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Classification of low-density EEG for epileptic seizures by
energy and fractal features based on EMD
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Abstract

We are here to present a new method for the classification of epileptic seizures from electroencephalogram
(EEQ) signals. It consists of applying empirical mode decomposition (EMD) to extract the most relevant intrinsic
mode functions (IMFs) and subsequent computation of the Teager and instantaneous energy, Higuchi and
Petrosian fractal dimension, and detrended fluctuation analysis (DFA) for each IMF. We validated the method
using a public dataset of 24 subjects with EEG signals from 22 channels and showed that it is possible to classify
the epileptic seizures, even with segments of six seconds and a smaller number of channels (e.g., an accuracy of
0.93 using five channels). We were able to create a general machine-learning-based model to detect epileptic
seizures of new subjects using epileptic-seizure data from various subjects, after reducing the number of instances,
based on the k-means algorithm.
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Introduction

Humans of all ages and both sexes may experience
sudden seizures, presenting as electrical discharges of
a set of neurons inside the brain. Such unprovoked
seizures represent a widespread disorder, known as
epilepsy, and affect people around the world!!l.

Epileptic seizures are generally manually detected
by neurophysiologists through continuous monitoring
of electroencephalogram (EEG) signals. The
epileptiform can be categorized into ictal, interictal,
and postictal periods, which are often time-consuming
to identify by visual inspection. This may result in an
incorrect interpretation of the EEG signals and
inappropriate management of patients (caused by
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under/over medication)?l. Proper detection can
facilitate the treatment of patients and improve the
diagnosis of epilepsy. Epileptic events are attributed to
localized disturbances in various areas of the brain(3l.
The epileptogenic focus in approximately 33% of
epilepsy patients is located in the temporal lobel* and
their condition is referred to as temporal-lobe epilepsy
(TLE)s1.

Studies on automatic classification and detection of
epileptic seizures based on EEG, using supervised,
semi-supervised, and deep-learning techniques, have
increased during the last few years. However,
comparisons between experiments, even using the
same datasets, have provided conflicting results. In
one study, the authors used intracranial EEG (iEEG)
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signals from only five subjects with only 20 epileptic
seizures for eachl®l. Thus, they had data for only 100
epileptic seizures and EEG signals from the
epileptogenic zone during free intervals as seizure-free
periods. They reported an accuracy of 99.6% from
only one channel, using a neural network. However,
this approach is known to work better using a large
amount of data during the training process, as it learns
only by weight adjustment and requires all the
possibilities to be trained. In another study, the
authors used the same dataset and performed five
levels of discrete wavelet transform (DWT)
decomposition and fuzzy approximate entropy for
feature extraction!”l.

The use of frequency and amplitude features has
also been reported for the characterization of epileptic
seizures based on EEG analysis!8l. However, this is not
a robust approach to extract features and more
complex analysis is necessary to increase classification
accuracy. Methods based on DWT for feature
extraction have been reported in the literaturel®!, but
this approach generally requires a pre-processing stage
and pre-definition of the best mother wavelet, which
can vary depending on the subject and the task.

Literature review suggests that there are still
improvements to be done in the feature extraction
stage for representing the seizure and seizure-free
periods correctly, thus creating robust machine-learning
models for automatic detection of epilepsy. Some of
the state-of-the-art methods have been tested in small
datasets, showing good accuracy for classification of
epileptic seizures from the same subject, but for a real-
life implementation, the models must be sometimes
created using EEG data from other subjects.

Here, we tested a general machine-learning-based
model for classifying epileptic seizures and for
detecting new subjects after reducing the number of
channels. We also set up a subject-specific approach
and compared it with other state-of-the-art approaches
using the same dataset.

Materials and methods

Dataset

The use of free and public EEG-signal datasets of
epileptic seizures is important for the comparison of
any proposed method and its performance. Several
appropriate datasets are available, of which the most
used are from the PhysioNet!! and EPILEPSIAE!!
projects. However, most datasets now consist of
private repositories or access is limited by specific
software, making future comparisons difficult. Public
low-density EEG datasets of epileptic seizures are also
available, but since the approach followed in this
paper consists of testing the minimum number of

channels necessary to detect epileptic seizures, a high-
density EEG dataset is necessary.

The public dataset used in this paper comes from
the PhysioNet project!!®l and is partially described(!2!.
It consists of bipolar EEG signals of 24 patients that
were recorded from 22 channels (FP1-F7, F7-T7, T7-
P7, P7-0O1, FP1-F3, F3-C3, C3-P3, P3-Ol1, FP2-F4,
F4-C4, C4-P4, P4-02, FP2-F8, F8-T8, P8-02, FZ-CZ,
CZ-PZ, P7-T7, T7-FT9, FT9-FT10, FT10-T8, and T8-
P8), with a sampling frequency of 256 Hz using the
10-20 international system, and collected at the
Children's Hospital Boston. The EEG recordings are
from pediatric subjects with intractable seizures who
were monitored for several days following the
withdrawal of anti-seizure medication to characterize
their seizures and assess their candidacy for surgical
intervention. Several important details for this work
are shown in Table 1, including the duration (in

Table 1 Details of the epileptic-seizure datal!2l
Length in seconds

Patient Gender Seizures . Segments of

(years) Average Max  Min 6 seconds
1 B 11 7 63.1 101 27 74
2 M 11 3 57.3 82 9 29
3 F 14 7 574 69 47 67
4 M 22 4 94.5 116 49 63
5 F 7 5 111.6 120 96 93
6 F 1.5 7 15.6 20 12 18
7 F 14.5 3 1083 143 86 54
8 M 3.5 5 183.8 264 134 153
9 F 10 4 69.0 79 62 46
10 M 3 7 63.9 89 35 74
11 F 12 3 2687 752 22 134
12 F 2 38 36.9 97 13 234
13 F 3 12 44.6 70 17 89
14 F 9 8 21.1 41 14 28
15 M 16 20 99.6 205 31 332
16 F 7 6 8.8 14 6 9
17 F 12 3 97.7 115 88 49
18 F 18 6 52.8 68 30 53
19 F 19 3 78.7 81 77 39
20 F 6 8 36.8 49 29 49
21 F 13 4 49.8 81 12 33
22 F 9 3 68.0 74 58 34
23 B 6 10 60.6 113 20 101
24 - - 13 31.9 70 16 69
Sum 189 1925
Mean 7.9 742 1214 413
Max 752
Min 6




182 Moctezuma LA et al. J Biomed Res, 2020, 34(3)

seconds) of the EEG signal for each epileptic event.
However, we also considered six-second segments of
the epileptic seizures to compare the seizures between
subjects with similar components.

