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Abstract. Epileptic seizures can cause changes in the composition of the brain. Therefore, 
the analysis of independent signals in EEG with epilepsy can help to understand the 
development of epilepsy. Every interictal and preictal EEG data which has a lasting 
acquisition time of 10 minutes is divided into segments at the time interval T=20s, 30s, and 
60s respectively.These segments are analyzed by FastICA after the preprocessing of 
wavelet transform, then the number of the corresponding data segments’ independent 
components can be counted. Accordingly, the average number of independent components 
of the whole corresponding data can be obtained. By statistical analysis, it can be known 
that the number of independent components in preictal data is higher than that in interictal 
data. And in the preictal data of each period, the closer the data is to the seizure onset, the 
more the number of independent components will be.Under the condition of the same 
interictal and preictal data.The difference of the average number of independent 
components between the preictal and interictal data is the most obvious under the 
conditions of the same data when T=30s,which is 0~0.7 larger than that when T=20s and 
0.2~0.8 larger than that when T=60s.This study can provide a foundation for exploring the 
epilepsy. 

1. Introduction 

Epilepsy is a chronic disease of nervous system disorders[1]. According to statistics, about 1% of 
the world's people are suffering from epilepsy. The mechanism of epilepsy is very complex, which 
involves genetics, anatomy, pathophysiology, immunization and so on. Although there are some 
breakthroughs about the treatment of epilepsy,it still remain many problems to be 
solved[2,3].Cognitive impairment and emotional disorders caused by Epileptic seizures greatly 
reduce the quality of life of patients[4], epilepsy brings great damage to the patients and their 
families,and there are many self-injury cases because of epilepsy every year[5]. Currently, the 
treatment for most epilepsy patients is the use of high doses of antiepileptic drugs, although the 
symptoms have been certain alleviated, patients still frequently suffer from side effects. For 20-30% 
of epilepsy patients, antiepileptic drug is invalid[6]. Surgery can have some effect on certain 
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minutes before epilepsy seizures, P2 represents the number of the preictal data which has a lasting 
time from 15 minutes to 25 minutes before epilepsy seizures;P3 represents the number of the 
preictal data which has a lasting time from 25 minutes to 35 minutes before epilepsy seizures;  

2.2. Data preprocessing 

In the acquisition of EEG signal, there will be some unavoidable interference which need to be 
removed as far as possible to ensure the accuracy of the signal analysis subsquently.Wavelet 
transform is widely used in signal denoising and feature extraction because of its multi-resolution 
and self-adaptability[12,13]. In the analysis of the interictal and preictal data, the most important 
thing is to identify whether there are spike and sharp waves in the data, The duration of spike wave 
is about 20~80ms. The duration of the sharp wave is about 80~200 ms. Therefore, the frequency 
range of the epileptic wave is 5~30 Hz. First the wavelet transform is used to decompose the signal 
into eight layers, then the detail coefficients of the corresponding frequency band are reconstructed. 
The characteristics of the epileptic wave after denoising become more prominent. 

2.3.  FastICA algorithm 

The human body is a complex multi-source signal field which includes EEG, ECG, EMG and so 
on. In the process of signal transmission,there will be different degrees of coupling to these 
signals,and it couples into a part of the external interference at the same time.So the EEG signal is a 
multi-source mixed signal. However, the mixing way of these signals is usually unknown. Blind 
source separation is a kind of unmixing technique that arises to solve this problem. FastICA is a 
much mature algorithm developed from blind source technology. FastICA simplifies the problem 
and operation which greatly improves the work efficiency, it is widely used in the analysis and 
processing of EEG[14,15].The structure between the interical and preictal data are different which 
means that the source signal components are also different,so it will be possible to distinguish 
between the interical and preictal data by FastICA. FastICA algorithm has many forms like basing 
on maximum likelihood estimation, negative entropy and so on. Ir is known that the more chaotic 
the structure of the signal is, the greater the entropy will be. the structure of the EEG signal will 
change significantly when the epilepsy occurs, so this study uses FastICA algorithm based on 
negative entropy. The steps of the algorithm are as follows: 

 Step one: remove the mean of the mixed signal X to simplify the algorithm. 

 ,         (1) 
 

Where N represents the number of signals, X represents the mean of the signal, 
'
iX represents the 

variable after removing the mean. 
Step two: white the signal to remove the correlation between the signals. 

                                  '2/1'' XEEDX T      (2) 

Where E represents a matrix of eigenvalues, D represents a matrix of eigenvectors, and 
''X

represents the result after whitening process. 
Step three: find the separation matrix W to get the estimated array Y. 

