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Abstract—The long training time is a big problem that block
the application of brain computer interface. This paper solve this
problem using the existing dataset of many subjects. By analyzing
the differences in EEG signal among different users, removing
these differences as much as possible and exploits the common
points of different individual, the proposed method can correct the
data in existing dataset to a new dataset close to the target data.
Then using the ensemble method, we combine the model of the
existing dataset to a final model. The result shows that the
proposed method can decrease the training time greatly while the
recognize accuracy can also meet the need.

set. The artificial EEG signals were created based on the existing
training data and then extended the training set. Lotte’s method
get a much better result than the semi-supervised study, but this
result is for the two types classification problem too.

Keywords—brain computer interface; common spatial pattern;
training time; multi-subject model

How to use multi-subjects’ data have appeal many
researcher’s interest. At present, BCI based on other people’s
data has two main directions: knowledge transfer and data
fusion. Knowledge transfer refers to the transfer of knowledge
from existing data to the data of new individuals [5]-[8]. In
addition to knowledge transfer, data fusion is another direction
of using multi-subjects’ data. the fusion methods are mainly two
types: data pooled methods and ensemble methods[9]-[13].

I.

Limited by the size of the training data set, the current
method to reduce training time using the user's own training data
cannot get a good result. Training model just using a small
number of samples (10 samples per type of action) is impossible
to achieve good training results. Therefore, using multi-subjects’
data to improve the training effect is a necessary way.

INTRODUCTION

Brain computer interface (BCI) is a technology that allows
users to interact with the computer through the brain. When
brain activities occur, the brain undergoes various physiological
changes: blood oxygen, temperature, electromagnetic fields, etc.
These physiological changes can be observed by external
devices. By analyzing these observed physiological changes, it
is reasonable to predict the brain activity. This is the basic
principle of brain computer interface.

The current method either simply use the other person’s data
to provide a reference or constraint for the establishment of a
new user’s model, or establish a user-independent model
directly through multi-subjects’ data set. The former method has
big shortage in information mining for different subjects’ EEG
signal, while the latter method ignores the essential differences
among different individuals. To deal with these problems, this
paper focuses on the analysis of the differences in EEG signal
among different users, removes these differences as much as
possible and exploits the common points of different individual
EEG signal. In this paper, the difference between different users’
EEG is divided into three aspects: 1, the mismatch of the EEG
channels among different subjects, 2, the degree of ERD / ERS
phenomenon 3, the frequency band that ERD / ERS
phenomenon occurs. This paper focuses on eliminating the first
two aspects, for the third aspect, the often used bandwidth filter
can effectively reduce its impact [14]. On the other hand, as for
the multi-subjects data fusion, this paper no longer use the
training data set isolates, but combine the multi-subjects dataset
and the target user's own data together. So the final model has
both the target user’s and the multi-subjects’ characteristis.
Secondly, this paper designs a confidence score for different
users’ model. The score is based on LDA’s linear projection and
projection variance. Then we get a final model by combining the
multi-subjects’ model using this confidence score.

In the different types of BCI, the BCI based on electrical
signal has become the most widely used one in recent years
because of its better time resolution and utility. However, most
of today's BCI applications are still in the prototype stage, few
BCI systems can be applied outside the laboratory. There are
many reasons for this phenomenon, of which the most critical
factors are these three: 1, the recognition accuracy is still unable
to meet the needs of the actual systems. 2, the information
transformation rate is limited. 3, the need for long training time.
For the problem of long training time, there are two types of
approach to reduce the training time: 1, get better classification
accuracy using only the small training data set through the
improved algorithms. 2, use the other people's data to get better
classification accuracy.
A very important approach of the first type is semisupervised learning. Semi-supervised learning use the unlabeled
data set to improve the final result of learning algorithm [1]-[3].
Jiannan Meng [3] learned an initial model from the tagged data
set and uses it to classify the unlabeled data set. Then they
learned a new model based on the classification results. In
addition to the semi-supervised approach, some other methods
have also been proposed to improve training accuracy in the case
of using small training set. Fabien Lotte [4] designed a method
of generating artificial signals to construct a large EEG signal
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II.

METHOD

This paper presents a method to reduce the training time
using the multi-subjects’ data set. The key is to modify the data
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and each column represents a channel. After transform ܦᇱ ൌ
 ൈ  on the training set, we search for classifier based on the
new dataset D’. Here, the key to find the spatial filter T is
common spatial pattern (CSP) algorithm.

in the other subjects’ data set according to the target dataset. By
comparing the differences between the two dataset, minimizing
the differences and maximizing the commonality, we can get a
better model than just using the target data. Then, when the oneto-one model is designed, the multi models is designed
separately. Then we combine the multi models together. The
method is shown in Figure 1.

