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Abstract: About one percent of the world’s population suffers from epilepsy. A patient with epilepsy must be diagnosed 
early and accurately if they are to have any chance of being treated successfully. One method for diagnosing epilepsy is 
by carefully analyzing the Electroencephalogram (EEG) signal. We propose a method for signal processing EEG signals 
that detect epilepsy based on time-frequency features extracted from the signal and used as input for a neural network 
classifier. With the help of a convolutional neural network with deep learning, better and more efficient features were 
obtained and an accurate diagnosis was provided. It resulted in a significant difference between the two individuals 
upon analysis of the EEG signal. As compared with the previous method, the proposed technique distinguishes between 
healthy and epileptic signals with specificity 98 ± 2%, sensitivity 99 ± 0.7%, accuracy 98 ± 0.6%, and F-score 98 ± 
0.5%. It is possible to use EEG signal analysis to detect the onset of seizures, especially in infants, as an effective tool to 
diagnose cases of suspected clinical signs of seizure onset.

Keywords: Electroencephalogram (EEG), epileptic seizure, time and frequency domain features, Convolution Neural 
Network (CNN), deep learning

1. Introduction
One of the most important problems for people worldwide is the rapid growth of various diseases related to the 

nervous system. Some of these diseases, like epilepsy and myocardial infarction, are of theoretical significance, which 
differs from other people of different ages. Epilepsy is a disease of the nervous system that affects millions of people, or 
one percent of the world’s population. The cause of this neurological disease is a defect in brain cells’ electrical activity 
due to the stimulation of nerve cells [1, 2].

Epilepsy is generally divided into two categories based on the type of disease (general) and local epilepsy (partial) 
and also according to the cause and etiology can be due to genetic, structural, metabolic, or unknown [3].

People with epilepsy are 2 or 3 times more likely to die prematurely than a normal person. Eighty-five percent 
of cases are in developing countries, and at least half of all cases of epilepsy begin in childhood or adolescence [4]. 
However, it may occur suddenly in people over 65 years of age [5]. Electroencephalogram (EEG) is a graphical method 
of recording electrical activity in the brain that measures electrical activity changes in the event of voltage fluctuations 
in the brain through several electrodes placed on the scalp at different locations in the brain [6]. Studies on the EEG 
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signal show that the signal’s statistical features and dynamic behavior change during a seizure [7].
One of the most common methods for diagnosing epilepsy is the visual diagnosis of a neurologist’s 

electroencephalogram. This method has many drawbacks, including the presence of severe artifacts in the muscle 
signals, Electromyogram (EMG), Electrooculogram (EOG), and Electrocardiogram (ECG). Also, the doctor’s 
misdiagnosis or the length of the data obtained can make the diagnosis time-consuming and tedious. Recent advances in 
neuroimaging and analysis have led to research into the brain’s functional and structural correlations.

In recent years, due to the importance of this disease, researchers have studied this phenomenon to diagnose as 
much as possible and use different methods.

This study aimed to increase the accuracy in the diagnosis of epilepsy by utilizing the features of linear and 
nonlinear domains so that by these parameters, the distinction between the three categories, the patient’s normal state, 
the stage before entering the seizure, and seizure is possible.

Some recent research has used a set of linear and nonlinear features simultaneously to diagnose epilepsy [8]. 
According to EEG research, the signal’s statistical features and dynamic behavior changed completely during a seizure 
[7].

Numerous studies have been performed to detect seizures by EEG wave analysis, neuronal activity changes, and 
nonlinear deformation of brain signals that may be present before the onset of the attack [9-10].

Besides, the EEG can be used in many studies, including recognizing emotions [11], measuring alcohol 
consumption [12], changing brain waves with smoking [13], diagnosing the sleep phase [14], and so on. Each patient’s 
EEG signals have specific characteristics. At the onset of one patient’s seizure, the EEG signal may be very similar to 
another patient’s non-seizure EEG pattern. These reciprocal changes of the patient in seizures and activity during non-
seizures cause the patient’s non-specific classification to be weak or inaccurate at the time of diagnosis.