3. Data analysis 

The interictal and preictal data is divided into segments at the time interval T=20s, 30s, and 60s 
respectively.These segments are analyzed by FastICA after the preprocessing of wavelet transform, 
then the number of the corresponding data segments’ independent components can be counted. 
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Table 3 Statistical analysis of the average number of the independent component for the 4 dogs 

name T P1 

(mean±std)  

P2 

(mean±std)  

P3 

(mean±std)  

I 

(mean±std) 

dog1 20s 14.8±0.3* 14.8±0.4* 14.1±1.2 13.5±0.7 

30s 15.4±0.2* 15.3±0.3* 14.4±1.2 14.0±0.9 

60s 15.8±0.2 16.0±0.1 15.4±0.6 14.9±0.9 

dog2 20s 13.9±1.2* 13.7±1.2* 13.1±1.2* 12.2±0.5 

30s 14.2±1.0* 14.4±1.2* 14.0±0.8* 12.3±0.5 

60s 15.1±1.0* 14.6±1.7* 14.3±1.3* 13.3±0.9 

dog3 20s 13.2±0.9* 13.2±1.0* 13.3±0.7* 12.4±0.6 

30s 13.9±0.8* 13.9±1.1* 13.8±0.9* 12.5±0.6 

60s 14.6±1.1* 15.0±0.8* 14.6±0.7* 13.4±0.8 

dog4 20s 13.0±07* 12.9±0.7* 13.1±1.0* 11.6±0.5 

30s 13.7±0.5* 13.4±0.4* 14.0±0.7* 12.0±0.6 

60s 14.5±0.5* 14.5±0.4* 14.4±0.5* 13.0±0.8 

 
Where the ‘*’ indicates the case that the significance of the average number of the independent 

component between (p1, p2, p3) and (I) is less than 0.01. 
It can be seen from table 3 that the average number of independent components of the preictal 

data (P1, P2, P3) is larger than the average number of independent components of the interval data 
(I) at any time intervals(20s,30s,60s).it also can be seen that there was no statistical significance 
between (I) and (P3) when T=60s in dog 1.Therefore, the significance between (I) and (P1) is much 
stronger than that between (I) and (P3),so do the significance between (I) and (P2) . And the 
significance when T = 20s and 30s is much stronger than that when T = 60s. In the case of the same 
T value, it can be seen that the average number of the independent components of P1 is generally 
greater than or equal to that of P2, and the variance of the independent components of P1 is lower 
than that of P2.This indicates that the difference phenomenon of the average number of independent 
components between(I) and (P1) is much more obvious than that between(I) and (P2).Under the 
condition of the same interictal and preictal data.it shows that the the average number of 
independent components when T=30s is larger than that when T=20s, and the the variance of 
independent components when T=30s is smaller than that when T=20s. 

In order to better illustrate the degree of difference of the average number of independent 
components between the interval data and the preictal data, an evaluation index is defined here: the 

average degree of difference  . It is shown below: 

                                          meanmean IP        (3) 
So the degree of difference of the average number of independent components between the 

interval data and the preictal data is shown in Table 4: 
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Table 4 The degree of difference of the average number of independent components between the 
interval data and the preictal data 

name T ip 1  ip 2  ip 3  

dog1 

20s 1.3 1.3 0.6 

30s 1.4 1.3 0.4 

60s 0.9 0.9 0.5 

dog2 

20s 1.7 1.5 1.1 

30s 1.9 1.8 1.7 

60s 1.5 1.3 1 

dog3 

20s 0.8 0.8 0.6 

30s 1.4 1.4 1.3 

60s 0.7 0.6 0.5 

dog4 

20s 1.4 1.3 1.2 

30s 1.7 1.4 1.3 

60s 1.2 1.2 1.1 

 
In the case of satisfying the significance level less than 0.01, the difference of the  ( ip 1 , ip 2 , ip 3 ) 

under the different T values is analyzed. The results are shown in Table 5 - 7. 

Table 5 The difference of the ip 1 under the different T values 

name 
)20()30( 11 sTsT ipip    

 

)60()20( 11 sTsT ipip    
 

)60()30( 11 sTsT ipip      

dog1 0.1 ‐‐‐‐ ‐‐‐‐‐ 

dog2 0.2 0.2 0.4 

dog3 0.6 0.1 0.7 

dog4 0.3 0.2 0.5 

Table 6 The difference of the ip 2 under the different T values 

name 
)20()30( 22 sTsT ipip     

)60()20( 22 sTsT ipip      
)60()30( 22 sTsT ipip      

dog1 0 ‐‐‐‐ ‐‐‐‐‐ 

dog2 0.3 0.2 0.5 

dog3 0.6 0.2 0.8 

dog4 0.1 0.1 0.2 
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Table 7 The difference of the ip 3 under the different T values 

