. This characterization will ensure
higher values of accuracy, specificity and precision, since
these metrics take into account the classification of interictal
periods.
With the feature extraction and classification process
described in this paper, a user guide interface using the
MATLAB® R2020b software was developed, this interface
provides the identification of ictal periods and an evaluation
of the results by comparing the output with the tags obtained
from EEG analysis.
In Fig. 5, the EEG, HRV, and EDA signals of a 9-year-old
patient diagnosed with generalized epilepsy are used in the
developed interface. As a result, the graphs in a) show the ictal
and interictal classification obtained for the EDA and HRV
signals, while the graphs in b) show the expected output vs.
the obtained output result of the same classification process.
V. CONCLUSIONS
The presented methodology has proven efficient for ictal
periods detection with a true positive rate of 97%. However,
the interictal periods' detection is not equally accurate, mainly

Fig. 5. Classification results. a) The identified ictal and interictal
periods corresponding to the analysis of the EDA and HRV signals
are shown. b) A comparison between the expected output and the
obtained output per 4-minute segment

However, this technique should be considered for longduration recordings, where these periods could be more
accurately characterized.

[9]

It must be noted that, at first, different segmentations were
considered for both signals in both domains, after different
tests were made it was found that the segmentation could be
done with 4-minute windows with a 30-second slide for all
cases, nonetheless, different models provided better results for
each signal and domain, therefore classification of all the
extracted features was not done using a single neural network.
It is suggested that this could be possible in future research by
analyzing long duration records in which it is possible to better
characterize the data.

[10]

Additionally, Tree Bagger ensembles and SVM models
were also proposed and evaluated for comparison. The TreeBagger was proposed with 30 decision trees and a minimum
Leaf Size of 5, evaluated through the out-of-the-bag prediction
and pruning based on Gini's impurity; the SVM models were
set with a radial kernel. The maximum accuracy and recall for
these models for the 4-min segments were for Tree Bagger
47.5% and 100%, respectively, and for the SVM model
28.32% and 100%. However, the other metrics for both
classifiers were 0 or NaN. Therefore, the perceptron
multilayer neural network has shown a logical and more stable
response than the Tree Bagger and SVM models considered
for this application.

[13]
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