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Abstract
Brain Computer Interfaces (BCIs) is a powerful tool
to assist people with disabilities. In this paper we
focus on interpreting motor imagery tasks. We
propose a feature extraction method based on
Empirical Mode Decomposition (EMD), where The
Electroencephalography (EEG) signal is decomposed
into Intrinsic Mode Functions (IMFs) by the EMD
algorithm and six statistical estimated parameters are
calculated. Afterwards, Common Spatial Pattern
(CSP) is applied to filter the feature vector and select
the best features to overcome the curse of
dimensionality problem. Then, the resultant features
vector is fed to a Support Vector Machine (SVM) for
classification. Promising results are obtained by
testing the proposed model on the publicly available
BCI competition 2008 dataset where a kappa result
of 0.44 is achieved.
Keywords: Brain Computer Interface (BCI), Common

In this paper we are interested in the EEG modulated
by motor imagery tasks (MI). We focus on
extraction, selection and classification of best
features calculated from EEG signals. Motor imagery
is known to induce muscle activity and brain activity
similar to that induced when performing the actual
activity  (Kim et. al., 2014). It is the mental
representation of the performance without doing the
action (Shenoy & Vinod, 2014).
Many applications use data from BCI systems to
make life easier and more interesting, such as:
Assistive technology, virtual reality, game
controlling and robotics (Leeb et. al., 2007; Scherer
et. al., 2007; Plant & Southall, 2007; Satti et. al.,
2011). In these examples, authors are interested in
understanding brain waves to be able to use them as
inputs to other systems. Several studies have been
made in this field with varying results.

Spatial Pattern (CSP), EEG Signals, Empirical Mode
Decomposition (EMD), Support Vector Machine (SVM).

We propose a method to classify EEG signals that
consists of five steps: 1) Pre-processing of input
signals to reduce the noise. 2) Extracting features
using Empirical Mode Decomposition (EMD) 
(Huang et. al., 1998). 3) Calculating the estimated
parameters for the output features  (Lotte et. al.,
2007). 4) Filtering the features using Common
Spatial Pattern (CSP) Error! Reference source not found.
(Mueller-Putz et. al., 1999). 5) Classifying the
signals using Support Vector Machine (SVM) 
(Osuna et. al., 1997).

1. Introduction
Brain Computer Interfaces (BCI) have tremendous
impact on the lives of people with disabilities. In
accidents like stroke, head injury, spinal cord injury
and multiple sclerosis, patients could suffer from
complete body paralysis (NHS, 2018). This prevents
them from using keyboards, mouse, or other means
that persons without disabilities can use to interact
with computers. BCIs can translate your thoughts
into instructions that could be comprehended by
computers. Whenever we think or move, our brains
generate electrical signals that could be detected by
scientists using special electrodes.

Experimental evaluation of the proposed method is
applied to real human data and resulted in good
results relative to the State-of-The-Art algorithms.

BCIs is very common to interface with humans,
however several laboratories have managed to record
some animals’ signals, such as: monkey and rats.
Monkeys were able to move cursors on the computer
screen and were able to control a robotic arm so it
could performs simple tasks. (Li et. al., 2017)

In section two, related work, where techniques used
to solve the classification problem are presented. The
proposed work with all its details is presented in
section three. Data set used for experiments and the
results obtained are discussed in section four.
Finally, in section five the conclusions are drawn.
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computed the two bandwidths from the analytic
IMFs provided from the Hilbert transformation of
IMFs. They used LS-SVM classifier and their best
classification results for seizure and nonseizure EEG
signals was 100%, using the second IMF with Morlet
wavelet kernel function.

2. Material and methods
There are several techniques used for EEG feature
extraction (Herman et. al., 2008; Hosni et. al., 2007;
Jangraw et. al., 2013; Satti et. al., 2011; Wang et. al.,
2010). Toka (Toka, 2011) gave an overview of the
different methods to extract features from an EEG
signal. These methods include Empirical Mode
Decomposition (EMD) and Fourier Transform,
which has Frequency Analysis (FFT), Space-TimeFrequency Analysis (STFT) and Time-Frequency
Analysis (TFT).

However, most researchers believe that feature
selection is very important as it optimize time and
performance by selecting only best feature for
learning and classification. Alotaiby et al. (Alotaiby
et. al., 2015) presented a survey on different channel
selection algorithm. Their main purpose of channel
selection process is to reduce computational
complexity of any process performed on an EEG
signal, reduce the overfitting that may arise by
utilizing unnecessary channels and reduce the setup
time of different applications. They mentioned the
different methods for channel selection would
include: time-domain analysis, power spectral
estimation and wavelet transform. In addition to
different approaches which include filtering,
wrapping, embedded, hybrid and paper (humanbased). The difference between these methods is
described as follows:

Feature extraction methods are not restricted to
Fourier Transform. Liang et. al. (Liang et. al., 2005)
showed that Fourier-based methods are designed for
stationary time series frequency analysis. Liang et.
al. used Empirical Mode Decomposition (EMD) to
analyze neural data coming from macaque monkeys.
They identified high-frequency components as
gamma band oscillations, and low-frequency
components as average visual evoked potential
(AVEP). They concluded that EMD might be a vital
technique to analyze neural data.
EMD was first introduced by Huang et. al. (Huang
et. al., 1998) as a signal decomposition method. It
decomposes the signal into oscillatory modes called
Intrinsic Mode Functions (IMFs). EMD does not
require any pre-defined basis function to represent
the signal as in Fourier or Wavelet methods.