name 

    

dog1 ‐‐‐‐ ‐‐‐‐ ‐‐‐‐‐ 

dog2 0.6 0.1 0.6 

dog3 0.7 0.1 0.8 

dog4 0.1 0.1 0.2 

 
Where "----" means that it does not meet the significance of the conditions of less than 0.01 at 

the T value, then the average difference between each other become meaningless. 
From Table 5 to Table 7, it can be seen that .The difference of the average number of 

independent components between the preictal and interictal data when T=30s is 0~0.7 larger than 
that when T=20s.The difference of the average number of independent components between the 
preictal and interictal data when T=20s is 0.1~0.2 larger than that when T=60s.The difference of the 
average number of independent components between the preictal and interictal data when T=30s is 
0.2~0.8 larger than that when T=60s.So the T division relationshipwhich makes significant 
difference of the average number of independent components between the preictal and interictal 
data from large to small is 30s> 20s> 60s. 

Next, the difference of the average number of independent components between each preictal 
data in different periods (p1, p2, p3) is also analyzed. The results are shown in Table 8: 

Table 8 The difference of the average number of independent components between each preictal 
data in different periods (p1, p2, p3) 

name T 21 pp   31 pp   32 pp   

dog1 

20s 0 0.7 0.7 

30s 0.1 1 0.9 

60s 0 0.4 0.4 

dog2 

20s 0.2 0.6 0.4 

30s 0.1 0.2 0.1 

60s 0.2 0.5 0.3 

dog3 

20s 0 0.2 0.2 

30s 0 0.1 0.1 

60s 0.1 0.2 0.1 

dog4 

20s 0.1 0.2 0.1 

30s 0.3 0.4 0.1 

60s 0 0.1 0.1 

 

)20()30( 33 sTsT ipip   
)60()20( 33 sTsT ipip   

)60()30( 33 sTsT ipip   
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As it can be seen from Table 8, 322131 pppppp     When T = 20s, the average number of 
independent components of (p1) is 0 ~ 0.2 lager than that of (p2), and 0.2 ~ 0.7 lager than that of 
(p3). the average number of independent components of (p2) is 0.1~0.7 lager than that of (p3). 
When T = 30s, the average number of independent components of (p1) is 0~0.3 lager than that of 
(p2), and 0.1~1 lager than that of (p3). the average number of independent components of (p2) is 
0.1~0.9 lager than that of (p3).When T = 30s, the average number of independent components of 
(p1) is 0~0.2 lager than that of (p2), and 0.1~0.5 lager than that of (p3). the average number of 
independent components of (p2) is 0.1~0.4 lager than that of (p3).So the order relationship of each 
preictal data in different periods whose the average number of independent components from large 
to small is p1> p2> p3. 

4. Discussion 

The higher the frequency of the EEG signal is , the smaller the phase synchronization index is 
[16]. The interictal data belongs to normal EEG data, and the preictal data contains epileptic waves, 
so the frequency of preictal data is higher than that of interictal data. and the phase synchronization 
index of the preictal data is smaller than that of interictal data. The closer to the epilepsy seizure, the 
more epileptic waves it will have, the phase synchronization will be closer to the lowest value. 
When the brain is in precital state, the original balance of the brain is broken, the original 
synchronization law also has been broken, and the brain is in a state of confusion, This situation is 
equivalent to add some signal source which are constituted by epileptic wave into the normal EEG 
signal,so the number of independent components will increase. Meanwhile the closer to the epilepsy 
seizures, the more epileptic waves will contain in the data, so under the condition of the same time 
interval,the difference of the average number of independent components between (p1) and (I) is 
larger than that between (p2) and (I).the difference of the average number of independent 
components between (p2) and (I) is larger than that between (p3) and (I).In the analysis of FastICA , 
the number of observed signals is greater than or equal to the source signal.  On the one hand,the 
longer the length of EEG data is ,the closer the number of independent components will be  to the 
number of channels collected,so when the epilepsy data are divided into segments at the time 
interval of 60s,the number of independent components of both interictal and preictal data close to 
the number of channels.so the difference of the average number of independent components 
between interictal and preictal data when T=60s is not good. On the other hand, the smaller the T 
value is,the number of independent components is not enough stable, and the operation takes a long 
time.So in summary, the difference of the average number of independent components between 
interictal and preictal data when time interval T=30s is better than T=20s or 60s. 

Epilepsy is a kind of chronic disease, if the treatment are delayed ,patients may suffer serious  
brain damage[17-18].the analysis of the epilepsy data can help people to know about the 
development of epilepsy in order to control and reduce the number of the epilepsy seizures,so that 
the patients and their families can live a more normal life. 
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