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 

Abstract: Epilepsy is censorious neurological disorder in which 

nerve cell activity in the brain is disturbed causing recurrent 

seizures which are sudden, uncontrolled electrical discharges in 

the brain cell. In clinical treatment of epileptic patients seizure 

reorganization has much prominence. Hence in detecting the 

phenomenon of epilepsy Electroencephalogram (EEG) signal is 

widely used as it includes important carnal data of the brain. 

Though it is critical to analyze the EEG signal and identify the 

seizures. So feature extraction of EEG signal plays a vital role for 

epilepsy detection. This paper describes an worthwhile feature 

extraction based on variational mode decomposition (VMD) to 

identify epilepsy. The extracted features fed to ANN, KNN and 

SVM in order to classify epilepsy. The performance of the SVM 

classifier shows the better classification compared to existing 

methods.  

 
Index Terms: Electroencephalogram, Variational Mode 

Decomposition, Artificial Neural Network, K-Nearest Neighbor, 

Support Vector Machine. 

I. INTRODUCTION 

  Epilepsy is the most critical neurological disorder which 

originates from the brain electrical activity having abnormal 

discharges called seizures leading to uncontrollable 

movements [1]. Epilepsy is widespread neurological disease 

affecting about 1% of the world‟s population. Epilepsy is very 

hard to diagnose In spite of its spread and can be challenging 

in detecting the disorder [2]. People with epilepsy are more 

prone to die too early compared with others. Hence, 

predicting and diagnosing the epileptic seizures plays 

important role for better prevention and cure for patients. 

Clinically EEG signals are used to observe the brain electrical 

activities which contain the markers of epilepsy. Through the 

analysis of EEG signal we can predict and diagnose epileptic 

seizures. Electroencephalogram (EEG) is a test that detects 

abnormalities in the brain waves, or in the electrical activity of 

the brain. The procedure involves the electrodes of small 

metal discs which are pasted on the scalp of patient. These 

electrodes detect tiny electrical charges that result from the 

activity of brain cells. EEG is an electrophysiological 

monitoring method and contains much worthy information 

which relates to physiological activity of the brain and thus is 

a very important tool in analyzing and understanding various 

neurological disorders like epilepsy [3].  
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Two states of abnormal activities are shown in epileptic 

patient‟s in their EEG signals namely seizure free or interictal 

and ictal [4]. The characteristic of an epilepsy disorder which 

refers to the period between seizures and exhibit spikes or 

sharp waves in interictal EEG signals. The physiologic state 

or event such as seizure or stroke with perpetual waveforms 

refers to the ictal EEG signals. Epilepsy can be exposed to 

view the long durations of EEG signals by conventional 

methods with the help of experienced neurophysiologists by 

their visual inspection, perhaps it is individual and tedious. 

Epileptic EEG signals with computer-aided detection (CAD) 

can be used in order to vanquish these obstacles. 

The frequency range of electrical waves of the brain is from 

4 Hz to 80 Hz and small amplitude (approximately 100µV). 

Each EEG signal is normally divided into five sub-bands: 

Delta (0.5 Hz -4 Hz), Theta (4 Hz -8 Hz), Alpha (8 Hz - 12 

Hz), Beta (13 Hz -30 Hz), and Gamma (30 Hz -60 Hz) [5,6]. 

The behavior of EEG signals can be best depicted by 

extracting the features and these are prominent for 

performance of seizure detection. EEG signals hidden 

distinctive characteristics are captured with feature extraction 

and appropriate optimization of the features influence the 

final classification accuracy. 

The frequency based Frequencies and energies of the EEG 

signals in different sub-band features are used with ANN to 

classify the epileptic seizure with normal EEG [7]. The time 

based mean and spectral based bispectral entropy, squared 

entropy and phase entropy features input to KNN to classify 

the epileptic seizure [8]. The time based features mean, 

maximum value, minimum value, standard deviation is used 

with ANN to classify the epileptic seizure to the normal EEG 

[9]. The time based mean, absolute, median, variance features 

input to feed-forward neural network to classify epileptic 

seizure to the normal EEG [10]. The time based mean, 

standard deviation and frequency based FFT and wavelet 

transform features are used with SVM to classify epileptic 

seizure with normal EEG [11]. 

