2020 17th International Conference on Electrical Engineering, Computing Science and Automatic Control (CCE). Mexico City, Mexico. November 11-13, 2020

Typical Absence Epilepsy Identification on EEG
Brenda Enriquez-Rodríguez
Instituto Politécnico Nacional
UPIITA México City, México
brenda.er.03@gmail.com

Blanca Tovar-Corona
Instituto Politécnico Nacional
UPIITA México City, México
bltovar@ipn.mx

Carlos A. Ramírez-Fuentes
Instituto Politécnico Nacional
UPIITA México City, México
cramirezf1600@alumno.ipn.mx

Martin Arturo Silva Ramirez
Hospital La Raza IMSS
Postgraduate professor UNAM
neuro_marturosilva@yahoo.com

Abstract—This paper describes the methodology and results
obtained from the classification of EEG signals in two groups:
1) Patients with typical absence seizure; 2) Patients with other
kind of epilepsy or healthy. Three main techniques were applied
to identify the morphological features from EEG signals in
order to evaluate recordings without having to train a model
using a database: Continuous Wavelet Transform, Competitive
Neural Networks and Correlation. An interface was developed
to include clinical information in order to create an auxiliary
system for the identification of absence epilepsy. Data from 24
patients, with different types of epilepsy and non-epileptic, were
analyzed, and all of them were correctly classified. The system
can be used as auxiliary in the identification of typical absence
epilepsy either in clinic or in education.

much attention and time. Furthermore, there are some cases in
which patients need to be monitored for 24 hours or even
weeks [5]. During the analysis, neurologists need to observe
signal features at the same time, paying attention to signal
amplitude and the main frequency components.

Keywords— Continuous wavelet transform, neural network,
automated diagnosis, EEG signal processing, Spike-slow wave
complex, absence epileptic seizures

An accurately diagnosis in an early stage is important as it
is necessary that patients receive an appropriate treatment.

Epilepsy is a public health problem. It is a central nervous
system disorder in which brain activity becomes abnormal,
causing seizures, or periods of unusual behavior, sensations or
loss of awareness.
Typical absence epilepsy is a type of epilepsy that causes
a short period of awareness, with immediate recovery. It does
not cause muscle movements. During the seizure, patient is
unable to be aware of its surrounding. This kind of epilepsy is
more common in children and adolescents. It is called “petit
mal” as it does not cause severe injuries in patients such as
myoclonic seizures. However, 40% of patients that do not
receive treatment, develop epilepsy with convulsions [1].
Typical absence seizure (TAS) can be identified on EEG
by the spike-slow wave complex. It is formed by a spike
followed by a slow wave. The frequency of the complex is
between 3 and 4 Hz [2] [3] [4]. It is a generalized onset seizure:
it starts in both sides of the brain at the same time.
EEG is commonly used for epilepsy diagnosis as it is a
non-invasive method that allows us to analyze the electrical
cerebral activity [4]. The standard international system to
obtain EEG clinical recordings is the 10-20, which consists of
19 channels and a referential point. These recordings typically
have a duration between 20 and 40 minutes.
Neurologists commonly analyze, visually, 19 channels at
the same time in intervals of 10 seconds, which demands too
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In order to classify correctly a seizure, it is necessary to
know the differences with the rest of the seizures,
concentrating in the search of those features that allow the
automatic detection employing signal processing and artificial
intelligence techniques. Therefore, a complete classification
of epileptic seizures was made as depicted in Figs. 1, 2 and 3.
Each epileptic seizure is related to different wave forms.
Table I shows different abnormal patterns that can be found in
an EEG recording that have similar morphology.
Inside the EEG recordings, it is possible to find similar
patterns of typical absence seizure but with a different clinical
diagnostic. Table II presents a comparison between some of
them and their characteristics.
Epileptic seizures classification according
to its cortical distribution.

I. INTRODUCTION

Neurologists need to learn and get familiar with EEG
waves to be able to identify patterns. This ability is acquired
by experience [6]. According to a research, complexity to
identify epilepsy is variable depending on the kind of epilepsy,
getting better results for epilepsy with convulsions, and
intermediate for absence epilepsy. Neurologists might give an
inaccurately diagnosis due to a lack of experience and fatigue
can also lead into signals misclassification [7].

