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Özetçe— Nöbet, beyindeki nöronların uygunsuz elektriksel 
boşalmasının neden olduğu anormal nörolojik fonksiyonlar 
zinciridir. En yaygın olanı, beyin hücrelerindeki ani ve kontrolsüz 
elektrik deşarjlarının neden olduğu epileptik nöbetlerdir (ES).  
Rutin 20 dakikalık bir elektroensefalogram (EEG), beynin 
elektrik aktivitesini ve epilepsiye yol açan elekriksel bir odağın 
varlığını tespit eder. Ancak EEG testi epileptik nöbet tanısı 
koymak için tek başına yeterli değildir.  Psikojenik Nonepileptik 
(epileptik olmayan) Nöbetler (PNES) olarak bilinen bir başka 
nöbet, beyin fonksiyonu yerine psikolojik durumlardan 
kaynaklanan istemsiz elektriksel anormal deşarjlardır.   PNES 
epilepsinin birçok belirtisini taklit edebilir.  Bu iki nöbet tipinin 
benzerliği, sıklıkla PNES tanısında gecikmeye yol açan teşhis 
zorlukları ortaya çıkarmaktadır.  Üstelik PNES tanısı, uzun ve 
yüksek maliyetli hastane yatışlarını gerektiren video EEG 
monitorizasyon (VEM) ile yapılmaktadır. Yüksek maliyet ve 
uzunluğu nedeniyle PNES ve ES'yi ayırt etmek için VEM’e 
alternatif yöntemler araştırılmaktadır.  Bu çalışmada, epileptic ve 
epileptik olmayan (sözde) nöbet tespitleri için literatürde 
kullanılmış metotların ve elde edilmiş sonuçların kısa özetini 
sunmaktayız. 
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Abstract-The seizure is a chain of abnormal neurological 
functions caused by the abnormal electrical discharge of 
neurons in the brain. The most common is epileptic seizures 
(ES) which are caused by sudden and uncontrolled electrical 
discharges in brain cells. A routine 20-minute 
electroencephalogram (EEG) determines whether the brain's 
electrical activity is normal, or the presence of an electrical 
focus leading to epilepsy.  However, the only EEG test by itself 
is not enough to establish a diagnosis of epileptic seizures. 
Another seizure known as Psychogenic Nonepileptic Seizures 
(PNES) is not involuntary electrical abnormal discharges 
results from psychological conditions rather than brain 
function. PNES can mimic the many manifestations of epilepsy. 
The similarity of these two types of seizures poses diagnostic 
challenges that often lead to delayed diagnosis of PNES. The 
diagnosis of PNES also involves high-cost hospital admission 
and monitoring using video-electroencephalogram machines 
(VEM). Due to economic feasibility and the tediousness of 

VEM, alternative methods are being researched to differentiate 
PNES and ES. In this study, we present a summary of the 
methods and obtained results for epileptic and non-epileptic 
(pseudo) seizure detection in the literature.   
Keywords —epileptic seizure, electroencephalogram, Psychogenic 
Nonepileptic Seizures, video EEG monitoring 

I. INTRODUCTION 
A seizure is a sudden, disorderly discharge of cerebral 

neurons. Seizures involve a transient alteration in brain function 
(motor, sensory, autonomic, or psychic clinical manifestations) 
[1]. The type of seizure as well as the signs and symptoms that 
accompany the seizure depend on the part of the brain in which 
the seizures occur. 

 
Figure 1. Types of Seizures 

Epilepsy is described by uncontrolled excessive activity of 
either part or all of the Central Nervous System [2]. 
Unfortunately, the happening of an epileptic seizure is not 
predictable and its process is not completely understood yet.  
Signal processing of EEG is an important tool in the diagnosis 
of epilepsy. The detection of the spikes and seizures which 
includes visual scanning of EEG data is very time consuming, 
especially in the event of long recordings. On the other hand, 
visual interpretation is highly subjective so differences of 
opinion on the same record are possible, so the extraction and 
analysis of EEG signal parameters by using computers, are 
highly useful in diagnostics.  