Katagal et al. showed that the frequency of epileptic seizures increased significantly despite obstructive sleep 
apnea, and treatment of this disease reduced and controlled epileptic seizures [15]. Nobili et al. presented a study on 
people with epilepsy. They found that patients with epilepsy who developed sleep-induced sleep disorders were more 
likely to die suddenly from the disorder and have epileptic seizures [16]. Yambe et al., using Lyapunov power and 
brainwave behavior and time series, discussed the prediction and control of seizures. In another study, an adaptive 
method for detecting epilepsy from EEG waves was introduced using adaptive neuro-phase and Lyapunov systems [17]. 
Subasi et al. showed that the diagnosis of epilepsy is made using wavelet domain tools and neuro-phase systems using 
minor changes in brain signals [18]. Another study evaluated Quantitative EEG (QEEG) findings and anticonvulsant 
therapy in children with epilepsy [19]. In 2021, Kukker et al. achieved accuracies of 96.79% and 93.81%, respectively, 
by EEG and using the Q-Learning ASSISTED and Q-Learning Fuzzy methods [20]. In 2019, in the diagnosis of 
epileptic seizures, Mayank Kumar Jareda et al. achieved accuracies of 6.89% and 87%, respectively by SVM and KNN 
algorithms [21].

The rest of this paper is organized as follows:
In the second section, the database is introduced, and the proposed method in this paper is devoted to the 

processing of EEG signals for feature extraction. The third provides the simulation results obtained from the proposed 
method, and the next sections present the discussion and conclusion.

2. Materials and methods
2.1 Database

The data used in this study was collected from the Physiont Database. This data was recorded by Children’s 
Hospital Boston (CHB) and the Massachusetts Institute of Technology (MIT) and included EEG recordings of children 
with seizures [22].

Subjects were monitored for several days after discontinuation of anticonvulsant drugs to detect seizures and 
evaluate their candidacy for surgery. Data were recorded using an electroencephalographic device that included 23 
people at the time of epileptic seizure and non-epileptic seizure.

In this study, 69 signals belonging to 23 people were used during epileptic and non-epileptic seizures. Of these, 5 
are female, and 5 are male. All signals are sampled at 256 samples per second with a resolution of 16 bits. All signals 
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from the database provider are labeled epileptic and non-epileptic. More details about the patients are given in Table 1. 
The mean and standard deviation of the patients’ age is 9.98 ± 5.68 years. Inclusion criteria were the scheduled clinical 
EEG observation and female or male aged 5-90. As exclusion criteria, it can be mentioned that data collection may be 
affected by autism or another developmental disorder.

Table 1. Personal characteristics and number of seizures in patients

Case Gender Age (years) Number of seizures Total seizure time (s)

Patient 1 F 11 7 70

Patient 2 M 11 3 30

Patient 3 F 14 7 70

Patient 4 M 22 3 30

Patient 5 F 7 5 50

Patient 6 F 1.5 7 70

Patient 7 F 14.5 3 30

Patient 8 M 3.5 5 50

Patient 9 F 10 3 30

Patient 10 M 3 7 70

Patient 11 F 12 3 30

Patient 12 F 2 13 130

Patient 13 F 3 8 80

Patient 14 F 9 7 70

Patient 15 M 16 14 140

Patient 16 F 7 6 60

Patient 17 F 12 3 30

Patient 18 F 18 6 60

Patient 19 F 19 3 30

Patient 20 F 6 6 60

Patient 21 F 13 4 40

Patient 22 F 9 3 30

Patient 23 F 6 3 30

Mean ± std M: 5
F: 18 9.98 ± 5.68 5.61 ± 3.06 56.09 ± 30.56

Figure 1 shows the EEG signal of a patient during an epileptic seizure. The number of channels recorded by the 
standard 20-10 is equal to 23.
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Figure 1. A patient’s EEG signal during an epileptic seizure

2.2 Proposed method

In this study, considering the effect of epileptic seizures on the brain’s electrical activity and its occurrence on 
brain signals, EEG data were used to diagnose these seizures. The block diagram of the signal processing steps and the 
generation of the appropriate output can be seen in Figure 2.