The time based entropy, approximation entropy, hurust 

exponent features are input to SVM to classify epileptic 

seizure with normal EEG [12]. Time based mean, median, 

maximum, minimum, range, standard deviation, absolute 

deviation features are used with ANN, SVM, and KNN for 

epileptic seizure with normal EEG classification [13].  
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Several methods are proposed and developed based on the 

scheme: EEG data of feature extraction in frequency domain 

[13], time domain [14], and time-frequency domain 

[12][15][16].  The review of EEG features has been 

propounded for classifying and detecting the epileptic 

seizure. 

The EEG dataset is adopted from the Bonn University 

Hospital of Freiburg [17]. It contains five individual subsets 

(set A-E) named as Z,O,N,F and S. Each subset consists 23.6s 

duration of 100 single channel EEG signals. The data has a 

sampling rate of 173.61 Hz and digitalized with 12 bit analog 

to digital resolution. Set A and set B are captured extra 

cranially whereas remaining collected intracranial with 

standardized 10-20 electrode system. Set A was recorded 

from the healthy patients when eyes open, set B was recorded 

from the healthy patients when eyes close, Set C and set D 

were recorded when patients are in seizure free intervals, Set 

E consists of epileptic seizure signals and these signals show 

ictal activity. 

 

 

Fig. 1: EEG signals classification Overview diagram using (variational mode 

decomposition)VMD method. 

The reminder of this paper is organised as fallows. In 

Section-II, VMD methodology, feature extraction in VMD 

domain and three classifiaction techniques are introduced. 

With the extracted features performaces of each classifier 

with respect their confusion plots for finding performance 

perameters discussed in section-III. Comparison between 

some of the researches and experimental results discussed in 

the same section. Finally concludes in Section-IV 

II. VARIATIONAL MODE DECOMPOSITION 

Variational mode decomposition (VMD) is a new adaptive 

signal decomposition, It decomposes any real time signal into 

a band limited functions or variational modes (uk). Each mode 

occurred concurrently and exhibits the sparsity property for 

reconstruction of an input signal. VMD decomposes a real 

time signal into k modes (uk) around its center frequency ( ). 

Hilbert transform and frequency shifting property are useful 

parameters in formulation of an optimization problem. The 

formulation of a constrained variational problem as [24], 
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The quadratic penalty factor and Lagrangian multiplier (λ) are 

converts into (2) from an (1), The unconstrained optimization 

problem is expressed as (2) 
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The alternate direction method of a multiplier (ADMM) is an 

optimization method to solve (2) lagrangian function , it 

estimate modes around its own center frequencies. The wiener 

filter is embedded in a VMD to update each mode 

( )ku  optimally in a spectral domain. 

Algorithm1:  Decomposition of EEG signals by using 
VMD algorithm 
Step-1:  predefine K which is the number of modes. 

Step-2: Initializing of    1 1 1ˆˆ , ,k ku   , and n =0;  

Step-3: For n = n+1, repeat loop until k=1: K for  ≥0. It 

keep on change  ˆ
ku t  in the spectral domain is [24], 
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Step-4: Assign k=k+1, repeat until k equals K and  n iteration 

of the loop  

Step-5: λ( Lagrange multiplier), updated for all ω≥0 based on 

dual-ascent 
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Step-6: Repeat the above steps 2 to 5 until to obtain the modes 

by satisfy the convergence condition.  
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Here  ,^ and τ represents the tolerance Fourier transform and 
time steps of dual ascent convergence respectively.      Ifft ( ), 
Real ( ) are represents the inverse Fourier transform and real 
part of analytic signal. In VMD, the selection of a parameter is 
a first task, a number of modes (K), and alpha. 

