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The aim of this study is to select appropriate electroencephalography (EEG) signals which can distinguish
between healthy, convulsive, and epileptic signals. The proposed model can achieve this end with a high
accuracy. A set of EEG signals for five different conditions was used. It was adopted from the University of Bonn,
Germany. Using discrete wavelet transform, EEG signals were decomposed into their frequency sub-bands for
extracting their optimal features. Having extracted the features, EEG signals were divided into target groups
using multilayer perceptron (MLP). The proposed model achieved an accuracy of 98.33% in diagnosing and
categorizing epileptic EEG signals. Since the visual and experimental analysis of EEG signals have limitations,
the proposed method can play a vital role in helping physicians and specialists.

© 2019 The Authors. Published by IASE. This is an open access article under the CC BY-NC-ND license

(http://creativecommons.org/licenses/by-nc-nd/4.0/).

1. Introduction

Epilepsy is one of the most prevalent neurological disorders
among people. It is estimated that 5 people are afflicted with
epilepsy among each 1000 people. Epilepsy could be defined as a
sudden change in the intracellular and extracellular potential
difference. This definition implies that the type of neuron
determines clinical demonstrations. The automatic diagnosis of
epileptic convulsions has attracted the attention of clinicians and
engineers since 1970. The automatic prediction of seizures is
useful in drug delivery systems and neural stimulation devices
(Stein et al,, 2000; Osorio and Frei, 2009). An important issue in
predicting epileptic convulsions is that they are predictable
through analyzing the changes in the features of EEG signals that
happen before the occurrence of seizures (Mormann et al., 2003).
Epileptic seizures prediction needs further analysis due to the
following reasons (Iasemidis, 2003):

1. Generally, their results are not repeatable. In other words,
their confidence rate is not certain.

2. The dependence of the result on sensitivity and inaccurate
prediction rate is not taken into account.

3. Their efficiency is not mostly acceptable and has a high
acceptance and rejection rate.

2. Materials and methods

In an automatic epileptic convulsion detection system, a
distinction should be made between the pre-convulsion, during
convulsion, and post-convulsion EEG signals. Then, they should
be analyzed (Tong and Thakor, 2009). Some studies focused on
single-channel EEG signals, while some others focused on multi-
channel recorded EEG signals (Deburchgraeve et al., 2008). This
paper studied the epileptic and healthy signals of Andrzejak
database (http://epileptologyiebonn.de/cms/front_content.php)
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from the University of Bonn (Andrzejak et al,, 2001) (Figs. 1-4).
The collected EEG signals included five different categories. They
were named A, B, C, D, and E, respectively and contained 100
single-channel signals with a duration of 26.3 seconds. The
pattern of surface electrodes placement followed that of the
universal system 20-10 (Fig. 5). All EEG signals are recorded with
a 128-channel system and an average voltage. Sampling
frequency is 173.61 Hz in this database. According to Nyquist
theorem, the maximum effective sampling frequency is half the
sampling frequency Therefore the electrodes were named as

°l = 86.6):

follows (assumlng

FP1,FP2,F3,F4,C3,C4,P3,P4,F7,F8,T1,T2,T3,T5,T6,01,02,F2,P2

The frontal lobe, temporal lobe, parietal lobe, central lobe,
and occipital lobe were named F, T, P, C, and O, respectively
(Durka, 2003).
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Fig. 1. An example of healthy signals.

In processing medical signals, it is vitally important to
minimize existing noises and artifacts in order that they have the
minimum effect on the feature extraction stage. In a wide-
spreading spectrum, recorded EEG signals may contain technical
and physiological noises (Sornmo and Laguna, 2005). By taking
into account the physiological aspects, such as the artifacts
caused by electrooculography (EOG), electromyography (EMG),
and electrocardiography (ECG), and by applying an appropriate
pre-processing, frequencies higher than 60 Hz were considered
as noises and filtered. It is vitally important to select features
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which can best describe EEG signals for diagnosing convulsion
and categorization. Since EEG signals are non-stationary waves,
wavelet transform was used in their estimation. This frequency
processing tool extracts a set of transient and local signals in
space and frequency domains (Adeli et al., 2007; Guo et al., 2010;
Yuan et al,, 2011).
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Fig. 2. An example of convulsive signals.
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Fig. 3. An example of epileptic signals.
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Fig. 5. The pattern of surface electrodes placement following that of the
universal system 20-10.

