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Abstract. Sleep EEG signals analysis is a hotspot of research recently, this paper, by using 
nonlinear dynamics theory knowledge, JSD algorithm and multi-scale JSD algorithm is proposed 
for some individual conscious period and NREM sleep stage I analyzed the research of EEG signals, 
and the use of SPSS statistical software to verify the veracity and reliability of the experiment, at 
the same time, with the error bar graph method to analysis the two different states of sleep EEG 
signals, the results show that both the JSD algorithm and the multi-scale JSD algorithm can 
effectively distinguish between awake and NREM sleep stage I of EEG signals, these two 
conditions’ EEG signals exist significant differences, The algorithm we proposed  can be further 
used in the study of sleep EEG in installment, which can also provide all kinds of disease diagnosis 
and treatment of sleep with effective auxiliary function, the research has important practical 
significance in the future. 

Introduction 
As we all known, each person needs to sleep every day, a third time of people's life is spent in 

sleep. As a necessary process of life, sleep is an important part of the body rehabilitation, 
integration and consolidate memories, is an integral part of health. Through sleep, the fatigue nerve 
cells will be in the normal physiological function, and the body will be in the state of mental and 
physical restoration. Pituitary growth hormone secretion during sleep increased significantly, is 
beneficial to promote the growth of the body, and increase the nucleoprotein synthesis, is 
advantageous to the memory storage [1, 2].In general, the R&K is used as the rule of sleep EEG in 
installment internationally, according to the performance of sleep EEG signals, the sleep period is 
divided into: awakened period, non-rem sleep (Non - rapid eye movement, NREM) sleep and REM 
sleep (the rapid eye movement, REM).The NREM can be divided into four stages, such as stageⅠ,
Ⅱ, Ⅲ, and Ⅳ period. Sleep staging studies, the analysis of sleep and sleep quality of scientific 
evaluation, which all have important application values. 

At present, many researchers are committed to the research work of sleep EEG, different 
research methods, with the development of the nonlinear dynamics theory constantly perfect, has 
been gradually applied to the analysis of the medical signal processing, including the main research 
methods used in sleep EEG are permutation and combination entropy, correlation dimension, 
approximate entropy, neural networks etc. Since Jensen-Shannon Divergence (JSD) [1] (which was 
used to measure the difference between the probability distribution of random variables) was 
proposed in 1991, it was widely applied to the symbol sequence analysis and characterization [2], 
such as pattern recognition [3], DNA sequence segmentation [4]. JSD is the result of symmetrizing 
and smoothing the Kullback-Leibler Divergence (KLD). The non-negativity, symmetry, continuity 
and boundness features of JSD have been widely used in the analysis of time series. 
Electrocardiogram (ECG) can also be seen as a time series, so we considered to use the analysis 
method which is based on the complexity of the JSD to study coupling degree between the sleep 
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EEG time series. 

The principle 
Jensen-Shannon Divergence(JSD)[3,4] 

We denoted p1、p2 as two probability distribution of discrete random variables X while (1) stands 
for the KULLBACK direct difference I . 
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From (1) we can see that KLD [5]has non-negativity and incremental feature, but it does not 
have symmetry. Different symmetric versions of the KL divergence measure exist, according to 
various ways to meet this point J-divergence which was introduced as： 
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The distance change with the metric nature was defined as follows: 
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The minimum value of the direct differences I had been found, since long years of study of the 
relationship between the direct differences I and distance changes V 
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But there are some limitations when measuring the difference between the probability 

distribution, as we can’t come out a general representation of the maximum value for direct 
differences I and differences J based on distance changes V .In order to generally descript the 
maximum limit of the difference, the amended definition of I and J which was introduced in [6] 
accordingly: 
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The corresponding symmetrical form difference was as follows: 
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Now the difference K and L is non-negativity[7], incremental, and have a statistical feature of 

limitation and semi-bounded. That is: 
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Now setting the weight of two probability distributions（p1，p2）as π1and π2accordingly, which 
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meeting the statistical condition of constraint π1，π2>0,π1+π2=1,Jensen-Shannon Divergence (JSD) 
[8]was defined as: 
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Associating to the probability distribution p={Pj; j=1,2,... ,n}the corresponding weight wereπ1，
π2，...，πn respectively, the statistical complexity measure JSD was defined as: 
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Data processing and analysis    
The experimental data 

The data of sleep EEG signals used in this paper from the PhysioBank MIT- BIH 
Polysomnographic Database [9].Data records of sleep EEG signals in the library have many 
parameters, including one EEG signals, one ECG signals and so on, the data sampling frequency is 
250 Hz. In this paper, we adopts the subjects Slp45, Slp59, Slp48, Slp451, Slp481, Slp591,using 
one guide sleep EEG (C3 - A1) signals of every person, and extracting several groups sleep EEG 
data from the awaked periods and NREM I stage for analysis research. 

