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Abstract 
Sleep Electroencephalogram (Sleep EEG) detection and treatment can provide the basis for clinical 
diagnosis and treatment. According to the non-stationary random character of EEG itself, the paper 
proposed multiscale sign series entropy (MSSE) method and applied it to the state of sleep EEG 
analysis. Numerical results showed that, MSSE method can effectively differentiate awake period α 
wave and sleep stage αwave even if under the influence of the noise. The results show that the 
algorithm can aid in clinical diagnosis of sleep EEG. 

Introduction 

Under the status of sleeping, the brain is basically in the spontaneous activity state because of 
shielding most of the interference. At this time brain waves are similar to the awake stage, it 
indicates that the brain is in active state. So it provides a good platform for brain，cognition，brain 
function and structure of brain [1]. In the past decades, sleep studies mainly focus on the factors of 
how to affect sleep and how to affect other physiological and cognitive functions by sleeping[2-4].  

Combined with multiscale [5] and the symbol sequence entropy concept (sign series entropy, 
SSE) [6], multiscale sign series entropy was proposed. The algorithm was used to analyze sleep 
alpha component and awake alpha component of the EEG. We study the influence to MSSE value 
of alpha wave on awake and sleep from the viewpoints of the data length change, word length m 
change, noise effects. Sleep EEG is discussed and the numerical results show that this method can 
effectively detect the change of short-term α-wave in awake and sleep period.  

Method of multiscale sign series entropy 

Potential changes of EEG signals are non-stationary random. We represent potential change 
variation in three ways. There are three symbols representing the EEG changes direction. 
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x (i) = 0 indicates the decline of a potential; x (i) = 1 indicates the invariant of a potential; x (i) 
= 2 indicates the rise of potential. Three symbols represent only three states in symbol sequence 
generation and numerical size does not make sense. Through symbolizing of the potential changes, 
it only retains the change of direction information. For revealing the law of timing and structure, we 
used the sliding window method to construct vector sequence for symbolic direction signal (m word 
width): 
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Vector X(i) represents the continuous change of direction. Continuous variable common 
species has M=3m possible modes with m word width, the statistical probability of each mode 
appears: 
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When m = 2, it will appear a total of nine kinds of modes as Figure 1. Each changes mode has 
a probability and the model probability is shown in Figure 1.  

 

Figure 1:  Statistical distribution of modes for all samples 

Where Nj is the number of the j-th modes, entropy is calculated as [18]: 
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Multiscale method for processing EEG time series is shown as follows: given a time series {x 
(1), ..., x (i), ..., x (N)}, building a continuous sequence determined by the scale factor t, the 
following equation is: 
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            (5) 
The scale factor t=1 sequence y(j) is simplified as the original time series x(i). Each length 

scale of the time series is equal to the original sequence length divided the scale factor. After 
multiscale algorithm and using SSE, we can acquired the MSSE results of EEG. 
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Numerical Analysis 

Using collected EEG to validate the algorithm, Figure 2 shows SSE results of four groups of 
awake α component and four groups of sleep stage I alpha component while six consecutive 
segment data length is 500 points. The horizontal axis is the sample number of Group 1~4 alpha 
component and group 1~4 alpha component during awake and sleep stage I. The vertical axis 
represents SSE results of each data segment. It can be seen that the result of the same object is very 
close to the adjacent data segments, which shows that the method can get a effective characteristic 
parameter from the shorter data section.  

 

Figure 2:  Comparison between the adjacent continuous short data segments.  

In Figure 3(a), we used the mean and standard deviation respectively to describe results of 4 
samples of 500 points during awake alpha component and sleep stage 1 alpha component. It shows 
that SSEA has the effectiveness on brain electrical signal and has a certain clinical practicability. In 
Figure 4(b), it shows the influence of word length width m to the results of SSEA. The data length 
is 500. Under the condition of data length, if increasing the length width, pattern (M=3m) will 
increase and it will lead to increase of SSEA values. But in the analysis of the m=2~6 range, from 
Figure 3(b) we showed that the SSEA can effectively distinguish the awake alpha component and 
sleep alpha component.  

 
Figure 3(a):  The impact of the data length N on SSEA 

  
 
  
 
 
 

Figure 3(b):  The effects of word length dimension m on SSEA 

The original data is disposed using the multiscale processing for the confirmed length 
sequence, the signal sequence is coarse-grained according to the scale factor t. Then we analyze 
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each coarse-grained EEG signals with SSE algorithm and the results are shown in figure 4. It can be 
shown that MSSE can distinguish between the awake alpha component and sleep EEG alpha 
component. Figure 4 shows that, as the scale increasing, the symbol sequence entropy synchronous 
decrease for awake and sleep EEG, but the entropy values of sleep stage are always higher than the 
wake stage. 

  

Figure 4:  Analysis of the SSEA algorithm after the treatment of multiscale 

Conclusions  

We propose multiscale sign series entropy and apply it to sleep EEG analysis. The paper 
studies the SSEA value change regulation according to the data length, word length and dimension 
changes. Meanwhile, it studies the influence of random noise to SSEA values on sleep EEG. The 
numerical calculation results show that SSEA is robust. It illustrates that our proposed MSSE can 
distinguish the alpha component of sleep and awake stage alpha component of the EEG signals, 
which can assist the research of sleep staging. 
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