Wavelet transform decomposes signals into a set of basic
functions called wavelet. These functions are obtained by
applying delays, contractions, and transfer them on a unique
function called wavelet pattern. Continuous wavelets are the
functions resulted from an odd function using delays and
transfers. They are dependent on transfer parameter. In order to
remove noises and generate a signal appropriate for
decomposition, EEG signals were limited by a low-pass filter and
impulse response. Compared to EEG signals, sub-bands have
more accurate information about neurons activities. They may
not be evident in the original signals due to specific changes.
Therefore, decomposition is carried out. The discrete wavelet
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signal is analyzed in the form of different frequency value bands
and different magnifications. Using signal decomposition, the
discrete wavelet signal is decomposed into coarse
approximations and detailed information. In fact, discrete wave
transform (DWT) employs a set of functions called measurement
functions and wavelet functions. They are dependent on low-pass
and high-pass filters. Decomposing signals into various frequency
bands is simply achievable through successive applications of
high-pass filters (HPFs) and low-pass filters (LPFs) (Subasi,
2005; Khan et al., 2012). This decomposition method is known as
multi-resolution decomposition. This type of analysis is
illustrated in detail in Fig. 6. The number of decomposition levels
is selected based on dominant frequency components of the
signal (Subasi, 2005). Selected levels maintain signal parts that
highly correlate to the frequency related to signal classification in
the wavelet.
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Fig. 6. Signal decomposition levels.

The proposed method involves 4 layers and 5 frequency
bands. It is due to the fact that higher order filters have
fluctuations and lower order filters are rougher. Therefore, the
signal was decomposed into D1-D4 details and the last
estimation A4. Frequency sub-band values are shown in Table 1.
Figs. 7, 8, and 9 show the sub-bands resulted from the
decomposition of healthy, convulsive, and epileptic signals using
wavelet function Db4 in 4 levels. First, signals are decomposed
into 5 levels. Then, level 5 approximation signal is removed. It
has the lowest frequency band. It does not contain epileptic
information, but contains noise information. Finally, the signal is
reconstructed.

Table 1
Frequency bands limits.
Band-limited EEG (0-60)Hz
Delta (0-4) Hz
Theta (4-8) Hz
Alpha (8-15) Hz
Beta (15-30) Hz
Gamma (30-60) Hz

Having applied pre-processing and carried out required
processes, the desired feature vector was obtained. Statistical
features, such as the maximum, minimum average, and standard
deviation of each sub-band were used. Several statistical models
have been proposed for classification and prediction. Classifying
and predicting disorders based on risk factors is one of the
applications of artificial neural networks (Livingstone and
Totowa, 2008; Dreiseitl and Ohno-Machado, 2002). Artificial
neural networks are simply applicable to problems with no
algorithmic solution, a complex algorithmic solution, and
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problems that are simple for people but difficult for computers
(Zini and d'Onoftrio, 2003).

Decompositions at level 4
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Fig. 7. A healthy signal with Daubechies 4 at level 4.
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Fig. 8. A convulsive signal with Daubechies 4 at level 4.
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Fig. 9. Epileptic signals with Daubechies 4 at level 4.

They are also useful as an alternative solution for problems
that generally have statistical solutions, such as regression
modeling, predicting time series, cluster analysis, discriminate
analysis, statistical decision-making problems, process control,
and estimating the conditional distribution (Livingstone and
Totowa, 2008; Dreiseitl and Ohno-Machado, 2002). An artificial
perceptron multi-layer neural network with error back-

propagation algorithm was used for evaluating different states of
EEG signals, such as healthy, convulsive, and epileptic states.
Having extracted desired statistical features using DWT, artificial
neural network was used for classification. An artificial neural
network with 12-15-3 structure and with sigmoid transfer
function was designed and trained based on 80% of the available
data. In the training phase, 80% of the collected data were used
for training the artificial neural network. Having implemented
the multi-layered perceptron (MLP) neural network using error
back-propagation learning (EBPL), having tested multiple layers
and neurons, and having observed the errors, the most
appropriate structure was selected. The most appropriate
structure was (12-15-3), that is the network had four input
variables for each category. The variables are the extracted
statistical features, three output variables, and 15 neurons for
maintaining the hidden layer. The output variable was defined
based on three states, such as healthy, convulsive, and epileptic
stages. Then, 20% of the available data were used for testing the
neural network. In this phase, MLP with EBPL and (12-15-3)
structure was used. For a more appropriate evaluation of results,
feature and sensitivity were also calculated.

