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Abstract 

 

A seizure is defined as „a transient occurrence of signs and/or 

symptoms due to abnormal excessive neuronal activity in the 

brain‟. A subsequent advancement made in epilepsy and 
neuroscience research defines that the clinical diagnosis of a 

seizure is experimental and it depends on groups of certain 

signs and symptoms. This paper on electroencephalogram 

(EEG) signal analysis focuses on seizure signalsorting 

byeliminatingsomepossiblesimilar signals to seizures. 

Seizures have been classified in time and the borders of 

signals during a seizure, signals between seizures and after a 

seizure are separated. In this paper a feature extraction method 

based on EmpiricalMode Decomposition (EMD) is proposed. 

The sifting process decomposes the EEG signal into Intrinsic 

Mode Functions (IMFs) by the EMD algorithm and five 

statistical parameters are computed using these IMFs 
whichforms the input to a classifiers. Experimental results of 

two class classifiercarried out on the clinicaldataset show that 

an accurate classification rate of 96.3% is achieved in the 

discriminationbetween normal and ictal EEG, and an accuracy 

of 95% is reached in the classification ofinterictal and ictal 

EEG signals. The results are comparable or have done better 

thancurrentresearchpublished. 

 

Keywords:Empirical Mode Decomposition, Intrinsic Mode 

Function, Adaptive Data Analysis, Information Transfer Rate, 

Neurofeedback, Neural Networks 

 

 

Introduction 
 

TheEEG is a time varying non-stationary signalgenerated by 

brain electrical activity recordedfromscalpelectrodes on the 

surface of the head [1]. The study of theEEG plays a vital role 

in the analysis ofneurological diseases. Epilepsy is one of the 

most commonneurological disorder affecting more than 50 

million individualsover the world [2]. Traditionally, 

neurologists utilize a visualinspection of the EEG recordings 

in order to detect epilepticseizures, and this is a cumbersome 
and subjective process with many errors in diagnosis. The 

methods aretime consumingespecially with large duration 

EEG recordings. Hence, an automatic method of diagnosis is 

proposed and implemented effectively by many researchers. 

Since EEG monitoring and analysis in patients isa continuous 

process, in order to make it fully automated with indication of 
seizure occurrence, many signal processing algorithms need to 

be considered. A neurofeedback technique is an effective way 

to treat brain disorders in which faster algorithms improve the 

Information Transfer Rate (ITR) to improve system response.  

In the last two decades, many researchers addressed 

theproblem of automatic seizure detection. It has been shown 

[3,4]that all the methods fall into four categories: (i) time 

domain, (ii) frequency domain, (iii) joint time–frequency 

domain, and (iv)nonlinear methods. Using Principal and 

Independent Component Analysis (PCA and ICA) the 

classification of epileptic EEG signals is achieved in [5]. The 

spectral analysis by Fourier methods is a common technique 
used in EEG analysis in the frequency domain. A system for 

two-class epilepsy detection using the nonparametric Welch 

method is presented in [6]. Many researchers have tried joint 

time-frequency domain feature extraction method due to the 

fact that Fourier method are not suitable for non-stationary 

EEG signals [7,8]. The joint time–frequency methods like the 

Wavelet Transform (WT), Discrete Wavelet Transform 

(DWT) [9] for automated detection of epilepsy and Acharya et 

al.[10] used wavelet packet decomposition (WPD) for 

detecting epileptic stages using Higher Order Spectra (HOS) 

cumulants. The Recurrence Quantification Analysis as 
nonlinear method has been used to show nonlinearity 

characteristics of the EEG signals in [11]. 

For nonlinear and non-stationary signal analysis Huang et al. 

[12-15] developed a data driven technique known as 

Empirical mode decomposition (EMD). In EMD, EEG signal 

is decomposed adaptively into a finite number of Intrinsic 

Mode Functions (IMFs). Research on effectiveness of IMF 

features such as entropy, inter-quartile range, mean absolute 

deviation and standard deviation has been done [16]. More 

advanced statistical examination of the resulting IMFs has 

revealed that the energy evaluation of IMFs [17], the weighted 

frequency of each IMF [17], the direct area of analytic IMFs 
[18], the coefficient of variation and fluctuation index of IMFs 
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[19] all calculated after applying EMD to preprocessed EEG 

signals have been used as features for epileptic seizure 

detection. In this paper, we propose five statistical parameters 

for the classification of non-seizure (normal, interictal) and 

seizure (ictal) EEG signals. These statistical parameters 

calculated using IMFs obtained from the decomposition of 
EEG raw signals by the EMD method, have been used as 

feature inputs to a Multilayer Perceptron Neural Network 

(MLPNN). The MLPNN is used due to its capability to 

classify non-stationary signals with optimum learning 

algorithm [20]. 