CSP is one of the most popular algorithms in BCI. The
advantage of CSP is that CSP can maximize the differences
between two types of motion and obtain the most representative
channel combination (spatial filters) W for each motion. In order
to match the channels of different person as much as possible,
we use CSP algorithm for both dataset, and obtain CSP filters
for the same motion. Then we make spatial transform ܦᇱ ൌ  ൈ
 on the training data. The goal of the transform is to minimizing
the differences of the CSP filters between the new data and the
target data. Then the core problem is how to get the spatial
transform T.

The key points of the method are two: the data preprocessing
based on the target data and the multi model confusion. The data
preprocessing period can be divided into two steps: spatial filter
and data correction.
A. Spatial fileter
One of the biggest differences between two person's EEG
signals is that the data channels in different person are not
matched. The purpose of spatial filter is adjust the channels of
the other person’s EEG data to the small dataset of the target
person. Then the same channels in the two dataset stand for the
same messages. The EEG data is represent by ሼܦ㸪୨ ܴ אൈௌ ሽ, in
which i=1stansfor tehe existing training set, i=2 stands for the
target set, j stands for the motion type, C is the number of
channels, s is sample numbers each epoch.  ܴ אൈ is the
designed spatial filters, each row of T represents a spatial filter,

CSP is an algorithm for two types of motion, for four types
of motion, we can get six groups of spatial filters. The process
of spatial transformation on the training data tis equivalent to resampling EEG signals on the training set, while the sample
location matches the target data in greatest degree. In this
process, we should guarantee than neither new information be
added, nor existed information lost. Therefore, the spatial filter
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is set to an orthogonal matrix, which means that the modulo of
each filter are 1, and all of them are orthogonal. The following
is the detail of the calculations.

డ

2) The minimization condition

First, we calculate CSP filters for the two datasets, total
twelve CSP transform matrix ሼܹ ǡ ܴ אൈ ሽ is calculated, in
which, p = 1 ~ 6. For each dataset, we get filters group
ሼܹ  ܴ אൈ ሽ. To make the training group data match the target
group, we need make the target group’s CSP filters can be
applied to the new training group data. The filtered data is ܦଵᇱ ൌ
ܦଵ . Then we find the CSP filters W1’ for D'. The goal is
minimizing the differences between ܹଵᇱ and ܹଶ , that is,  ൌ
ሺԡܹଶ െ ܹଵᇱ ԡଶி ሻ . Then we calculate ܹଵᇱ for the new
dataset T.
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3) For problem without regular term,  ൌ ሺԡܹଶ െ
ܹଵ ൈ ܶ ் ԡଶி ሻǡ ݐݏǤܶ ் ܶ ൌ ܫ, we have the similar situation with
former, ܮଵ ൌ െሺሻ  Ƚݎݐሺെܶ ் ܲ െ ்ܲ ܶ   ܫ ்ܲ ܲሻ 
ߣݎݐ൫ሺ்ܳ ܳ െ ܫሻ் ሺ்ܳ ܳ െ ܫሻ൯, the minimization condition is
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(2) Find the whitening matrix Q', first,  ܥᇱ ൌ ܥଵᇱ  ܥଶᇱ ൌ
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4) By comparing the formulas in (2) and (3), the
optimization problem of the regular term can be transformed
into the optimization problem without the regular term,  ൌ
 ൫ݎݐሺܶሻ൯ ǡ ݐݏǤ ܶ ் ܶ ൌ ܫ, where,  ൌ  ܣ ʹߙ்ܲ .

భ

ܶ ் ൌ  ൈ ܸ ȭ்ܸ ൈ ܶ ் so ܳᇱ ൌ ȭ ିమ ்ܸ ൈ ܶ ் ൌ ܶ ் .
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Then we solve the new problem:

(4) Calculate W', ܹ ᇱ ൌ ܷ ் ൈ ܳᇱ ൌ ܷ ் ൈ ܳ ൈ ܶ ൌ ܹ ൈ

1) SVD decompose matrix B˖ ൌ ܷȭܸ ் , ሺܶܤሻ ൌ
ݎݐሺܷܶȭܸ ் ሻ ൌ ݎݐሺܸ ் ܷܶȭሻ. Set  ൌ ܸ ் ܷܶ, then Z is a

Therefore  ൌ ሺԡܹଶ െ ܹଵ ൈ ܶ ் ԡଶி ሻǡ Ǥ ܶ ் ܶ ൌ  ܫ.
However, in order to reduce the over-fitting, we need to increase
the regular term. That is adding the constraint term for T
according to the given information, we set the constraint as
matrix P. So the final T is:

orthogonal matrix, so หݖ ห  ͳǡ ݅ǡ ݆.
2) Thenݎݐሺܸ ் ܷܶȭሻ ൌ ݎݐሺܼȭሻ ൌ ݖଵଵ ߪଵ  ݖଶଶ ߪଶ   ڮ
ݖ ߪ  ߪଵ  ߪଶ   ڮ ߪ , the equal sign when and

 ൌ ሺԡܹଶ െ ܹଵ ൈ ܶ ் ԡଶி  ߙԡܶ െ ܲԡଶி ሻǡ ݐݏǤܶ ் ܶ ൌ ܫ

when ൌ , which meansܸ ் ܷܶ ൌ ܫ, so  ൌ ܷ ் .