Sleep EEG analysis based on the JSD 

(1)Firstly, we calculate the statistical complexity of sleep EEG signals based on Jensen-Shannon 
Divergence, hoping to verify that the method can well distinguish between awaked period and 
NREM I stage of sleep EEG signals, and through the study process tell us that the two different 
sleep EEG time series exist significant differences. This method also demonstrated that the JSD 
algorithm can be used to analyze sleep EEG signals, the statistical complexity can be used as a 
measure of brain function parameters, the research can be applied to sleep EEG signals staging, 
help people to treat the various sleep diseases and get a good sleep in the future. 
  (2)Secondly, the data processing by the tool of MATLAB software, the concrete process is: 
calculating the statistical complexity of sleep EEG signals based on Jensen - Shannon Divergence, 
the data is extracted from the above database. Thinking about the differences of individual EEG 
signals, we just calculate the statistical complexity of subjects Slp45, Slp48, Slp451, and Slp481 
their sleep EEG signals in awaked period and NREM I stage, the length of the data is 5000, the 
result is shown in figure 1 (a), (b), (c), (d) as below: 
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(a)The sleep EEG complexity of Slp45
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(b)The sleep EEG complexity of Slp451
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(b)The sleep EEG complexity of Slp451
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Figure.1. (a), (b),(c),(d) are the graph of the statistical complexity of two subjects , 

       the sleep EEG signals both in awaked period and NREM I stage  
 The results from the above we can see that although individual EEG signals exist significant 

difference, we can clearly distinguish the difference of the same individual sleep EEG signals in 
awaked period and NREM sleep I by JSD algorithm, and find that the sleep EEG under different 
period exists significant difference. The JSD algorithm can be applied to sleep EEG signals’ 
research. 

(3) Statistical analysis and hypothesis testing. In order to further verify the reliability of the 
above research results and its accuracy, for Slp45, Slp451, Slp48, Slp481 subjects statistical 
complexity results for Slp45, Slp451, Slp48, Slp481 subjects statistical complexity results, we make 
an independent sample t-test by the SPSS statistical software , the results are got. The first sig value 
is less than 0.05, which means the sleep EEG signals of different periods does not meet the 
homogeneous variance. The second sig in the second row is also less than 0.05, shows two sets of 
data exists significant difference; The situation shows that two groups of data exist significant 
difference; The result of independent samples t test tell us that the JSD algorithm could distinguish 
two different period sleep EEG signals well, the algorithm is used to distinguish the sleep EEG 
signals are valid. 

Sleep EEG analysis based on the multi-scale JSD 
On the basis of the above JSD algorithm we proposed the multi-scale JSD, so-called multi-scale 

method is developed on the basis of the average method of a kind of approximate analytical 
methods. In order to improve the calculation accuracy of average method, the time scale can be 
divided into more refined, thereby. Using multi-scale JSD algorithm to calculate the statistical 
complexity results will be more precise, considering the differences of individual EEG signals, for 
subjects Slp45, Slp59, Slp451, and Slp591, we calculate the statistical complexity of sleep EEG 
signals in awaked period and NREM stage I, the length of the data is 5000, The statistical 
complexity is presented with error bar graph in figure 2 (a), (b), (c), (d) shown below: 
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(c)The sleep EEG complexity of Slp48
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(d)The sleep EEG complexity of Slp481
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Figure.2. (a), (b),(c),(d) are the error bar graph of the statistical complexity of two subjects , the 
sleep EEG signals both in awaked period and NREM I stage 

As can be seen from the above results, the multi-scale JSD algorithm can distinguish the sleep 
EEG signals between awaked period and NREM I stage. Thus there exists significant differences 
between the sleep EEG in awaked period and the sleep EEG in also awake period and NREM I 
stage .The algorithm of multi-scale JSD in distinguish between EEG signals has certain reliability 
and accuracy. 

Conclusions 
The JSD algorithm and the multi-scale JSD algorithm proposed in this paper can distinguish the 

sleep EEG signals between awaked period and NREM sleep stage I. There exists significant 
differences between the sleep EEG in awaked period and the sleep EEG in also awake period and 
NREM I stage .We hope that this method can be used in the study of sleep EEG in installment, 
which can also provide all kinds of disease diagnosis and treatment of sleep with effective auxiliary 
function, help more people have a good sleep. 
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(a)The error bar graph of Slp45
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(b)The error bar graph of Slp451
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(c)The error bar graph of Slp59
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