Empirical mode decomposition (EMD)

The EMD method has been successfully used to
decompose non-linear and non-stationary data into a
finite set of oscillatory components, known as intrinsic
mode functions (IMFs), by applying the sifting
process!!3l. The pseudocode of EMD is presented in
Algorithm 1. There are two basic conditions that an
IMF must satisfy: (1) The number of extrema and zero
crossings must be either equal or different at most by
one; (2) At any point, the mean value of the envelope
defined by the local maxima and the envelope of the
local minima is zero.

In the sifting process, some IMFs with limited
information may appear because the numerical
process is susceptible to errors. Thus, a second step to
select the most relevant IMFs is necessary. An
accepted metric to select such IMFs is based on the
Minkowski distance. This is possible because

Algorithm 1 Pseudo-code of the sifting process for a signal x(7)

Input: x(/)=EEG_signal
Output: IMFs_array
Sifting=True;

While sifting=True do

l. Identify all upper extrema in x(f)

2. Interpolate the local maxima to form an upper envelope u(x)
3. Identify all lower extrema of x(f)

4. Interpolate the local minima to form a lower envelope /(x)
5. Calculate the mean envelope:

m(t) = w

6. Extract the mean from the signal:
h(t)=x@)—m(t)
If /() satisfies the two IMF conditions then:
h(?) is an IMF

sifting=False <Stop sifting
Else
x()=h@)

sifting=True <Keep sifting
If x(¢) is not monotonic then:

Continue

Else
Break

redundant IMFs have a shape and frequency contents
differ from those of the original signal, which means
that inappropriate IMFs present maximum Minkowski
distances!!“l.

For a signal x;, the Minkowski distance to an IMF
(y;) is computed as follows:

a=(3" w-vr)” (1)

Once the IMFs are selected, it is possible to use this
information to characterize the EEG data. It is also
possible to obtain certain features to represent the
behavior of the signal and reduce the dimensionality
of the data. Next, the features used to represent the
selected IMFs, are described.

Energy distribution features

The features to represent the energy distribution can
be computed to reduce the computational cost and
obtain a better representation of the obtained IMFs.

Lets, as below, IMF(r) denote the IMF coefficient
of one of the IMFs at position 7, and N is the length of
the IMF. The Instantaneous energy feature reflects the
amplitude of the signall’sl and can be computed as
follows:

1
f= loglo{ﬁ M [1MF(r>]2} (2)

In addition to the amplitude analysis, the Teager
energy reflects variations in frequency. The Teager
energy is a robust parameter, as it attenuates auditory
noisel's], and it is computed as follows:

f =logio [% ZN: [IMF(r)* = IMF (r— 1)« IMF (r + 1)
(3)

Fractal dimension features

There are several self-similarity features from
fractal geometry that are useful to describe the
complexity of a signal. Some have been used to
directly characterize EEG signals from raw data or
using various methods to extract the information. In
particular, Higuchi and Petrosian fractal dimensions
have been used to characterize non-linear and non-
stationary data. These fractal features are described
below.

The Higuchi fractal dimension algorithm
approximates the mean length of the curve using
segments of k samples and estimates the dimension of
a time-varying signal directly in the time domain(!6l.
Consider a finite set of observations taken at regular
intervals: X(1),X(2),X(3)...,X(N). Taking this time
series as a starting point, a new series X;” can be
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constructed as follows:

X,’(";X(m),X(m+k),X(m+2k),...,X[m+(N;m)k]
(4)
where m=1, 2, 3, ..., k indicates the initial time,
k=1, ..., k,4 the interval time and £,,, is a free
parameter which in this work was set at 10. Then, the
length of the curve associated with each time series
X, can be computed as:

N-n
Ly (k):%{zi:"l |X(m+ik)—X[m+(i—1)k]|} %
()
()
The Higuchi fractal dimension takes the mean
length of the curve for each k as the average value of

L,, (k) for m =1,2,3, ..,k and which is calculated as:

1k
L(k) = z Zm—l Lm (k) (6)

With the obtained array of mean values L(k), the
Higuchi fractal dimension is estimated as the slope of
the method of least-squares from the plot of In[L(k)]

against In (%)
_ In[LK)]

)

Some studies have used £,,, values between 6 to
16. The choice of k,,,,, has a crucial role in the Higuchi
fractal dimension estimation(!”). In this work, the
optimal value of %, has not been considered but in
the future work we will take into account improvements
in this respect.

The Petrosian fractal dimension provides a rapid
computation of the fractal dimension of a given signal
by translating the series into a binary sequencel'8l. The
binary sequence is formed by assigning a 'l1' for every
difference between consecutive samples in the time
series that exceeds a standard deviation magnitude,
otherwise is assigned a '0". Then, the fractal dimension
is computed as follows:

(7)

P logio (n)

(8)

where 7n is the length of the sequence and N, the
number of sign changes in the binary sequence.

logio(m)+ 10810(

Detrended fluctuation analysis

Detrended fluctuation analysis (DFA) is a method
to analyze a feature of a fractal for which the pieces
are scaled by different amounts in the x- and y-
directions of a signal that has been used to analyze a

non-stationary signall!®l. The DFA method is used to
quantify the long-range temporal correlations (LRTC)
with less strict assumptions of the signal stationarity
relative to the autocorrelation function(20l,

The step by step method is as follows:

1. A time series X of size £, is integrated as follows:

X(y= " X))~ (X)) (9)

where X(i) represents the i-th element of the time
series X and <X> denotes the mean over the whole
recording.