Figure 2. Block diagram of the process of epileptic seizures detection
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Then, time-domain and time-frequency domain methods were used to extract the features of the EEG signal. The 
features used in the time domain are the average amplitude, average power, and energy of the signals during epileptic 
and non-epileptic seizures. Equations (1) to (3) are related to the features extracted in the time domain [23].

1

1( ) N
kk

Mean s S
N =

= ∑

21[ ] lim | [ ] |
2 1

n

k nn
P k S k

n =−→∞
=

+ ∑

2[ ] lim | [ ] |n

k nn
E k S k

=−→∞
= ∑

S is the time-series signal, k is the sample of each signal, and N is the signal samples’ sum.
Fourier transform and wavelet EEG signal conversion were used in epileptic and non-epileptic attack intervals 

to calculate the frequency and time-frequency characteristics. In the following, we will examine the mathematical 
algorithm of these transformations.

Since continuous signals have so many samples that they are challenging to enter into the Wavelet transform 
formula and require complex calculations to achieve the ability to load and encode the Wavelet transform in MATLAB 
software, we used the discrete Wavelet transform presented by formula (4) [24].
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In this formula, x(n) is the main signal, a = a m
0 , b = bm

0 , and N is the number of samples in the windowing signal. 
The function g( ) is called the mother wavelet. m is an indicator of the level of decomposition. a and b are the translation 
and scaling parameters. Wavelet analysis at early levels (cD1, cD2) is often accompanied by low-frequency noise 
information. If these coefficients are ignored, there is very little information lost from the signal. In order to extract 
features from the above-mentioned cases, Daubechies (db) 6 as DWT subset and wavelet coefficients at four levels 
(cD5, cD6, cD7, cD8) were used. From these four levels, six features are extracted, including mean, standard deviation, 
maximum, minimum, median, and power spectrum density.

For neural network input, a matrix consisting of the mentioned features was designed for about 70% of the signals 
during epileptic and non-epileptic seizures with the same distribution and applied to a Multilayer Perceptron (MLP) 
neural network Radial Basis Function (RBF). The output of the network was also considered a feature matrix with the 
dimensions of the input matrix. This matrix has -1 and +1. In this matrix, -1 is assigned to the epileptic seizure and +1 to 
the non-epileptic seizure period. These two matrices were given to neural networks to be trained. Then, for the network, 
30% of the signals belonging to other people who had the same distribution of seizure and non- seizure were applied to 
evaluate the networks’ performance and receive a response to them, and the observed output was calculated.

2.3 Convolutional neural network

Convolution Neural Networks (CNNs) are a model of artificial neural networks like the Traditional Neural Network 
(TNN) that are made up of neurons, layers, and weights. The most important difference CNNs with TNNs, refer to the 
special ability of CNNs in deep learning. Due to this very important advantage in recent years, the use of CNN’s to 
diagnose diseases in different medical applications has been considered by researchers. Figure 3 shows the steps for 
detecting an epileptic seizure using CNN.

(1)

(2)

(3)

(4)
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Figure 3. Epileptic seizure detection process with 2-d CNN

3. Simulation results
In the present study, our focus has been on the use of MLP and RBF neural networks and by changing the factors 

in the structure of the artificial neural network, such as training function, adaptation learning function, performance 
function, number of the latent layers, and the number of neurons in each layer, transfer function, the performance of 
proposed algorithm were examined.

MATLAB software was used to obtain the simulation results. The simulation results show that the correct choice 
of inputs to the neural networks is very important because the inputs can increase the network’s accuracy and efficiency 
and significantly reduce the convergence time.

Equations (5) to (8) represent the criteria of sensitivity, specificity, accuracy, and F-score, respectively [25].
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The activation function used in the hidden layer neurons of the MLP neural network for this study, as you can 
see in Table 2, is a function of the hyperbolic tangent function, which shows the mathematical relationship and the 
corresponding waveform in Equation (9).
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Table 2 shows the specifications of the MLP neural network’s values to achieve the best detection performance 
results using the neural network.

