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ABSTRACT 
 

The paper documents the attempt to analyze Electro Encephalo Gram (EEG) 

and classify them with respect to epileptic seizures as Normal, Interictal (between 

seizures) and Ictal (during seizures) using Principal Component Analysis of Wavelet 

transformed data. PCA helps in reducing the dimension of the observed data from 

which non linear features are extracted and fed to a kNN Classifier whose results are 

tabulated.  

 

KEYWORDS: Electro Encephalo Graph (EEG); K Nearest Neighbour (Knn); Non 

Linear   Features; Epileptic Seizure; Principal Component Analysis (Pca); 

 
I. INTRODUCTION 

Epilepsy is a common and diverse set of chronic neurological disorders 

characterized by seizures. Some definitions of epilepsy require that seizures be 

recurrent and unprovoked, but others require only a single seizure combined with 

brain alterations which increase the chance of future seizures. Epilepsy is a disorder 

with many possible causes. Anything that disturbs the normal pattern 

of neuron activity from illness to brain damage to abnormal brain development can 

lead to seizures. Epileptic seizures result from abnormal, excessive or more common 

as people age. Onset of new cases occurs most frequently in infants and the elderly. 

As a consequence of brain surgery, epileptic seizures may occur in recovering patients 

hyper synchronous neuronal activity in the brain. About 50 million people worldwide 

have epilepsy, and nearly 90% of epilepsy occurs in developing countries[1].  

 
 
 
 
 

 



JIARM VOLUME 1           ISSUE 6             (JULY 2013)       ISSN : 2320 – 5083 
 

424 
www.jiarm.com 

II. PROPOSED METHOD 
 
 
 
 
 
 
  

 
 
 
 
 
 
 

Fig 1: Block diagram of the approach adopted for the study. 
The approach is as illustrated in Fig. 1. The EEG data set was transformed to wavelet 

domain and the dimensions reduced using principal component analysis features are 

extracted by entropy estimator and then classified by kNN classifier. 

A. DATA SET 

The EEG data used in this research have been made available to the public by 

Dr. Ralph Andrzejak of the Epilepsy Center at the University of Bonn, Germany with 

details at [16]. In the Fig.2 the plots are of typical samples Z093, F021 and S056 from 

the database, calibrated in microvolts. The database consists of five sets of 100 files, 

with each file having 4097 samples of one EEG epoch each, encoded in ASCII. 

 
Fig 2:  PSD of Normal Background and seizure 
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B. Wavelet Transform: 

Wavelet transform uses wavelets of finite energy. Wavelets are localized 

waves which are suited to analyze transients since their energy is concentrated in time 

and space. The wavelet transform gives multi-resolution description of a signal. It 

addresses the problem of non-stationary signals and hence is particularly suited for 

feature extraction of EEG signals. At high frequencies it provides a good time 

resolution and for low frequencies it provides better frequency resolution, this is 

because the transform is computed using a mother wavelet and different basis 

functions which are generated from the mother wavelet through scaling and 

translation operations. Hence it has a varying window size which is broad at low 

frequencies and narrow at high frequencies, thus providing optimal resolution at all 

frequencies.  

 

Discrete Wavelet Transform (DWT)  

            The computation of CWT consumes a lot of time and resources and results in 

large amount of data, hence Discrete Wavelet Transform, which is based on sub-band 

coding is used as it gives a fast computation of wavelet transform. In DWT the time-

scale representation of the signal can be achieved using digital filtering techniques. 

The approach for the multi resolution decomposition of the signal . The DWT is 

computed by successive low pass and high pass filtering of the signal .Each step 

consists of two digital filters and two down samplers by 2. The high pass filter  is 

the discrete mother wavelet and the low pass filter  is scaling factor. At each level 

the down sampled outputs of the high pass filter produce the detail coefficients and 

that of low pass filter gives the approximation coefficients. The approximation 

coefficients are further decomposed and the procedure is continued until we get the 

desired coefficient. 

DWT can discriminate two signals having same frequency components occurring at 

different times. Ideally the mother wavelet function chosen should have a high 

correlation with the signal to be decomposed, in order to get better reconstruction, but 

a large family of wavelets needs to be tried and then selected after a trial and error 

basis. There are many wavelet families. 7 families of wavelets listed below have been 

used for this study. 
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• Coiflets 
• Symlets 
• Biorthogonal wavelets 
• Reverse Biorthogonal wavelets 
• Discrete approximation of Meyer Wavelet 
• Haar 
• Daubechies Wavelets 

 
C. Principal Component Analysis  

The Principal Component Analysis (PCA) is a linear dimensionality reduction 

technique that provides projection of the data in the directions of highest variance. 