The weight of the old channel i in the new lead j is the
element ሺ݆ǡ ݅ሻ of T, and when the training set is not processed,
T is equal to the identity matrix I, which means the new channels
and the original channels are the same. For the transformed
channel, the closer the new channel is to the original channel,
the greater the effect on the new channel. So the constraint
matrix P should satisfy: The closer the channel j is to the channel
i, the smaller ሺǡ ሻ should be. Here, we use exponential decay
as a function of this property. Thus, ሺǡ ሻ ൌ ݁ ିௗሺǡሻ , where d
(i, j) is the distance between channel i and channel j.

3) So, the final spatial filter is:  ൌ ܷ ் , where VǃU is
the result of SVD decomposition on B, that is, ܸ ்  ܷܤൌ
ܹଵ் ܹଶ  ʹߙܲ.
Another problem is that the different row vector of W have
different confidence. As a spatial filter, its role is to maximize
the distinction between the two types of motion, the first few
rows and the last few rows have the largest degree of distinction,
while the middle part have the smallest degree of distinction.
Therefore, when calculating the transformation T, the filter bank
W must be weighted. The weighting factor is designed using an
݈ ି
exponential structure ൌ ቄ ିȀଶ (C is the number of rows, l is
݈
the weight of the base).

After giving the target function and the constraint matrix, the
next step is to calculate T.
For the ease of calculation, firstly we transform the
optimization problem with regular term to the optimization
problem without regular term. Here we use the Lagrangian
multiplier method.

B. Data correction
The differences in the ERD phenomenon of different people
are mainly in three aspects: 1, the difference of the strongest
position that ERD/ERS occurs. 2, the frequency band difference
of ERD/ERS. 3, the difference of the degree of ERD.

1)First transform the target functionˈԡܹଶ െ ܹଵ ൈ
் ԡଶ
ܶ ி ൌ ሺܹଵ் ܹଵ  ܹଶ் ܹଶ ሻ െ ʹ ൈ ሺܹܶଵ் ܹଶ ሻˈ
ԡܶ െ ܲԡଶி ൌ ൫ሺܶ െ ܲሻ் ሺܶ െ ܲሻ൯ ൌ ݎݐሺܶ ் ܶ െ ܶ ் ܲ െ
்ܲ ܶ  ்ܲ ܲሻ ൌ ݎݐሺെܶ ் ܲ െ ்ܲ ܶ   ܫ ்ܲ ܲሻˈwe use trace
to describe the orthogonality constraints. The L function is:
 ൌ െሺሻ  Ƚݎݐሺെܶ ் ܲ െ ்ܲ ܶ   ܫ ்ܲ ܲሻ 
ߣݎݐ൫ሺ்ܳ ܳ െ ܫሻ் ሺ்ܳ ܳ െ ܫሻ൯, where,  ൌ ܹଵ் ܹଶ .

For the third difference, we use the following method to
decrease its effect. The specific method is as follows:
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(1) Extract the EEG signals with the same motion from the
training set and the target set and use CSP to calculate the spatial
filter W and matrix eigenvalue vector v. W can map the signal
D to a space where the data set with the eigenvalue close to 1
have the max variance (the energy of 8 ~ 30Hz is the largest),
and the data with the eigenvalue close to 0 have the min
variance.

C. The ensemble method
The method described above is all data preprocess method,
after applying these method to each subjects’ data in the train
dataset (there are many subjects’ data in the train set). After
preprocessing the raw data, we can use other people's data to
create a target-based classification model, but the model is oneto-one, that is, using one person's model to identify another
person's motion. The following problem is how to use these data
to get a good final model. Here, we design of a new ensemble
method to ensemble the different subjects models will be more
than one model of integration. The feature extraction method is
CSP, and the classifier is LDA.

(2) Calculate the correction coefficient  ൌ ሺ ݒെ ͲǤͷሻ
based on the eigenvalue and calculate the correction matrix  ൌ
 ሺሻ.
(3) Map the training set to the space
. In this space,
we can correct the data through the correction matrix directly
and then map the data to the original space through the inverse
transformation of W to return to the original space, that is, ܦଵ ൌ
ܹ ିଵ ൈ  ܧൈ ܹ ൈ ܦଵ .