Focal

Epileptic discharge is limited to an
electrode location and its immediate
neighboring regions.

Hemispherical

Unilateral electrical activity including
positions located in the anterior and
posterior part of the coronal line.

Bilateral

Includes positions located on both
sides of the sagittal .

Generalized

It is bilateral and includes the
electrodes located both in the anterior
and in the posterior region.

Fig. 1. Epileptic seizures classification according to its cortical distribution.

Age of
highest
prevalence
(years)

Wave

Clinic description

Freq.
Detonating
(Hz)

Hypersynchronization
of slow waves
caused by
hyperventilation

1.5-4 Hyperventilation

Spike-slow wave
complex

Generalized
Fig. 2. Generalized seizures classification.

EEG PATTERNS WITH FEATURES SIMILAR TO TYPICAL
ABSENCE SEIZURE [9] [10] [11] [12] [13] [14].

Hyper-synchronic
slow waves

TABLE II.

Bilateral

The objective of the presented work is to describe a
methodology to identify TAS in EEG using Continuous
Wavelet Transform (CWT) and Competitive neural networks.

8 - 12

Lennox-Gastaut
syndrome

2.5

Photostimulation

3 - 19

Typical absence
crisis

3-4

Hyperventilation

4 - 14

2 >3

Hyperventilation

4 - 14

3-4

Present during
sleep

0.3 - 2

Atypical absence
crisis
Generalized
interictal epileptic
discharge

A. Related work
Some authors proposed different methodologies to detect
seizures in EEG based on Discrete Wavelet Transform
(DWT), combined with neural networks (NN) [15] [16].
Authors in [17] presented a real-time absence seizure
prediction algorithm based on Wavelets. The system
presented false-positives due to slow-wave-sleep.
II. Methodology
Fig. 3. Absence seizures classification.
TABLE I.
Pattern
Periodic
generalized sharp
waves
Bilateral
synchronous and
slow pseudoperiodic slow wave
discharges
Pseudoperiodic
lateralized
epileptiform
discharges
Triphasic waves
Temporal pseudoperiodic slow
waves
Paroxysm suppression

EEG database
3 < age < 18 ?
Convulsions?

Look for
generalized
seizures

Determine
parameters using
Competitive NN

Verify that the
frequency of the
complex is 3-4 Hz

Verify spike-slow
wave complex by
CWT distribution.

Look for spikes
and slow waves
using CWT

ABNORMAL EEG PATTERNS (MODIFIED FROM [8]).
Description

Cortical
distribution

Symptoms

Bi or triphasic
sharp waves

Generalized
lateralized

Sleepless or
sleepy

Irregular high
voltage slow
waves, slow
spike-wave
complexes

Synchronous
bilateral

Polyspikes, sharp
waves bi or
triphasic

Hemispheric

NegativePositive Negative

Bilateral,
synchronous
Impaired
predominantl
consciousness
y in the
anterior zone

Complex formed
of acute or
triphasic waves
Alternate
paroxysmal
complexes with
flattening of the
line

They are
evoked with
hyperventilatio
n or sleep in
early stages
They persist in
sleep;
deterioration
alert

Temporal

Impaired
consciousness

Synchronous
and / or
asymmetric
bilateral

Coma (Not part
of the sleep
cycle)

Fig 4. Block diagram of proposed methodology.

A. Subjects and data
EEG and medical history of 24 children and adolescents
between 3 and 18 years were analyzed. They were obtained
according to the tenets of the Declaration of Helsinki by the
neuropediatrician Martin Arturo Silva Ramirez, using a
Comet-PLUS® Portable EEG recording and Review System
from Grass Technologies®, with a 200 Hz sampling rate. The
distribution of the electrodes was according to the 10–20
standard under an average assembly. Each recording contains
19 channels and has an average duration of 30 minutes. They
were classified in four categories: 1) 4 Patients with Typical
Absence Epilepsy; 2) 5 Patients with Atypical Absence
epilepsy; 3) 10 Patients with any other kind of epilepsy; 4) 5
Patients nonrelated to any kind of epilepsy.
The specialist inspected and evaluated each recording to
score signals and identify seizures. In order to double-check
the score, different seizures were randomly shown to the
specialist individually. Finally, the specialist reviewed each
recording entirely to find epileptic seizures that had been