2. The second step consists of dividing the time
series into N windows of length /, and the root-mean-
square of the integrated series is then subtracted from
the local trend in every window:

1

1 2
F(b= {m Zfl [Xo')—Xl(i)]} (10)

The number N/ represents the total number of
windows. The local trend XI(i) is obtained from a
linear regression over the time series in the window.

3. The previous step is repeated for several window
lengths (/), and the relationship between F(/) and / is
described by a power law as follows:

F(hal® (11)
The scaling exponent a, which is a generalization of
the Hurst exponent, is calculated as the slope of a

straight line fit to the log-log graph of / against F(/)
using least squares.

Method for feature extraction from the EEG raw
data

The method for feature extraction from the raw
signal is shown in Fig. 1. The method used is
described in detail2?], but in this study, DFA is also
included since it is itself a good feature candidate to
characterize epileptic seizures with the quantification
of LRTC.

The general method consists of applying EMD to
extract IMFs and then computed the Minkowski
distance to select the 2 most relevant IMFs(!4l, Then, 5
values are computed for each selected IMF: Teager
and instantaneous energy, Higuchi and Petrosian
fractal dimension and DFA. This process is repeated
for each channel to extract 10 features and then all the
features are concatenated to obtain a single feature
vector for each instance, representing thus the EEG
signal for each epileptic seizure or seizure-free period.

Depending on the number of channels used in each
experiment, the feature vector size is different. As an
example, for 22 channels, the size of the feature vector
is 220. The purpose and the process for channel
selection are explained later.
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Fig. 1 An illustrative example using the method for feature extraction from the monopolar channel AF4.

The placement of the electrodes on the scalp was
based on the 10-20 international system for monopolar
EEG channels (Fig. 1) but the dataset used for the
experiments was based on bipolar electrodes, as
already mentioned.

Classification

It should be noted that the dataset used was created
carefully to obtain a balanced dataset. It means that for
each epileptic seizure, a seizure-free instance is added
into the dataset.

Another approach that improves/helps the real-time
response of machine-/deep-learning based brain-
computer interface (BCI) systems, in addition to the
use of low-density EEG data, is the classifier's
computational cost. In this context, a good candidate

is the well-known support vector machine (SVM)
classifier, as it provides a global solution, the
classification complexity does not depend on the
feature dimension, and the sensitivity of adding
features is relatively low(2!l,

The obtained vectors were used as input to the
SVM algorithm using 10-fold cross-validation to
obtain the accuracy metric and thus evaluate the
classifier's performance.

Channel reduction criteria

We tested the use of a smaller number of surface
electrodes for the detection of epileptic seizures. Thus,
the greedy algorithm presented in?2 and used in!23
was adapted to remove channels step-by-step
(backward-elimination).
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The goal was to test all combinations, removing one
channel at a time (k-combinations: k=1I), and use them
to extract features and for classification. Then, we
selected the subset of channels which gave the highest
accuracy in the classification step, corresponding to
the local maximum. After that, the procedure was
repeated with the subset of channels obtained while
the length of the subset was still greater than one
channel.

Results

We performed classification experiments using the
characterized EEG signals and reduction of the
number of instances based on clustering and
developed and tested a method for creating a general
model to detect epileptic seizures.

EEG-based classification of epileptic seizures and
seizure-free periods

We analyzed the difference between the application
of the method for feature extraction and classification
using the complete signal (the duration of the epileptic
seizures and the seizure-free periods was the same)
and only six-second segments. For the six-second
segments, we also analyzed whether the sample rate of
the EEG-based epileptic seizure and seizure-free
period affect classification or whether similar
accuracy can be obtained using fewer data points, by
subsampling at 128 Hz.

We first assessed the average accuracy of the
method for 24 subjects using all 22 channels (Fig. 2).
The accuracy was the lowest using the complete
signal, probably because feature extraction was based
on the analysis of segments of different lengths. The
use of six-second segments improved the accuracy to
91% for sampling rates of both 256 Hz and 128 Hz.

We also tested the use of fewer channels for the
classification of epileptic seizures (Fig. 3). The lowest
number of channels that could be used while retaining
good accuracy was eight for the six-second segments
with subsampling at 128 Hz. However, the use of even

1.00 ¢
0.95 +
§ 0.91 0.92
-
g 0901 oss
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0.85
0.80 | — - |-
Complete 6 seconds 6 seconds
signal 256 Hz 128 Hz

Fig. 2 Average accuracy of epileptic seizure classification for
24 subjects by SVM using the complete signal and six-second
segments (with a sample rate of 256 Hz and 128 Hz).

just five channels resulted in an only 1% reduction in
accuracy, while the computational cost for feature
extraction was 37.5% lower.

The average accuracy was affected by the results of
several subjects in whom the accuracy was low in the
classification. For example, the accuracy in subject 13
was approximately 0.65 in all cases (reducing the
number of channels).

Only the results of experiments using the six-
second segments at a sample rate of 128 Hz are further
described, as these conditions provided the best results
and the time for feature extraction was shorter.

Detection of epileptic seizures for a patient using
data from 1.5 years before

In the description of the dataset, the authors
mentioned that subject 1 and subject 21 are the same
person, but the EEG signals of subject 21 were
recorded 1.5 years after those of subject 1. The
problem of transfer learning is well-known for some
applications. We thus attempted to use the previous
knowledge to classify the epileptic seizures of the
same subject.

The problem of transfer learning and the accuracy
obtained using a trained model with new data of the
subject is illustrated in Fig. 4. Data from subject 21
was used to create a model by SVM and then the use
of that model to classify the seizures of subject 1. The
accuracy of the created model for this approach was
0.82, and the accuracy classifying new data from

1.00

0.98 -
0.96 0.945

0.94 — - 0.933

0.84 + —— 6 seconds, 256 Hz
0.82 —— 6 seconds, 128 Hz
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0 1 1 1 1 1 1 1 I 1 1 1 1 1 1 1 1 I I 1 1 1 1
222120191817161514131211109 8 7 6 5 4 3 2 1
Channels

Fig. 3 Average accuracy of epileptic seizure classification for
24 subjects using SVM during channel reduction.