 

Dataset 

 

The paper utilizes EEG dataset obtained from Dr. Mohire‟s 

Clinic and Research center, Kolhapur, India recorded using 

RMS EEG machine. Another dataset used in our experiments 

is from the department ofepileptology at the University of 
Bonn, which is publiclyavailable in [21]. The datasetconsists 

offive sets (denoted Z–E), each containing 100 

singlechannelEEG signals of 23.6 s. For every single channel 

recording each data is represented for 4096 samples out of 

which 1000 data points have been considered in this work. 

These signals have been sampled at frequency of 173.61 

Hzwith bandpassfilter settings at 0.5–40 Hz. Sets Zand O have 

been taken from surface EEG recordings offivehealthy 

volunteers, while sets N and F have been measured inseizure-

free intervals fromfive patients. Set Srecording exhibit ictal 

activity.Therefore, in the present work three dataset Z, F, and 
Scorresponding respectively to normal EEG signals, interictal 

action and seizure activity was classified. Note that the signals 

of set E are taken frompatients during a seizure activity, while 

the signals of set F arefrom the same patients in seizure-free 

intervals. 

  

 
 

  
(a) 

  

  

  
(b) 

  

  

  
(c) 
 
Figure 1: (a)Normal EEG signal, its first four IMFs and 

residual, (b)Interictal EEG signal, its first four IMFs and 

residual, (c) Ictal EEG signal, its first four IMFs and residual 

 

 

Empirical Mode Decomposition (EMD) 

 

A purely adaptive data driven analysis toolEmpirical Mode 

Decomposition (EMD) method decomposes any nonlinear and 

non-stationary signal x(t) into a finite number of intrinsic 

mode functions (IMFs). In order to decompose the signal each 
IMF satisfies two fundamental conditions [22]: (1) the number 

of extrema and the number of zero crossings must be the same 

or differ by at most one; (2) at every point, the mean value of 

the envelope defined by the local minima and the envelope 

defined by the local maxima is zero. A signal x(t) can be 

expressed in terms of its M IMFs as: 

1

( ) ( ) ( )
M

m m

m

x t imf t r t


  (1) 

WhereM is the number of IMFs, imfm(t) is the mth IMF, and 

rm(t)is thefinal remainder. 

The complete procedure for getting IMFs for the signal x(t) 

areexplained as follows [19,23]: 

Initialization: m = 0; r(t) = x(t) 
(1) Find the local minima and the local maxima of x(t). 

(2) Get the lower and upper envelopes el(t) and eu(t) bylinking 

the minima and the maxima respectively withcubic spline 

interpolation. 
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(3) Determine the mean Mn(t) as: 

( ) ( )
( )

2

l t u t

n

e e
M t


 (2) 

(4) Extract h(t) as: 

( ) ( ) ( )nh t x t M t  (3) 

if h(t) satisfies the IMF conditions, m = m + 1, imfm(t) = 

h(t),go to (5) else x(t) = h(t) and repeat (1)–(4). 

(5) Define: 

( ) ( ) ( )mr t r t imf t  (4) 

if r(t) is a monotonic function, terminate the procedure,else, 

x(t) = r(t) and go to (1). 

 

 

Artificial neural network (ANN) 

 

The Artificial Neural Network (ANN) is mainly employed in 

pattern recognition. An ANN is formed by a massively neural 

units fully connected to each other. The neural network has to 

be trained (in supervised manner) to optimally adjust weights 
and biases in order to produce a desired output. Artificial 

neural networks (ANN) were successfully used in a wide 

variety of medical applications [24–28]. The Multilayer 

Perceptron Neural Network (MLPNN) is apparently the most 

commonly employed neural network construction due to its 

ability to classify unobserved dataand simplicity of use on test 

data. A MLPNN, with a three layer structure namely: an input 

layer, a hidden layer and an output layer,is majorly used in 

classification problems. In major classification problems, the 

desired output vector has its components 1's and 0's, with 1 

indicates the class to which belongs the corresponding input 
vector. The input layer‟s size is decided by the input feature 

vector, a hidden layer has number of nodes decided by cross 

validation, and an output layer is designed by the desired 

output vector. In this work the MLPNN has been trained with 

backpropagation algorithm [20]. 