When using LDA to classify the four types of motion, we
need to find a projection direction that all the feature points in
the projection direction have the largest intra-class dispersion
and the smallest inter-class dispersion. If the linear projection of
the feature point in the projection direction is positive, the output
of the classifier is category 1. If the linear projection of the
feature point in the projection direction is negative, the output of
the classifier is class 2. And the absolute value of the linear

Then we correct all the four motion’s data and get a new
data set for training.
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projection is actually related to the confidence level of the
classification output.
In the muti-subjects model, each person has a LDA. We add
the linear projection of different person’s LDA. But different
LDA classifier have different confidence for the final result. So
we design a confidence score for each LDA model to weight the
different LDA models when fusing them. The confidence score
is inversely proportional to the intra-class dispersion after LDA
projection, and is proportional to the degree of discrimination of
the model itself. In order to assess each LDA, we get every LDA
model’s classification accuracy on its train data using cross
validation.
The

confidence

(

7
L : L L

PL = SL Z 6 Z

score

for

the

i-th

classifier

is:

), Where p is the kappa coefficient for
i

cross validation results for the i-th person's own data,
linear projection vector of the i-th LDA classifier,

wi is the

SW ,i

is the

Fig. 2 Different methods to identify the accuracy of the
number of sampling points with the use of changes

intra-class dispersion of the i-th LDA classifier.

algorithm. Also we compare the result of the proposed method
with no method. The other comparison method is to classify the
test set using the subjects’ another day’s data.

Then we can get the weighted sum of the linear projection of
N

every model:

L = ¦ mi li , where li is the linear projection of

It can be seen from Table 1 that in the case of using only a
small amount of data, that is, the training samples composed of
32 data are used to classify the test set of 256 data remaining,
and the average classification accuracy of 9 individuals is only
24.06%, even lower than random. That means only 32 only the
data can not get any classification effect. The last column of
Table 1 is the result of using the proposed method, the average
recognition accuracy can reach 56.09%, as a comparison, the
second column gives the results using the same subjects’ another
day’s data (for example, using 01T data to recognize 01T). The
average recognition accuracy is 64.01%. It can be seen that the
average result of using this method is only 8% lower than the
comparison result, while the data used is only one ninth of the
latter. In some situation, the recognition result is even better than
the comparative method.

i =1

the i-th LDA classifier. Finally, when L is greater than zero, the
output of the classifier is class 1, and when L is less than zero,
the output of the classifier is class 2.
III.

RESULT

A. EEG data set
The data set we use is the data set 2a in the BCI Contest IV.
This data set is provided by the Graz task group. The data set
contains nine users' data. Each user performs two experiments
in two days. Each experiment carries out the motion imagery of
the four types of motion (the left hand, the right hand, the tongue
and the foot). The user perform each motion 72 times, a total of
288 motion. At the beginning of each test, the motion hint appear
on the screen, the user starts to imagine the motion, and the hint
stops after 4s. The collected EEG data contained 22 channels.

To further illustrate the effectiveness of the proposed method
in reducing training time, Figure 1 shows the results of
classifying the remaining data points using different numbers of
training data points. The number is from 32 to 256. It can be seen
that, using only its own data, the recognition accuracy is
gradually increased from very low until 0.7. With the use of the
proposed method, the initial accuracy can reach 66.02%, and the
final accuracy is more than the result of using another day’s data.
In comparison, the other method seems to be better than using
no method, but the improvement is very limited.

B. Experiments based on a small amount of data
In this section, the data for each dataset is divided into two
parts: training data and validation data. Unlike conventional
training data, here, only a small amount of data is used as
training data. Specifically, the training data set has a total of 32
data points (8 data points each motion). The rest 256 data points
is the test data set. In each point we select the data from 3s to 5s.
It means that only less than 5 minutes of training data is used.
For comparison, we choose the following methods: 1, data
pool method, as a representative of the data fusion method. 2,
semi-supervised learning, the semi-supervised learning method
used here refers to the method of Jianjun Meng in the paper. 3,
the regularization of the CSP method. We select two kinds of
RCSP. One is DL_RCSP mentioned in Fabien Lotte’s paper,
which is a method that does not rely on the other person data. It
just choose the identity matrix as a regular term. The other is
WTRCSP mentioned in the paper, according to the conclusions
of the paper, WTRCSP get the best results among many RCSP

In addition, in order to demonstrate the effectiveness of the
proposed method, the changes of the CSP filter of the corrected
data are given in Fig. 3, and there are six groups of CSP filters ,
The first column is the original data, the third column is the
corrected target, and the second column is the data after
preprocessing. It can be seen that the train set’s CSP filter is
made closer to the target set’s CSP filter.
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1, the other person data and my data combined use, so that the
training model has its own characteristics, but also combines the
characteristics of many people, rather than blindly pursue the
establishment of user-independent model. 2, focusing on
different users between the EEG differences and common
ground, and try to remove the difference through the algorithm,
directly extract the common points of different users, in order to
improve the action recognition effect.
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