1.0 -

0.68
0.61

Subject 1 Subject 21
Fig. 4 Classification of epileptic seizures of subject 1 using the

ML-based model of subject 21, and the epileptic seizures of
subject 21 using the ML-based model of subject 1.
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subject 21 was 0.68. Data from subject 1 was used to
create a model by SVM and the use of that model to
classify the seizures of subject 21. The accuracy of the
model created for this approach was 0.95, and the
accuracy classifying new data from subject 1 was 0.61.

Improving the accuracy of classification for data
from 1.5 years before

We performed 10-fold cross-validation using the
data of subject 1, 21, and those of both subjects
(Fig. 5). It was possible to obtain an accuracy of 0.95
when combining the data, even using only five
channels.

However, the main issue of session-session transfer
learning concerns the number of instances that are
necessary to add to the model to recognize unknown
data from new sessions, e.g., how many instances
from subject 21 are necessary to add to the model of
subject 1 to recognize epileptic seizures and seizure-
free periods from 1.5 years before. We thus tested the
accuracy obtained when using all the data of subject 1
and that from the epileptic seizures of subject 21
incrementally (Fig. 6). The experiment was carried
out using 22 channels to show that the model can be
used to detect new epileptic seizures when adding
instances from the new session (1.5 years later). The
effect of adding one seizure and one seizure-free
period was different from that of adding two seizures

1.00 - [T
_ S . 0.95
0.95 4%
2 0.90 R i
g — N\ Z8)
= 085 g AN
20807, )
0.75 a —— 21
T —e— S1 and S21
070 I I I I I

222120191817161514131211109 8 7 6 5 4 3 2 1
Channels

Fig. 5 Accuracy obtained with data from subject 1 (S1), sub-
ject 21 (S21), and data from both subjects using SVM, during
channel reduction.
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Fig. 6 Accuracy obtained in the classification of epileptic
seizures and seizure-free periods of subject 1 and after adding
1, 2, and 3 instances of subject 21 using the SVM classifier.

and two seizure-free periods, according to the size of
the seizures, because, as previously mentioned, the
models were created with segments of six seconds.
These results suggest the possibility of creating a
general model to detect epileptic seizures of unknown
subjects.

A general model for epileptic seizure detection
removing instances using k-means clustering

We created a general model to detect epileptic
seizures and tested its feasibility by considering only
subjects for whom the accuracy of classification
was 20.90 after 10-fold cross-validation using 22
channels: subjects 1, 3, 4, 5, 7,9, 10, 11, 15, 19, 22,
23, and 24.

The first step was to select the best instances for
each subject and then this subset of instances to create
a general model. The general model was created from
the instances using the k-means clustering algorithm
to obtain the instances that were not clearly separate
and selecting only those from the clusters that were
unmixed or removing those that were not dominant
from each cluster (Fig. 7).

We first used the elbow method to automatically
select the number of clusters. The elbow method uses
the within-cluster sum of errors, which is the sum of
the distance between each point of a cluster from the
cluster centroid?4l. Drawing a straight line from point
1 to N (orange line in Fig. 8), where N is the
maximum number of clusters, and calculating the
distance from each point (corresponding to the
number of clusters used) to this line, the point with the
largest distance is the optimal k for the k-means
algorithm. As an example, the maximum distance is
reached using 11 clusters based on the feature vectors
from the previously mentioned subjects (Fig. §).

The process to remove the non-dominant instances
in each cluster is illustrated by the red lines in Fig. 7.
After removing these instances, we repeated the
clustering process to validate the fact that the
instances were now unmixed. The following

Fig. 7 Illustration of the instance-reduction process, based on
removing the non-dominant instances in k-means clusters:
those indicated by the red line will be removed (S means epi-
leptic seizure and S-F means seizure-free).
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experiment was then performed, which consisted of
assessing the classification accuracy using SVM, with
and without instance reduction, using 22 channels
(Fig. 9). The accuracy following instance reduction
was 0.93, 4% higher than the accuracy obtained for
clustering without instance reduction.

Following validation of the accuracy obtained using
the EEG data of the previously mentioned subjects by
10-fold cross-validation using SVM (Fig. 9), we
tested the ability of the general model to detect
epileptic seizures and seizure-free activity in unknown
subjects following the method for feature extraction
and instance reduction.

We tested the accuracy obtained after creating a
model with N subjects minus subject i and the
accuracy obtained using that model to classify an
unknown subject (subject i) without calibration
(Fig. 10).

In general, the accuracy of the created models
was >90% but the accuracy of the same model for
detecting unknown data was sometimes lower. For
example, the accuracy for subjects 15 and 22 was
approximately 30% lower than that of the model.

Discussion

The average accuracy of classification of epileptic
seizures and seizure-free periods was up to 94.5% in
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Fig. 8 Selection of the optimal k for the k-means algorithm us-
ing the elbow method.
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Fig. 9 Accuracy obtained using all the subjects without and
with instance reduction.
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Fig. 10 Accuracy of epileptic seizure classification using SVM
with the model created for N-i subjects and evaluation of the
model with subject i.

24 subjects using EMD-based energy and fractal
features. The accuracy obtained in some subjects was
up to 98%, whereas it was much lower in several
others. This is related to the number of instances for
the training stage. These results are of interest for the
detection of epileptic seizures tailored to the subject
and the monitoring of epileptic events.

In addition to the analysis of subject-tailored
models, we also tested the feasibility of a general
model. Indeed, our results show that it is possible to
detect the seizures of new subjects using the EEG
signals collected during those of other subjects, but
that it is necessary to add several instances of the new
subject to significantly improve the accuracy.
Selecting the best-separated instances using the k-
means algorithm improved the accuracy by 4% using
22 channels. However, it may be possible to further
improve the accuracy by selecting only the best
channels.

The classification of epileptic seizures can be the
first step towards the localization of epileptic foci in
medical applications and determining the correct
medication to give the subject. Real-time detection in
itself could be an alternative in managing epilepsy,
e.g., sending commands or messages to external
devices or individuals. However, the use of dry
electrodes for such long-term usage, instead of wet
electrodes, will be necessary for these applications.