 

Classifier assessment performance 
 

The performance of the MLPNN classifier is evaluated using 

three parameters, namely sensitivity (SE), specificity (SP) and 

classification accuracy (CA) defined as [28]:  

(%) 100
NP

SE
TNP

                                                               (5) 

where NP represents the number of correctly detected positive 

patterns andTNP represents the total number of actual positive 

patterns. A positive pattern indicates a detected seizure (ictal).  

(%) 100
NN

SP
TNN

   (6) where NN represents the number of 

correctly negative pat-terns and TNN the total number of 

actual negative patterns.  

(%) 100
NC

CA
TNP

  (7) whereNCC represents the number of 

correctly detected pat-terns and TNP represents the total 

number of patterns. 

 

 

 

Methods 

 

The automated seizure detection algorithm is shown in Fig.1. 

The algorithm is applied to every epoch of EEG signal 

considered for the datasets. 

 

 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 2:Flow chart of the proposed seizure detection 

technique. 

Results 

 

To authenticate the algorithm proposed in this paper, EMD is 

applied on all types of EEG signals and IMFs are obtained. 

The statistical parameters of these IMFs are applied to 

MLPNN for classifications. The detailed results are discussed 

in the following section. 

Feature Extraction 

In this study five statistical parameters are calculated on each 

IMF obtained after the decomposition of an EEG segment by 

the EMD algorithm. These statistical parameters are used as a 

single input vector to the MLPNN classifier. 
The statistics employed in this study are as follows [29]:  

1. Mean value in each IMF 

2. Minimum value in each IMF.  

3. Maximum value in each IMF. 

4. Standard deviation in each IMF.  

5. Variance in each IMF. 

The statistical parameters of combination of first three IMFs 

have been considered for producing a strong feature vector. 

 

EEG Signals 

Segments of 1000 

data samples 

Normal vs. Ictal 

 

Interictal vs. ictal 

ANN Classifier  

Five Statistical 

Parameters of IMFs 

IMFs Extraction 
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Classification using MLPNN 

All the 300epochs of normal, epileptic and interictal EEG 

signals are of segments of 1000 data samples and each 

segment is decomposed into four IMFs and residual. Selection 
of the appropriate number of IMFs is of great importance in 

the analysis of signals using EMD. The EMD method is 

purely data driven and the length of the signal being processed 

plays an important role in deciding the feature values for 

classification.For long size signalssufficient number of the 

IMFs are extracted. For the same reason a data sample value 

of 1000 is selected in this work as compared to smaller data 

samples [30]. The theory of EMD suggests that first few IMFs 

can contain the higher frequency components and subsequent 

IMFs represent lower average frequencies [31]. Therefore, the 

first four IMFs of each EEG segment are considered in this 

study. 
The box plots for the mean, minimum, maximum, standard 

deviation and variance of the values of the four IMFs are 

plotted in Fig. 3-5. These values have been calculated for 

calculated for normal, interictal and ictal EEG segments 

respectively. It is shown that the regions for ictal, normal and 

interictal features are different for these EEG segments. To 

obtain this variation a complex nonlinear classifier has been 

used. The multilayer perceptron neural network (MLPNN) 

with 25 hidden layer is set to 20, while in the output layer it is 

set to 2 and equals the number of the distinct classes.  

Selection of 75%, 50% and 40% of the features of each set (Z, 
F, S) is done and used for training, validation and testing the 

MLPNN. In this work, this feature extraction and 

classification algorithms have been developed usingMATLAB 

[32]. The support set is used as an early stopping criterion to 

avoid over-fitting. The sensitivity, specificity and 

classification accuracy of the classifier is shown in Tables 1 

and 2. For first four IMFs i.e. IMF1, IMF2, IMF3 and IMF4 

the classifier has inputs vectors taken only from these IMFs 

statistical parameters. For testing the efficacy of combination 

of IMF parameters IMF 1–2, 1-3 and 1-4 are considered 

which means that the statistical parameters are from the 

combined IMFs: 4 parameters for 3 IMFs and a total number 
of 12 parameters are considered. 

