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Abstract

In this paper, we implement and examine a Simulink model with electroencephalography (EEG) to control many
actuators based on brain waves. This will be in great demand since it will be useful for certain individuals who are unable
to access some control units that need direct contact with humans. In the beginning, ten volunteers of a wide range of (20-
66) participated in this study, and the statistical measurements were first calculated for all eight channels. Then the number
of channels was reduced by half according to the activation of brain regions within the utilized protocol and the processing
time also decreased. Consequently, four of the participants (three males and one female) were chosen to examine the
Simulink model during different actions. The model contained: input signals, data selection according to the activation
regions in the brain, features extraction, classification according to the frequency ranges of each action, and an interface

with an embedded system to control the actuators.

Keywords: EEG, BCI, FFT.

1. Introduction

The brain-computer interface-based systems are
being used in a variety of applications, such as
motor disabilities' needs, games, and other
scientific domains that are related to the brain.
Through the BCI, EEG signals have been used to
manage external equipment. These systems allow
disabled patients to operate a variety of equipment
using their brain waves. Also, the brain-computer
interface (BCI) is a tool capable of converting a
user's brainwave patterns into computer-readable
messages. Besides, brain activity may be studied
using electroencephalography (EEG) by placing
electrodes on the scalp to measure brain activity. It
is viable, flexible, portable, and can analyze brain
interactions in real-time [1] [2] [3] [4] [5]-

EEG measures the brain activity and divides it
into rhythms depending on the frequency: Delta-

6 (< 4 Hz), theta-6 (4-8) Hz, alpha-a (8-13) Hz,
beta-B(13-32) Hz, and gamma-y (> 32) Hz [5] [6].

Many previous studies focused on the
classification of brain waves and controlling some
devices using the Simulink model. [7] Used BCI
with Simulink to classify the signals [8]. Described
how to control three servo motors (Robotic arms)
based on brain waves [9]. Showed the control of an
actuator or computer cursor using the Simulink
framework [10]. Explained the analysis and
classification of EEG signals using the Simulink
model. This study involved a large number of
participants with a wide range of ages (20-65)
years old, giving more information about the data
and obtaining more accurate results. Moreover, the
statistical measurements were calculated and
enhanced. Besides, it was suggested to reduce the
number of channels needed according to the used
protocol and the activation of brain lobes’ regions.
Consequently, the model was examined by four


mailto:Awkar.zia1202a@kecbu.uobaghdad.edu.iq
mailto:yaarub.omar@kecbu.uobaghdad.edu.iq
https://doi.org/10.22153/kej.2022.09.004

Oger Zaya Amanuel Al-Khwarizmi Engineering Journal, Vol. 18, No. 4, P.P. 60- 72 (2022)

participants (28-38) years old, and all attempts cortex mark IV headset (16 channels), shown in
were successful. Figure (2), was used for brain wave collection. The
collected signals were sent by the cyton board to

. th ter via USB dongle.
2. Experimental Work ¢ compuiter via ongie

The EEG electrodes were positioned as a 10-20
system [6], as shown in Figure (1), and the ultra-
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Fig. 1. 10-20 system of electrodes placement.
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Fig. 2. Ultra-cortex mark 1V headset with the components.
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The headset includes dry EEG sensors and the
PIC-32MX250F128B  microcontroller in its
design, which provides relatively abundant
memory and great processing performance. In
addition, the Chip-KITTM bootloader and the most
modern  Open-BCl  firmware are already
implemented on the board. As well, the system

interacts wirelessly with a computer using an
RFDuino radio module and USB dongle via BLE,
as shown in figure (3). Finally, each channel is
recorded at a 125 or 250 Hz sampling rate [11] [12]
[13].

Transmitter
(Mark IV Headset With Cyton &
Ganglion Boards)

Receiver
(USB-Dongle via Mark IV
Headset)

Fig. 3. The communication between the cyton boards and computer

3. Methodology

In this work, 10 people participated in signals
collection, (9 males and 1 female) aged (20-65)
years old, as shown in Table (1). The participants
were recruited from inside and outside Al
Khwarizmi College of Engineering at Baghdad
University to be volunteers to collect their EEG
signals. Moreover, all received proper consent
under an approved protocol from Al-Khwarizmi
College of Engineering/Mechatronics department.