The mode decomposition of normal and epilepsy EEG signals 

are in Figure 2.2a, b shown respectively. It signifies that the 

mode increases also its frequency increases. 

 

 

Figure 2: VMD of four modes (a) Epilepsy signal (b) Normal EEG signal 

examples. 

A. Feature extraction: 

1) Statistical features: 

For an N sample EEG signal y[n] gives the magnitude 

spectrum of Y[m]. 

Statistical features: 
Mean:  It is the average of an N sample EEG signal; it can be 

defined [21], 
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Standard deviation: The dispersion of data from it‟s a mean 

value of a signal is a standard deviation. It is derived as [20], 
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Coefficient of variation (COV): The ratio of standard 

deviation to mean value of the EEG signal is a coefficient of 

variation. It can be expressed as [19]. 
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
                                      (10) 

Entropy (H): It is defined as the measuring of randomness in 

EEG signals. For an EEG signals with N number of samples   ( 

y1, y2, y3,…. YN) is expressed as [19], 
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Inter quartile range (IQR):  It is defined as the difference 

between 75
th

 and 25
th

 percentile of samples, It measures 

variability in a data set is given by [18], 
                                          IQR= Q3-Q1                                                 (12) 

Here, Q3 and Q1 are third and first quartile respectively. 

Skewness:  It measures the symmetry shape of the distribution 

of a signal, It can be derived as 
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NegEntropy: The differences between gaussian entropy 

H(Ygauss) and differential entropy H(Y) having mean 


 

and variance 
2  of EEG signals. It is expressed as [20],   
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Kurtosis: It is a one of the statistical moment; it gives the 

time series data peaked nature. Kurtosis can be derived as 

[25] 
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2) Spectral features: 

Spectral flatness (SF): Spectral flatness can be define as the  

ratio of magnitude spectrum of geometric mean to the 

arithmetic mean, It can be expressed as [23,24], 
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Spectral spread (SS): Average deviation of a magnitude 

spectrum around its spectral centroid is called as spectral 

spread. It can also be assumed as instantaneous bandwidth, It 

can be mathematically expressed as [23,24], 

                     

   

 

1
2

0

1

0

N

m

N

m

m SC Y m

SS

Y m















                       (17) 

It is a ratio of sum of a weighted magnitude spectrum to 

normalized by an unweighted sum is called as spectral 

centroid (SC),  
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Spectral decrease (SDec): It measuring the amount of 

decrease of a spectral envelope of a signal with respect to 

frequency, it is denoted as[24], 
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K-Nearest Neighbor Classifier (KNN): KNN is one of 

the finest learning algorithm, Until the classification whole 

calculation differs in which function approximated locally 

only. KNN algorithm is one of the simplest Machine Learning 

algorithms. In order to catalogue the unknown instance with 

class label as that of known neighbor and to locate the nearest 

neighbor in instance set. Classification with an instant 

classifier can be straight forward task. Class membership is 

the output in KNN classification to classify, the training and 

testing datasets of epileptic EEG classification are applied to 

KNN and the documentation of classification result is done.   

 Artificial Neural Network (ANN): In machine learning 

and cognitive science a family of statistical learning models 

are said to be artificial neural networks and are inspired by 

biological neural networks. Using machine learning process, 

the training dataset is used to train ANN, for epileptic seizure 

classification using ANN the test EEG dataset is used for 

testing the performance. 

Support Vector Machines (SVM): For Classification of 

healthy EEG signal, SVM classifier is fed with above features.  

In two-class problem, decision function is given by 
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Optimization problem can be expressed as  
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Here xi is N input with i
th

 feature vectors and yi is class label of 

1 or -1 for xi. b is called bias term and γ is called parameter of 

regularization. αi is known as lagrangian multiplier, its SVM 

classifier solution is obtained as 
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Kernel is needed for SVM classifier for training. In this 

Gaussian RBF kernel is the efficient one. RBF kernel can be 

represented as  
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Parameter σ is an optimization kernel width. The SVM 

classifier detailed information is available in [25, 9]. 