The PNES is also known as pseudo-seizures, is one of the 
most common seizures and difficult to distinguish from real 
epileptic seizures. PNES are caused by psychological factors 
that may appear as epileptic seizures but are not caused by 
abnormal brain electrical discharges [3].  
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Although there are many differences, misdiagnosis is a 
common challenge. Physicians often do not see the difference 
between a malingering patient and a patient with PNES. The 
most common cause of morbidity in patients with PNES is 
over-treatment in the emergency room setting for status 
epilepticus. Many patients experience adverse effects from the 
prescription of unnecessary anti-epileptic medications. 
Approximately 25% of patients with a previous diagnosis of 
epilepsy that does not respond to drugs [4]. 

The diagnosis between PNES and ES is the electrical 
discharge that can be monitored through video 
electroencephalogram monitoring (VEM). In-patient VEM is 
the gold standard for distinguishing different types of seizures 
[5]. Although it has a high yield in diagnosis and management; 
it is expensive, time-consuming and labor and resource-
intensive [6]. It also requires inpatient admission, which adds a 
further burden on the health care system.  

The main goal behind this review is to give information on 
the basic methodology for the detection of epileptic and 
pseudoseizure data. These purposes are as follows: 
1. Reviewing studies done using different methods for 

automated detection of epileptic and pseudo seizures by 
various modalities. 

2. Analyzing the best performing model for various 
methodologies of data. 

3. Help to create the alternative method to long term- video 
EEG monitoring 

II. SEIZURE DETECTION METHODS 
Seizure detection systems could detect the beginning of 

seizures and provide more detailed data to control epilepsy. 
These systems can be used as detection tools for clinicians 
during epilepsy monitoring and provide rapid therapy [7]. All of 
the seizure classification methods include two main steps; 

i)    appropriate significant data such as EEG computed from 
data.  

ii) Model-based criteria or threshold value is identified and 
applied to classification the normal and epileptic data.  

Different methods have been suggested for the detection of 
seizures. Several feature extraction and selection techniques 
have been reported in the literature. Most of them use hand-
wrought features in the time-domain, frequency-domain, time-
frequency-domain, or sometimes in a combination of two 
domains.  

In the non-linear methods, The Lyapunov exponents have 
been proven to be a quantitative diagnostic measure for the 
chaotic system, and are used to determine the stability of any 
steady-state behavior. The average exponential rate of 
divergence or convergence of the nearby orbits is defined by 
Lyapunov exponents in the phase space. The convergence 
means that systems whose initial differences are very small will 
soon behave quite differently, and this marks the fact that the 
predictive ability of the time series is lost. The magnitude of the 
exponent reflects the time scale on which the system dynamics 
become unpredictable [8]. 

Bartosz Swiderski et al. used the Lyapunov exponent of 
EEG signal for epileptic seizure characterization [9]. The 
analysis of the EEG data has proved that the change of the 
largest Lyapunov exponent provides a lot of information 
regarding the epileptic seizure. The minimum value of the 
Lyapunov exponent indicates the seizure moment.  

 

In the frequency domain, seizure detection relies on the 
differences in the frequency domain characteristics of the 
normal and epileptic EEG [10]. The frequency domain based 
method is Fourier Transform that is not a suitable tool in 
analyzing nonstationary signals such as EEG and does not have 
a good spectral estimation. It cannot be utilized for analysis of 
short EEG signals because that cannot reveal the localized 
spikes and complexes among epileptic seizures in EEG signals.  

The power spectrum reflects the ‘frequency content’ of the 
signal or the distribution of signal power over frequency. 
Several parameters derived from the power spectrum have been 
used, including total power, spectral band power, and median 
and spectral edge frequency. Quasiperiodic fluctuations or 
“rhythmic” behavior characterized by a peak in the power 
spectrum at a specific frequency is used to detect epileptic 
seizures in some cases [11]. 

