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* Short Paper 

 

Abstract: In this paper, an extension of the standard common spatial pattern (CSP) algorithm using 
the strong uncorrelated transform (SUT) is used in order to extract the features for an accurate 
classification of the left- and right-hand motor imagery tasks. The algorithm is designed to analyze 
the complex data, which can preserve the additional information of the relationship between the 
two electroencephalogram (EEG) data from distant channels. This is based on the fact that distant 
regions of the brain are spatially distributed spatially and related, as in a network. The real-world 
left- and right-hand motor imagery EEG data was acquired through the Physionet database and the 
support vector machine (SVM) was used as a classifier to test the proposed method. The results 
showed that extracting the features of the pair-wise channel data using the strong uncorrelated 
transform complex common spatial pattern (SUTCCSP) provides a higher classification rate 
compared to the standard CSP algorithm.     
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1. Introduction 

Brain computer interface (BCI) technology offers the 
people the ability to control, connect and respond to a 
given environment. This technology is being used in 
various fields including rehabilitation, education and 
entertainment [1-3]. For example, one of the most popular 
BCI trends allow people to control electronic devices 
without moving their arms. Patients who suffer from local 
or muscle paralysis are also capable of controlling the 
environment under such harsh conditions merely by 
imagining the state of moving certain body parts. Thus, 
recent studies have focused on the so-called ‘motor 
imagery’ of the left- and right-hand [4-8] or finger 
movement [9]. Since an accurate classification of different 
motor imagery tasks is required for this environmental 
control and communication through the motor imagery 
electroencephalogram (EEG) data, extracting the optimal 
features from the data is the cornerstone for classification. 

Feature extraction methods can be divided into two 
methods: an unsupervised learning method and a 
supervised learning method, which unlike the former 
method, requires a priori information. Among the most 

frequently used unsupervised statistical methods, principal 
component analysis (PCA) and independent component 
analysis (ICA) are commonly used. A. Vallabhaneni et al. 
applied PCA to extract the features of motor imagery tasks 
and use them on both spatial and temporal dimensions [7]. 
C. Brunner et al. applied PCA in order to reduce the 
number of components and used three different ICA 
algorithms in order to find the optimal spatial filter that 
increases the single trial classification rate [10]. 

For a supervised statistical method, the common spatial 
pattern (CSP) [11] is well used based on the fact that 
spatially allocated regions of the brain are activated when 
performing such motor imagery tasks [8]. The CSP 
algorithm maximizes the variance-ratio of two classes, so 
that the variance information of the two classes is used in 
order to improve the distinction between the two. 

Furthermore, many extensions to the standard CSP 
algorithm are also being studied with the aim of finding 
and using additional statistical information of the data for 
better classification. An analytic signal-based CSP (ACSP) 
algorithm was first proposed by O. Falzon et al. [12], 
which uses the Hilbert transform and an analytical 
representation. In particular, a complex form of EEG 
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signals is used in order to better distinguish different 
mental tasks. 

Recently, an augmented complex common spatial 
pattern (ACCSP) combined with the strong uncorrelated 
transform was proposed to analyze the motor imagery 
EEG data by pairing the adjacent channels [13]. This pair-
wise approach uses additional information based on the 
fact that adjacently allocated channels are activated in 
relation to each other when performing motor imagery 
tasks. On the other hand, although there are more network 
connections in the adjacent channels compared to the 
distant channels, the distant channels still have interactions 
between them and are related so as to form a network. 

In this paper, the distant channels are paired into a 
complex form and their variance information are used as 
features. The features acquired using the proposed 
algorithm includes additional information of the 
relationship of every two channels, based on the fact that 
distant channels are related inside the brain network. The 
multivariate extension of the empirical mode 
decomposition (MEMD) is used instead of infinite impulse 
response (IIR) band-pass filtering methods to gain the 8-25 
Hz frequency band for the motor imagery EEG data. Next, 
the features are extracted using the strong uncorrelated 
transform complex common spatial pattern (SUTCCSP), 
which conclusively hold additional information of the 
power difference between the distant channels. An SVM 
classifier that uses a Gaussian kernel function then 
evaluates the performance of the proposed algorithm and a 
series of experiments with real-world data shows that the 
SUTCCSP results in a higher classification rate compared 
to the original CSP algorithm by 1.5%. 

