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Abstract— The Common Spatial Pattern (CSP) algorithm
is a popular method for efficiently calculating spatial filters.
However, several previous studies show that CSP’s performance
deteriorates especially when the number of channels is large
compared to small number of training datasets. As a result, it
is necessary to choose an optimal subset of the whole channels to
save computational time and retain high classification accuracy.
In this paper, we propose a novel heuristic algorithm to select
the optimal channels for CSP. The CSP procedure is applied
to training datasets firstly and then a channel score based on
�1 norm is defined for each channel. Finally, channels with
larger scores are retained for further CSP processing. This
approach utilizes CSP procedure twice to select channels and
extract features, respectively; hence the complex optimization
problem of channel selection for CSP is solved heuristically.
We apply our method and other two existing methods to
datasets from BCI competition 2005 for comparison and the
experiment results show this method provides an effective way
to accomplish the task of channel selection.

I. INTRODUCTION

EEG signals (EEGs) used in brain-computer interface
(BCI) provide an effective way to help people communicate
with the outside world just by brain signals. Usually the EEG
signals are recorded by a set of electrodes placed over the
scalp. Nowadays, it’s technically capable to acquire 64 or 128
channels of EEG signals in order to get better performance in
BCI system. However, these multiple time series are highly
correlated and different signals from different scalp sites do
not provide the same amount of discriminative information.
Hence spatial filters are helpful to increase the signal-to-noise
ratio (SNR).

The CSP algorithm is a highly successful method to
derive spatial filters for the multichannel EEGs [1], [2]. It
finds the directions which simultaneously diagonalize two
covariance matrices associated with two classes of EEGs.
However, it is a tedious and time-consuming task to use
many electrodes. Many researchers dedicate to reducing the
number of channels used in CSP without increasing the
error. J.Farquhar et al. propose regularized CSP for sensor
selection [3]; they treat CSP as maximizing the Rayleigh
quotient problem and add an �1 norm regularization term to
the original optimization problem. Then they derive sparser
common spatial filters through conjugate gradient method.
Y. Xinyi et al. propose sparse spatial filter optimization for
reduction of EEG channels in BCI [4]. They also add an �1
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norm penalty to the original CSP optimization problem and
solve the quadratically constrained quadratic programming
problem to obtain the sparser common spatial filters. On the
other hand, the accuracy of classifying two class of motor
imagery tasks based on CSP method is not proportional
to the number of channels. That means more channels
do not guarantee higher accuracy but indeed increase the
computational load. The CSP algorithm is known for its
tendency to overfit, to learn the noise in the training datasets
rather than the signal. Jun Lv et al. propose an algorithm to
combine the CSP and Binary Particle Swarm Optimization
(BPSO) together to select the best channel group [5]. Their
results show high accuracy can be achieved by using a small
number of channels.

Channel selection problem is not a new one in BCI, Lal
et al. provide a channel selection strategy based on support
vector for EEG features derived from AR models [6]. Their
results show that appropriate algorithms of feature selection
are capable of significantly reducing the number of channels
without an increase of error. However, this method cannot
be generalized to EEG features based on CSP method. W.
Yijun et al. apply CSP to select the optimal channels through
searching the maximums of the absolute value of spatial
patterns firstly, and then choose the mean absolute sample
values of the selected channels to be ERD features [7]. In
their studies they achieve a high accuracy for two subjects,
furthermore, the decreasing performance of CSP in subject-
to-subject experiment show channel selection is necessary for
specific subject. For all the above reasons, it is necessary to
choose an optimal subset of the whole channels for specific
subject to save time and get high classification accuracy.

There are various methods to select channels for CSP
algorithm; the most common methods are greedy algorithm
and heuristic procedure. Greedy algorithm is time-consuming
and easy to be trapped in local minima. In this paper,
we use a heuristic algorithm in training datasets to select
the most useful channels and then extract features by CSP
in the optimal subset of channels. The comparison results
between usual γ2-Value heuristic method and the proposed
�1-Norm heuristic algorithm indicate the proposed one is
more adequate for channel selection based on CSP.

The next of paper is constructed as follows. We define the
problem and describe the method to process the datasets in
section II and show experiment results on BCI competition
2005 dataset IVa in section III. The conclusions and future
works are given in section IV.
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II. METHODOLOGY

A. Problem Definition

The original short segment of EEG signal is denoted
as X (k) ∈ ℜN×T ,k = 1,2, · · · ,K, which corresponds to a
specified time segment in a trial of imaginary movement;
N is the number of channels and T is the number of points
in the time segment, K is the number of trials. Throughout
this paper, we assume X (k) has been centered, if not, simple
operation like X (k)CT , where CT is the centering matrix, will
achieve it.