The PCA algorithm involves computation of covariance matrix from the ensemble of 

EEG beats, eigen value and eigenvector decomposition of covariance matrix, sorting 

eigenvectors in the descending order of eigen values and finally projecting the 

original EEG data in the directions of sorted eigenvectors. The first few components 

will represent the most of the variability present in the data. In this work the first 447 

components from the projected matrix got after performing the PCA have been used 

for classification. 

D. Entropy estimation 

The process of feature extraction involves choosing the attributes of the data 

that can be presented to the classifier in a palatable manner so as to easily classify it. 

The study involves the use of entropy estimators applied to wavelet transformed data. 

Entropy is a numerical measure of the randomness of a signal. Entropy as a parameter 

has been used to analyze psychological time series data such as Epilepsy EEG data. 

Entropy being the measure of information is high for random signals. To paraphrase, 

lower entropies mark untoward activities while higher entropies of the EEG denote 

random behavior that is expected of normal brain functioning. 

 Approximate Entropy ( ApEn) 

Approximate Entropy is the logarithmic likelihood that the trends of the data 

patterns that are close to each other will remain close in the next comparison with 

next pattern. Thus, ApEn is a measure of data regularity. A greater likelihood of high 

regularity produces smaller ApEn values, and low regularity produces higher  

values. It represents an index that denotes the overall complexity and predictability of 

the time series.  Proposed by Pincus[10], is scale invariant and model 

independent. It detects the changes in underlying episodic behavior not reflected in 

peak occurrences or amplitudes. 
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 Approximate Entropy of a series is considered, given parameter: 

 m-Run length  

 r-Tolerance window  

 N-the number of points of the sample signal                          

Theoretically ApEn is defined as 

                                                        

(1) 

                                                                              

(2) 

Where   represents the average frequency of all the m – point patterns in the  

sequence remain closer to  each other. 

In principle, with an infinite amount of data,  should approach zero. With finite 

amounts of data, or with measurement noise, it has been suggested setting it to 0.1-

0.25 times the standard deviation of the data. Also there is no precise means of 

knowing the best value for embedding dimension , but a dimension greater than 4 

yields results that reflect the observed changes.  

 
Sample Entropy 

Firstly  is heavily dependent on the record length and is uniformly lower 

than expected for short records. Second, it lacks relative consistency. That is, if  

of one data set is higher than that of another, it should, but does not, remain higher for 

all conditions tested. These are due to the fact that the ApEn algorithm counts each 

sequence as matching itself. From [12] it has been noted that this self matching can be 

avoided using a better algorithm Sample Entropy Estimator. The SampEn (m, r, N) is 

the negative logarithm of the conditional probability that two template sequences with 

similar m points will remain similar at the next point. SampEn is largely independent 

of record length and displays relative consistency under circumstances where ApEn 

does not. The expressions from [11], [12] are: 

                                              

(3) 

SampEn agrees with theory more closely than ApEn [11]. Again this observation was 

seen to be true from the experimental results. 



JIARM VOLUME 1           ISSUE 6             (JULY 2013)       ISSN : 2320 – 5083 
 

428 
www.jiarm.com 

 Where   is defined as 
 

                                                                                                     

Thus is the probability that two sequences will match for m points, whereas 

 is the probability that two sequences will match for m+1 points.  

Renyi Entropy One may consider an entropy estimator for noise contribution from a 

noisy source with noise modeled with the random variable X = X1,X2,…..,Xn.. The 

Renyi entropy[9],[10] is estimated by, 

                                            

(4) 
 
Higher Order Spectrum (HOS) Entropy estimators: 

HOS are spectral representations of higher-order moments or cumulates of a 

signal .In particular, this paper studies features related to the third-order statistics of a 

signal, and the corresponding HOS, namely the Bispectrum. The Bispectrum B( f1,f2) 

of a signal is the Fourier Transform of the third-order correlation of the signal. It can 

be estimated using the averaged biperiodogram by 

B( f1,f2)= E[X(f1)X(f2)X*(f1+f2)]                                                                                        

(5) 

Where X( f ) is the Fourier Transform of the signal .  denotes complex 

conjugation  denotes Expectation operation. f is normalized by the Nyquist 

frequency to be between 0 and 1.The Fourier Transform of a real-valued signal shows 

conjugate symmetry, and the power spectrum is redundant in the negative frequency 

region. Likewise the Bispectrum being a product of three Fourier coefficients, 

exhibits conjugate symmetry and is computed in the non-redundant region shown in 

Figure.3.  
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Fig 3: Non redundant regions in PSD of the Bispectrum. 

