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Abstract— Brain Computer Interface (BCI) systems
translate raw acquired brain signals into commands to
control an external device. Advancement in bio- medical
signal  processing  techniques has  directed the
Electroencephalography (EEG) signals not only as a
diagnostic tool for brain disease, but also as a controller in
Brain Computer Interface field. In this paper, we present an
EEG data analysis to study how EEG activity changes with
right and left imagery hand movements as a step toward
controlling machines by thoughts. In this paper, features
from analysis of power spectrum, event related potential
and time frequency for EEG showed that right hand imagery
decreases the activity of hand area in the brain left side and
left hand imagery decreases the activity of hand area in the
brain right side. The results successfully show that motor
imagery EEG phenomena can be utilized in a BCI based
motor restoration.
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1. INTRODUCTION

EEG signals are measure for brain neural activity,
which change according to task performed by a person [1].
The EEG has several medical applications. For example,
EEG has been used as a brain diseases diagnostic method
[2] Also, neuroscience advances, brain imaging
technologies and computing have provided us with the
opportunity to directly interface the brain with a computer,
thereby creating a control and communication system that
bypasses peripheral muscles and nerves to enable
interaction through brain activity alone , this is known as
brain-computer interface[3][4][5] BCI depends on
voluntarily modifying user mental state to control a device
whereas a pattern analysis method concurrently tries to
determine the parallel change of EEG signals[6]. fig.
Ishows the common structure for BCI system. acquired
brain signals at electrodes located on the scalp or in the
head are processed to obtain determined signal features
.These features are converted to control signals to control
machines. EEG methods commonly executed for BCls
depend on activity of sensorimotor rhythms (SMR)
measured during movement imagery and permit
establishing sensorimotor rhythm-based BCI (SMR BCI)or
motor-imagery BCI (MI BCI) [7]. experimentally MI-BCI
can control devices like wheelchairs[8]. Wolpaw and
McFarland [9] showed that depending on imagination of
left and right hand movement a cursor two-dimensional
control was possible. The work was increased to a cursor
three-dimensional control depending on imagination of
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foot, left, and right hand movement[10]. The introduction
of four-class BCIs enabled users to fly a virtual
helicopter[11] and a robotic quad-copter in three
dimensions [12]. imagining moving and relax the two
hands made the helicopter fly forward and reverse and
imagining moving left and right hand made the helicopter
turn around left and right. The work in [11] was extended
in [13] to a six-class BCI. feet and tongue movement
imagery made the exceed dimensional control. Previous
mentioned studies depend on more than two electrodes .
As shown in [7], handedness has an influence on
sensorimotor rthythm (SMR) distribution and BCI function.
During imagery of left-hand movements, left-handers have
lower precision and poorer SMR suppression in the alpha
band (8—13 Hz). similar results have been observed in our
work where the difference is clearer in case of right than
left hand imagery. In [14] quantitative EEG changes were
extracted from various combinations of channels due to
movement imagination. To determine frequency bands
specific to the subject, a characteristic filter bank popular
spatial algorithm was introduced in [15] to show how EEG
activity changes with left and right hand imagery
movements depending on two channels and this require
further computation.

In this paper, we show a study of how EEG activity
changes with imagery of left and right hand movements
depending on only two electrodes as a step toward
developing BCI based assistive devices and toward
portable BCI. The analysis techniques implemented in our
work include power spectrum, event related potentials and
the EEG signal time frequency analysis. Those analysis
techniques successfully facilitate classification between
imagination of left and right hand movements in a multi-
dimension way depending on two electrodes. The result
showed that we can classify right and left hand imagery
movements in either frequency, time , or combined time-

frequency domain.
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Fig.1. Architecture of an EEG-based BCL
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Remainder of paper is arranged in the following
manner: Section II explains methods and materials used.
Section III introduces results and its discussion. The
conclusions and future work are presented in section IV.