1. Filtering:
Criterion used: Distance measure, information
measure, dependency measure and consistency
measure.
Pros: High speed, independent of classifier and
scalability.
Cons: Low accuracy.

Wang et. al (Wang et. al., 2008) used Hilbert-Huang
transform method to analyze EEG signals and
classify them into different classes. The used EEG
signals consisted of different motor imagery tasks.
The method used consisted of two steps: 1- EMD. 2Hilbert spectral analysis. They also used BP Neural
Network in classification (Amanpour & Erfanian,
2013). They classified three different tasks (left
hand, right hand and foot) and reached a
classification rate of 93.8%.

2. Wrapping:
Criterion used: Classification algorithm evaluate the
channel subsets.
Pros: Good accuracy.
Cons: More complex than filtering and prone to
overfitting.

3. Embedding
Criterion used: The criteria on selection is generated
during learning process.
Pros: Interaction between channel selection and
classification and less prone to overfitting.

Ren et al. (Ren et. al., 2016) proposed an efficient
feature extraction framework which combined hybrid
feature extraction and selection methods. They
applied different methods for feature extraction in an
autoregressive model: Discrete Wavelet Transform,
Wavelet Packet Transform and sample entropy.
Afterwards, they select the relevant features to
enhance the performance. Results were evaluated
using class separability experiments on the EEG
dataset of university of Bonn.

4. Hybrid:
Criterion used: Combination of filtering and
wrapping, independent measure selects the best
subset and the mining algorithm select the final best
subset.
Pros: Utilize both independent measure and a mining
algorithm.

5. Human-based:
Criterion used: Well-trained observer.
Pros: Based on experience and used to refine the
selection process.
Cons: Relatively low accuracy.

Bajaj and Pachori presented a method for classifying
EEG signals in (Bajaj & Pachori, 2012). They used
Empirical Mode Decomposition and considered the
Intrinsic Mode Functions as a set of amplitude and
frequency modulated signals (AM-FM). They
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shows the 10-20 EEG
electrodes placement used in this research from the
left side and top of the head. These electrodes show
different activities from different areas in the brain.

combination of classifiers (Figure 2). They
concluded that SVM is very efficient regardless to
the number of classes; this is because of its immunity
to the curse of dimensionality. It is the most
appropriate classifier to deal with feature vectors of
high dimensionality.

Error! Reference source not found.

Fig. 1 International 10-20 system. The left image is a side view
and the right image is a top view (B. graimann et. al., 2010)

Jangraw and Sajda (Jangraw et. al., 2013) used a
virtual environment to explore which of the neural
signals are evoked during the exploration of a
dynamic, free-viewing 3D environment. They used a
sequential forward floating selection (SFFS) and a
hierarchical classifier that was adapted from the
hierarchical discriminant component analysis
(HDCA) to identify a small and robust set of features
that was used to distinguish targets from distractors
in this environment.

Fig. 2 Classification algorithms used to design BCI systems  (ElKafrawy et. al., 2014)

Tamil et. al. (Tamil et. al., 2008) reviewed the
different algorithms used for feature extraction and
classification. They concluded that the artificial
neural network is the most popular for classification
due to its accuracy. They compared it with backpropagation neural network, Bayesian neural
network, polynomial neural network, fuzzy work
neural network, chaos neural network, chaos theory,
independent component analysis, Fourier transform,
Laplacian eigenmaps method and Gabor transform.

Medina-Slagdo et. al. (Medina-Salgado et. al., 2013)
proposed a feature extraction method for EEG
signals for imagining left hand and right hand. They
used wavelet transform to decompose the signal in
the spectral bands of interest. The conducted
relevance analysis using fuzzy entropy algorithm to
find the most important features in the training set.
They used K-NN and SVM algorithms for
classification and obtained an accuracy that reached
98.44%

D’albis et. al. (D'albis, 2012) developed a BCI
system that predicts spelling upon motor imagery
brain waves. They classified four classes: left hand,
right hand, both hands and both feet. They applied a
feature selection algorithm to select best features.
They classified the features into two types: average
features and evolution features. They classified the
signals using linear discriminant analysis (LDA) and
obtained a spelling rate of 2-3 character/minute.