 

  

  

 

Figure 3: Box Plots for first four IMFs ofnormal signal. 

When features are computed with the first four IMFs that is 

IMF 1–4, a correct performance of the classifier in terms of 

Sensitivity (SE), Specificity (SP) and Classification Accuracy 
(CA) is obtained. The  Table 2 depictsthe role of combining 

the IMFs for improvement in the accuracy. But due to lack of 

correlation between the features there is no significant 

improvement is seen. The best performance reached in the 

classification on EEG signals between the seizure and seizures 

is with values of 96.5% of sensitivity, 96.3% of specificity 

and 95% of classification accuracy.  

 

  

  

 

Figure 4: Box Plots for first four IMFs ofseizure signal. 

For the classification ofseizure-free and seizure signals (Z–S), 

the accuracy obtained by the method explained is equivalent 

to the published results. In the case of the classification of 

between seizure and seizure signals (F–S), the accuracy 

obtained by the proposed method is 95 % and performs better 

than the other methods presented in the literature. 

The classification between interictal and ictal EEG signals, the 
best classification accuracy was attained by the first IMF, 

afterwards the performance decreased as the levels of the 

IMFs increased; the combination of the statistical parameters 

from the pooled IMFs did not yield better accuracies.  
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Figure 5: Box Plots for first four IMFs ofseizure signal. 

The classification performance of normal and epileptic EEG 

signals is obtained by employing the statistical parameters 
obtained from IMFs. The EEG being a nonlinear and non-

stationary signal the EMD is an effective tool to the 

decompose the signalinto a set of symmetric, amplitude and 

frequency modulated (AM-FM) components [33]. The lower 

level IMFs contain more frequency components and fast 

oscillations than the higher order IMFs. This property of 

analysis helps analysis of non-stationary signals by 

considering statistical parameters.  

 

Table1:Classification performance for normal and ictal EEG 

signals. 
 

IMF features SE(%) SP(%) CA(%) 

IMF1 92.7 92.5 93.7 

IMF2 92.5 92.1 94.1 

IMF3 81.3 82.2 88.3 

IMF4 79.3 81.2 85.2 

IMF1-2 95.8 89.3 95.7 

IMF1-3 96.3 92.8 96.1 

IMF1-4 97.5 97.3 96.3 

 

Table2:Classification performance for interictal and ictal 

EEG signals. 

 
IMF features SE(%) SP(%) CA(%) 

IMF1 92.7 92.5 94.1 

IMF2 92.5 92.1 94.2 

IMF3 80.3 81.2 82.7 

IMF4 78.3 79.2 80.2 

IMF1-2 92.8 89.3 94.2 

IMF1-3 92.3 91.8 94.7 

IMF1-4 96.5 96.3 95.0 

Table 3 presents the comparison of the performance between 

the proposed method and other methods reported in the 

literature. The techniques developed using the same dataset 

are considered for the performance comparison. 

 

Table3: Comparison of Classification algorithms 
 

Reference  Technique CA(%) 

Georgion et al.  Permutation Entropy, 
Support Vector Machine 

79.94 

Acharya etal.  Entropy, ANN 92.22 

Kumar et al. Wavelets, ApEn, ANN 95 

Kumar et al. Wavelets, ApEn, SVM 95.85 

Tzallas et al. Time-frequency, ANN 100 

RamBilas Pachori EMD, SVM (LS-SVM) 100 

This work EMD, ANN 96.3 

 

 

Conclusion 
 

In this paper an optimum feature extraction method is 

proposed for classification of in two class seizure detection. 

The proposed method utilizes five statistical parameters 

calculated for IMFs obtained on decomposed EEG signals by 

the EMD algorithm. A MLPNN is used for the two class 
classification. Most of the frequency variation is obtained 

through the first IMFs whichcontain pertinent fundamental 

properties of EEG signals and result in consistent features in 

automatic seizure detection settings. An accurate classification 

performance for normal and ictal EEG signals with accuracy 

of 96.3% is obtainedand withinterictal and ictal EEG datasets 

this value is 95%. These results are reliable and are better than 

few results from other literature on same datasets.Although 

the dataset used in this paper is commonly used by various 

researchers for the classification of epileptic and non-epileptic 

EEG signals, the study presented in this paper is on the long 
duration EEG recordings. This results in development of an 

alarm system to alert a seizure onset for patients affecting 

from epilepsy. 
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