Our results show the potential of using fewer
channels to improve portability and facilitate daily
use. In addition to the use of fewer channels, the use
of a lower sample rate and a method for feature
extraction from the raw EEG signal will provide
useful information for classification and detection.
Extracting the energy distribution and fractal features
of the IMFs has shown that it's possible to characterize
epileptic seizures and seizure-free periods for
classification.

The problem of transfer learning can be tackled by
adding instances from other subjects to a general
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model (calibration) to detect the epileptic seizures of a
new subject. Future steps will also include steps in the
presented methodology to test new data with ensemble
learning.

This method, along with the use of the appropriate
number of channels/instances, the combined
knowledge from wvarious areas of science,
advances in portability, new types of electrodes, and
new technology for EEG signal acquisition in general,
should hasten the development of new tools for
medical diagnosis and care, as well as real-time and
real-life applications.

Decreasing the computational cost of the method
used for feature extraction is important, as the
computational cost of the classifier will also decrease,
allowing efficient real-time classification for
monitoring epileptic seizures. The time to decompose
a signal of size N by EMD is O(N log N)!%). The
previous complexity is taken into account for all
instances used for training and testing, and is also
used in the feature extraction process of new instances
in the real-time implementation of the method. The
complexity of the classifier for the dataset is only
important for creating the model, for which the
highest complexity is 0(N3), in the case of the SVM.
In addition, the necessary time just to predict the class
of a new instance with a SVM is O(1) + O(N)[2¢1,

According to the literature, it is necessary to use
multifractal properties to extract more information
about non-stationary signals. Thus, multifractal DFA
(MF-DFA)2" and MF detrended moving average
(MF-DMA)281 will be tested and added for feature
extraction using the method based on the IMFs and
future improvements of epileptic seizure classification
and detection for new clinical applications.

and
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The effectiveness of the feature extraction method
has been shown in the classification accuracies, which
were achieved wusing 10-fold cross-validation.
Additionally, the method used for channel reduction
has been shown to have a good performance, since the
accuracies using 22 channels or just 5 channels are
quite similar (0.97 to 0.93).

The analysis of epileptic seizures includes several
linear and non-linear features, which are either mixed
or based on the DWT®) Chakrabarti et all30
attempted to closely compare various methods using
principal component analysis to reduce the number of
channels. However, they used epileptic-seizure data
from only 10 subjects. They obtained an accuracy of
0.834 using 12 channels, in contrast to our study, in
which we obtained an accuracy of 0.933 with only
five channels, on average, for 24 subjects (Fig. 3).

As it was mentioned previously, there are some
works presenting several methods using different
feature extraction techniques, classification algorithms
and experiment setups. In order to provide a general
overview of the current state-of-the-art, we are also
including some relevant approaches for epileptic
seizure classification using the same dataset.
Important details are summarized in Table 2 for
analysis and comparison purposes.

In Table 2, the classification accuracy of our
approach is shown using the results from the first
experiment exposed here. It should be noted that our
experiments were not limited to the comparison with
previous works, since we are showing more
experiments using transfer learning, channel reduction
and instances selection.

According to authorsi, they are obtaining an
accuracy of 0.99 using only 5 channels, in contrast to
our approach where we are obtaining an accuracy of

Table 2 Comparison of existing methods for epileptic seizures classification using the same dataset!'2!

References: year Methods

Subjects, channels Evaluation

Rafiuddin ef al31: 2011 Energy and coefficient of variation extracted

deviation from raw signal.

Khan et al32: 2012 Relative values of energy and a normalized

coefficients of variation from DWT.

Zabihi et al31: 2016
of Poincaré section with phase space.

Bhattacharyya et all341: Three features extracted from different
2017

of Empirical Wavelet Transform.

Solaija et al351: 2018 Signal curve length of the time-domain EEG
signal and the mode powers of the dynamic

mode decomposition

from DWT, interquartile range, median absolute

Seven features from the intersection sequence

oscillatory levels using multivariate extension

23,23 0.80 of accuracy, using ~80% for training

5,(23,24 0r26)  0.91 of accuracy, using ~80% for training

23,23 0.93 and 0.94 of accuracies, using 25% and
50% for training, respectively.

23,5 0.99 of accuracy, using 10-fold cross-validation

12,18 0.87 of sensitivity, using ~50% for training

24,5 0.93 in average, 10-fold cross-validation

Proposed method Teager and instantaneous energy, Higuchi and
Petrosian fractal dimension, and DFA from 2

IMFs based on the EMD
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0.93 using also 5 channels (not necessarily the same
channels positions). They are using an imbalanced
dataset applying the synthetic minority oversampling
technique to obtain a balanced dataset. As it was
mentioned previously, our approach was evaluated
considering a balanced dataset and the differences
between both methods must be tested under the same
conditions. This future comparison will be used to
improve the accuracy in the case of the subject-
specific model.

The use of machine or deep learning to detect or
predict epileptic seizures with a low number of EEG
channels will increase portability and be more user-
friendly, thus allowing long-term monitoring outside
of the hospital setting. However, there are several
challenges to be addressed before real-life
implementation, as epilepsy can cause a variety of
neurological disorders, such as depression and
anxiety. If these types of additional classes are not
considered, the classifier will only be able to
distinguish between an epileptic seizure and seizure-
free, causing more harm than goodi®. In that
direction, future efforts must include the analysis of
more disorders to classify and predict them from EEG
data.

In conclusion, we present a method extracting 5
features from 2 IMFs based on EMD, and it has been
successfully used for epileptic seizure classification.
The method was performed in several experiments
using a different number of channels that were
reduced wusing a Dbackward-elimination greedy
algorithm. We used k-means clustering algorithm for
instance reduction, increasing the accuracy from 0.89
to 0.93 and creating a general model for epileptic
seizure classification.

Future work will focus on comparing the most
relevant methods to determine the capabilities of each.
They will be compared using a public high-density
EEG dataset, as most comparisons are based on
different methods and different experimental setups
(number of subjects, trials, sessions, channels, efc.),
even when using the same dataset, making it difficult
to validate a classifier's performance.

