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Abstract—Brain-computer interfaces (BCIs) are communi-
cation systems that translate signals from brain activity to a
computer for further processing, aiming to control electronic
devices external to the human body and provide communication
to people with severe motor disabilities. An usual approach
for BCI implementations is to discriminate motor imagery
tasks through analyzing time-series, for this aim, in this paper
an experimental protocol for brain signal acquisition and
a database construction is proposed. Electroencephalography
(EEG) is widely used to record motor imagery databases,
whereby EMOTIV Epoc+ device was used to acquire brain
signals along with BCI2000. For processing EEG signals,
Wavelet decomposition, power spectral density (PSD) and
empirical mode decomposition (EMD) were performed. Finally,
we obtained an maximum accuracy of 91.8% with the imple-
mentation of well-known k-nearest neighbors (k-NN) classifier.

I. INTRODUCTION

Brain Computer Interfaces (BCI) are hardware and soft-

ware communication systems, which allows the interpreta-
tion of triggered brain signals during certain tasks, aiming to
control electronic devices external to the human body. BCI
systems help people with severe motor disabilities to execute
movements and improve their communication skills, leading
to a better life quality, whereby these systems are used
in applications such as Motor Restoration, Environmental
Control, Locomotion y Communication [1f], [2].
Measuring electrical brain activity is one main component
in any BCI system, currently, there are invasive and non-
invasive methods for brain signal acquisition. Electroen-
cephalography (EEG), a non-invasive method, is the most
widely used, owing to its high temporal resolution and
low cost, further it is easy to use because it uses surface
electrodes placed on the scalp, according to the International
10-20 System [3].

Negrete et.al [4] described that real movement and motor
imagery generate similar patterns in brain activity, specifi-
cally in the sensorimotor rhythms p [8-12Hz] and 5 [13-
30Hz]. The analysis of these signals are performed by
two approaches, analysis of evoked potentials generated
by visual, auditory or somatosensory stimuli [5], and de-
tection of oscillations in brain signals, i.e. increasing or
decreasing of the amplitude in sensorimotor rhythms, i.e.
events related with synchronization and desynchronization.
Evoked visual potentials have been used in motor imagery
dataset performed for some researchers and databases of
the Graz University of Technology are commonly used for
discriminate imagination motion [6], [7].

Considering variability due to inherent features of the brain
according to target population, a database was build im-
plementing a motor imagery paradigm which displayed the
necessary instructions to imagine movement of the left and
right hand to the subject.

Currently a lot of techniques have been applied for feature
extraction in brain signals through of temporal [§], spectral
and spatial information [9]], [10], using statistical metrics,
power spectral density, energy and wavelet transform [11]],
among others. Therefore, in order to perform an exploratory
analysis for feature extraction over proposed local database
these techniques were considered. In addition, k-nn clas-
sifier was implemented achieved an maximum accuracy of
91.8% on a leave-one-out strategy, giving insight that the
constructed dataset could lead to outstanding discrimination
results given a deeper analysis, both at feature extraction and
classification stages.



II. MATERIALS AND METHODS

A. Hardware and software tools

EMOTIV Epoc+: Neuroheadset EMOTIV Epoc+ is a
wireless device for acquisition of Electroencephalography
signals. This hardware has 14 electrodes laid according
to the international 10-20 system as shown in Figure [I}
where red-shaded circles represent the electrodes used to
record signals and the green-shaded circles are reference
electrodes. Its sampling rate is 128Hz and has a bandwidth
of 0.2 to 43Hz. Due to its high temporal resolution,
portability, low cost and non-invasive nature EMOTIV
Epoc+ can be used to recording brain activity for brain
computer interfaces

BCI2000: is a general-purpose software for BCI research,
that has libraries and executable files for free and among its
applications can be used for data acquisition and stimulus
presentation through the design of paradigms or settings of
parameters in the batches that are included in the platform.
Therefore, for our purposes Stimulus Presentation batch is
used for motor imagery trials. During acquisition, BCI2000
stores data with along with its relevant event triggers and
information about used configuration. E]

