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Abstract
Brain Computer Interface (BCI) Systems have developed 
for people who are suffer from severe motor disabilities and 
difficult to communicate with their environment. BCI let them 
for communication by non muscular way.  For communication 
between human and computer, BCI uses a type of signal called 
Electroencephalogram (EEG) signal which are recorded from 
the human’s brain by mean of electrode. Electroencephalogram 
(EEG) signal is an important information source for knowing 
brain processes for the non-invasive BCI. Translating human’s 
thought, it needs to classify acquired EEG signal accurately.  This 
paper proposed a typical EEG signal classification system which 
experiments the Mental Tasks Dataset.  Independent Component 
analysis (ICA) method via EEGLab Tools is used for removing 
artifacts which are caused by eye blinks. For features extraction, 
the Time and Frequency features of non stationary EEG signals are 
extracted by Matching Pursuit (MP) algorithm. The classification 
of one of five mental tasks is performed by Multi_Class Support 
Vector Machine (SVM).  For SVMs, the comparisons have been 
performed for both 1-against-1 and 1-against-all methods.
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I. Introduction
Humanity has always dreamt of controlling its world with the 
mind [1]. It can be found that especially in movies, one man who 
wants to control the world, use mental commands to interact with 
some electronic device. So, researches of alternative methods to 
controlling devices and computer have been very interesting.
BCI provide a new way of interaction between computer and 
human. It analyses the brain activity and perform required activities. 
There are two types of BCI, which are invasive BCI that needs 
surgical operation to record EEG signal, and in non-invasive way, 
it records EEG signal on the scalp. Electroencephalograms (EEG) 
signal is importance source of information in non-invasive BCI.   
The study of EEG and their proper analysis is a strong importance 
in numerous medical and engineering applications including study 
of memory, seizure prediction, biometric for personal verification, 
mental discords and etc.  EEG reflects the activity of brain. By 
analyzing the contents of EEG signal, it can be defined the brain 
functions such as recognition, decision making, consciousness 
and emotion. In this paper, it is based on non invasive BCI, so it 
is cheap, accurate, faster and better processes for translating of 
brain function.
Classification of EEG still left serious challenges. First, the signals 
collected from the scalp are a distorted the real signals from the 
sources within the brain. Secondly, it is hard to recognize because 
of the artifacts and noises resulted from the body, environment, 
muscles activities and the other automatic responses of the body.  
Thirdly, extraction of statistical and identical features of non-
stationary EEG waves is also important challenge in classification 
of brain’s functions.  Due to the non-stationary nature of the 
EEG, this paper proposed Matching Pursuit method for feature 
extraction combining with SVM classifier. It deals with offline 

classification of EEG signals from the publicly available dataset 
of Kein and Aunon’s mental task data. 
Keirn and Aunon’s (1988) data consists of EEG data of five different 
mental tasks. The experiment tends to find suitable features for 
getting acceptable classification accuracy. The spectral density 
was estimated using the Wiener-Khinchine (W-K) method. Bayes 
quadratic classifier was used for discrimination of task pairs. The 
accuracy of correct outputs was 90–100% for distinct cases [9].
Charles W. Anderson (1998) used multivariate autoregressive 
(AR) models to extract features from the EEG signal of mental 
tasks. Neural Network Classifier is used to discriminate the mental 
tasks. Classification accuracy of 91.4% achieved [3]. 
Martina Tolić and Franjo Jović (2013) extracted the features 
of EEG signals using Discrete Wavelet Transform. And Neural 
Network is used as classifier for discrimination of task pairs. Mean 
classification accuracy for the recognition of all five tasks was 
90.75% and mean classification accuracy for the recognition of two 
tasks (baseline and any other mental task) was 99.87% [12].
The data set used in this study is Keirn and Aunon’s (1988) dataset 
which comprises EEG signals from five persons performing five 
different mental tasks [8,9]. An Electro-Cap elastic electrode cap 
is used to record EEG signals from positions C3, C4, P3, P4, O1 
and O2, based on 10-20 standard of electrodes placement as in 
Figure 1. Other two electrodes were placed above and below the 
left eye to obtain the Electrooculogram (EOG). The EEG signal 
were sampled at 250 samples per second and filtered to 0.1-100 Hz. 
Signal was recorded repeatedly five times per session. Each trial 
has 10 seconds and totally 2500 samples. Most subjects attended 
two such sessions recorded on separate weeks. That dataset can 
be freely downloaded from the Internet.
The five mental tasks are illustrated as in following:
Baseline Task: The subject is asked to relax and think of nothing 
in particular.
Letter Composing Task: The subject is asked to imagine for 
composing a letter to a known person (e.g. father, mother or friend) 
mentally.
Multiplication Task: The subject is asked to multiply two 
numbers, such as 87 times 69, mentally.
Visualize Counting Task: The subjects are asked to visualize 
numbers being written on the board sequentially.
Geometric Figure Rotation Task: The subject is asked to 
visualize Geometrical figures rotating about an axis.