 
In the literature, time-frequency distribution is estimated in 

signal processing. This distribution provides simultaneous time 
resolution and inversely proportional frequency resolution. For 
example, an epileptic signal has both time and frequency 
components, but the conventional time and frequency 
representations present only one aspect. 
      Wavelet Transform is is a signal processing tool that has 
many engineering and scientific applications. The wavelet 
transform can be considered as an extension of the classic 
Fourier transform, except that, it works on a multi-scale basis 
instead of working on a single scale (time or frequency). This 
multi-scale feature of the wavelet transform allows the 
decomposition of a signal into severe scales, each scale 
representing a particular coarseness of the signal under study. 
Discrete Wavelet Transform analyzes the signal at different 
frequency bands, with different resolutions by decomposing the 
signal into a coarse approximation and detailed information. 

The findings suggest that each analysis technique has 
specific pros and cons which make it suitable for the special 
signal type. In the frequency-domain, high-quality performance 
maybe not provided for some EEG signals. On the other hand, 
time-frequency methods may not give detailed information on 
EEG analysis as much as frequency-domain methods. It is 
critical to select the signal type to be analyzed in the application 
of the method, whenever the performance of the applied method 
is discussed. 

III. CLASSIFICATION 
A. Classification using SVM Technique 

SVM method has high accuracy performance capability 
and is working well even if the dataset is not linearly separable 
[12]. All non-epileptic signals obtained from the classification 
do not mean that they are normal. We aim to classify these 
signals as pseudo seizure and healthy EEG. Healthy and pseudo 
seizure data should be not confused with each other. 

 
B. Classification using ANN Technique 

The most promising approaches to automated diagnosis are 
based on neural networks to reduce the expert effort in 
analyzing lengthy recordings.  The ANNs are considered to be 
good classifiers due to their inherent features such as adaptive 
learning, robustness, self-organization, and generalization 
capability [13]. There are several kinds of artificial neural 
networks such as deep multilayer perceptron (MLP), 
convolutional neural network (CNN), recursive neural 
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network (RNN), recurrent neural network (RNN), long short-
term memory (LSTM).  

MLP is a feed-forward neural network that is used for binary 
classification of the EEG signal. It contains three consecutive 
layers, namely input, hidden, and output layer [14]. The design 
of MLP is easy and few parameters are needed. 
    The performance of the proposed methods is evaluated based 
on the sensitivity (S+), specificity (S−), and false detection rate 
(FDR). 
 
Table 1. Summary of previous studies for classification of normal and 

epileptic classes 

Authors Classifier Accuracy 
    (%) 

Supriya et al. (2016) 
[15] 

Edge weight, Support Vector Machine 
and               

 Linear Discriminant Analysis 

100% 

Tawfik et al. (2016) 
[16] 

Support Vector Machine 
and 

Weighted permutation entropy 

99.5% 

Yang Li et al. (2018) 
[17] 

Gaussian Mixture Model 
and 

Continuous Wavelet Transform 

100% 

Ali Emami et al. 
[18] 

Convolutional neural network and 
Time window (scalp 

electroencephalography plot images 

100% 

Buhari U. Umar et 
al. (2019) [19] 

Artificial Neural Network 
and 

Grasshopper Optimization Algorithm 

98.4% 

Indrani 
Bhattacherjee et al. 

(2020) [20] 

Convolutional Neural Network  
and 

Power Spectrum 

99.99% 

Guoyang Liu et al. 
(2020) [21] 

Deep Convolutional Neural Network and 
Stockwell transform (S-transform) 

95.45% 

Negar Ahmadi et al 
(2020)  

Microstate and functional brain neural 
network 

  80% 

The time-frequency (TF)-based method was proposed for 
the analysis of EEG signals by Tzallas et al. [18]. They analyzed 
EEG signal segments using TF, features of each segment were 
extracted and then used these features as inputs of ANN. They 
achieved 99% accuracy in the classification of the EEG signals. 

    Sezer [19] proposed to perform the classification of epilepsy 
diagnoses via various ANNs in her MSc thesis. EEG signals 
were separated into the frequency sub-bands using wavelet 
analysis; statistical features were obtained from these sub-
bands. The number of obtained feature vectors was then 
reduced and they were given to multilayer perception (MLP), 
Elman, and linear vector quantization neural networks and other 
ANNs as inputs. The networks without MLP learned quickly; 
2-layer MLP structures were more successful than single-layer 
ones. 
   Guo et al. [20] were aimed to create an ANN-based system 
for the analysis of EEG signals using relative wavelet energy. 
The considerable classification accuracy rate was 95.2%. 
    New neural network models with adaptive activation 
functions were proposed to detect epileptic seizures by Tezel 
and Ozbay [21]. The proposed models were trained and tested 
using 5-fold cross-validation for finding the best model. They 
obtained 100% average sensitivity, 100% average specificity, 
and an approximately 100% average classification rate for all 
models. 

