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Abstract. Electroencephalogram (EEG)-based brain-computer interfaces (BCI) is the technique used 
for controlling devices only by thinking. Some BCI systems switch devices on and off by detecting the 
change in the alpha wave caused by eye closure. Among several methods to detect the change in the 
alpha wave, it is reported that a power spectrum-based method is particularly effective. However, the 
power spectrum-based method has a drawback with respect to thresholding. In this study, the 
KM2O-Langevin equation is adopted for the detection of changes in the alpha wave, expecting that the 
detection of the changes in the alpha wave is accomplished by finding the aberrations in the weakly 
stationary region of an EEG signal with KM2O-Langevin equation. For the evaluation, switching time, 
sensitivity, and specificity were used. The sensitivity and specificity were 93.4% and 86.4%, 
respectively, and the switching time was 4.2 s on an average. In contrast to the power spectrum-based 
method, the switching time was slightly slower, but the sensitivity and specificity were more accurate. 
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1. Introduction 
Brain-computer interface (BCI) is a communication approach that enables a user to control a special 

computer application only by thinking. Most BCI systems are based on electroencephalogram (EEG), 
and different signals are used as input to a BCI system, for example, evoked potentials or spontaneous 
EEG. 

On the basis of the BCI technique, some researchers developed the environmental control system 
(ECS) in which a disabled person is able to activate devices independent of his or her career, and these 
ECSs used an alpha wave that is a spontaneous EEG component [Craig et al., 2000; Kirkup et al., 
1998; Craig et al., 2005]. The alpha wave (8–13 Hz) is strongly observed in the occipital area of the 
head when the subject closes his eyes during wakefulness; however, when the subject opens his eyes, 
the alpha wave attenuates. This change in the alpha wave is observed among at least 90% of the 
nondisabled and disabled persons studied [Craig et al., 1999]; thus, it is an effective system that can be 
reliably and quickly used to switch devices on and off if eye closure (EC) and eye opening (EO) are 
rightly distinguished by the EEG signal.  
In [Kirkup et al., 1998], to reveal an appropriate method of detecting a change in an alpha wave, three 

methods were compared. Further, it was indicated that a power spectrum-based method was effective. 
In the power spectrum-based method, to determine the threshold for each individual, 10 s of EO data 
from every patient is used. The fast Fourier transform (FFT) is first applied to every 1-s sample. From 
the full spectrum, 8–13 Hz EEG is filtered, and the maximum value of the 8–13 Hz region is extracted 
as the magnitude of the power spectrum of EEG. The mean and the standard deviation of 10 
magnitudes are calculated. Then, the threshold value is determined as three times the standard 
deviation of the mean. To detect a change in the alpha wave caused by EC, the FFT is likewise 
performed for every 1-s sample. Further, when the maximum value of the 8–13 Hz region rises above 
the threshold value, switching will occur. However, it was reported that the power spectrum-based 
method did not always distinguish the difference in the alpha wave between EC and EO because the 
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threshold value was determined at a higher level due to the variance in the magnitude during EO [Craig 
et al., 2005]. Thus, a more effective index is required instead of the power spectrum.  

To realize more effective thresholding, a new method that adopted the fractal dimension of an EEG 
signal was also proposed by A. Craig et al. The fractal dimension of the EEG signal during EC was 
lower than that during EO; hence, a change in the alpha wave could be detected when the fractal 
dimension decreased by more than 0.1 from a peak of the fractal dimension. 

In this paper, a new method is proposed from a different point of view than that of conventional 
methods. The proposed method focuses on the weakly stationary region of the EEG signal. Further, to 
detect a change in the alpha wave, a theory called the KM2O-Langevin equation [Okabe and Nakano, 
1991] is adopted. Details of the KM2O-Langevin equation-based method used for detecting a change in 
the alpha wave will be described in section 2, and the feasibility of the proposed method will be 
verified by comparison with the power spectrum-based method in section 3. 

