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Abstract—Brain Computer Interfaces (BCIs) serve as an inte-
gration tool between acquired brain signals and external devices.
Precise classification of the acquired brain signals with the least
misclassification error is an arduous task. Existing techniques
for classification of multi-class motor imagery electroencephalo-
gram (EEG) have low accuracy and are computationally inef-
ficient. This paper introduces a classification algorithm, which
uses two frequency ranges, mu and beta rythms, for feature
extraction using common spatial pattern (CSP) along with
support vector machine (SVM) for classification. The technique
uses only four frequency bands with no feature reduction and
consequently less computational cost. The implementation of
this algorithm on BCI competition III dataset IIIa, resulted
in the highest classification accuracy in comparison to existing
algorithms. A mean accuracy of 85.5 for offline classification
has been achieved using this technique.

Keywords—brain computer interface; motor imagery; com-
mon spatial pattern; support vector machine

I. INTRODUCTION

Motor imagery (MI) is mental stimulation of a motor act
without physically executing it [1]. Imagination of movement
of left hand, right hand, feet or tongue causes localized EEG
changes over the primary sensorimotor area of the human
brain [2]. Researchers have indicated that execution of motor
imagery task causes power decrease in brain oscillations
frequency rhythm in the mu (7-13 Hz) and beta (14-28 Hz)
waves, referred to as event-related desynchronization (ERD).
It occurs as a result of blocking of alpha activity just before
and during the real or imaginary movement. On the other
hand, when the user stops imagining a motor activity, an
increase in power or event-related synchronization (ERS) is
observed. These variations in the EEG pattern are used as
control commands in BCIs.

BCI systems enable users to direct commands to an
electronic device by using only their brain signals. In MI
based BCI systems, communication with an external device
is performed by composing a sequence of mental tasks
such as imagination of left hand, right hand, tongue, or
feet movement. Number of motor imaginations, duration
of training for enhanced mental stimulation, and even the
possibility of effective usage of an MI based BCI changes
widely from subject to subject [3].

Classification of motor imagery activity for BCI systems
is a challenging task due to the non-stationary nature of
EEG, electrical interference, muscular artifacts and subject
dependency. The problem becomes even more arduous when
multi-class paradigm is the subject of study, rather than a
binary class model. Standard implementation of feature ex-
traction and classification algorithms such as common spatial
pattern (CSP) and Support vector machine (SVM) is based
on two class models and needs algorithmic modification to
incorporate multi-class systems. Limitations on the number
of channels and number of trials, and variation in spatial
localization of MI signal amongst different subjects also
appears to be more pronounced when more than two classes
are under consideration.

For accurate classification of MI task, the most distin-
guishing features need to be extracted from the brain signals.
Common feature extraction techniques are frequency analy-
sis, autoregressive parameters (AR), CSP and band power
distribution (BP). Combination of appropriate features and
a suitable classifier are required for quality performance.
SVM, linear discriminant analysis (LDA), k-nearest neighbor
algorithm (KNN), hidden Markov modelling (HMM), fuzzy
logic and artificial neural networks (ANN) are generally
used for EEG classification. Linear classifiers are preferred
for MI classification because of their low computational
complexity and stability. Also, linear classifiers are less prone
to overfitting as compared to non-linear classifiers when
limited number of samples are available [4].

An effective method for classification of four class motor
imagery task using CSP based feature extraction and SVM
classifier is presented in this paper. Features are extracted
from the mu and beta frequency range only by dividing them
into a total of 4 frequency bands as opposed to conventional
filterbank CSP (FBCSP). Maximum mean classification accu-
racy of 85.5% is achieved on BCI competition III four class
motor imagery dataset [5]. The rest of the paper is organized
as follows: Section II presents the proposed method; Section
III presents the experimental results; Section IV gives the
conclusion.
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Fig. 1: Electrode positions for EEG recording. Electrodes
numbered 17-45 overlie the sensorimotor and premotor area.

II. METHODOLOGY

A. Pre-processing

The data is band-passed using four separate filters: band 1
(7-13 Hz), band 2 (13-19 Hz), band 3 (19-25 Hz) and band 4
(25-31) Hz. Using only 4 bands in the mu and beta frequency
range provides adequate number of feature vectors; therefore,
no dimensionality reduction technique is needed after feature
extraction. EEG data for time interval of 7 seconds is
extracted from the start of trial. It has been reported that
signals recorded in the proximity of electrode positions C3,
Cz and C4 overlaying the sensorimotor and premotor area
show dominant change in the ERD/ERS activity of the brain.
Hence, out of a total of 60 channels, EEG data from 29
channels numbered 17-45 in Fig.1 is used for classification
and evaluation of the proposed technique.