B. Common Spatial Pattern

The normalized spatial covariance of the kth trial EEG
signals can be obtained from

R(k) =
(X (k))(X (k))T

trace((X (k))(X (k))T )
(1)

Denote the mean spatial covariance matrices for two classes
by R+ and R−, respectively, with

R+/−
.= 〈R(k)〉+/−,k ∈ {+}or{−} (2)

Here, 〈·〉 denotes the mean value of specific class. The
composite spatial covariance is given as

Rc = R+ +R− (3)

Rc can be diagonalized as UT RcU = Λc, by the orthogonal
matrix U . The whitening transformation of matrix Rc is
defined as

Pc = Λ−1/2
c UT (4)

Then from (3) and (4), we have

PcR+PT
c +PcR−PT

c = I (5)

Diagonalize matrix (PcR+PT
c ) by finding an orthonormal

rotation matrix B such that (Throughout this paper, the
eigenvalues are assumed to be sorted in descending order)

BT (PcR+PT
c )B = D+ (6)

From (5) and (6), it is easy to show that

BT (PcR−PT
c )B = I−D+ = D− (7)

Then we define the projection matrix Wcsp
.= BT Pc, it simul-

taneously diagonalizes the two covariance matrices R+ and
R− associated with two populations of Motor Imagery EEGs.

Each column vector of the projection matrix W T
csp is called

a spatial filter and each column vector of a matrix A =
(W (−1)

csp )T is called a spatial pattern [8]; the original signal is
transformed as Z(k) = WcspX (k) by these spatial filters.

Usually the most discriminative spatial filters will be
chosen for further processing, it means only the np first and
last columns of W T

csp corresponding to the np largest and
smallest eigenvalues will be chosen for dimension reduction.
The projection matrix will be

˜W = Wcsp([1 : np,N−np +1 : N], :) (8)

The transformed signal for feature extraction becomes ˜Z(k) =
˜WX (k) ∈ℜ2np×T .

C. Channel Selection Strategy

As we stated in the introduction, the utilization of all the
signals in N channels (such as 64 or 128 channels) will
decrease the performance of CSP because of the overfitting
problem. In this section, a heuristic criterion of channel
selection named �1-Norm of CSP projection matrix will be
introduced in the following. For convenience of comparison,
firstly we introduce an algorithm based on γ2-Value which
is commonly used.

1) γ2-Value of Each Channel: Denote xi ∈ ℜT×1 as a
signal vector of channel i in signal matrix X (k), which means
X (k) = [x(k)

1 x(k)
2 · · ·x(k)

N ]T . The γ2-Value of each channel is
defined as

γ2(i) = (
√

n+n−
n+ +n−

〈‖x(k)
i ‖2〉+−〈‖x(k)

i ‖2〉−
std(‖x(k)

i ‖2)+,−
)2,k ∈ {+}or{−}

(9)
‖ · ‖2 means the �2 norm of vectors; 〈·〉+,〈·〉− means the
mean value of class {+} and {−}, respectively; std(·)+,−
denote the standard deviation of both class {+} and {−};
n+,n− denote the sample numbers of class {+} and {−},
respectively. This is an intuitive criterion of scoring channels
and this method has been mentioned in several papers [6],
[9].

2) �1-Norm of CSP Projection Matrix: Different from the
�1 penalty optimization problem, the �1 norm used in this
method is to give a score to each channel. It contains two
steps: apply CSP method to the entire N-channel signals in
training dataset firstly and then choose an optimal subset
channels according to the criterion.

Denote ˜W as the projection matrix derived from the entire
N channels. Usually the projection matrix ˜W ∈ ℜ2np×N

contains 2np most discriminative spatial filters. Denote w̃i ∈
ℜ2np , i = 1,2, · · ·N as column vectors of ˜W with ˜W =
[w̃1w̃2 . . . w̃N ], then we define a score for each channel by

SC(i) =
‖w̃i‖1

‖ ˜W‖1
(10)

‖ · ‖1 means the �1 norm of vectors or matrices.
These two criterions can be used in training datasets to

select optimal channels for the CSP procedure. The channel
scores in method 1) and 2) are both assumed to be sorted in
descending order, only channels with larger scores are chosen
for utilization in the following CSP feature extraction.