The following protocol, shown in Figure (4), was
contained in three sessions as following: (open
eyes and relaxed), (closed eyes and relaxed) and
then (open eyes with concentration and calculate a
simple arithmetic mental). Each session was
followed by a few seconds of rest. In addition, the
signals were collected without smoothing, a notch
filter (50 Hz), and a band pass filter (1-100 Hz).

Open eyes Closed eyes
(relax and focus) |™=— and relax
1 Min 1 Min

Rest for few Seconds

Open eyes with a
simple arithmetic
mental

1 Min

Rest for few Seconds

Fig. 4. The protocol of EEG signals collection.
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Table 1, measurements (mean and standard deviation) were
The volunteers’ information. calculated as shown in figure (5), and it was noticed
participant Gender  Age Status that an overlap occurred between the regions in the
1 Male 20 Healthy close and open classes, as shown in table (2). Then,
2 Female 28 Healthy depending on the used protocol (open and closed
3 Male 29 Healthy eyes), the Alpha and Beta rhythms are activated
‘51 Male 37 Healthy mainly, which are mostly recognized in frontal and
ale 35 Healthy occipital regions, because the alpha waves occur

6 Male 46 Healthy . . .
7 Male a1 Healthy while resting with the eyes closed, and th_e
8 Male 43 Healthy frequency of the rhythm is (8-13) Hz. It is
9 Male 60 Healthy measured in the rear of the skull (occipital), while
10 Male 65 Healthy beta waves are detected in the front central regions

First, eight EEG channels were utilized in the
signals’ collection for each person. The statistical

of the scalp [14].

Moreover, when the eyes are opened or mental
activity begins, the alpha waves diminish and are
replaced by beta waves.
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Fig. 5. The mean and standard deviation of 8 channels.

Table 2,
The mean values for all channels
Participant Mean
Closed eyes Open eyes
class class
1. -3.0048e+04 -2.5600e+04
2. -9.9268e+03 2.4977e+03
3. 5.5503e+03 -9.5832e+04
4, -7.4672e+04 8.6425e+04
5. -8.8025e+04 -7.6606e+03
6. -2.5069e+03 -3.0630e+04
7. -5.6147e+04 -6.4567e+04
8. -4.6553e+04 -1.0848e+05
9. -5.0164e+04 -7.1173e+04
10. 2.7355e+04 1.7761e+04
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Accordingly, only the four channels were
utilized in this study (Fpl and Fp2 for the frontal
lobe and O1 and O2 for the occipital lobe) [15]
[16]. The statistical measurements were
recalculated as shown in figure (6), which
indicated that the mean values for the open eyes
class (positive) were separated from those for the
closed eyes class (negative), as shown in Table (3).
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Statistical Measurements
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Fig. 6. The mean and standard deviation of frontal and occipital channels only.

Table 3,

The mean values for the frontal and occipital

regions’ channels

Participant Mean
Closed eyes class  Open eyes class

(01&02) (Fpl & Fp2)

channels channels
1. -4.6899e+04 1.2860e+04
2. -1.5007e+05 7.5808e+03
3. -3.8224e+04 7.7577e+03
4. -5.3868e+04 9.3905e+03
5. -5.3995e+04 8.6892e+03
6. -3.3575e+04 9.2576e+03
7. -1.9006e+04 5.8581e+03
8. -3.0794e+04 7.0939e+03
9. -3.5690e+04 8.7793e+03
10. -4.3787e+04 6.1779e+03

The four channels selected (Fpl, Fp2, Ol and
02) were plotted as shown in figure (7), using
EEGLAB (scale 1000). EEGLAB is mostly used
for visualizing or plotting the signals and removing
the artifacts [17].