III. RESULTS AND DISCUSSION 

In this paper we proposed, designed, developed and 

implemented an efficient approach for classification of the 

epileptic and normal EEG with the aid of VMD based 

features. The proposed epileptic seizure classification 

algorithms are implemented and simulated in the Matlab 

environment and the simulation results are presented in this 

section. Simulation results of an epileptic seizure 

classification algorithm with ANN are presented as follows in 

Table 1. 

According to the confusion matrix obtained, it is observed 

that, the classification algorithm using ANN achieves a  

overall accuracy of 85%, overall sensitivity of 82.50%, 

overall specificity of 87.50%, overall precision of 86.84% , 

overall f_measure of 84.614 and overall gmean 84.96%. 

Table 1: Confusion matrix of Epileptic Seizure Classification using 

ANN 

Signal Epilipsy(%) Normal(%) 

Epilipsy 86.8 13.2 

Normal 16.7 83.3 

 

Simulation results of an epileptic seizure classification 

algorithm with KNN are presented as follows in Table 2. 

According to the confusion matrix obtained, it is observed 

that, the classification algorithm using KNN achieves a  

overall accuracy of 88.75%, overall sensitivity of 94.17%, 

overall specificity of 83.33%, overall precision of 84.96% , 

overall f_measure of 89.33 and overall gmean 88.58%. 

Table 2: Confusion matrix of Epileptic Classification using KNN 

Signal Epilipsy(%) Normal(%) 

Epilipsy 85.0 15.0 

Normal 6.5 93.5 

 

Finally the simulation results of an SVM based epileptic 

seizure classification algorithm are illustrated in Table 3. 

From the confusion matrix of SVM based epileptic seizure 

classification algorithm, it is observed that SVM approach 

achieves all time high classification performance compared to 

ANN and KNN. It achieves a overall accuracy of 92.08%, 

overall sensitivity of 86.33%, overall specificity of 100%, 

overall precision of 100% , overall f_measure of 92.66 and 

overall gmean 92.91%. 

Table 3: Confusion matrix of Epileptic Classification using SVM 
 

Signal Epilipsy(%) Normal(%) 

Epilipsy 86.3 13.7 

Normal 0.0 100 
 

Table 4: Performance summary of an epileptic seizure classification 

S.No Parameter ANN KNN SVM 

1 Accuracy 85.00 88.75 92.08 

2 Sensitivity 82.50 94.17 86.33 

3 Specificity 87.50 83.33 100 

4 Precision 86.84 84.96 100 

5 f_measure 84.64 89.33 92.66 

6 gmean 84.96 88.58 92.91 

 

From the comparison, it is observed that SVM classifier 

based epileptic seizure classification algorithm show 

predominantly better classification accuracy over the 

classification algorithms based on ANN and KNN. All the 

performance parameters of SVM shown better results 

compared to ANN and KNN. 
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As evident from Table II, proposed method compared to 

the work from literature achieved high accuracy rate. 

Furthermore, new features and decomposing technique in the 

proposed scheme is a substantial improvement.  

 

Table 5: Comparison table 

 

IV. CONCLUSION 

In this paper, the proposed approach initially performs 

variable mode decomposition on various epilepsy and normal 

signals to extract the statistical and spectral features. An 

effective feature extraction method for EEG is developed by 

decomposing the signal into four level for both training and 

testing sets and totally 44 features are calculated. 

Demonstrated the way to incorporate the identification of 

epileptic seizure by various algorithms such as ANN, KNN, 

SVM. The accuracy, sensitivity, specificity, precision, 

f_mesure, gmean is observed for each algorithm. Out of this 

SVM achieves high classification accuracy compared to ANN 

and KNN. Hence, SVM classifier is better in identification on 

epileptic seizure. 
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neural 
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(ANN) 

 

 

81.67% 

EEG based detection of Epilepsy by a 

Mixed Design Approach (2016) 
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-mean 
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-variance 

-(FFT) fast fourier transform  

-(WT) wavelet transform  
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Vector 
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- Sample Entropy 
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