B. Feature Extraction

CSP is an effective technique for feature extraction in EEG
signal processing. The method of CSP is to discriminate
the signals of two types by decomposing the EEG signals
into spatial patterns that maximize the differences between
the two classes. CSP increases the variance for one class of
signals and decreases for the other. Standard CSP can only
discriminate between two classes. For multi-class paradigm,
[6] proposes an extension in the original method. The idea is
to break up the k-class problem into a set of k binary classes
and discriminating each class against the remaining classes,
namely the one vs. rest approach.

The process of one vs. rest algorithm for multi-class CSP
is as follows. The four classes of pre-processed EEG data X1,
X2, X3, and X4 are expressed as N × G where N is the
number of channels and G is the number of samples in each
trial. The normalized spatial covariance C of EEG matrices

is estimated by [7]

Ck =

〈
Xi

kX
iT
k

trace(Xi
kX

iT
k )

〉
trials

(1)

where XiT
k denotes the transpose of matrix Xi

k , k =
{1, 2, 3, 4} and trace(Xi

kX
iT
k ) is the sum of the diagonal

elements of matrix Xi
kX

iT
k . The sum of spatial covariance

matrices

C = Σ4
k=1Ck (2)

and covariance matrices of disjoint trials C
′

specific to the
four classes will be

C
′

k = Σj 6=kCj (3)

where j = {1, 2, 3, 4}. The composite covariance matrix C
is factored by eigenvalue decomposition as

C = U0ΛUT
0 (4)

where Λ is the N×N diagonal matrix of eigenvalues and U0

is the N ×N matrix of eigenvectors. The whitening matrix
P is obtained as

P = Λ−1/2UT
0 (5)

The covariance matrices Ck and C
′

k are whitened to obtain
intermediate matrices Sk and S

′

k.

Sk = PCkP
T (6)

S
′

k = PC
′

kP
T (7)

The eigenvalue decomposition of the above whitened matri-
ces is

Sk = UkΛkU
T
k (8)

S
′

k = UkΛ
′

kU
T
k (9)

The sum of the corresponding eigenvalue matrices will be an
identity matrix

Λk + Λ
′

k = I (10)

which means that Sk and S
′

k share common eigenvectors
and the sum of the corresponding eigenvalues will always be
one. Consequently, the eigenvalue with the maximal value
for Sk will have minimal eigenvalue for S

′

k and vice versa.
Hence, variance between Sk and S

′

k is maximized by the
transformation of matrix Xk onto eigenvector space. The
projection matrix for each class is obtained as

Wk = UT
k P (11)

The first and last m rows of Wk are used to build a 2m×N
spatial filter WkS which is used to filter Xi

k.

Zk = WkSX
i
k (12)

The WkS for k = 1, 2, 3, 4 are concatenated to get one spatial
filter WS of order N × 8m. The band-passed filtered signals
xband (x1, x2, x3 and x4) of order N × T for each trial are
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Fig. 2: Flow chart of the stages of EEG signal processing.
Features from two frequency bands are extracted using CSP
and classified using SVM.

spatially filtered and their log variance is calculated as feature
vectors of order 1× 8m.

Fband =
log[diag(WT

s xbandx
T
bandWs)]

trace(WT
s xbandx

T
bandWs)

(13)

A 1 × 32m combined feature vector F = [F1, F2, F3, F4]
is thus obtained. The architecture of the process is shown
in Fig.2. In the proposed algorithm, m=1 is chosen for
feature vectors. This helps in eliminating the need for feature
reduction, as there are only 32 features in feature vector that
leads to good classification accuracy.

C. Classification

According to [8], performance of a classifier is negatively
affected when:

1) the number of features is high
2) time for performing the classification is limited
3) the features are not uniformly weighted
4) mapping between inputs and outputs is non-linear

SVM gives good performance in the above constraints.
SVM is widely used for different purposes in EEG signal

processing - the removal of eye-blink artifact, detection of
epileptic seizures, identification of event-related potentials to
name a few. In the proposed technique SVM is used for
discriminating the four MI tasks as it has been reported as
the best classifier for MI classification in terms of robustness
and complexity [9]. SVM is a supervised learning algorithm
that constructs a hyperplane with the largest distance to
the nearest training-data point of any class to minimize the
generalization error.

Since SVM was originally designed for binary classifica-
tion, an extension that reduces the multi-class problem into
multiple binary class problems is required. We have used
one vs. rest method for employing multi-class SVM with K
classes. In the one vs. rest scheme K binary classifiers are
constructed by labeling the samples of kth class as one class
and the remaining samples as rest class and training the kth
classifier.