Fig. 1: Electrodes Location of Mental Task Dataset
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II. Signal Processing
The EEG signal is distorted by the different types of artifacts, 
such as eye blinks, eye movement, and automatic response of 
the body. It is required to remove these artifacts; otherwise the 
effects of these artifacts may distort the analysis of the EEG signal. 
Moreover, it may lead to get the poor accuracy of classification of 
EEG signals. In this study, to eliminate the artifacts, Independent 
Component Analysis (ICA) method is used. ICA is a way of blind 
source separation (BSS).
ICA is a mathematical tool for decomposing a mixed signal into 
its statistically independent components. ICA can decompose 
multichannel EEG assuming that the measured signal is a linear 
mixture of several independent sources in the brain. Other ICA 
assumptions for a proper decomposition are: the number of sources 
should be equal to the number of sensors, source signals should 
be statistically independent, and at most only one source should 
have a Gaussian distribution, and there should be no time delay 
between source and measurement sites. Centering and Whitening 
are two important preprocessing steps in ICA. Centering is 
done by subtracting the mean values of the signals so that they 
have zero means. Whitening is done by a linear transformation 
resulting in uncorrelated signals with unit variance [17]. In this 
study we used the EEGLAB (Open Source Matlab Toolbox for 
Electrophysiological Research) tool [6].
For noise removing task, the data are imported to EEGLAB tool 
and run the ICA.  And independent components were displayed in 
spatial graphs as in Figure 3. Properties that describe eye artifacts 
are a strong far-frontal projection in the scalp map and individual 
eye movements in a detailed component view. After component 
examination, the artificial one is removed [16].

Fig. 2: Component of EEG Signal

Fig. 3: Components in Spatial Graph

III. Feature Extraction
Feature extraction for EEG signals includes finding signal’s features 
that describe EEG activity with the greatest difference among the 

groups of EEG signals that are later classified. Feature extraction 
also reduces the amount of data used in classification.
Matching pursuit (MP), a new technique of time frequency signal 
analysis, was applied to Mental Tasks classification of EEG signal 
as feature extraction method. MP was proposed by Mallat and 
Zhang (1993) [19].

A. Matching Pursuit Algorithm
The method relies on the approximation of the signal by functions 
(time-frequency atoms) chosen from a very large and redundant 
set. Given a set of functions (dictionary) {G=g1, g2, g3,……, gn} 
such that ||gi||=1; it can be defined an optimal M-approximation as 
an expansion minimization the error є of the approximation signal 
F by M atoms. Such an expansion is defined by the set of indices 
{γi}i = 1…M of chosen function gγi and their weights Wi :

Ɛ=||f(t) – Σi=1 to M  Wi gγi (t) ||= min

MP (Matching Pursuit) is an iterative, non-linear procedure which 
decomposes a signal into a linear expansion of waveforms chosen 
from a redundant dictionary. In the first step, a waveform gγ0 best 
matching the signal f is chosen, and in each consecutive step 
waveform gγn is matched to the signal’s residuum Rnf, left after 
subtracting results of previous iterations: 
R0f = f; 
Rnf = < Rnf, gγn > gγn + Rn+1f ;
gvn  =arg max gyi ϵ G |< Rnf, gγi >|

In this study, the implementation of MP decomposition is performed 
using freely available software mp5 with a user friendly interface 
via Svarog which is a signal analyzer tool [21]. Svarog shows 
the time and frequency map of each extracted atoms from input 
signal as in fig. 4. The parameters value of the each atom can 
also see as in fig. 5.

Fig. 4: Time-Frequency Map of Atoms

B. Extraction of Statistical Coefficients
The features extracted by MP which are modulus, amplitude, 
position, scale, frequency and phase are not directly feed to 
classifier. 

Fig. 5 Parameters of Each Atoms of Letter Composing Task
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The statistical coefficients such as mean, standard deviation, 
variance for each parameter are extracted by accumulating all the 
atoms within a sampling window. So, these statistical coefficients 
feed as input to the SVM classifier [5, 18].