2. Methods 

The motor imagery EEG data used to test the 
performance of the proposed algorithm is acquired from 
the Physiobank Motor/Mental Imagery (MMI) database, 
Physionet1 [15]. A total of 45 trials for the left- and right-
hand motor imagery tasks are each recorded for 109 
subjects. Specifically, in this paper, 20 subjects starting 
from the last subject are chosen to evaluate the proposed 
algorithm. Among all the channels that cover the scalp 
regions, six channels in Fig. 1 are chosen to test the 
proposed algorithm. In particular, the six distant regions 
include the distant channels of the cortex area, where the 
neural activities of motor imagery are concentrated. The 
sampling frequency of the recorded data is 160 Hz, 
producing a total of 640 samples for each trial. 

2.1 Preprocessing 
MEMD is an alternative preprocessing method of 

gaining the 8-25 Hz frequency band. MEMD is a fully 
data-driven time-frequency analysis for non-linear and 
non-stationary multichannel bio-signal data [16]. The 
given data is decomposed into several intrinsic mode 

                                                 
1 www.bci2000.org 

functions (IMFs) and each IMF covers a particular 
frequency band. Fig. 2 shows a periodogram (Bartlett 
window) [17] that represents the power spectra of each 
IMF and shows the averaged data of all the trials of 20 
subjects. As shown in Fig. 2, the third and fourth IMFs 
correspond to the beta (14-20 Hz) and mu (8-12 Hz) 
rhythms, respectively. Since they cover the 8-25 Hz 
frequency band, the third and fourth IMFs are added in 
order to produce a preprocessed signal containing the 8-25 
Hz frequency components. Table 1 lists the specific steps 
for the MEMD algorithm [16]. If an ordinary sphere is 
extended to an arbitrary dimension, it is defined as an n 
sphere and an n sphere belongs to an (n+1)-dimensional 
Euclidean coordinate system, as mentioned in [16]. The 
direction vectors x  of an n-dimensional space are the 
signal projections and are denoted as points on an (n-1) 
sphere. 

2.2 Strong Uncorrelated Transform 
Common Spatial Pattern 

The combination of choosing two out of six channels, as 
illustrated in Fig. 1, are used to form distinct 15 complex 
random variable vectors, which can be generally defined as, 
= + ijzZ rz . Each data of one channel is paired with 

another to form a complex form as Z . The covariance and 
pseudocovariance is calculated as follows [18]: 
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Fig. 1. EEG montage of the selected six channels. All 
combinations of choosing two channels out of 6 are 
used as complex forms. Therefore, a total of 15 paired 
channel data are applied when extracting the features.
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where [ ]E ⋅  is the statistical expectation operator and ( )H⋅  

and ( )T⋅  each indicate the Hermitian and transpose of the 
data, respectively. If the data is circular,  rz  and iz  
become uncorrelated, so that Eq. (2) equals to zero. On the 
other hand, due to the non-circularity of the real-world 
signals [19], the pseudocovariance information can be 
preserved when the augmented complex CSP is applied 
[13]. Additionally, when SUT is applied, the multichannel 
complex data becomes uncorrelated. The procedures for 
extracting the features and finding the spatial filtered data 
using SUTCCSP are explained as follows: 
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where 1A and 2A  are the N S×  matrices when S is the 

sample size and 
6

N
2
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⎝ ⎠

 since every possible 

combination of choosing two out of a six channel data, 
each becomes a complex data yielding a total of 15 
combinations in this paper. 1 2 orC  is the covariance 
matrices and 1 2 orP  is the pseudocovariance matrices when 

1A and 2A  corresponds to the left- and right-hand class 
data, respectively. The composite form matrices are 
defined as 
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When the eigenvalue decomposition is applied, Eq. (6) 

is whitened by a whitening matrix 1/2 H
c c
−=G Λ U  and 

H
cGC G  is equivalent to the identity matrix (I). Therefore, 

the pseudocovariance matrix is decomposed with Takagi’s 
factorization, as shown in Eq. (7). 