Assume a set S = {(x1, y1), ..., (xm, ym)} of m training
examples where each trial xi is associated with a class label

Fig. 3: Timing scheme of the experimental paradigm.

yi and yi ε {1, ...,K}. In multi-class SVM, for each k in
{1, ...,K} a new label vector z is constructed where zi = 1
if yi = k and zi = 0 otherwise. Then training algorithm
for binary class is applied to samples x and labels z to
obtain a matrix Mk. To classify unlabeled training data, all
K classifiers are applied to unseen samples x and labels y
are predicted by considering the highest confidence score of
the corresponding classifier, that is

y = argmax Mk(x) (14)

III. RESULTS AND DISCUSSION

A. Experimental Paradigm and Data Acquisition

Analysis is performed on BCI competition III dataset IIIa
provided by the Laboratory of Brain-Computer Interfaces
(BCI-Lab), Graz University of Technology. The experimental
paradigm consisted of four class motor imagery trials wherein
3 subjects (K3, K6 and L1) were required to perform imagery
movement of left hand, right hand, both feet, and tongue
prompted by a visual cue. The recordings were made using
60 channels. The EEG signals were sampled with 250 Hz
and filtered between 1 Hz and 50 Hz. Each trial is 7 seconds
long and started with a blank screen. At time t = 2s, a short
acoustic warning tone was presented and a fixation cross
appeared on a blank screen to indicate the beginning of the
trial. At t = 3s, a cue in the form of an arrow (left, right,
up or down) appeared and stayed on the screen for 1.25s.
The subjects were required to carry out the corresponding
motor imagery task until the fixation cross disappeared from
the screen at t = 7s followed by a short break of 3.24s. Fig.3
shows the timing of the experiment.

The experiment consisted of 9 runs for subject K3 and 6
runs for subject K6 and L1 each. Each run consisted of 40
trials. Half of the trials of every subject are used for training
and the remaining half for evaluation.

B. Performance Evaluation

For subject K3, 180 trials are used for training and 180
trials for testing. For subjects K6 and L1, there are 120 trials
for training and 120 for testing. For m = 1, a sliding window
of 2s is used to evaluate the classification accuracy after every
100ms starting from the onset of the cue at t = 3s till end
of trial. Mean and best classification accuracies for the 3
subjects are listed in Table I. Comparison with best reported
accuracies is shown in the Table II. The proposed method has
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TABLE I: Classification Accuracy using 4 Band CSP and
SVM

Subject Interval m a Channels Mean Maximum
Accuracyb Accuracyc

K3 2s 1 17-45 89.5% 93.3%
K6 2s 1 17-45 67.9% 77.5%
L1 2s 1 17-45 78.0% 85.8%

am largest and m lowest eigenvalue vectors selected for four classes to
get spatial filter

bmean of accuracies computed for intervals of 2s taken over complete
trial

cbest accuracy amongst intervals of 2s over complete trial

TABLE II: Comparison of Maximum Accuracy of Different Methods
on BCI comp III dataset IIIa

Feature Extractiona Classifier b Accuracy(%)

K3 K6 L1 meanc

AAR MDA[9] 66.6 38.5 49.5 51.5
CAR+CSP NN[10] 81.7 76.7 73.3 77.2
Barlow method SVM[11] 63.3 45.0 60.0 56.1
WPD ME[12] 90.4 66.0 79.6 78.7
WPD+CSP SVM+NN[13] 83.1 84.4 85.6 84.4
PLV SVM+Quicksort[14] 86.0 82.0 77.0 81.7
Sparse PCA+Sparse CSP SVM[15] 85.1 81.6 80.1 82.3
STFT+CSP SVM[16] 71.3 88.1 71.2 76.9

4 band CSP (our method) SVM 93.3 77.5 85.8 85.5

aAAR: Adaptive Autoregressive; CAR: Common Average Reference; CSP: Common
Spatial Pattern; WPD: Wavelet Packet Decomposition; PLV: Phase-Locking Value; PCA:
Principal Component Analysis; STFT: Short-Time Fourier Transform.

bMDA: Minimum Distance Analysis; NN: Neural Network; SVM: Support Vector
Machine; ME: Mixture of Experts.

cMean accuracy for all subjects for the respective method

highest best accuracy of 93.3% for subject K3 and 85.8% for
subject L1 and an overall accuracy of 85.5%.

IV. CONCLUSIONS

Despite constant improvement in EEG acquisition, feature
extraction and classification techniques for brain computer
interfaces in the past two decades, the use of BCIs in clinical
practice or otherwise is very limited. Small training sets, high
dimensionality of feature vectors, poor signal-to-noise ratio,
temporal variations and non-stationary nature of EEG signals
hinder the performance of motor imagery based BCI systems.

This study demonstrated that using common spatial pat-
terns extracted from only mu and beta frequency ranges
for feature extraction and support vector machine for clas-
sification can serve as a reliable system for multi class
motor imagery classification. Since only a limited number of
features from a small time interval are used for classification
using a stable and computationally inexpensive classifier, the
proposed technique can be implemented in real-time BCI
systems. Our future endeavors include creation of an online
BCI system, which targets a certain control application of
brain computer interface.
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