previously overlooked and marked them as definite. This is
the reference used to evaluate the accuracy of the system.
The presented system was implemented in MATLAB®
R2017b. It considers historical data of the patients in order to
discriminate if they may have or not absence seizures.
The system uses patient’s names to identify them, their age
is considered to know if the system is able to make an
evaluation of the patient or not. It can also handle and analyze
clinical data, which is organized in 4 categories: 1)
Convulsions (yes/no); 2) loss of consciousness (yes/no); 3)
academic performance (bad/average/good); 4) level of
attention (usual/poor). This information is provided by the
user, through an interface.

TABLE III.

SIX CEREBRAL CORTEX REGIONS CONSIDERED FOR
GENERALIZED SEIZURES CLASSIFICATION.

Region

Label

Positions

1

Left parietal lobe

Parietal 1

Fp1, P3

2

Right parietal lobe

Parietal 2

Fp2, P4

3

Left temporal lobe

Temporal 1

T3, T5

4

Right temporal lobe

Temporal 2

T4, T6

5

Left frontal lobe

Frontal 1

Fp1, F3, F7

6

Right frontal lobe

Frontal 2

Fp2, F4, F8

Based on clinical guidelines, patients who present
convulsions are not candidates for typical absence epilepsy,
therefore the system sends an alert and does not continue with
the analysis for patients that present this symptom.
B. Generalized seizures
The first step consists on extracting all seizures along the
whole EEG recording. It was used the “BFEENEEG–
Buscador de foco epiléptico en electroencefalograma”
software, developed by Ramírez-Fuentes C. A. et al., [18]. It
analyzes the complete EEG recording and identifies segments
of signals where seizures occur. It generates a matrix where
positions of found seizures are marked for each channel.
The next step consists on identifying generalized seizures.
The cerebral cortex was sectioned into six regions, and they
were labeled to identify which of them were or were not
active. Regions are defined in Table III.
To determine if an event is generalized or not, five groups
were defined, based on generalized seizure definition [19],
there would be at least one channel of each group with a
seizure at the same time. These groups are defined as follows:
Group 1= Parietal 1 + Parietal 2
Group 2= Temporal 1 + Temporal 2
Group 3= Frontal 1 + Frontal 2
Group 4= Parietal 1 + Temporal 1 + Frontal
Group 5= Parietal 2 + Temporal 2 + Frontal
C. Continuous Wavelet Transform parameters
In order to identify the spike-slow wave complex, the
spike and the slow wave were found separately, as each of
them has a specific frequency range and a variable amplitude.
The CWT analyzes signals in time intervals, so we can
identify signal frequencies along the time. This technique is
distinguished because of its multi-resolution capability, and it
has been frequently used in EEG diagnosis [20] [21] [22] [23].
In this work the mother wavelet Daubechies 4, shown in Fig.
5, is proposed to identify spike-slow wave complex, because
its morphology has similarity with TAS pattern, shown in Fig.
6, and after testing with other mother wavelets and getting the
best correlation. Daubechies 4 has shown good results for
EEG analysis in previous works [22] [24] [25] [26].

Fig. 5. Mother wavelet
Daubechies 4.

Fig. 6. Segment of TAS.

We needed to find the optimal number of scales and voices
that allows us to discriminate interest frequencies for spikes
and slow waves from the rest, considering that a bigger
number of voices leads to increased consumption of
computational resources and longer processing time. We
selected scales from 2 to 6 that corresponds to a range of
frequency approximately between 1.56 and 44.64 Hz,
calculated from the sample frequency. To choose the number
of voices, we generated sinusoidal signals with frequencies
between 0.5 and 5 Hz every 0.5 Hz, and evaluate the values
obtained from CWT for interest frequencies versus noninteresting frequencies. We chose 6 voices as the optimal
number of voices providing the enough resolution to find the
patterns without compromising the computational work. We
set two frequency ranges: one from 2.4 Hz to 4.9 Hz for slow
waves, and another from 15.7 Hz to 25 Hz for spikes.
D. Continuous Wavelet Transform
We aimed to build an intelligent system that didn’t need a
data base to set the parameters to classify EEG signals. This
means that the system will be able to determine if a patient has
or not TAS pattern even if there is not an EEG recording with
this seizure in the database. To achieve this, we used a
competitive neural network that allows us to discriminate the
spike-slow wave complex. The input data to the neural
network was the CWT coefficients. This provides information
about the dominant frequencies of the analyzed signal.
CWT was calculated for all generalized seizures, the result
is shown in Fig. 7: at the top it is shown a segment of a seizure,
and the graph at the bottom is the result of CWT. Colors
represent the cross-correlation between mother wavelet and
the analyzed segment among different frequencies; red means
a high correlation and deep blue means the absence of that
frequency in the signal in that specific scale/voice.
Obtained values from CWT were normalized by dividing
all values by the greatest. Then, spike frequencies and slow