Table 2. Specifications of adjustable parameters of MLP neural network

Neural network options Values

Training function TRAINLM

Adaption learning function LEARNGDM

Performance function MSE

Number of layers 4

Number of 1st layer’s neurons 10

Number of 2nd layer’s neurons 5

Number of 3rd layer’s neurons 5

Transfer function Hyperbolic Tangent

Figure 4. Comparison of the performance for RBF, MLP, and CNN classifier
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For RBF neural network to achieve the best response, the values of performance goal and spread constant 
parameters were set equal to 0.02 and 1, respectively. 

Finally, the Mean Squared Error (MSE) criterion was used to compare MLP and RBF artificial neural networks’ 
results. As shown in Equation (10), N is the number of inputs, Z (r) is the actual output value, and Z( p) is the predicted 
output value.
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Figure 4 shows MLP, RBF, and CNN neural networks’ performance criteria to detect epileptic seizures. The results 
were obtained using MLP neural network with the values in Table 2 compared to other evaluated methods. As shown 
in Figure 4, the criteria for evaluating classifiers in the case of CNN have been used better than different classifiers’ 
methods. This result is because CNN is based on deep neural networks and extracts more efficient and accurate features.

4. Discussion
The use of bio-signals to diagnose and treat diseases has been common for many years. In recent years, with the 

medical science progress and realization of the importance of neuro- and cognitive sciences, brain signals are used to 
identify brain functions and to diagnose, control, and treat neurological disorders. Although the EEG plays an important 
role in monitoring the brain activity of patients with epilepsy and diagnosing epilepsy, a specialist is needed to analyze 
all EEG recordings to diagnose epileptic activity [26]. But by using artificial neural networks, not only the diagnosis is 
faster but also individual error is minimized. It is also possible for the doctor to have enough time for preventive actions.

The article presents two methods of diagnosing epileptic seizures. First, time and time-frequency features were 
used to diagnose the disease. Later, CNN was used to enhance the diagnosis, since it could detect even the smallest 
changes. In recent years, a lot of research has been done to detect epileptic seizures, and in the following, we will 
introduce the results of some studies. An article conducted by Goenka et al. in 2018 used data from 44 signals obtained 
from the ICU and EMU for the diagnosis of epilepsy, and the method was also QEEG. A sensitivity of 73% was reported 
in the study. But in 2019, Tsipouras Goenka achieved 98.8% classification accuracy using EEG signals and entropy and 
frequency features. Furthermore, Guha et al. compared the results of MLP and K-NN neural networks in 2020 in a study 
that involved 500 epileptic patients. They achieved an accuracy of 80% when using the proposed method, compared 
with 78% and 76% for MLP and K-NN neural networks respectively, as well as 96% for the RBF neural network used 
by Zhou et al. in 2020. In the same year, Aung et al. Introduced a new method called modified distributive entropy as a 
feature for diagnosing epileptic seizures and compared the results with fuzzy and distributive entropy. The measurement 
accuracy of this method was 91%. In 2021, Johnson et al. obtained an average seizure detection sensitivity of 91% 
across all patients by EEG signal and using a combination of the CNN models and bidirectional long short-term memory 
(BLSTM) [27]. In 2021, Aayesha Zia et al. carried out research in this field by using the non-linear and non-stationary 
characteristics of EEG signals with the KNN and FRNN methods [28]. The results of recent studies are shown in Table 3.

5. Conclusion
Epilepsy is a disorder of the human nervous system that can also affect a person’s personal life. Numerous studies 

have been conducted by many researchers on artificial neural networks and the extraction of various features to detect 
epilepsy. However, the purpose of this paper is to extract features of the EEG signal that can be used to obtain the best 
input combination to apply to the neural network for better results.

The results showed that the use of CNN has the best performance in epileptic seizure detection. Because the 
visual diagnosis of epilepsy from an electroencephalogram is so complex, this method greatly helps physicians in their 
diagnosis. Our focus was on temporal lobe epilepsy in this study, but this method can identify different types of epilepsy 
to be used.