3. Theory
Our system starts by reading a previously saved EEG
signals dataset. This dataset contains signals with
four different motor imagery tasks: imagining the
movement for the left hand, right hand, both feet and
tongue. Our main interest is to classify these signals
into four different classes. In this paper feature
extraction was the main focus. We used EMD to
extract features (IMFs) and then calculated some
statistical estimated parameters for each of these
IMFs, Common Spatial Pattern (CSP) was applied to
filter the resultant feature vectors. SVM classifier
was then used with RBF kernel to classify the given

Lotte et. al. (Lotte et. al., 2007) presented a review
on classification algorithms for EEG based Brain
Computer Interfaces. They divided the classification
algorithms into five different categories: linear
classifiers, neural networks, nonlinear Bayesian
classifiers, nearest neighbor classifiers and
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signals into four different classes. Figure 3 shows the
diagram for the proposed model.

decomposes the signal into Intrinsic Mode
Functions (IMFs) (Demir, 2011), which is
easier to analyze.
An IMF is a function that has two properties: 1it has only one extreme between zero crossings,
and 2- it has a mean value of zero.
The EMD uses a process called sifting to
decompose the signal into IMFs. This process is
repeated until we get all the possible IMFs of
the signal as shown in Figure 1Figure 1.

Fig. 3 Diagram of the proposed system

3.1 Pre-Processing
After sampling the signals with 250 Hz. A
bandpass-filter between 0.5 Hz and 100 Hz was
applied to remove the eye movement artifacts
which was present in the dataset. The
sensitivity of the amplifier was set to 100 µV.
An additional 50 Hz notch filter was enabled to
suppress line noise.

3.2 Feature Extraction

Figure 1. IMFs obtained using EMD

The feature extraction process was very challenging
to be able to select only the best features of each
signal. The full process is shown in Error! Reference
source not found. and the details will follow.

Characteristic features are obtained from the first two
IMFs. As they contain the most features (high
frequencies). These are used as input feature vectors
for the next step.

3.2.2

Calculate estimated parameters

For each of the first two modes obtained from the
EMD and each EEG channel, six features were
computed: (Diez, 2009)
-

Root Mean Square (RMS),
Variance,
Shannon Entropy,
Lempel-Ziv Complexity Value,
Central Frequencies.
Maximum Frequencies.

RMS and variance parameters are commonly used in
BCI. Entropy was used as a different metric, as it
measures the average amount of information from a
measurement. LZ quantifies the complexity of a
signal analyzing its spatio-temporal patterns. The
central and maximum frequencies were used as
descriptors
of
each
IMF.

Fig. 4 Feature extraction

3.2.1 Apply EMD Algorithm (Empirical
Mode Decomposition)
Empirical Mode Decomposition (Lambert &
Byer, 2002) (EMD) is a method of breaking
down a signal without leaving the time domain.
It is useful in analyzing natural signals (like
brain waves – EEG) (Weng & Barner, 2008). It
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3.2.3 Select the best features (CSP)

be used with SVM. The Guassian or Radial Basis
Function (RBF) kernel are the most used in BCI
classification tasks (Herman et. al., 2008). The
corresponding SVM is known as Gaussian SVM or
RBF SVM.

The above method will result in very large feature
vectors. Each vector will contain 96 parameters (2
IMFs x 6 parameters x 8 channels). As a result, we
need to filter these vectors to get the best features
and avoid the curse-of-dimensionality. Common
Spatial Pattern is used to filter these feature vectors.

4. Results and Discussion

In Figure 2, we illustrate how CSP is used inside our
system. CSP is considered the most popular
algorithm in BCI field for learning spatial filters for
oscillatory processes using the frequency band and
time window Error! Reference source not found.
Mueller-Putz et. al., 1999)

4.1 Data Set
In this work, we used the publicly online available
BCI competition 2008 dataset(Brunner et. al., 2008).
The data set is consisted of 9 subjects. Each of these
subjects has four different motor imagery tasks:
Imagining the movement of the left hand (class 1),
right hand (class 2), both feet (class 3), and tongue
(class 4). Each subject recorded two sessions on two
different days.
Each of the recorded sessions consists of 6 runs,
these runs are separated by short breaks. Each run
consists of 48 trials, this yields to a total of 288 trials
per session. Twenty-two electrodes were used to
record the EEG signals; the montage of these
electrodes is shown in Figure 3.

Figure 3. Electrode montage (Brunner et. al., 2008)

Figure 4 illustrates the paradigm of the process.

Figure 2 process showing how the CSP was used inside our
system

3.3

Classification:
Machine

Support

Vector
Figure 4. Timing scheme of the paradigm (Brunner et. al., 2008)

SVM is the most appropriate classifier to deal with
high dimensional feature vectors (Grabianowski,
2007). There are several kernel functions that could
217

International Journal of Advanced Scientific Research and Management, Volume 3 Issue 8, Aug 2018
www.ijasrm.com
ISSN 2455-6378

4.2 Performance
kappa

Evaluation:

More enhancements in the accuracy will be done as a
future work.

Cohen's
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