Further steps in this research will also focus on
testing TLE information and brain-mapping
techniques to reduce the number and localization of
the channels, testing the resulting method on the
dataset used in this paper and various public datasets
from the EPILEPSIAE project(!ll.

Acknowledgments

This work was supported by Enabling Technologies-
NTNU under the project "David versus Goliath:
single-channel EEG unravels its power through

adaptive signal analysis-FIexEEG". The authors want
to thank the reviewers for their valuable comments
which permitted to improve the presentation of the
work.

References

[1] Kale R. Bringing epilepsy out of the shadows[J]. BMJ, 1997,
315(7099): 2-3.

[2] Engel Jr J. A practical guide for routine EEG studies in
epilepsy[J]. J Clin Neurophysiol, 1984, 1(2): 109-142.

[3] Adeli H, Ghosh-Dastidar S. Automated EEG-based diagnosis
of neurological
neurology[M]. Boca Raton: CRC Press, 2010: 1-423.

[4] Devinsky O. Diagnosis and treatment of temporal lobe
epilepsy[J]. Rev Neurol Dis, 2004, 1(1): 2-9.

[5] Engel Jr J. Mesial temporal lobe epilepsy: what have we
learned?[J]. Neuroscientist, 2001, 7(4): 340-352.

[6] Srinivasan V, Eswaran C, Sriraam N. Artificial neural network

disorders: inventing the future of

based epileptic detection using time-domain and frequency-
domain features[J]. J Med Syst, 2005, 29(6): 647—660.

[7] Kumar Y, Dewal ML, Anand RS. Epileptic seizure detection
using DWT based fuzzy approximate entropy and support
vector machine[J]. Neurocomputing, 2014, 133: 271-279.

[8] Tzallas AT, Tsipouras MG, Fotiadis DI. Epileptic seizure
detection in EEGs using time-frequency analysis[J]. [EEE
Trans Inf Technol Biomed, 2009, 13(5): 703-710.

[9] Guo L, Rivero D, Pazos A. Epileptic seizure detection using
multiwavelet transform based approximate entropy and
artificial neural networks[J]. J Neurosci Methods, 2010,
193(1): 156-163.

[10] Goldberger AL, Amaral LAN, Glass L, et al. PhysioBank,
PhysioToolkit, and PhysioNet: components of a new research
resource for complex physiologic signals[J]. Circulation, 2000,
101(23): e215-e220.

[11] EPILEPSIAE-Evolving platform for
expectation of patients suffering from IctAl events|[EB/OL].
[2007-05-01]. http://www.epilepsiae.cu/.

[12] Shoeb AH. Application of machine learning to epileptic seizure

and treatment[D]. Cambridge, MA:
Massachusetts Institute of Technology, 2009: 1-162.

[13] Huang NE, Shen Z, Long SR, et al. The empirical mode

decomposition and the Hilbert spectrum for nonlinear and non-

improving  living

onset detection

stationary time series analysis[J]. Proc Roy Soc A: Math, Phys
Eng Sci, 1998, 454(1971): 903-995.

[14] Boutana D, Benidir M, Barkat B. On the selection of intrinsic
mode function in EMD method: application on heart sound
signal[C]//Proceedings of 2010 3rd International Symposium
on Applied Sciences in Biomedical and Communication
Technologies. Rome, Italy: IEEE, 2010: 1-5.

[15] Didiot E, Illina I, Fohr D, et al
parameterization for speech/music discrimination[J]. Comput
Speech Lang, 2010, 24(2): 341-357.

A wavelet-based


http://dx.doi.org/10.1136/bmj.315.7099.2
http://dx.doi.org/10.1136/bmj.315.7099.2
http://dx.doi.org/10.1097/00004691-198404000-00001
http://dx.doi.org/10.1097/00004691-198404000-00001
http://dx.doi.org/10.1097/00004691-198404000-00001
http://dx.doi.org/10.1097/00004691-198404000-00001
http://dx.doi.org/10.1177/107385840100700410
http://dx.doi.org/10.1177/107385840100700410
http://dx.doi.org/10.1007/s10916-005-6133-1
http://dx.doi.org/10.1007/s10916-005-6133-1
http://dx.doi.org/10.1016/j.neucom.2013.11.009
http://dx.doi.org/10.1016/j.neucom.2013.11.009
http://dx.doi.org/10.1109/TITB.2009.2017939
http://dx.doi.org/10.1109/TITB.2009.2017939
http://dx.doi.org/10.1109/TITB.2009.2017939
http://dx.doi.org/10.1016/j.jneumeth.2010.08.030
http://dx.doi.org/10.1016/j.jneumeth.2010.08.030
http://dx.doi.org/10.1016/j.jneumeth.2010.08.030
http://dx.doi.org/10.1016/j.jneumeth.2010.08.030
http://www.epilepsiae.eu/
http://dx.doi.org/10.1098/rspa.1998.0193
http://dx.doi.org/10.1098/rspa.1998.0193
http://dx.doi.org/10.1098/rspa.1998.0193
http://dx.doi.org/10.1016/j.csl.2009.05.003
http://dx.doi.org/10.1016/j.csl.2009.05.003
http://dx.doi.org/10.1016/j.csl.2009.05.003
http://dx.doi.org/10.1136/bmj.315.7099.2
http://dx.doi.org/10.1136/bmj.315.7099.2
http://dx.doi.org/10.1097/00004691-198404000-00001
http://dx.doi.org/10.1097/00004691-198404000-00001
http://dx.doi.org/10.1097/00004691-198404000-00001
http://dx.doi.org/10.1097/00004691-198404000-00001
http://dx.doi.org/10.1177/107385840100700410
http://dx.doi.org/10.1177/107385840100700410
http://dx.doi.org/10.1007/s10916-005-6133-1
http://dx.doi.org/10.1007/s10916-005-6133-1
http://dx.doi.org/10.1016/j.neucom.2013.11.009
http://dx.doi.org/10.1016/j.neucom.2013.11.009
http://dx.doi.org/10.1109/TITB.2009.2017939
http://dx.doi.org/10.1109/TITB.2009.2017939
http://dx.doi.org/10.1109/TITB.2009.2017939
http://dx.doi.org/10.1016/j.jneumeth.2010.08.030
http://dx.doi.org/10.1016/j.jneumeth.2010.08.030
http://dx.doi.org/10.1016/j.jneumeth.2010.08.030
http://dx.doi.org/10.1016/j.jneumeth.2010.08.030
http://www.epilepsiae.eu/
http://dx.doi.org/10.1098/rspa.1998.0193
http://dx.doi.org/10.1098/rspa.1998.0193
http://dx.doi.org/10.1098/rspa.1998.0193
http://dx.doi.org/10.1016/j.csl.2009.05.003
http://dx.doi.org/10.1016/j.csl.2009.05.003
http://dx.doi.org/10.1016/j.csl.2009.05.003

