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SUMMARY: This paper adopts a simple but effective 
unsupervised method for incrementally updating the 
means and variances that define LDA and Bayesian 
classifiers for real-time BCI. The method is evaluated 
using asynchronous BCI data from three subjects. 
Experimental results show that the proposed self-
adaptation approach is stable and able to improve BCI 
performance consistently. This paper also aims to 
clarify the confusion between BCI that is capable of on-
line training using true class labels and self-adapting 
BCI that is able to adapt without knowing true labels. 

 
INTRODUCTION 
 
It is well-known that EEG signals, particularly in EEG-
based BCI systems, are non-stationary. The non-
stationarities may be caused by the subject’s brain 
conditions or dynamically changing environments. To 
some extent, a realistic BCI system has to be adaptive, 
even in application phases where the true labels of 
ongoing EEG trials are unknown. 
Recent years have seen a few publications on adaptive 
BCI [3][4][5][7][8][9][10]. The adaptive BCI systems 
described in most of these publications are capable of 
on-line training or sequential learning using true class 
labels, but incapable of adapting without knowing true 
labels. Shenoy, et al. [7] have realized that “… in a 
realistic BCI scenario the labels of ongoing trials may 
not always be available; however, in some applications 
such as the use of a speller for communicating words, it 
is possible to estimate the labels a posteriori with high 
probability.”  In their paper, however, they only 
compared the results from on-line training using labeled 
data to the results from off-line training alone. Millan 
and Mourino [4] have also pointed out that “… online 
adaptation should be ongoing even when the subject’s 
intention is not known instant by instant.”  They 
suggested that reinforcement learning techniques would 
be useful to address this issue, but no result on this has 
been reported so far. The reported adaptive BCI systems 
by Millan [3][4][5] are based on stochastic gradient 
descent updating of means and variances using labeled 
data. Adaptive BCI based on unlabeled data has been 
developed by Sykacek, et al. [8][9], who used an 
adaptive variational Bayesian classifier. This is a kind 
of pseudo-supervised approach in which labels a 
posteriori estimated by the Bayesian classifier was used 
in the adaptation process. When the probability of 
correct estimation is not high enough, the incorrectly 
estimated labels would damage the parameter 
adaptation, similar to noise or outliers in supervised 

learning. Apart from adaptation of classifiers, adaptation 
of feature extractors is another important issue in 
adaptive BCI [10], but this paper will address classifier 
adaptation only.  
This paper proposes to adopt a robust unsupervised 
method for updating means and variances, and 
subsequently adapting LDA and Bayesian classifiers for 
BCI applications. The method is evaluated on 
asynchronous BCI data, which has been used in BCI 
Competition III [5], in comparison with adaptation 
using true labels and labels estimated by classifiers.  
 
SELF-ADAPTING BCI BASED ON UNSUPERVISED 
LEARNING  
 
The basic issues in adaptive BCI systems include what 
to adapt, how to adapt, and when to adapt. For 
complicated nonlinear classifiers such as support vector 
machines (SVM) and other neural networks, there is no 
appropriate algorithm for on-line sequential learning, 
especially when class labels are not given. However, 
LDA and Bayesian classifiers have a big advantage, 
because they are completely determined by means and 
variances of the BCI data from individual classes and 
the number of samples from each class, which can be 
updated incrementally and robustly with new input data 
without knowing class labels. A two-pass method is 
necessary for accurate variance calculation, but it is not 
suitable for on-line or incremental updating. Some one-
pass methods given in statistics textbooks for 
incrementally updating variances are often numerically 
unstable. This paper adopts the following numerically 
stable algorithm for updating the means and variances 
that define a LDA or Bayesian classifier:  
Step 1: Given a new input x, decide which class it 
belongs to by unsupervised clustering. 
Step 2: If it belongs to class j, update the mean and 
variance of class j as follows [11]: 
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where )( jµ  and )( jΣ  are the mean and variance of the 

data from class j, jn  is the number of samples from 

class j, which will be increased by 1 after the above 
updating. The priors used in Bayesian classifier are 
estimated by �

j
jj nn . After the above updating, the 



associated LDA or Bayesian classifier can be easily 
updated. It can be seen that the above updating is 
completely incremental and instant by instant, and thus 
ideal for on-line BCI adaptation.  
By now the issues on what to adapt and how to adapt 
have been addressed. As for when to adapt, a simple 
solution is to adapt all the time. More delicate 
approaches could be based on checking the level of 
current classification confidence or whether there exist a 
trend of so-called error potentials in ongoing EEG 
[1][6], or other novelty detection methods. 
It should be noted that the proposed method can also be 
used for on-line training as in [4][5][7][10] or pseudo-
supervised adaptation as in [8][9], if the class label of 
the new input is given from the training data or by the 
classifier’s output. In the next section, the unsupervised 
learning based adaptation is evaluated in comparison 
with supervised and pseudo-supervised adaptation.  
 
EXPERIMENTAL RESULTS 
 
The data used here is for asynchronous BCI and from 3 
subjects, each performing 3 mental tasks in a random 
order during 4 recording sessions respectively. EEG 
signals were recorded from 32 channels. Power spectral 
density (PSD) features were extracted and selected. 
Detailed description of data recording and preprocessing 
can be found in [5].  
The first 2 sessions from each subject were used to train 
off-line a LDA and a Bayesian classifier separately. The 
3rd and 4th sessions from each subject were then used to 
evaluate the on-line adaptation (simulated on-line) of 
the trained classifiers by supervised, pseudo-supervised, 
and unsupervised methods respectively, in comparison 
with the situation of no adaptation. Using two sessions 
for evaluation is to test the stability of adaptation during 
a relatively long period. The classification rates of LDA 
classifiers and Bayesian classifiers on the evaluation 
data from the 3 subjects are given in Tables 1 and 2 
respectively. It can be seen that all the three adaptation 
methods improve the BCI performance of the LDA 
classifiers, but pseudo-supervised adaptation degrades 
the performance of the off-line trained Bayesian 
classifiers. Not surprisingly, supervised on-line training 
using true labels achieves the best result. It is interesting 
that unsupervised adaptation consistently outperforms 
pseudo-supervised adaptation, improving the 
performance of the Bayesian classifier for Subject 3 by 
over 4%. It is also noticed that Bayesian classifiers 
perform better than LDA classifiers on Subject 1, but 
worse on Subjects 2 and 3.   
 
Table 1: Performance comparison of LDA classifiers using 
different adaptation methods 

Adaptation 
methods 

Subj. 1 
(%) 

Subj. 2 
(%) 

Subj. 3 
(%) 

Ave 
(%) 

None 81.80 67.19 48.17 65.45 
Supervised 83.37 70.88 51.17 68.47 

Pseudo-
supervised 82.58 69.56 48.72 66.95 

Unsupervised 83.65 69.95 50.11 67.90 

Table 2: Performance comparison of Bayesian classifiers 
using different adaptation methods 

Adaptation 
methods 

Subj. 1 
(%) 

Subj. 2 
(%) 

Subj. 3 
(%) 

Ave 
(%) 

None 83.50 65.45 45.70 64.88 
Supervised 84.94 69.12 55.50 69.85 

Pseudo-
supervised 83.19 64.90 42.29 63.46 

Unsupervised 84.53 66.45 49.75 66.91 

 
CONCLUSIONS 
 
Self-adaptation, without a need of class labels, is 
different from on-line training. The unsupervised 
learning approach for incrementally updating means and 
variances is simple but effective for self-adapting BCI, 
and it outperforms the pseudo-supervised approach. 
LDA and Bayesian classifiers are most suitable among 
other classification methods for adaptive BCI.  
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