3. Analyzing system performance using confusion matrix

Generally, in classification systems and disorder diagnosis
systems, confusion matrix and receiving operating characteristic
(ROC) curves are used for evaluating efficiency. For analyzing the
confusion matrix of classification and disorder diagnosis, four
states are defined: true positive (TP), true negative (TN), false
positive (FP), and false negative (FN). Each variable has a specific
meaning in confusion matrix. TP is the number of patients
suffering from epilepsy who are correctly diagnosed by the
computer system. FP is the number of patients with epilepsy who
are incorrectly diagnosed as healthy by the computer system. TN
is the number of convulsive patients and healthy people correctly
diagnosed as healthy by the computer system. FN is the number
of convulsive patients or healthy people incorrectly diagnosed as
epileptic by the computer system. P is the number of patients
correctly classified by the system. In other words, it is the
number of epileptic patients who are diagnosed correctly. It is
also the number of healthy, convulsive, or non-epileptic people
correctly classified. N is the number of the people who are
incorrectly classified. In other words, it is the number of epileptic
patients who are incorrectly diagnosed as healthy, or the number
of healthy or convulsive people incorrectly diagnosed as epileptic
or convulsive. Using the defined concepts, the efficiency of the
proposed method was analyzed and they were named as
sensitivity, specificity, classification, and precision, respectively.
System precision is a measure that determines system's
capability in diagnosing and classifying epileptic patients (true
patients) correctly. Accuracy is but another index for evaluating
such systems. It includes a more generalized perspective and
domain of patient's classification systems. It is equal to the ratio
of all correctly diagnosed cases, whether healthy or unhealthy, to
all correctly or incorrectly classified cases. Sensitivity, specificity,
and precision are defined as follows:

Sensitivity = TPT+PFN 1
Specificity = % (2)
Accuracy = % 3
4. Results

The following confusion matrix is obtained from applying the
neural network on the test data (Tables 2-3). This set was a new
one for the network and it was not trained by those data. Results
show that the neural network worked correctly since healthy
people and patients were correctly diagnosed.
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For a better understanding, it is necessary to calculate the
sensitivity and specificity of the proposed method. According to
confusion matrix and Egs. 1, 2, and 3, sensitivity, specificity, and
precision of the neural network are as follows. The proposed
classification system's sensitivity is 100%, which means the
proposed system can diagnose all epileptic cases correctly.
System's specificity was 97.1%, which is significant. It means that
the proposed system could diagnose 98.33% and even a higher
number of the convulsive cases correctly.

Table 2
Predicting patients’ condition based on the result in the training phase.
Total epileptic convulsive healthy Predicting
60 0 0 60 healthy
90 0 90 0 convulsive
90 90 0 0 epileptic
240 90 90 60 Total
Table 3

Predicting patients’ condition based on the result in the test phase (20 percent
of the samples, which are 60 cases).

Total epileptic convulsive healthy Predicting
8 0 0 8 healthy
26 2 23 1 convulsive
26 24 1 1 epileptic
60 26 24 10 Total

5. Discussion

Results from implementing the proposed MLP artificial
neural network yield the highest sensitivity and precision. Many
researchers have used wavelet transform in diagnosing epilepsy.
Shoeb et al. (2004) used wavelet decomposition for generating
feature vector. Meier et al. (2008) exploited the combination of
wavelet and time for extracting features as the input data for
support vector machine (SVM). Abibullaev et al. (2010) identified
and presented various wavelet function for diagnosing
convulsion and epilepsy, including bior1, 3-bior, Db5, Db2, 1.5).
Adeli et al. (2007) analyzed EEG signals for detecting EEG
changes based on correlation function, frequency domain
features, frequency time analysis, entropy, and wavelet
transform. Using chaos analysis, they divided the wavelets
obtained from EEG signals into healthy and epileptic categories.
Some other linear and non-linear methods were also used in
predicting epileptic attacks (Meier et al. 2008; Polat and Giines,
2007; Chan et al,, 2008; Aarabi et al., 2009; Niederhauser et al.,
2003; Kannathal et al, 2005). Results from various studies
carried out using wavelet transform are shown in Table 4.
Another disadvantage of existing solutions is their low precision
and high dispersion which leads into a weak diagnosis. It is due
to the high number of effective variables in physiological systems
(lasemidis, 2003). The aim of this study was to improve
prediction results. Therefore, some changes were made to input
and output variables. The type of selected wavelet function and
variables were the reasons for a higher sensitivity and precision.
Due to the limitation facing diagnosis systems, MLP structure was
selected as the most appropriate artificial neural network
structure with respect to the repetition of various conditions. The
combination of artificial intelligence methods in classifying
patterns, including artificial neural networks with wavelet
transform resulted in an improved efficiency, agility, and
diagnosis in the proposed method.