Then a band pass filter (7—32) Hz was used for
the same channels depending on the frequency
ranges of Alpha (8-13) Hz and Beta (14-32) Hz
rhythms, as presented in Figure (8).
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Q
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Fig.7. The frontal and occipital channels without filtering.
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Fig. 8. The frontal and occipital channels with filtering.

4. Pre-processing

First, the collected signals are amplified many
times before being transmitted to the computer via
the cyton board, bio-sensing daisy board, and USB
dongle. Then the notch filter is applied, which is
used to remove a specific frequency [16], so the
filter was applied for 50 Hz because that hertz is
the type of activity in the AC current source of the
electrical equipment. As well, a band-pass filter (1-
100) Hz is applied to remove the other unwanted
frequencies. Moreover, the data is sampled at 250
Hz on each channel. Finally, some epochs
(transient time) are removed from each session to
avoid the overlap between the classes.

5. Simulation Model

Figure (9) illustrates the steps that were
followed, beginning with collecting brain waves
using the electrodes that were placed in the headset.
Then select the data according to the used protocol,
which causes the activation in the frontal and
occipital lobes. Therefore, the number of channels
is reduced from 8 to 4 (2 for the frontal lobe region
and 2 for the occipital lobe region). Consequently,
the data was mapped to features during the feature
extraction step. After that, the features are
classified into classes within the classification.
Finally, the classified classes control the actuators
(DC motors were used to indicate the room
devices) via an embedded system, which receives
the conditions and commands based on brain
waves.

OpenBCI GUI Filtered Selected
signals channels
Brain Filter the Data Feature
waves signals selection extraction
Features ﬂ
o S 11 .
e. ¥ .. = — L » = | Classification
w0 g
)
Control two motors Embedded system | | | Classes

Fig. 9. The block diagram.
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In this work, MATLAB Simulink was used to
build a model that was capable of reading raw data,
selecting specific channels, extracting features,
classifying them, and controlling the actuators
using an interface with a microcontroller. In other
words, for a new participant, first the collected
signals in different actions according to a specific

Input signals
Feature

extraction

Sub-bands

Fig.10. The Simulink model.

The blocks used in the simulation model were
as follows:

The (simin) block was used to enter the
collected signals into the Simulink model. The
DWT (Discrete-Wavelet-Transform) block was
used to separate a signal into smaller bandwidth
sub-bands and lower sampling rates [18]. It
includes a variety of filters (Haar, Daubechies,
Symlets, Coiflets, Biorthogonal, and other types),
as well as symmetric and asymmetric tree
structures. Moreover, the FFT block was used as a
feature extraction block with the periodogram-
method.

Consequently, a nonparametric approximation of
the spectrum is computed, and the output is equal
y = abs (fft(u,nfft)) (D
Where

protocol enter the model. Then divide the data into
some segments, which are translated into features
that are classified into two decisions.

The decisions are: if the data belong to the
closed-eyes class, then the first motor turns on.
Whereas if the data belong to the open eyes class,
the second motor turns on, as shown in figure (10).

Turn on the 15t
actuator

’—b Action Port
1

Classification

66

Turn on the 24
actuator

P Action Port

Condition

w: Isaninput M by N

In addition, in the classification step, a digital filter
design block was used to implement a digital FIR
or IIR filter or other digital filters. These filters can
classify the signals into many bands according to
the frequency range, and as the utilized protocol,
there were two classes that are different in the
frequency range. First, closed eyes class (alpha
rhythm) 7-14 Hz. Second, open eyes with a simple
mental (beta rhythm) 14-32 Hz. Finally, the digital
pin block and PWM block were used to interface
the Simulink with a micro-controller to control the
actuators, and if the new data is classified as first
class, the 1% motor turns on, while if the data is
classified as second class, the 2" motor turns on,
as shown in Figure (11).
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Fig.11. The flow chart of the work

6. Results and Discussion

The data was collected from ten participants of
different ages (20-66) years old, and the statistical
measurements (mean and standard deviation) were
calculated for eight and four channels,
respectively. Then four participants (three males,
one female) aged (28-38) years old were chosen to
examine the Simulink model. Their brain waves
were translated as features using Fast Fourier
Transform (FFT) and classified into sub-bands
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based on the frequency range using band-pass
filters according to the participant’s status.