  

2. Method 
 

2.1. Basic idea of proposed method 
The EEG signal is generally regarded as a weakly stationary process during wakefulness (A 

definition that a signal X(n) is the weakly stationary process is that E[X(n)] = 0 and E[X(n)X(m)] = C(n 
– m) )|||(| Nmn   are valid. C() means the covariance matrix of X(n).). Now, it can be assumed that the 

EEG’s weakly stationary region is broken gradually by the change in the alpha wave caused by EC 
because the amplitude variance of alpha wave changes. If this aberration in the weakly stationary 
region can be found, the change in the alpha wave caused by EC might be detected. Thus, we focus on 
the method to find aberrations in the weakly stationary region. 
In this paper, the KM2O-Langevin equation theory is adopted to find the abovementioned aberrations. 

In this theory, a raw signal X(n) is transformed into a whitened component called the KM2O-Langevin 
force

 . This force
  is orthogonal if the raw signal X(n) follows a weakly stationary process. In 

addition, the mean of 
  must equal zero, and its variance must equal one. In fact, a basic concept of 

this algorithm is to test the mean, variance, and orthogonality of the KM2O-Langevin force
 . Further, 

in a research to find aberrations in the weakly stationary region on the basis of the KM2O-Langevin 
equation [Ijima et al., 2006], it was reported that the 

 ’s mean, variance, and box-Pierce statistics 

(BP) of a weakly stationary region were stable, but those of the nonstationary region were higher than 
those of the weakly stationary region. Given a weakly stationary region of EEG signal, the stability of 
the KM2O-Langevin force of the EEG signal can be guaranteed in the EO segment. Therefore, it is 
expected that the threshold value is determined easily with EO data.  
 
2.2. KM2O-Langevin equation 
The KM2O-Langevin equation is the algorithm used to test a weakly stationary region of a time series.   
Let }|:|)({ NnnXX   be a weakly stationary time series on a probability space ),,(  , and X is 

under a condition where a toeplitz matrix, which is generated by the covariance matrix function C, is 
non-degenerative. X can be described as follows:  
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where 

  is restricted by the following Eqs. 4 and 5. 
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At this time, the following casual relation holds between ),( kn  and )(nV . 
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According to the conditions described above, }|:|)({ NnnXX   can be composed of

}1:)0(),({ NnCn  . These components are calculated from the covariance matrix C(n) of X(n).  

As given by Eq. 5, this theory implies that an orthogonality of 
  should be proved to test the 

weakly stationary region of X(n). (
  must be normalized by V(n).)  

 
2.3. Summary of our method 

Based on the KM2O-Langevin equation, the steps to detect EC is as follows: 
 

i) In the original time series X(n), a region whose length is two s from time k is extracted. 
ii) In region described above, the KM2O-Langevin force 

  is calculated.   

iii) In the 
  region, the variance and the BP of 

 are calculated as indexes to detect.  

iv) Aberration in the weakly stationary region is detected by determining the threshold of the 
variance or BP. If the value of the index is greater than the threshold, current time k is 
regarded as the point where the alpha wave activity changes.  

 
These steps are performed every sample X(k).  

In the abovementioned steps, the BP is the index used to test the orthogonality of 
 . It is 

determined by Eqs. 9 and 10. 
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The BP indicates the summation of squares of the correlation coefficient that was used in the 

Box-Pierce test to examine the orthogonality of 
  [Ijima et al., 2006]. 

It can be seen from Fig. 1 that the variance and the BP are suitable for detection. Fig. 1 (a) illustrates 
a raw EEG signal; variations in the EEG amplitude caused by EO and EC can be somewhat recognized 
(beginnings of the EC can be seen at 2.5 and 22.5 s). Figs. 1 (b), (c), and (d) show the mean, variance, 
and BP of the KM2O-Langevin force of signal (a), respectively. In (b), the difference between EO and 
EC cannot be observed. In (c) and (d), the variance and the BP of the EO segment were lower than 
those of the EC segment. Therefore, the variance and the BP were selected as indexes to detect the 
change in the alpha wave.  