 
  H

c c c c=C U Λ U  (6) 

 T T
c c= =P GP G YΛY                            (7) 

 
Then the SUT matrix is calculated as Eq. (8), which 

diagonalizes the covariance and pseudocovariance 
matrices simultaneously, as shown in Eq. (9). 

 
 H= GQ Y                                    (8) 
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1 2
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When 1 1

H=S QC Q  and 2 2
H=S QC Q  is defined, the 

Table 1. MEMD algorithm. 

 

 

Fig. 2. Power spectra of the first 6 IMFs. ‘IMF 3’ and ‘IMF 4’ covers the 8-25 Hz frequency band. The peak in 60 Hz is 
the power noise. 
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covariance matrix is estimated as below: 
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Additionally, the eigenvectors of the estimation of the 

pseudocovariance can also be derived using 
1/2ˆ H−=Q Λ Y G , as in Eq. (13), where B̂  and 1

ˆ
orΛ  

correspond to the eigenvectors and eigenvalues of 1
ˆ

andS , 
respectively. 
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Eqs. (12) and (16) show that the variance–ratio 

between two classes is maximized. 
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Thus, the spatial filters of Eq. (14) are applied to the 

original data A , as shown below: 
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where V  and V̂  are the final spatial filtered data using the 
covariance and pseudocovariance matrices, respectively. 
These extracted features are then used in SVM, which uses 
a Gaussian kernel and the left- and right-hand motor 
imagery tasks are classified. 

2.3 Performance Evaluation 
In this paper, both the CSP algorithm, which takes into 

account the power difference information of the two 
distant channel data as additional features, was used to test 
the performance of SUTCCSP. Additionally, the ACCSP 
based method was used to compare with SUTCCSP. Without 
SUT, the ACCSP based method cannot preserve the 
pseudocovariance information since the pseudocovariance 
information is lost during the whitening process. Moreover, 
the remaining covariance information only contains the 
sum of the power of complex signals, thus, a lower 
performance compared to SUTCCSP and CSP is expected 
in this case. 

For performance evaluation, the same data was 
classified using SVM repeatedly for 40 times, in order to 
obtain an average classification rate. Among the 20 
subjects, subjects are chosen as significant when the 

classification rates are above 64% (confidence limit = 
95%) [20]. 

The average CSP, ACCSP and SUTCCSP classification 
rates of the subjects who are chosen as significant in both 
CSP, ACCSP and SUTCCSP throughout the 40 repetitions 
using SVM, are compared in Table. 2. As shown in Table 2, 
SUTCCSP produces a higher separation rate compared to 
the standard CSP algorithm and the ACCSP based method 
also produces a lower performance compared to the 
performance of SUTCCSP, as expected. 

Fig. 3 shows the performance comparison between 
SUTCCSP and CSP. For every test, out of a total of 40 
trials using SVM, all the significant subjects are displayed 
in Fig. 3 The paired sample t-test for CSP and SUTCCSP 
was used in order to test the performance enhancement of 
SUTCCSP. The t-test is applied to the 40 CSP average 
classification rates and the other 40 SUTCCSP 
classification rates gained each from the 40 trials using 
SVM. As a result, the t-test yields a p-value of 0.0129 
(<0.05), which is small enough to reject the null hypothesis, 
thus proving the enhanced performance of SUTCCSP 
compared to the standard CSP algorithm. 

3. Conclusion 

MEMD was used for preprocessing in order to analyze 
the frequency. A complex form of pairing spatially distant 
channel EEG data was analyzed using SUTCCSP in order 
to use the power difference information as features. This 
assumes that spatially distant regions of the brain are 
connected and are related to one another as a network. 
Results show that SUTCCSP applied to the complex forms 
of spatially distant channel data yields an enhanced 

Table 2. Classification rates of CSP and SUTCCSP.

 CSP ACCSP SUTCCSP
Classification 

Rate (%) 69.78 68.89 71.28 

 

Fig. 3. Scatter-plot of the classification rate of 
SUTCCSP and the original CSP. The improved 
performance is shown using the p-value (p=0.0129) of 
the t-test. 
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classification rate compared to the original CSP algorithm. 
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