Figure (12), depicts the frequency and power
spectrum density (PSD) for the frontal and
occipital regions (open eyes with arithmetic and
closed eyes with relaxation). In addition, the PSD
is one of the most significant digital-processing
tools. It assists in understanding how a signal's
intensity is dispersed in the frequency domain [19].
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Fig. 12. Frequency and PSD for Fp1, Fp2, O1, and O2 channels.

Figure (13), presents the two actuators which
were turning on/off based on the participant’s brain
waves. The two actuators were connected to a
Microcontroller (Arduino) through a driver, and
the microcontroller was interfaced with MATLAB
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to receive the commands based on the simulation
model. Moreover, the attempts to examine the
model and turn on/off the actuators based on brain
waves were successful.
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i

Arduino Uno

Cable

Brain waves

(Tx)

Fig. 13. The hardware circuit.

7. Conclusion

This study proposed a simulation model to
control a smart structure, such as simple actuators,

First, the statistical measurements for all
channels (eight channels) were calculated, and
there was an overlap between the results for the two
different classes (closed eyes and open eyes with
mental activity). Then, depending on the activation
of brain lobes’ regions according to the used
protocol, the statistical measurements are
recalculated and enhanced. Besides, the number of
used channels was reduced to four channels only
(two channels for the occipital lobe that is activated
when the participant is relaxed and the eyes are
closed) and (two channels for the frontal lobe that
is activated when the eyes are open or during
concentrating on a specific task or beginning a
simple mental activity. Accordingly, we built a
simulation model that contains the following: input
of the collected signals, dividing into sub-bands,
mapping the data into the frequency domain using
the FFT algorithm and extracting features,
classifying the data into different classes by using
digital filters according to the frequency ranges for
each action, and turning on/off the actuators using

e

Open BCI

2nd
DC Motor

Driver
L298N

DC Motor

depending on brain waves. Ten volunteers
participated in collecting the brain waves using
electroencephalography (EEG) and non-invasive
BCI.

an interface between the Simulink model and a
microcontroller as an embedded system.
Moreover, the model was examined by four
participants as follows: they input their collected
signals, divide the signals into sub-bands, map the
data into the frequency domain and extract
features, and classify them into class 1 (relax and
closed eyes) or class 2 (open eyes with mental
activity). Consequently, the actuators were turned
on and off, and all experiments succeeded. The
significance of this work on the clinical side will be
of importance to those who have disabilities, like
older people who cannot open doors and windows,
or even move from their spot, and are suffering
from the normal activities of normal life.

In addition, this work could be modified by
using artificial intelligence, such as machine
learning algorithms, and be used by different kinds
of people, with or without a disorder, like those
who are unable to access the control units.
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Table 4,
Related work
Study  EEGsignals Subjects Feature extraction classification Controlled
collection applications
[7] EEG - Wavelet Transform Sub-band depending -
Database in (Mean, Median, STD, on frequency range
internet Min and Max)
[8] OpenBClI 3 FFT SSVEP (three sets of  Servo motors
Ultra-Cortex LEDs to distinguish
between the degrees
of freedom)
[9] electrocap 5/ (26 £2.5) yearsold  FFT MARS, ANN Computer
kit cursor
[10] - 1 PSD and |FFT|? Digital filters -
This Ultra-Cortex 10/ (20-66) years old FFT Filters dependingon ~ DC motors
study Mark-1V and 4 (3 males and 1 the frequency of each

female) / (28-38) years
old for examining the
model.

action

This study involved a larger number of participants with a wide range of ages (20-65) years old, giving more
information about the data and obtaining more accurate results. Moreover, the statistical measurements were calculated
and enhanced. Besides, it was suggested to reduce the number of channels needed according to the used protocol and
the activation of brain lobes’ regions.
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