D. Feature Extraction and Classification

Following the usual feature extraction strategy, the features
for classification are obtained by

f (k) = log(
diag( ˜WR(k)

˜W T )
trace( ˜WR(k)

˜W T )
) (11)

where diag(·) and trace(·) denote diagonal elements of the
matrix and trace value of the matrix, respectively. The log
operation serves as to approximate normal distribution of the
data. Since variance of band-pass filtered signals is equal
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to band-power, this feature achieves to maximize the band-
power of the spatially filtered signals under one class while
minimizing it for the other class.

In this paper, SVM which has good generalization ability
is utilized as a classifier to predict the labels of samples in
the testing datasets. In this study, the Guassian radial basis
function (RBF) is chosen as the kernel function.

The CSP method combined with channel selection strategy
is summarized in Fig. 1.

Data Preprocessing

Channel Selection

CSP on OP channels

Feature Extraction

Classification

Fig. 1. Flow chart of CSP method combined with channel selection strategy.
The channel selection strategy is applied on training datasets in order to
get optimal subset of whole channels. ’OP’ channels means the optimized
channel group.

III. EXPERIMENT RESULT

A. Data Description

The EEG data used in this paper were provided by Fraun-
hofer FIRST (Intelligent Data Analysis Group) and Campus
Benjamin Frankin of the Charité - University Medicine
Berlin (Neurophysics Group) [10]. The EEG data were
recorded from five healthy subjects (aa, al, av, aw and ay).
According to the extended International 10-20 system, 118
electrodes were placed for each subject with a sampling rate
of 1KHz. During each trial, the subject was given visual cues
for 3.5s, during which the three motor imageries should be
performed: left hand, right hand and right foot. Only EEG
trials for right-hand and right-foot movements were provided
for analysis. The presentation of target cues was intermitted
by periods of random length, 1.75 to 2.25s, in which the
subject could relax. A total of 140 trials were collected for
each subject and each task.

B. Data Preprocessing

The EEG data we used are down sampled to 100Hz. Then
they are band-pass filtered to the 7-32Hz wide frequency
band. Mu and beta rhythms which have been reported to
(de)synchronize during motor imagery are in this band.
The ERD/ERS phenomena are common useful neurological
features which have been used widely and successfully in
BCI systems. Only signals in the time interval of [tb, t f ] are
analyzed for each trial, where tb means the beginning time
of visual cues and t f means the finishing time of visual cues.

C. Channel Selection Result

First, we restrict the candidate channels for every subject
to be the 52 ones in Table 1 according to prior neurological
knowledge. The electrode layout is shown in Fig. 2 and

electrodes of ’C3’, ’Cz’ and ’C4’ are highlighted in red
circles. Outermost channels of the cap are removed.

Table 1: Candidates for Channel Selection

F5 F3 F1 Fz F2 F4 F6
FFC5 FFC3 FFC1 FFC2 FFC4 FFC6 FC5
FC3 FC1 FCz FC2 FC4 FC6 CFC5

CFC3 CFC1 CFC2 CFC4 CFC6 C5 C3
C1 Cz C2 C4 C6 CCP5 CCP3

CCP1 CCP2 CCP4 CCP6 CP5 CP3 CP1
CPz CP2 CP4 CP6 PCP5 PCP3 PCP1

PCP2 PCP4 PCP6

C3 Cz C4

Fig. 2. Candidate electrode layout for all the subjects.

Then strategies of channel selection based on method 1)
and 2) are applied on the preprocessed training datasets,
respectively. The channel scores are sorted in descending
order; only channels with larger scores are selected for fur-
ther processing. When the optimal channel group is selected,
CSP algorithm is applied on the optimal channel group in
both training datasets and testing datasets to get CSP based
features. In this study, np = 3 is used for all the CSP related
procedure.

For explicit illustration, we pick up a specific dataset of
subject aw to see the channel selection results. Note that,
different channel group will be chosen from different training
dataset. Here, the specific training dataset is selected just as
the one defined in the competition for a repeatable result.
When the number of channels used in CSP is constrained
to be 20, selection results for subject aw are given in Table
2. Twenty channels defined manually are also listed in the