Table 4
Results from other studies using wavelet transform.
name(year) ACC
Kannathal et al.(2005) 90
Adeli etal. (2007) not compare

Subasi (2005) 95

6. Conclusion

This paper aimed at proposing a new method for improving
the precision of prediction and classifying different states of EEG
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signals into healthy, convulsive, and epileptic states. Using
wavelet transform and MLP, sensitivity, specificity, and precision
indexes were improved significantly.

References

Aarabi A, Fazel-Rezai R, and Aghakhani Y (2009). A fuzzy rule-based system
for epileptic seizure detection in intracranial EEG. Clinical
Neurophysiology, 120(9): 1648-1657. https://doi.org/10.1016/j.clinph.
2009.07.002

Abibullaev B, Kim MS, and Seo HD (2010). Seizure detection in temporal lobe
epileptic EEGs using the best basis wavelet functions. Journal of Medical
Systems, 34(4): 755-765. https://doi.org/10.1007/s10916-009-9290-9

Adeli H, Ghosh-Dastidar S, and Dadmehr N (2007). A wavelet-chaos
methodology for analysis of EEGs and EEG subbands to detect seizure and
epilepsy. IEEE Transactions on Biomedical Engineering, 54(2): 205-211.
https://doi.org/10.1109/TBME.2006.886855

Andrzejak RG, Lehnertz K, Mormann F, Rieke, C, David P, and Elger CE (2001).
Indications of nonlinear deterministic and finite-dimensional structures
in time series of brain electrical activity: Dependence on recording region
and brain state.  Physical Review E, 64(6): 061907.
https://doi.org/10.1103 /PhysRevE.64.061907

Chan AM, Sun FT, Boto EH, and Wingeier BM (2008). Automated seizure onset
detection for accurate onset time determination in intracranial EEG.
Clinical Neurophysiology, 119(12): 2687-2696. https://doi.org/10.1016/
j.clinph.2008.08.025

Deburchgraeve W, Cherian PJ, De Vos M, Swarte RM, Blok JH, Visser GH, and
Van Huffel S (2008). Automated neonatal seizure detection mimicking a
human observer reading EEG. Clinical Neurophysiology, 119(11): 2447-
2454. https://doi.org/10.1016/j.clinph.2008.07.281

Dreiseitl S and Ohno-Machado L (2002). Logistic regression and artificial
neural network classification models: A methodology review. Journal of
Biomedical Informatics, 35(5): 352-359. https://doi.org/10.1016/S1532-
0464(03)00034-0

Durka PJ (2003). From wavelets to adaptive approximations: time-frequency
parametrization of EEG. Biomedical Engineering Online, 2(1): 1-30.
https://doi.org/10.1186/1475-925X-2-1

Guo L, Rivero D, Dorado ], Rabunal JR, and Pazos A (2010). Automatic epileptic
seizure detection in EEGs based on line length feature and artificial neural
networks. Journal of Neuroscience Methods, 191(1): 101-109.
https://doi.org/10.1016/j.jneumeth.2010.05.020

lasemidis LD (2003). Epileptic seizure prediction and control. IEEE
Transactions on  Biomedical Engineering, 50(5): 549-558.
https://doi.org/10.1109/TBME.2003.810705

Kannathal N, Choo ML, Acharya UR, and Sadasivan PK (2005). Entropies for
detection of epilepsy in EEG. Computer Methods and Programs in
Biomedicine, 80(3): 187-194. https://doi.org/10.1016/j.cmpb.2005.06.
012

Khan YU, Farooq O, and Sharma P (2012). Automatic detection of seizure onset
in pediatric EEG. International Journal of Embedded Systems and
Applications, 2(3): 81-89. https://doi.org/10.5121 /ijesa.2012.2309

Livingstone D] and Totowa NJ (2008). Artificial neural networks methods and
application. 1t Edition, Hummana Press, New York, USA.

Meier R, Dittrich H, Schulze-Bonhage A, and Aertsen A (2008). Detecting
epileptic seizures in long-term human EEG: A new approach to automatic
online and real-time detection and classification of polymorphic seizure
patterns. Journal of Clinical Neurophysiology, 25(3): 119-131.
https://doi.org/10.1097 /WNP.0b013e3181775993

Mormann F, Kreuz T, Andrzejak RG, David P, Lehnertz K, and Elger CE (2003).
Epileptic seizures are preceded by a decrease in synchronization. Epilepsy
Research, 53(3): 173-185. https://doi.org/10.1016/S0920-
1211(03)00002-0