 
The formulae for these bispectral Entropy estimators are given as: 
Normalized Bispectral entropy1, 

                                                                                                  
(6)   
Where   is the non redundant 

region.Similarly Normalized Bispectral entropy 2  
                                                                                                                  

(7) 
Where  

The normalization in the equations above ensures that entropy is calculated for a 

parameter that lies between 0 and 1 (as required of a probability) and hence the 

Entropy estimators P1 and P2 computed are also between 0 and 1. HOS analysis has 

the ability to detect non-linearity, deviations from Gaussianity and the phase 

relationships between harmonic components. It characterizes the regularity or 

irregularity of physiological signals much better than its peers [13] [14]. 

 

E. K Nearest Neighbor classifier 

kNN classifier finds the cluster of k-data points in the training set close to the 

class object based on dominant class. To classify data using nearest neighbor method 

the number of nearest neighbors was taken to be one and the distance metric was 

’Euclidian’.Distance metrics are also used but provided the same accuracy. Among 

’Nearest neighbor’, ’Random’, and ’consensus’,- the rules used for resolving ties, 
surprisingly consensus yielded lower results. The nearest neighbour was chosen i.e. k=1. 
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Test vector generation and Cross Validation 

The training data set comprised of 140 observations from each class making a 

total of 420 and 180 test samples respectively. Three fold cross validation of the 

following performance metrics:  Specificity, Accuracy and Positive Predicted Value, 

was done to assess classifier discrimination. The parameters used to define them are 

defined as follows:     

True positives (TP): seizers identified by the automated system and by the EEG experts. 

False positives (FP): seizers identified as seizures by the automated system but not true. 

False negatives (FN): seizures missed by the system. 

True Negatives (TN): non seizures identified as such by both experts and system. 

Table I gives the expressions for the test matrices used  

Table I : Test metrics and their meaning 
 

Measure Formula Intuitive meaning 

Precision TP/(TP+FP) Percentage of positive predictions that is correct. 

Specificity TN/(TN+FP) Percentage of -ve labelled instances predicted as -ve. 

Accuracy (TP+TN)/(TP+TN+F

P+FN) 

Percentage of correct predictions. 

 
III. RESULTS AND DISCUSSION 

 
Fig4. Selection of number of principle component to be taken based on 

energy contained 
The number of principle component has to be chosen by using above graph. From this 

graph at 99.9 percent of threshold getting 447 principle components. 
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Ideally the mother wavelet function chosen to transform the data should have a high 

correlation with the signal to be decomposed. Though a large family of wavelets 

needs to be tried for and then selected after a trial and error basis, the study focuses on 

7 families of comprising 46 different wavelets. The following entropy estimators 

Renyi Entropy, Approximate Entropy, Sample Entropy, and Higher order spectral 

entropy were executed on Matlab® with the 3 classes Normal, Inter ictal and Iictal 

with following values for entropies with parameters as in table II 

  
Table II : Default values used for entropy calculation 

   
Embedding Factor m=5, 

Tolerance parameter r=0.2 
Embedding Factor m=4, 

Tolerance parameter r=0.2 
 
α=2 

 
 

 
Fig 5: A Plot of Approximation entropy applied on 600 observations  from  the data set 

 

The following observations were made: 

 1. The entropies of the Normal signals were much higher than the Inter Ictal which 

were again much higher than the epileptic data as was expected by the results of all 5 

entropy estimators. 

2. The Renyi entropy estimator yielded the highest entropies among the five 

estimators with HOS Entropy 2 being the least in value. 
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Table III. Performance Metrics of DWT features using kNN classifier with PCA 
 

 WAVELET (with best accuracy) TP TN  FN FP ACCURACY 
Symlet 7 60 120 120 0 99.44 

 
IV. Conclusion and Future scope 
 

Good results may be attributed to the non linear features discussed and the 

similarity of the mother wavelet shape to the EEG recordings. The potential use of the 

system in clinical application after due modifications is very promising. Despite the 

database analyzed being too small to draw any definite conclusions concerning the 

distinction between the Ictal and the Inter-Ictal states the study paves a new path for 

use of the proposed method as a reliable diagnostic tool. 
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