To determine the threshold value, 50 s of EO data was used. The mean and the standard deviation 
were calculated from the variance and the BP of

 , and the threshold value was set as c times the 

standard deviation of the mean of the variance or the BP of
 . c is the empirical coefficient. (c runs 

from 3–5.) 
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Figure 1.  (a) Raw EEG signal, (b) mean, (c) variance, (d) BP 

3. Experiment and evaluation 
We evaluated the recordings of five subjects: three males and two females, aged between 19 and 23 

years. The recording used Lead O2 defined by the international 10-20 system because the alpha wave 
can be most observed in this position, and a referential electrode was located on the right ear lobe. The 
signal was recorded with a sampling rate of 128 Hz and filtered with a 0.5–40 Hz bandpass filter. The 
EEG of each subject was measured for 5 min. Subjects closed their eyes at the onset of the experiment 
and repeated to open and close their every 10 s. The cues for EC and EO were brought about by a beep 
sound.  

To evaluate the accuracy of detection, sensitivity and specificity were adopted. They can be defined 
as follows: 

100



FNTP

TP
ySensitivit                           (11) 

100



FPTP

TP
ySpecificit                           (12) 

where TP, FP, and FN indicate a true positive, false positive, and false negative, respectively. 
Switching time was also calculated. The switching time indicates the time required to detect the change 
in the alpha wave from the beginning of an EC segment.  
Table 1 shows the results of our proposed method and the power spectrum-based method. In Table 1, 

Se_v, Sp_v, and St_v indicate the sensitivity, specificity, and switching time for the variance, 
respectively. Likewise, Se_bp, Sp_bp, and St_bp indicate the abovementioned values in the case of BP, 
and Se_ps, Sp_ps, and St_ps indicate the values in the case of the power spectrum-based method.   
 

 
Table 1. Evaluation result 

Subject Se_v  
(%) 

Sp_v  
(%) 

St_v 
(s) 

Se_bp (%) Sp_bp (%) St_bp 
(s) 

Se_ps 
(%) 

Sp_ps 
(%) 

St_ps 
(s) 

A 100 95 4.25 93 79 4.91 92 87 3.58 
B 100 91 4.80 88 73 3.0 100 88 2.62 
C 100 70 4.10 94 83 4.37 84 76 5.4 
D 94 89 2.5 94 81 4.10 94 78 4.32 
E 73 87 5.9 84 87 4.75 89 89 3.9 

Average 93.4 86.4 4.17 92.6 80.6 4.23 91.8 83.6 3.96 
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4. Discussion  
The KM2O-Langevin equation-based method using the variance or the BP of 

  was evaluated in 

contrast with the power spectrum-based method. The result is shown in Table 1.  
In the proposed method, the sensitivity and specificity using variance was more accurate than those 

using the BP in the case of subjects A, B, and D. The switching time using variance was also faster 
than that using the BP on an average. Therefore, it was indicated that the variance was on an average 
more appropriate as the index for detection.  

Moreover, Table 1 shows that our method using the variance was more accurate than the power 
spectrum-based method in detecting the change in the alpha wave on average, but the switching time of 
our method was slightly slower. In this research, the feasibility of our proposed method could be 
confirmed for accuracy of detection by comparison with the power spectrum-based method.  

However, the specificity had to be more accurate; hence, the method to calculate the threshold value 
must be optimized for an increase in the specificity (a decrease in FN), because a high FN implies that 
switching occurs when the user does not desire it to occur. Furthermore, a sufficient number of subjects 
are required to evaluate our method more comprehensively. 

5. Conclusion 
The BCI system based on the change in the alpha wave caused by eye closure was efficient. In the 

alpha wave-based method, the power spectrum-based method was feasible, but this method had a 
downside in thresholding. In this paper, the KM2O-Langevin equation, which is an algorithm to test a 
weakly stationary region, was proposed as a new method to detect a change in the alpha wave.  

The EEG signal showed a weakly stationary process, but it was assumed that the weakly stationary 
region was broken by the change in the alpha wave caused by eye closure. The KM2O-Langevin 
equation-based method could detect the change in the alpha wave as the aberrations in the weakly 
stationary region. In contrast with the power spectrum-based method, our method was verified to be 
more accurate for detection, but the switching time was slightly slower.  

In conclusion, this study shows that the KM2O-Langevin equation-based method presented in this 
paper is a feasible way to detect a change in the alpha wave caused by eye closure.  
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