wave frequencies were extracted. The result are two vectors,
joined per channel, each one composed from the average of
each range, as shown in Fig. 8.
E. Competitive neural network
To discriminate segments with spike-slow wave complex,
spikes and slow waves were analyzed separately, by setting
two competitive neural networks, each of them with two
classes: one class that indicates the presence of the frequency,
and another to indicate the absence of that frequency.
As frequencies were normalized, it can be assumed that a
value close to zero means the absence of that frequency, while
a value close to one means that the frequency is representative
for the signal. Based on this assumption, the initial value for a
present frequency was set at 0.5, and 0 to the absence of that
frequency:
=

=

0.5
0

( 1)

Fig 7. Continue Wavelet Transform.

0.5
( 2)
0
A competitive neural network calculates the similarity
measure between the input data
= ( , … , ) and the
center
= ( , … , ). In order to measure similarity, we
used Euclidean distance ‖ − ‖ . The minimum distance
, represents the highest similarity.
=

=

Following the Kohonen rule, we update the index of the
closest center using Equation 3
=

∙ (0.1 ∗

)

( 3)

Given that it is not enough to do it for only one channel
because each electrode may have a different amplitude of
signal, and this will vary for each patient and each recording.,
the procedure was repeated along the 19 channels. The result
are two new centers, that allows the system to classify regions
with spikes and slow waves from the rest.

Fig 8. Amplitude of CWT for spike and slow wave frequencies.

Using calculated centers, the system classifies seizures and
generate a new binary vector for spikes and slow waves, where
one means that interest frequencies had been found and zero
means that they are not part of the pattern. Using these vectors,
we generate the vector of Fig. 9, that is the result of segments
of the signal with spikes and slow waves.
F. Distribution of CWT princpal components
In the previous section we proved that spike and slow
wave frequencies are present in EEG signal. However, it could
happen that other frequencies compose the signal.
In this section, the CTW morphology was analyzed to
determine if there are other frequencies that compose signals.
As we’re looking for spike-slow wave complex, we expect to
have only two components.
By using Daubechies 4 as mother wavelet of a CWT, the
obtained spectrum is a Gaussian bell-shaped graph, as shown
in Fig. 10. In order to verify that seizures have as maximum
two principal components, we calculated the correlation
between two gaussian bells and the CWT.

Fig.9. Spike and slow wave classification.

To build Gaussian bells, the system looks for the peaks of
the curve, Fig. 11. If it finds two or more peaks, it takes the
minimum points and chose the one that is closest to the center,
to maintain equal Gaussian bells (red circle in Fig. 11). This
information is used to generate the “base” of the bell. Then, it
takes the maximum peak in each side to use it as mu (red
triangles in Fig. 11).
To fit the generated Gaussian bells, the system also
calculates the standard deviation of each side of each peak. In
Fig. 12 it is presented an example of a CWT obtained from
TAS, where spike and slow wave are present at the same time
(blue). Generated Gaussian bells (pink and cyan) fit in CWT.

CWT, we measured the time between them, and calculated
frequency using the Equation (4), where T represent the time
between consecutive spikes:
=
( 4)
III. RESULTS

Fig.10. 3D graph of CWT from a
“spike-slow wave” complex.

Fig. 11. Frequency components.