Niederhauser J], Esteller R, Echauz ], Vachtsevanos G, and Litt B (2003).
Detection of seizure precursors from depth-EEG using a sign periodogram
transform. IEEE Transactions on Biomedical Engineering, 50(4): 449-458.
https://doi.org/10.1109/TBME.2003.809497


https://doi.org/10.1007/s10916-009-9290-9
https://doi.org/10.1109/TBME.2006.886855
https://doi.org/10.1103/PhysRevE.64.061907
https://doi.org/10.1016/j.clinph.2008.07.281
https://doi.org/10.1016/S1532-0464(03)00034-0
https://doi.org/10.1016/S1532-0464(03)00034-0
https://doi.org/10.1186/1475-925X-2-1
https://doi.org/10.1016/j.jneumeth.2010.05.020
https://doi.org/10.1109/TBME.2003.810705
https://doi.org/10.5121/ijesa.2012.2309
https://www.google.com/search?q=New+York+City&stick=H4sIAAAAAAAAAOPgE-LSz9U3MKowsMjLVeIEs-ONLMy0jDLKrfST83NyUpNLMvPz9POL0hPzMqsSQZxiq4zUxJTC0sSiktSiYoWc_GSwMAAyTUtMTQAAAA&sa=X&ved=0ahUKEwjdtbujg93YAhWLXRQKHdSPAnQQmxMIiwEoATAN
https://doi.org/10.1097/WNP.0b013e3181775993
https://doi.org/10.1016/S0920-1211(03)00002-0
https://doi.org/10.1016/S0920-1211(03)00002-0
https://doi.org/10.1109/TBME.2003.809497

E. S. Guido / Annals of Electrical and Electronic Engineering 2(1) 1-5

Osorio I and Frei MG (2009). Real-time detection, quantification, warning, and
control of epileptic seizures: The foundations for a scientific epileptology.
Epilepsy and Behavior, 16(3): 391-396. https://doi.org/10.1016/
j.yebeh.2009.08.024

Polat K and Giines S (2007). Classification of epileptiform EEG using a hybrid
system based on decision tree classifier and fast Fourier transform.
Applied Mathematics and Computation, 187(2): 1017-1026.
https://doi.org/10.1016/j.amc.2006.09.022

Shoeb A, Edwards H, Connolly ], Bourgeois B, Treves ST, and Guttag ] (2004).
Patient-specific seizure onset detection. Epilepsy and Behavior, 5(4): 483-
498.

Sérnmo L and Laguna P (2005). Bioelectrical signal processing in cardiac and
neurological applications. Vol. 8, Academic Press, Cambridge,
Massachusetts, USA.

Stein AG, Eder HG, Blum DE, Drachev A, and Fisher RS (2000). An automated
drug delivery system for focal epilepsy. Epilepsy Research, 39(2): 103-
114. https://doi.org/10.1016/5S0920-1211(99)00107-2

Subasi A (2005). Epileptic seizure detection using dynamic wavelet network.
Expert Systems with Applications, 29(2): 343-355. https://doi.org/
10.1016/j.eswa.2005.04.007

Tong S and Thakor NV (2009). Quantitative EEG analysis methods and clinical
applications. Artech House, Norwood, Massachusetts, USA.

Yuan Q, Zhou W, Li S, and Cai D (2011). Epileptic EEG classification based on
extreme learning machine and nonlinear features. Epilepsy Research,
96(1): 29-38. https://doi.org/10.1016/j.eplepsyres.2011.04.013

Zini G and d'Onofrio G (2003). Neural network in hematopoietic malignancies.
Clinica Chimica Acta, 333(2): 195-201. https://doi.org/10.1016/S0009-
8981(03)00186-4


https://doi.org/10.1016/j.yebeh.2009.08.024
https://doi.org/10.1016/j.yebeh.2009.08.024
https://doi.org/10.1016/j.amc.2006.09.022
https://doi.org/10.1016/S0920-1211(99)00107-2
https://www.google.com/search?q=Norwood,+Massachusetts&stick=H4sIAAAAAAAAAOPgE-LSz9U3MMnKMS0rVOIEsQ1zjYqStDQyyq30k_NzclKTSzLz8_Tzi9IT8zKrEkGcYqv0xKKizGKgcEYhAI2oieVDAAAA&sa=X&ved=0ahUKEwje5aTY-tHYAhWDvBQKHYbFAOcQmxMIjgEoATAP
https://doi.org/10.1016/j.eplepsyres.2011.04.013
https://doi.org/10.1016/S0009-8981(03)00186-4
https://doi.org/10.1016/S0009-8981(03)00186-4

	Diagnosing epileptic seizures by EEG signals using multilayerperceptron
	1. Introduction
	2. Materials and methods
	3. Analyzing system performance using confusion matrix
	4. Results
	5. Discussion
	6. Conclusion
	References