Negar Ahmadi et al.[22] propose automatic epilepsy and 
pseudo seizure classification system by using EEG microstate 
and brain features. This research is based on short-term EEG 
data for classification of seizures. Microstate features, network 
functions, and signal characteristics of the EEG recordings are 

analyzed. During this process, according to the frequency level 
signals are classified into different sub-bands such as theta, 
alpha, beta and gamma. The beta band performs high accuracy 
and precision for classifying subjects. 

IV. DISCUSSION 
Different algorithms have been widely used to extract the 

features from EEG signals. These methods are time-frequency 
distributions (TFD), Fast Fourier Transform (FFT), eigenvector 
methods (EM), wavelet transform (WT), and autoregressive 
method (ARM).  

Many methods have been introduced to detect the seizure. 
Each of them has its advantages and disadvantages. One of 
these methods is Fourier transform that generally used for the 
early methods of automatic EEG processing. Because EEG 
records are on a long time scale, it requires both cost and time 
for the processing of the complete signal. Therefore, there are 
methods of feature extraction that can represent the 
characteristic of the signal. Fourier Transform is the most 
commonly used method for signal analysis and is used to obtain 
the frequency information of a signal in the time-domain. While 
the frequencies of stationary signals do not change with time, 
the peaks during seizures play an important role in the detection 
of disease in non-stationary signals such as EEG. Conventional 
methods for stationary signals are insufficient for nonstationary 
EEG signals. 

Despite many advantages, FFT transform has several 
disadvantages for time-frequency analysis. First, the FFT 
transform cannot do a good job of solving the EEG analysis 
problem using a fixed window function. Second, it is very time-
consuming.  

Autoregressive (AR) is a parametric method for power 
spectrum estimation which reduces the spectral loss problems 
and gives better frequency resolution. However, EEG signals 
have a nonstationary characteristic, the parametric methods are 
inappropriate for the frequency decomposition of these signals.  

One of the efficient properties of the Wavelet Transform 
(WT) is that it is appropriate for the analysis of non-stationary 
signals, and this represents a major advantage over spectral 
analysis. For analyzing non-stationary signals, time scale, and 
time-frequency methods have proved that the most suitable 
tools. Wavelet analysis is used to decompose the EEG into 
delta, theta, alpha, beta, and gamma sub-bands.  

After considering the above literature, we considered the 
most suitable way for feature extraction from the raw data is the 
use of WT. It is a spectral estimation technique in which any 
general function can be expressed as an infinite series of 
wavelets.  

Another step is classification in the algorithm. Generally, 
classifiers are categorized as following Machine learning and 
Deep learning [23]. These classification methods can be solved 
by linear analysis, nonlinear analysis, adaptive algorithms, 
clustering, and fuzzy techniques, and neural networks [24-28]. 
The classification accuracy has also improved with advances in 
machine learning algorithms such as the support vector 
machine, logistic regression, and neural networks[29-32].  

In machine learning, Artificial Neural Network method is 
the main tool that attempted to emulate the other biological 
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neural network. This method includes linear features such as 
amplitude, slope, curvature, rhythmicity, and frequency of EEG 
components. The most promising approaches to automated 
diagnosis are based on neural networks to reduce the expert 
effort in analyzing lengthy recordings.  

CONCLUSION 
In conclusion, the various well- known seizure detection 

and classification algorithms were proposed. Considering the 
signal characteristics, the optimum method for any application 
might be different.  The different signal processing approaches 
such as FFT fail or are not as effective for non-stationary signals 
but wavelet transform is used as a feature extraction method for 
both seizure patients and non-seizure patients. We have briefly 
highlighted that Multilayer Neural Network and Support Vector 
Machines have the highest accuracy rate.  
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