190 Moctezuma LA et al. J Biomed Res, 2020, 34(3)

[16] Higuchi T. Approach to an irregular time series on the basis of
the fractal theory[J]. Phys D: Nonlinear Phenom, 1988, 31(2):
277-283.

[17] Kesi¢ S, Spasi¢ SZ. Application of Higuchi's fractal dimension
from basic to clinical neurophysiology: a review[J]. Comput
Methods Programs Biomed, 2016, 133: 55-70.

[18] Petrosian A. Kolmogorov complexity of finite sequences and
recognition of different preictal EEG patterns[C]//Proceedings
of the Eighth IEEE Symposium on Computer-Based Medical
Systems. Lubbock, TX, USA: IEEE, 1995: 212-217.

[19] Peng CK, Buldyrev SV, Havlin S, et al. Mosaic organization of
DNA nucleotides[J]. Phys Rev E Stat Phys Plasmas Fluids
Relat Interdiscip Topics, 1994, 49(2): 1685-1689.

[20] Moctezuma LA, Molinas M. EEG-based subjects identification
based on biometrics of imagined speech using EMD[M]//Wang
SY, Yamamoto V, Su JZ, et al. Brain Informatics. Cham:
Springer, 2018: 458—467.

[21] Joachims ~ T.  Making large-scale = SVM
practical[M]//Scholkopf B, Christopher J.
Alexander J. Smola. Advances in kernel methods: support
vector learning. Cambridge: MIT Press, 1999: 169—184.

[22] Cormen TH, Leiserson CE, Rivest RL. Introduction to
algorithms[M]. Cambridge: MIT Press, 2001: 415-463.

[23] Moctezuma LA, Molinas M. Subject identification from low-
density EEG-recordings of resting-states: a study of feature

learning

C. Burges,

extraction and classification[C]//Proceedings of 2019 Future of
Information and Communication Conference. San Francisco,
USA: Springer, 2020: 830—846.

[24] Kodinariya TM, Makwana PR. Review on determining number
of Cluster in K-Means Clustering[J]. Int J Adv Res Comput Sci
Manag Stud, 2013, 1(6): 90-95.

[25] Wang YH, Yeh CH, Young HWV, et al. On the computational
complexity of the empirical mode decomposition algorithm[J].
Phys A: Stat Mech Appl, 2014, 400: 159-167.

[26] Abdiansah A, Wardoyo R. Time complexity analysis of
support vector machines (SVM) in LibSVM[I]. Int J Comput
Appl, 2015, 128(3): 28-34.

[27] Kantelhardt JW, Zschiegner SA, Koscielny-Bunde E, et al.

Multifractal detrended fluctuation analysis of nonstationary
time series[J]. Phys A: Stat Mech Appl, 2002, 316(1-4): 87—
114.

[28] Gu GF, Zhou WX. Detrending moving average algorithm for
multifractals[J]. Phys Rev E, 2010, 82(1): 011136.

[29] Gajic D, Djurovic Z, Gligorijevic J, et al. Detection of
epileptiform activity in EEG signals based on time-frequency
and non-linear analysis[J]. Front Comput Neurosci, 2015, 9:
38.

[30] Chakrabarti S, Swetapadma A, Pattnaik PK. A channel
selection method for epileptic EEG signals[M]//Abraham A,
Dutta P, Mandal JK, et al. Emerging Technologies in Data
Mining and Information Security. Singapore: Springer, 2019:
565-573.

[31] Rafiuddin N, Khan YU, Farooq O. Feature extraction and
classification of EEG for automatic seizure detection[C]/
Proceedings of 2011 International Conference on Multimedia,
Signal Processing and Communication Technologies. Aligarh,
India: IEEE, 2011: 184-187.

[32] Khan YU, Rafiuddin N, Farooq O. Automated seizure
detection in scalp EEG
scales[C]//Proceedings of 2012 IEEE International Conference

using  multiple  wavelet
on Signal Processing, Computing and Control. Waknaghat
Solan, India: IEEE, 2012: 1-5.

[33] Zabihi M, Kiranyaz S, Rad AB, et al. Analysis of high-
dimensional phase space via Poincaré section for patient-
specific seizure detection[J]. /[EEE Trans Neural Syst Rehabil
Eng, 2016, 24(3): 386-398.

[34] Bhattacharyya A, Pachori RB. A multivariate approach for
patient-specific EEG seizure detection using empirical wavelet
transform[J]. [EEE Trans Biomed Eng, 2017, 64(9):
2003-2015.

[35] Solaija MSJ, Saleem S, Khurshid K, et al. Dynamic mode
decomposition based epileptic seizure detection from scalp
EEGIJ]. IEEE Access, 2018, 6: 38683-38692.