I MATERIALS AND METHODS

In this study, we used dataset IIb of the BCI
competition IV[16]. It is made up of EEG data of 9 normal
persons. All users were sitting in an armchair placed 1
meter far at eye level, watching at screen monitor. Five
sessions for each subject are introduced, three sessions
with feedback and two sessions without feedback
(screening). At a sample rate of 250 Hz, bipolar recordings
on Cz, C4, and C3 were measured [17]. It was filtered
between (0.5-100) Hz, and a notch filter at 50 Hz was
enabled. Two classes were found in the paradigm, namely
imagination of left (class 1) and right (class2) hand
movement. EEG data from 120 repetitions of each MI
class per person is included in the session without
feedback. EEGLAB is a free MATLAB toolbox for
analyzing electrophysiological data [18]. Users may use
EEGLARB to call a variety of data formats, preprocess data
(filter, re-sample, epoch, average), visualize data (event-
based potentials, signal browser, power spectra), and
execute independent component analysis (ICA), implement
many time/frequency analysis techniques like event related
spectral perturbation (ERSP) and inter-trial coherence
(ITC). The extensible plug-in architecture enables
contribution of new capabilities like connectivity
estimation, source localization or creation online brain-
computer interfaces[19].This work uses EEGLAB to
analyzes the EEG rhythms reactivity caused by
imagination of hand movements . Also removing EEG
ocular artifacts was made by the AAR plug-in. ,it is a
group of scripts that execute many important methods to
automatically correct muscular and ocular artifacts in EEG
signal[20]. Results can be used as an input to EEG
classifier which can be used in a BCI for motor restoration.

A. Preprocessing steps

The first step of preprocessing is bringing the EEG data
files into the EEGLAB and determining the sampling
frequency of the data. The location of channels was
imported to obtain information about the recording
electrodes necessary for plotting EEG scalp maps or
calculating data part source locations[21]. EEG signal has
a quite poor resolution in space because of cconduction of
volume through brain layers . To improve the spatial
resolution, spatial filters are used. One of the important
common spatial filtering techniques is bipolar
recording[22][23] . It measures the difference in potential
between two “active” electrodes hence improving the
signal to noise ratio by lowering the common noise of the
two electrodes. Dataset IIb from BCI competition IV
contains three bipolar channels data. Eliminating noises in
EEG can be done in the pre-process stage in time domain,
thereby improving signal quality without losing relevant
information by enhancing the ratio of signal to noise and
improving performance of EEG analysis. During recording
the EEG, the signal is contaminated by various artifacts as
an MA (Muscle artifact), EBA (Eye blink artifact).In this
study, the AAR (automatic Artifact Removal) plug-in is
used to get rid of signal artifacts. It is a collection of scripts
that execute many important strategies for correcting
ocular and muscular artifacts automatically. The toolbox is
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carried out as a plug-in in EEGLAB. Many fully automatic
strategies for correcting ocular (EOG) artifacts, and one
automatic strategy for correcting muscle (EMG) artifacts
are included in the existing versions[20] . In this dataset,
the EEG signal is affected by ocular (EOG) artifacts. The
AAR plug-in has been used to remove EOG artifacts[20] .
EOG artifact was removed using Conventional Recursive
Least Squares (CRLS) method (filter order(M): 3,
forgetting factor (lambda): 0.9999, initial state of the filter
(sigma): 0.01)[24] . Finally, between (8:30) Hz ,the EEG
signal is bandpass filtered. The data epochs according to
necessary events were derived from the filtered data,
followed by the elimination of irrelevant epoch baseline
offsets, in order to research the event based EEG dynamics
of continuously registered data. Cue onset left (class 1) and
Cue onset right (class 2) epochs were derived from two
cases.

B. Analysis of EEG Signals

Movement or the planning for movement is usually
followed by a decrease in specific sub bands such as mu
(W) and beta (B ) frequency bands and activity-over,
specifically contralateral to the movement causing Event-
Related Desynchronization (ERD) [25][26][27]. Rhythm
rise, also known as "Event-Related Synchronization"
(ERS), happens after activity and throughout resting. The
W rhythms are made up of a variety of (8-13)Hz rhythms
that vary in frequency, position, and relationship to motor
output or sensory input. Hand area | rhythm is the
prominent  rhythm found on the scalp nearby electrodes
c3 and c4 [22][23][25][27]. MI EEG-based BCI is
considered active BCI as it does not require additional
stimulation devices and thus the user can interact with the
environment more freely. ERD and ERS can occur
independently of activity in the brain's usual peripheral
nerve and muscle output channels, and can thus be used as
the foundation for an individual BCI. The ERS/ERD can
be measured in both time and space and shown as time
courses or charts[28] [26].

C. Power Spectrum Analysis

The time domain signals obtained from EEG amplifier
reflect only one side of EEG. For precise analysis, we
looked at the signal in the frequency domain. Spectral plot
shows scalp maps of power at specified frequencies and
plot spectra of specified data channels or components. As a
result, it's simple to figure out which parts of the brain are
active during the event[29].

