
 

 

 

Abstract— We investigated the fractal properties of EEG time 

series signals of healthy & epilepsy patients for characterization 

using the correlation matrix from Random Matrix theory. It is 

observed from our result that the time series of EEG signals from the 

subject of study could be used in real time application to characterize 

time series signals of an epilepsy patient with seizure from a healthy 

subject or patient who does not contain seizure using our analysis 

methodology. 
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I. INTRODUCTION 

YNAMICAL systems found in nature are complex and show 

presence of chaotic behavior, nonlinearity, and exhibit 

long-range correlations [1-3]. Significance of quantifying the 

long-range correlation of such systems is to have deep 

understanding of the dynamics of the parameters underlying 

the complex system which could be studied using methods like 

fractal analysis [4]. Human brain has the ability to perform 

very sophisticated cognitive tasks hence analysis of signals 

from neuronal network of human brain whose structure is 

highly complicated often referred as complex system can be 

studied using suitable fractal study as it has ability to 

characterize systems that are basically irregular at all scales. In 

recent past large amount of scientific study on brain dynamics 

was evolved using the signals measured from brain which is 

generated due to cooperative interactions among widely 

distributed, densely interconnected active neurons. It has 

become common to apply principles derived from nonlinear 

dynamics and statistical mechanics to characterize these 

neuronal systems [5-10]. Correlation study using fractal 

geometry on electroencephalogram (EEG) signals reveals that 

the underlying pattern of neuronal activation in term of EEG 

signals are non-stationary with self-affine dynamics and 

nonlinear characteristics [11-14]. Many studies were known to 

be reported using different methods like permutation entropy, 

support vector machine, granger causality from the literature  

which were applied to different kinds of EEG data from human 

to characterize brain signals of different pathological states 

[15-19]. 
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It is witnessed that random matrix theory approach for 

statistical analysis of cross-correlation matrix has brought 

attention of researcher to analyze natural time series data 

especially from financial and biological systems [20-26]. The 

purpose of this paper is to propose a real time analysis 

technique to characterize epilepsy patients with seizure from 

healthy human or patients who achieved complete seizure 

control using EEG signals that are measured for different 

recordings simultaneously making a high dimensional data for 

analysis using the random matrix theory. The chapter 2 of the 

paper describes the data and methodology while chapter 3 

discusses about results and discussion of our work. 

II.   DATA ANALYSIS METHODOLOGY 

We have obtained the EEG data of healthy & epilepsy 

seizure patient from the Dept. of Clinical Epileptology, 

University Hospital of Bonn, Germany 

(http://www.meb.unibonn.de/epileptologie/science/physik/eeg

data.html) [10]. Data consists of five sets (denoted A–E) each 

containing 100 single channel EEG segments having N=4096 

samples points. The description of EEG data sets under study 

is given below: 
 

Set A: Using standardized electrode placement scheme 

extra-cranial recording of healthy volunteers with eyes open 
 

Set B: Using standardized electrode placement scheme 

extra-cranial recording of healthy volunteers with eyes closed 
 

Set C: Intracranial recordings from the hippocampal 

formation of the opposite hemisphere of the brain of patients 

during seizure free interval 
 

Set D: Intracranial recordings from within epileptogenic 

zone of patients during seizure free interval 
 

Set E: Recordings from patients contained seizure activity                       
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Fig. 1 EEG time series data from each of the five sets. Amplitudes of 

surface EEG recordings are typically in the order of some mV 

 

From the mentioned data collection procedure [10], each of 

the five sets (A–E) contains 100 single channel EEG segments 

of 4096 sample points each. For our analysis of characterizing 

healthy subject with patients suffering from epilepsy we 

choose data set A, B and E for our future study. Since the 

selected patients belonged to different socioeconomic and age 

groups we have carried out the mean subtraction to remove the 

average part of the signal and normalized it by diving over 

standard deviation. This formed our initial 100 x 4096 data 

matrix for correlation matrix study. We had taken those 

obtained matrixes of each data set A, B and E to study the 

multifractal properties for EEG signal characterization using 

Random matrix theory (RMT) [20-24] for analysis purpose 

which could be described as below: 