(10)
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Due to the complexity and similarity of the EEG characteristics of epileptic patients and the elimination of 
destructive signal factors such as artifacts and noise, this method is a supplement to help physicians better diagnose and 
reduce errors.

Table 3. Results of recent research on the detecting of epileptic seizures

Author Year Data No. of
Patients/Dataset Features Classifier/

Methods Results 

Swami
et al. [29] 2016 EEG University of Bonn STD, ENT, MEAN, RMS DTCWT using 

GRNN Acc = 95.15%

P. Thodoroff
et al. [30] 2016 EEG CHB-MIT Image representation of EEG integrating

spatial information
Recurrent neural 

network
Higher Sen,
lower FDR

Fujiwara
et al. [31] 2017 ECG 14 patients HRV-based features Multivariate 

process control Se = 91%

Jonatas Pavei 
et al. [32] 2017 (V-EEG), 

ECG

Analyzed clinical 
data from 12 

patients (9 female; 
3 male; age 34.5 ± 

7.5 years), involving 
34 seizures and 
a total of 55.2 
h of interictal 

electrocardiogram 
(ECG) recordings

HRV parameters:
1-non-linear

(SampEn and Lorenzo plot, the cardio-
sympathetic index (CSI) and
the cardiovagal index (CVI))

2-Time domain
(The standard deviation of all normal RR

intervals (SDNN) and the root mean square
of the sum of the squared differences of 

successive normal RR intervals (RMSSD))
4-frequency domain
(low-frequency (LF)

High-frequency (HF))

1-SVM
2-leave-one- out 

cross-vl
3-fast Fourier 

transform (FFT)
4-power spectral 

density (PSD)

(<0.5 FP/h) the 
false positive rate of 
0.49 FP/h for ECG 
recordings from all 

the interictal periods, 
with a sensitivity of 
94.1% for seizure 

prediction based on 
recordings capturing 
the period 0-5 min 

before seizure onset.

Sharma
et al. [33] 2017 ATFFWT and FD feature using LSSVM Acc = 98.67%

Tzimourta 
et al. [34] 2017 21 Wavelet Transform

Discrete Wavelet 
Transform 
(DWT),

SVM

Se = 93%
Sp = 99%

Ajay Goenka
et al. [35] 2018 QEEG

88(44 in the 
Intensive Care 

Unit and 44 in the 
Epilepsy Monitoring 

Unit)

- Quantitative EEG 
Spectrograms Se = 73 %

Markos G. 
Tsipouras [36] 2019 EEG Frequency sub-bands/energy, total energy,

fractional energy, entropy Random forests
Accuracy

classification
= 98.8%

Naghmeh
Mahmoodian

et al. [37]
2019 EEG 21 patients

Linear features: three energy-based features,
to compute average, maximum,and minimum

of the cross-bispectrum respectively
(mean, max, min)

Nonlinear features: six nonlinear features,
two are frequency relation-based features,

and two are entropy-based features
for computing the degree of disorder in

each cross-bispectrum computation

SVM
RBF

Se = 95.8%
Sp = 96.7%
Ac = 96.8%

Guha A. 
et al. [38] 2020 EEG 500 -

DNN classifier 
with 5 hidden 

layer, each layers 
consists 85 

neurons

Se = 80%
Acc = 80%

Precision = 64%
F1 score = 71%

Zhou D.
et al. [39] 2020 EEG 500 Linear kernel, non-linear kernel,

Fusion kernel RBF
In fusion kernel:

Se = 0.965 ± 0.047
Sp = 0.951 ± 0.021

Acc = 0.963 ± 0.024

Aung S.T.
et al. [40] 2020 EEG 500 EEG segments Fuzzy Entropy, Distribution Entropy,

Modified-Distribution Entropy
Modified-

Distribution 
Entropy

Se = 92.5%
Sp = 85%

Acc = 91%
AUC = 96%
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