B. Discrete Wavelet Transform

The discrete wavelet transform (DWT) subdivides a signal
into its frequency bands without temporal information loss.
This time- frequency decomposition generates two sets of
basis functions i.e Wavelets and scaling functions, mathe-
matically DWT can be seen as a set of wavelet transform
coefficients, computed as inner product between a wavelet
basis and a finite-length sequence of the signal. These allow
to analyze the spectrum of the signals as function of time.
Additionally, the DWT is also known as a filter bank due
to the application of high-pass and low pass filters to the
EEG time-series in the decomposition process. DWT can be
expressed as:
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with W f (4,k) a DWT coefficient and f (n) is a sequence
with length N. Wavelet basis is expressed as:
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where s/ and s/ - k refers to the discretized versions of the
DWT scale and translation parameters, respectively.

C. Power Spectral Density

The power spectral density (PSD) is the distribution of the
energy at a frequency band. The Fourier transform (FT) is
used to become the signals from time domain to frequency.
The PSD is defined as the squared magnitude of the FT of
a given signal [12]l. Mathematically, PSD is expressed as
follows:

1
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where X (w) stands for the FT of signal z(t).

D. Empirical mode decomposition

Empirical mode decomposition is an adaptive data driven
approach that allows the representation of a nonlinear and
non-stationary signal, which decomposes the signal into a
sum of basis components, each one called Intrinsic Mode
Function (IMF). During implementation of EMD high fre-
quencies of signals are removed, repeating the process in the
new signal also called residue [13]], [14]], expressed as:
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with N is the total number of IMFs, ¢, (t) forn=1,..., N
are each IMF and 7y (t) is known as the residual or the
last IMF. It is worth to state that lower IMFs contains high
frequency components of the signal z(t).

For a function to be considered as an IMF must satisfy two
conditions: (i) the number of local extrema and the number
of zero crossings must be equal to each other or different
by at most one (ii) the mean value of the envelope defined
by the local maxima and the local minima should be zero.

EMD algorithm consists on the following steps:

1. Determine all local maxima of the data and join it by
cubic spline line as the upper envelope ., (t).
2. Determine all local minima of the data and join it by

cubic spline line as the lower envelope oy (t).

Tup(t) + Tiow(t)

3. The mean m; = is computed and

L2 .
subtracted from the original data to obtain the first
component:

hl(t) = :c(t) — mi

if h1 meets the two criteria of an IMF it is considered
as the first IMF ¢ (¢).
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Figure 1. Emotiv Epoc+ electrodes layout

4. If hy does not satisfy IMF criteria then it is treated as
the data and steps 1 through 3 are repeated until an
IMF is found.

5. After an IMF is obtained, it is then subtracted from the
original data to get a residue:

ri(t) = z(t) — i (t)

Such residue is treated as a new signal and the process
is repeated to obtain the next IMF (co(t)) and residue
signal ro(t). Therefore, each residue signal can be
expressed as:

ri(t) =rj-a(t) = ¢;(t)
6. EMD process of decomposition is ended if r;(t) is a
constant or a monotonic function.
E. Linear Discriminant Analysis

Linear discriminant analysis (LDA) searches a linear
combination of features or attributes that best separates the
classes. It has been also seen as a dimensionality reduction

technique due to the transformation of the p-measurements
in a new subspace with lower dimension. In this way,
the complexity of the models is reduced and therefore the
overfitting is minimized in the classification stage. Finally,
LDA assumes that each class data points can be represented
by normal density functions and these have the same covari-

ance [13].
E k-nearest neighbors (k-NN)

This classification method represents all training samples
in a p-dimensional space, where p is the number of features
that describes each training sample. To classify a new sample
into one known class, this method measures the distance
between the new sample and all the samples in the training
set, the decision is taken considering the most frequent
class membership of its k nearest neighbors. The application
of feature normalization is necessary to guarantee a better
performance of the k-NN method [16].

III. EXPERIMENTAL FRAMEWORK

Experimental work flow is depicted in Figure 2] where the
first step is the database construction by a visual paradigm



using Emotiv Epoc+ neuroheadset, then an exploratory anal-
ysis is performed over such database by using well-known
feature estimation and selection techniques to discriminate
among classes with a k-NN classifier.