Now we wish to apply the theory of random matrix which 

many literatures unveil its potentials to understand the 

statistical structure of the empirical correlation matrices that 

are appearing in the study of multivariate time series analysis 

[20-23]. Here now we take the initially obtained 3 sets of 100 

x 4096 data matrix in order to process for our analysis. Then 

the data is normalized to have unit variance as we had obtained 

the mean value of the data for each row of the matrix from 

each data set by taking the average. This was then subtracted 

from each data set to get δxi(t). Here i represents the no. of 

channels while t the sample number. We have computed the 

standard deviation which was then divided with the mean 

subtracted data to obtain the correlation matrix for our 

correlation study. 

 

where   , M is a N x T rectangular matrix and 
T
 

denotes matrix transposition then the correlation matrix is C = 

(M
T
M)/T. The  density of eigen values of C is defined as 

 
 

where n(λ) is the number of eigen values of C less than λ. If 

M is random matrix of T x N then ρc(λ) is self-averaging 

where N∞, T∞, and Q = T/N ≥ 1. 

 

Hence,                 (3) 

 

where   , λ varies between λmin 

and λmax, and σ
2
 is the variance of elements of M and is unity 

with the normalization. Then we had taken these obtained 

correlation matrix of each data set A, B and E to study the 

statistical properties for EEG signal characterization. Upon 

diagonalizing the matrix C i.e. Cuk = λkuk we could get the 

corresponding eigenvalues λk (k = 1, 2, . . . , N) and its 

corresponding eigenvectors uk. Then the Eigen values of C are 

rank-ordered from the smallest to the largest for our further 

analysis purpose. In random matrices, one observes the 

universal functional forms for eigenvalue correlations that 

depend only on the general symmetries of the matrix. The 

universal properties of the data could be tested by finding a 

transformation called ‘‘unfolding’’ which maps the 

eigenvalues λk to new variables called ‘‘unfolded eigenvalues’’ 

ξk having uniform distribution. These unfolding ensures that 

the distances between eigenvalues are expressed in units of 

local mean eigenvalue spacing hence allows comparison with 

analytical results. 

To calculate the unfolding let us first define the cumulative 

distribution function of eigenvalues which counts the number 

of eigenvalues in the interval λk ≤ λ; 

 

                             (4) 

 

where ρ(λ) is the probability density of eigen values and N 

is the total number of eigenvalues. The function F(λ) can be 

decomposed into an average and a fluctuating part as below, 

 

                       (5) 

 

Since  hence the dimensionless unfolded 

eigenvalues are then given by ξk=Fav(λk). Now to find Fav(λ) 

one fit the cumulative distribution function F(λ) with the 

analytical expression for ρc(λ) for obtaining the unfolded 

eigenvalues. 

III. RESULTS AND DISCUSSION 

The theory of random matrix (RMT) explained in our 

method applied to analyze the data which has shown 

characterizing the EEG signals of healthy from the patients 

with epilepsy seizure. We had plotted the nearest-neighbor 

spacing distribution P(s) of the unfolded eigen values ξk. We 

find a very good agreement in the fitting for all data sets 

except for the data E where we have observed two peaks 

whereas the healthy subjects A and B contains single peak in 

the wigner distribution. Similarly the highest eigen vector was 

plotted for all 3 data sets and we could clearly observe from 

figure 2 the existence of two peaks in the case of signal with 

seizure activity from epilepsy patients while we observe a 

single peak from healthy subjects. 
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Fig.2 Nearest-neighbor spacing distribution of unfolded eigenvalues 

& eigen vector of corresponding highest eigen value for data set A, B 

& E respectively 

 

It signifies that cross correlation matrix through RMT 

distinguishes healthy subject (i.e. set A and B) EEG with 

seizure free signal from epilepsy patients data containing 

seizure activity (i.e. set E). Our analysis shows the random 

matrix approach could be used for characterization, diagnosis 

and prognosis of patients with epilepsy from the EEG signals. 
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