Table 2: Selection Result of Different Methods

Method Electrode layout of subject aw
Manually F3 F1 Fz F2 F4 FC3 FC1

define FCz FC2 FC4 C3 C1 Cz C2
C4 CP3 CP1 CPz CP2 CP4

Top γ2 F5 Cz FC5 PCP2 CP3 F1 C4
-Value C6 CCP4 CP1 PCP6 F2 FC3 CFC4

CCP1 CPz FCz C1 CCP3 PCP5
Top �1 PCP2 CCP3 CP1 PCP1 CCP1 PCP4 FFC3
-Norm CP3 FC4 Cz FFC2 C3 CFC2 CP2

CFC5 F2 F6 CFC1 PCP3 C1

table for comparison.
The visualization of electrode layouts that selected by dif-

ferent methods for subject aw is shown in Fig. 3. Electrodes
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C3 Cz C4

Manual Definition Layout

Cz C4

γ2−Value Selection Layout

C3 C4

l
1
−Norm Selection Layout

Fig. 3. Electrode layouts selected by different methods for subject aw in
specific training datasets. The figures in the left, middle and right column
correspond to the selection result of manual definition, top 20 γ2-Value
channels and top 20 �1-Norm value channels, respectively.

of C3, Cz and C4 are highlighted in red circles. Interestingly,
in this specific dataset, the commonly used three channels
C3, Cz and C4 are not totally selected by both method 1)
and 2). This phenomenon can be explained by the result
of previous study [7], higher accuracy can be acquired by
subject specific channel selection.

After acquiring the optimized channel groups, CSP al-
gorithm is applied on the different channel groups in both
training datasets and testing datasets, respectively, to get CSP
features. The 10× 10 cross validation1 results for all the
five subjects are listed in Table 3. The highest 10×10 cross
validation accuracy is highlighted in bold.

Table 3: Cross Validation Results of Different Methods

Method Manual γ2-Value �1-Norm
aa 80.9±7.5 80.8±8.1 82.4±7.2
al 97.7±2.5 97.5±2.8 98.6±2.0
av 69.4±9.5 72.2±8.8 76.8±7.8
aw 88.2±5.4 93.6±5.3 94.0±4.0
ay 95.2±4.3 92.1±5.3 96.6±3.4

The comparison between three kinds of selection methods
is shown in Fig. 4. A star above the diagonal means a
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Fig. 4. The 10× 10 cross validation results for all the 5 subjects. The
left plot is accuracy comparison of CSP combined with γ2-Value channel
selection versus CSP with manually defined channel group; the right plot
is accuracy comparison of CSP combined with �1-Norm channel selection
versus CSP with manually defined channel group.

dataset where CSP combined with specific heuristic channel
selection algorithm outperforms the CSP with manually

1Here, the cross validation process is just applied on procedure of CSP
feature extraction in optimal channel group. The optimal channel group is
derived from the specific training datasets defined in BCI competition. The
channel selection is not contained in the cross validation process.

defined channel group. From Fig. 4, we can see CSP with
γ2-Value channel selection strategy outperforms CSP with
manually defined channels on dataset av and aw, but fails
on dataset ay. Encouragingly, CSP with �1-Norm channel
selection strategy outperforms CSP with manually defined
channels on all the datasets.

The most important spatial patterns of subject aw for the
discrimination of right hand from right foot motor imagery
is shown in Fig. 5. As the authors state, the colormap

Fig. 5. Comparison of spatial patterns using different methods for subject
aw. The figures in the up row are the patterns of right hand and in the bottom
row are the patterns of right foot. The figures in the left, middle and right
column are patterns derived from CSP with manually defined channels, CSP
with γ2-Value selection channels and CSP with �1-Norm selection channels,
respectively.

has no direct association to signs because the signs of
the pattern vectors are irrelevant to the analysis [8]. The
spatial patterns got by CSP with �1-Norm channel selection
strategy coincide better with previous study report: right hand
imagery shows comparatively high EEG amplitudes over
mid-central areas, while right foot imagery is characterized
by enhanced amplitudes over C3 (left hemisphere) [7], [11].

IV. CONCLUSIONS AND FUTURE WORKS

A. Conclusions

In this study, we exploit a heuristic algorithm named �1-
Norm of CSP projection matrix to get an optimal subset
of total electrodes for further CSP processing. The com-
monly used γ2-Value algorithm for channel selection is also
introduced for convenience of comparison. Applying CSP
on a small number of channels can save time and get high
classification accuracy. The experimental results demonstrate
that our proposed CSP combined with �1-Norm channel
selection can achieve better performance on BCI competition
data.

B. Future Works

As we stated, the performance of CSP is influenced by
several factors such as the selection of channels, the time
window length and the frequency band. In order to further
improve the performance of BCI system based on EEG, it is
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possible to propose an effective method which could take all
the factors into account. In the future, our work will focus
on optimizing all the factors together automatically.
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