[36] Arulsamy A, Shaikh MF. The impact of epilepsy on the
manifestation of anxiety disorder[J]. Int J Nutr, Pharmacol,

Neurol Dis, 2016, 6(1): 3—11.


http://dx.doi.org/10.1016/0167-2789(88)90081-4
http://dx.doi.org/10.1016/0167-2789(88)90081-4
http://dx.doi.org/10.1016/j.cmpb.2016.05.014
http://dx.doi.org/10.1016/j.cmpb.2016.05.014
http://dx.doi.org/10.1016/j.cmpb.2016.05.014
http://dx.doi.org/10.1016/j.cmpb.2016.05.014
http://dx.doi.org/10.1016/j.cmpb.2016.05.014
http://dx.doi.org/10.1016/j.cmpb.2016.05.014
http://dx.doi.org/10.1016/j.cmpb.2016.05.014
http://dx.doi.org/10.1016/j.cmpb.2016.05.014
http://dx.doi.org/10.1016/j.cmpb.2016.05.014
http://dx.doi.org/10.1016/j.physa.2014.01.020
http://dx.doi.org/10.1016/j.physa.2014.01.020
http://dx.doi.org/10.1016/j.physa.2014.01.020
http://dx.doi.org/10.1016/j.physa.2014.01.020
http://dx.doi.org/10.1016/j.physa.2014.01.020
http://dx.doi.org/10.1016/S0378-4371(02)01383-3
http://dx.doi.org/10.1016/S0378-4371(02)01383-3
http://dx.doi.org/10.1103/PhysRevE.82.011136
http://dx.doi.org/10.1103/PhysRevE.82.011136
http://dx.doi.org/10.1103/PhysRevE.82.011136
http://dx.doi.org/10.1103/PhysRevE.82.011136
http://dx.doi.org/10.1109/TNSRE.2015.2505238
http://dx.doi.org/10.1109/TNSRE.2015.2505238
http://dx.doi.org/10.1109/TNSRE.2015.2505238
http://dx.doi.org/10.1109/TBME.2017.2650259
http://dx.doi.org/10.1109/TBME.2017.2650259
http://dx.doi.org/10.1109/ACCESS.2018.2853125
http://dx.doi.org/10.1109/ACCESS.2018.2853125
http://dx.doi.org/10.4103/2231-0738.173783
http://dx.doi.org/10.4103/2231-0738.173783
http://dx.doi.org/10.4103/2231-0738.173783
http://dx.doi.org/10.1016/0167-2789(88)90081-4
http://dx.doi.org/10.1016/0167-2789(88)90081-4
http://dx.doi.org/10.1016/j.cmpb.2016.05.014
http://dx.doi.org/10.1016/j.cmpb.2016.05.014
http://dx.doi.org/10.1016/j.cmpb.2016.05.014
http://dx.doi.org/10.1016/j.cmpb.2016.05.014
http://dx.doi.org/10.1016/j.cmpb.2016.05.014
http://dx.doi.org/10.1016/j.cmpb.2016.05.014
http://dx.doi.org/10.1016/j.cmpb.2016.05.014
http://dx.doi.org/10.1016/j.cmpb.2016.05.014
http://dx.doi.org/10.1016/j.cmpb.2016.05.014
http://dx.doi.org/10.1016/j.physa.2014.01.020
http://dx.doi.org/10.1016/j.physa.2014.01.020
http://dx.doi.org/10.1016/j.physa.2014.01.020
http://dx.doi.org/10.1016/j.physa.2014.01.020
http://dx.doi.org/10.1016/j.physa.2014.01.020
http://dx.doi.org/10.1016/S0378-4371(02)01383-3
http://dx.doi.org/10.1016/S0378-4371(02)01383-3
http://dx.doi.org/10.1103/PhysRevE.82.011136
http://dx.doi.org/10.1103/PhysRevE.82.011136
http://dx.doi.org/10.1103/PhysRevE.82.011136
http://dx.doi.org/10.1103/PhysRevE.82.011136
http://dx.doi.org/10.1109/TNSRE.2015.2505238
http://dx.doi.org/10.1109/TNSRE.2015.2505238
http://dx.doi.org/10.1109/TNSRE.2015.2505238
http://dx.doi.org/10.1109/TBME.2017.2650259
http://dx.doi.org/10.1109/TBME.2017.2650259
http://dx.doi.org/10.1109/ACCESS.2018.2853125
http://dx.doi.org/10.1109/ACCESS.2018.2853125
http://dx.doi.org/10.4103/2231-0738.173783
http://dx.doi.org/10.4103/2231-0738.173783
http://dx.doi.org/10.4103/2231-0738.173783
http://dx.doi.org/10.1016/0167-2789(88)90081-4
http://dx.doi.org/10.1016/0167-2789(88)90081-4
http://dx.doi.org/10.1016/j.cmpb.2016.05.014
http://dx.doi.org/10.1016/j.cmpb.2016.05.014
http://dx.doi.org/10.1016/j.cmpb.2016.05.014
http://dx.doi.org/10.1016/j.cmpb.2016.05.014
http://dx.doi.org/10.1016/j.cmpb.2016.05.014
http://dx.doi.org/10.1016/j.cmpb.2016.05.014
http://dx.doi.org/10.1016/j.cmpb.2016.05.014
http://dx.doi.org/10.1016/j.cmpb.2016.05.014
http://dx.doi.org/10.1016/j.cmpb.2016.05.014
http://dx.doi.org/10.1016/j.physa.2014.01.020
http://dx.doi.org/10.1016/j.physa.2014.01.020
http://dx.doi.org/10.1016/j.physa.2014.01.020
http://dx.doi.org/10.1016/j.physa.2014.01.020
http://dx.doi.org/10.1016/j.physa.2014.01.020
http://dx.doi.org/10.1016/S0378-4371(02)01383-3
http://dx.doi.org/10.1016/S0378-4371(02)01383-3
http://dx.doi.org/10.1103/PhysRevE.82.011136
http://dx.doi.org/10.1103/PhysRevE.82.011136
http://dx.doi.org/10.1103/PhysRevE.82.011136
http://dx.doi.org/10.1103/PhysRevE.82.011136
http://dx.doi.org/10.1109/TNSRE.2015.2505238
http://dx.doi.org/10.1109/TNSRE.2015.2505238
http://dx.doi.org/10.1109/TNSRE.2015.2505238
http://dx.doi.org/10.1109/TBME.2017.2650259
http://dx.doi.org/10.1109/TBME.2017.2650259
http://dx.doi.org/10.1109/ACCESS.2018.2853125
http://dx.doi.org/10.1109/ACCESS.2018.2853125
http://dx.doi.org/10.4103/2231-0738.173783
http://dx.doi.org/10.4103/2231-0738.173783
http://dx.doi.org/10.4103/2231-0738.173783