The methodology proposed in this paper was tested in the
24 patients, obtaining 100% of correct identification of
patients with TAS and all those that do not have TAS, even if
they present other types of epilepsy, including atypical
absence epilepsy, which is very similar.
The proposed method identifies the presence of spikes and
slow waves. Additionally, after analyzing the distribution of
principal components in CWT, seizures that have more
components than just spikes and slow waves, are classified
accurately as not presenting TAS, as in the example shown in
Fig. 13, where spike-slow wave complex is not present.

Fig. 12. CWT from TAS.

Fig. 13. CWT from epileptic
seizure nonrelated to TAS.

Based on neurological clinic guides and the experience of
a neuropediatrician, all seizures from the 24 EEG recordings
were analyzed to evaluate the sensitivity and specificity of the
system for spike-slow wave pattern. Results are provided in
Table IV.
IV. DISCUSSION AND CONCLUSIONS
In this paper we presented 3 techniques to identify features
of an EEG signal: CWT, a competitive neural network and
correlation. Working together, they allow the identification of
the spike-slow wave pattern that characterizes the TAS. The
correct identification of the type of seizures depends on the
analysis of the EEG signal as well as the clinical information
found in the clinical records.

Fig. 14. Identification of spikes and slow waves in a segment that does
not contains them.

The example shown in Fig. 13 was extracted from a CWT
obtained from other kind of epileptic seizures where spikes
and slow waves are components of the signal, but they are not
the only two principal components. In this case, Gaussian bells
do not fit in CWT, so the correlation between them is low. The
result of analyzing a segment of this non-TAS signal, is shown
in Fig. 14. In this case, the binary classification shows that
spike-slow wave complex was not found. We classify signals
as spike-slow wave if the correlation between CWT and
Gaussian bells are close to one (>85%).
In order to reduce data, in this step the system analyzes only 5
channels, corresponding to the highest value obtained from
generated centers in Section E. We expect these channels to
have a better-defined Gaussian bell.
G. 3 Hz Frequency
The last TAS characteristic to verify is that spike-slow
wave complex has a frequency between 3 and 4 Hz. We
looked for spikes in segments where spikes were found with

This work goes further than some other related works as it
is able to identify not only the presence of a seizure, but to
identify a specific kind of seizure. Furthermore, the techniques
presented could be used to identify different seizures
composed of spikes and slow waves.
The methodology proposed uses unsupervised learning to
find the most suitable parameters to classify signals. It
presents two principal advantages: 1) it do not need a data base
that contains all type of seizures, 2) it increases the accuracy
of classification for different patients and even in one same
patient, as it adjust parameters to the amplitude of the signals.
Comparing with [17], this algorithm was able to discriminate
slow waves that are not part of spike-slow wave complex.
The first crucial information was the clear understanding
of the classification of the different types of seizures since they
share features in the EEG signal, this is the reason of showing
Figures 1 and 2 and Tables I and II. It is observed that TAS
are generalized type seizures, and among these are found the
absence seizures. In turn these have 4 different types.
It is shown in the results that even when other seizures might
present the spike-slow wave complex, they cannot be
misclassified since the condition of being one after the other,
and not overlapped, is verified. Besides, the frequency
between 3 and 4 Hz is another condition that will discard the
confusion.

TABLE IV.

RESULTS OF EPILEPTIC SEIZURES CLASSIFICATION.

Patient

Number of
Seizures

1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24

80
74
5
114
41
21
1
36
90
1
1
87
92
36
173
57
76
179
60
80
31
0
2
42

Typical
absence
seizures
72
0
0
0
0
0
0
0
0
0
0
0
0
0
146
0
74
144
0
62
0
0
0
0

TP

TN

FP

FN

72
0
0
0
0
0
0
0
0
0
0
0
0
0
146
0
74
144
0
62
0
0
0
0

8
74
5
114
41
21
1
36
90
1
1
87
92
36
27
57
2
35
60
18
31
0
2
42

0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0

0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0

[8]

[9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

Results obtained from 24 patients with different types of
epilepsy show that they were correctly identified even when
the features are similar. It is also shown in TABLE IV that
some patients present more than one type of seizures and the
system is able to identify them correctly, discarding those that
are not from typical absence epilepsy.

[17]

The system can be very useful as auxiliary tool for
neurologist to have a first glance of the complete recording
and also for neurology students, in the practice of
identification of these types of seizures.

[19]

[18]

[20]
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