Feature extraction
and selection

Database } —) —) ‘ Cassification

Figure 2. Block diagram of experimental framework

A. Dataset construction

To acquire brain signals with the Emotiv Epoc device, a
module of BCI2000 called Stimulus Presentation was used
for setting parameters. Such module allows the design of the
paradigm, number and type of stimuli, duration of stimulus,
directory where data are saved, number of channels, type of
sequence, among others. At the beginning of the recording,
BCI2000 captures data that are transmitted to the computer
through of Emotiv Epoc+ USB port.

Fifteen untrained healthy subjects for motor imagery test
were chosen, the motor imagery database was obtained with
two types of tasks, imagination motion of left and right hand,
each participant accomplished a total of 20 trials in a session.
By the above, database is presented as a three-dimensional
array of 12 x 256 x 300 corresponding to channels, samples
and trials respectively.

Test is explained in detail to each person and they are
asked to fill informed consent. During test, the subject
remains seated in a comfortable chair looking at computer
screen, before the device positioning at the subject head,
the electrodes must be moistened with saline solution and
the quality contact of electrodes is verified with Test Bench
application of Emotiv. To begin test, designed parameters are
loaded to BCI2000 and information about the participant is
entered, when test starts, a prompt with the phrase "waiting
to start” is displayed on screen, after a second of recording,
20 arrows are displayed rightward or leftward in random
order during two seconds each one, it indicates the direction
of imagery movement to subject, between arrows a white
background is displayed during two seconds and at the end
of the test, a sign with phrase “Time out” is displayed
to indicate that the test is over. An example of the whole
process is shown in Figure [3]

As an exploratory analysis and according to the state of
the art, wavelet decomposition is applied using the mother
Wavelet Daubechies 4 [11] with four levels of decomposition
and detail coefficients D3 and D4 related with p and
B rhythms were used to extracting energy and statistical
features for each electrode, mean, standard deviation and

kurtosis [17].

Other computed features were mean, maximum and min-
imum of PSD of each signal. Furthermore, each signal
was decomposed by means of EMD, then intrinsic mode
functions one and two (IMF; and I M F5) were summed
to compute the band power and it was used as a feature,
as proposed in [18]. Later, z-score normalization was per-
formed and LDA was implemented aiming reduce the feature
dimensionality from 180 to 10 dimensions. Finally, k-NN
technique was used for class discrimination with Euclidean
distance and the leave-one-out validation method.

IV. RESULTS AND DISCUSSION

From the low-dimensional space achieved after LDA
processing, class overlapping is low as shown in Figure []
where can be seen three dimensions in a scatter plot. It is
clear how left hand imagery movement, represented as blue
dots (e), and right hand movement imagery () are sort of
separable.
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Figure 4. Scatter plot for left and right hand imagery movement

Since this work presents an exploratory analysis, the
simple and effective k-NN classifier was used. Also, to
demonstrate the database is promising and the results could
be improved with different and more elaborated feature
estimators and classification techniques. Performing a
leave-one-out strategy over constructed dataset and varying
k values as odd numbers between 1 and 15, a maximum
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Figure 3. Motor Imagery Paradigm

accuracy 91.8% was achieved for k = 9. Besides, as shown
in Figure E] for selected values of k, a minimum of 86%
classification accuracy was achieved, which is a suitable
result given the low deepness of the proposed analysis.
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Figure 5. Achieved k-nearest neighbors accuracy results

V. CONCLUSIONS

An experimental protocol for BCI-based brain signal
acquisition was proposed, followed by a local database
construction for left and right hand movement imagery.
Both paradigm design and steps of the test were described.
Features based on discrete wavelet transform, empirical
mode decomposition and power spectral density were es-
timated. Then, a linear discriminant analysis was used as
dimensionality reduction technique to improve the separation
between the classes, leading to high classification accuracy
results by means of £-NN.

As future work, more subjects should enlarge dataset as
well as the use of feature generation techniques of different

nature or robust classifiers should be used to improve clas-
sification results. Also, a channel relevance analysis could
give insights of methodology improvement.
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