D. Event Related Potential (ERP) plots

Scalp-recorded ERPs are voltage changes in the
ongoing EEG. The study of 1-dimensional ERP averages
has dominated the field of electrophysiological data
analysis, because it leads to a reduction in event-unrelated
EEG activity so increases the signal / noise ratio-relative to
artifacts [27] [21] .

In this paper, channel ERP image plots have been used.
The ERP plot displays a series of data epochs trial by trial.
Each horizontal line in a colored rectangular ERP picture
reflects a possible series of time throughout an
experimental trial. Rather than single trials activity plotting
as left-to-right traces with potential encoded by a data
trace's ordinate, trials are depicted as horizontal lines with
varying color values that reflect the trial's potential at every
time point [29].
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E. Time frequency Analysis

The EEG signal is dynamic by nature since it changes
constantly in time domain and its energy distribution are
scattered, thus the best characterized information that
represent the signal of EEG can be obtained from the joint
time—frequency domain. The EEGLAB toolbox has been
used to provide two time/frequency analysis measures:

a) Channel time-frequency: which returns time locked
estimates and plots of event related spectral perturbation
(ERSP) and inter trail coherence (ITC) changes for a
series of input events in a single data channel.

b) Channel crossing-coherence: return estimates and
plots of event related spectral coherence [22] [18].

Il RESULTS AND DISCUSSION

A. Removing EOG Artifact and data filtering.
fig. 2 shows the EEG signal contaminated with
EOG artifact while the result of algorithm of automatic
EOG correction is shown in fig. 3. The blinks were almost
completely gone, while the EEG remained unaffected. fig.
4 shows the filtered EEG signal from (8:30) Hz.
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Fig. 2. original EEG signal with EOG artifact.
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Fig. 3. EEG with EOG removed.
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Fig. 4. Filtered EEG.

B.  Power Spectrum Analysis.
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fig. 5 and fig. 6 show the logarithmic power
spectral density of left and right motor imagery,
respectively. It is evident from the figures, in the right
hemisphere, there is a substantial drop in mean power
during left motor imagery (the sensorimotor region on the
right brain side monitors left-hand movement). Also, in the
left hemisphere, there is a substantial drop in mean power
during right motor imagery (the sensorimotor region at the
brain left side that monitors right- hand movement).
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Fig. 5. Scalp distribution of power during left hand imagery.
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C. Channel ERP Image plots.

The left hand imagery's channel ERP picture
shows a lowering in the event based potentials of the
sensorimotor region right side and a raise in event based
potentials on the left side as shown in fig. 7. As shown in
fig. 8, the right hand imagery's channel ERP picture shows
a lowering in the event based potentials on the
sensorimotor area left side and a raise in event related
potentials on the right side, this mean that the sensorimotor
rhythms are desynchronized during imagination of hand
movements.
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Fig. 7. channel ERPs at C3 and C4 electrode positions during imagery
of left hand.
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Fig. 8. channel ERPs at C3 and C4 electrode positions during right hand
imagery.
D. Comparison of channel ERPs
The contrast of the channel ¢3, ¢4 ERPs enhances
the conclusion drawn from the ERP picture as shown in
fig. 9.
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Fig. 9. ERP Comparison of left and right imagery at C3 and C4
electrodes positions.

E.  Time frequency Plots
ERSP plot of C3 electrode of imagery of right
hand demonstrates a lowering in the spectral power in the
u and B rhythm around 8-30 Hz, For hand motor imagery,
this indicates W rhythms desynchronization in the
corresponding hand regions as shown in fig. 10. Moreover,
the C4 eclectrode ERSP plot of imagery of left hand
illustrate a lowering in the spectral power around §-30 Hz,
which shows @ and P rhythms desynchronization in the
corresponding hand regions of imagination of hand

movement as shown in fig. 11.

Fig. 10. ERSP plotat C3 and C4 electrode positions during
imagery of right hand.
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Fig. 11. ERSP plot at C3 and C4 electrode positions during
imagery of left hand.

IV ConcLusioN AND FUTURE WORK

Results of this paper prove that imagination of right and
left hand movement may alter activity of neural in primary
sensorimotor regions, resulting in the changes of the u
and [ rhythms. Moreover, the results show that the
distinction between electrode c4and c3 is more clear in
case of right hand imagery. The results of this work can be
used as a base in the classification stage for BCI and
device control. Work in the future will use the results of
this study to directly extract quantitative features to
characterize between right and left -hand imagery and
monitor embedded rehabilitation robot to assist patients
with extreme paralysis in controlling their environmental
and communicating with the outside world.
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