IV. Classification
Least square support vector machine (LS-SVM) multi class 
classifier with Gaussian RBF kernel is used for the classification 
of EEG signals. The multiclass classification task is reduced to 
multiple binary classification tasks. Two multi-class SVM methods 
of ‘one-Vs- All’ and ‘One-Vs-One’ are used to classify the EEG 
signals classification. According to the Literature, LS-SVM is the 
simplified version of SVM classifier [5].
The overview of this system is as shown in fig. 6. The input to the 
system is one trial of Mental Task EEG signal. One trial last 10 
seconds and include totally 2500 samples. It passes the stage of 
artifact removal. Before entering the feature extraction process, 
it must be windowing. Each window widens one second and so 
it got totally 10 segments. MP decomposes for each segment and 
it extracts about 270 atoms for six channels. 
For each atom, the parameters of modulus, amplitude, scale, 
frequency, position and phase are measured. By accumulating 
these parameter values of all atoms, mean, standard deviation, 
variance, minimum, and maximum and sum values for each 
window.

V. Result and discussion
In this study, each signal trial consists of the recorded signal of 10 
second. But MP decomposed the atoms from 1 second segment. 
For each segment, it includes six channels. MP extracts about 45 
atoms for each channel and so totally 270 atoms for all six channels. 
MP extracts totally six parameters (modulus, amplitude, position, 
scale, frequency and phase) of each atom. For each parameter, we 
got totally 270 values for entire atoms. Form which, we computed 
the mean, standard deviation, variance, minimum, and maximum 
and sum as the statistical coefficient. Lastly, we got 36 feature 
vectors of six statistical coefficients from six parameters. But we 
do not use all these 36 features. We manually selected the distinct 
features which are identical.  These are mentioned in the following 
Table 1 with their abbreviation.
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Fig. 6: Architecture of Proposed System

Table 1: Feature Set
Abbreviation Feature Set

Mean

Mean of Modulus Values
Mean of Amplitude Values
Mean of Frequency Values
Mean of Phase Values

Std

Standard Deviation of Modulus 
Values
Standard Deviation of Amplitude 
Values

Var

Variance of Modulus Values
Variance of Amplitude Values
Variance of Frequency Values
Variance of Scale Values

Min
Minimum of Modulus Values
Minimum of Amplitude Values

Max
Maximum of Modulus Values
Maximum of Amplitude Values

Sum
Sum of Modulus Values
Sum of Amplitude Values
Sum of Scale Values

Among these feature, mean and variance are very strong features 
for accurate classification. The more number of features we use, 
the more processing time it takes. The experimental results are 
mentioned in Table 2. According to the table, 10 features with 
(mean, var, min) and 12 features with (mean, var, max, min) 
received almost similar accuracy as 17 features which has the 
best accuracy. So, it can be concluded that combination of mean, 
variance and minimum is very suitable for classification of MP 
features with less execution time and few features. One-Vs-One 
LS-SVM received better accuracy than One-Vs-All Ls-SVM in 
this study. 

Table 2: Experimental Results

Features Nos  of 
Features

One-Vs-
One LS-
SVM

One-Vs-
All LS-
SVM

mean, var, std, max, min, 
sum 17 89.73% 52.43%

mean, var, max, min 12 89.73% 55.95%
mean var min 10 88.11% 60.81%
mean, var, std, max, min 14 85.41% 58.65%
mean, var, std, max 12 80.27% 45.95%
mean var 8 77.30% 48.11%
mean, var, std 10 76.49% 52.97%
mean, var, max 10 75.14% 53.78%
mean 4 64.32% 25.95%
var 4 58.38% 15.14%
max 2 51.35% 21.62%
min 2 45.14% 2.97%

VI. Conclusion and Future Work
In this system, Multi-class Support Vector Machine classifies the 
statistical coefficients of the features of the given EEG signal. 
Modulus, Amplitude, Position, Scale, Frequency and phase value 
of the signal are extracted by decomposing the EEG wave into 
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separated atoms via MP. The parameter values of the signal are 
not directly feed to the classifier. The statistical coefficients such 
as mean, variance and so on are calculated by accumulating 
these values. But all the coefficients are not used as inputs to the 
classifier. Among theses, the specific ones are choose to use in 
classification. 
In this study, the coefficients are calculated from the 270 atoms 
of six channels. For getting more accurate classification, it should 
be calculate from 45 atoms of each channel.

Fig. 7: Comparison of the Accuracy of One-Vs-One LS-SVM and 
One-Vs-All LS_SVM Classifiers Over Different Features
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