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Abstract—Disabled people are usually unable to interact
with their surroundings efficiently, and performing tasks like
switching an appliance on or off can be troublesome if the
user is bedridden, for example. This article discusses an
electrical appliance switching controller using a wireless EEG
headset that is aimed to aid elderly people and the disabled.
The system comprises of a MindLink EEG headset that is
Bluetooth-connected to an Arduino microcontroller board.
The system permits the user to separately switch on and off
the 4 electrical devices connected to the power socket. The
EEG signal is obtained to investigate the brain activity
throughout the experiments done. Based on the brain wave
signals read, attention and meditation are determined to be
the most suitable for this project and is used to trigger the
relay switching of the power socket. It is found that the
response time to trigger the switching is slow as some users
require practice or training to control their brain wave signals
effectively. The work performed provides a rudimentary
insight of a BCI system functionalities and presents a
brainwave-controlled hardware switching for the bedridden
or disabled patients.

Keywords—electroencephalography, EEG, smart home,
brain computer interface, BCI application.

I. INTRODUCTION

The World Health Organization (WHO) asserts that
roughly 15% of people in the world lives with certain type
of a disability [1]. Individuals with disabilities, for the most
part, are incapable to interact with their surroundings to
speak with others, move, or control appliances and tools.
This limits their freedom, forcing them to rely on others to
perform simple activities like turning on and off lights and
fans, which can lead to frustration, dissatisfaction, or even
depression. Their life can be greatly improved if they can
have the freedom to control the things they need with
minimal dependence to other people.
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These individuals may be unable to use their limbs, but
are capable of thinking, so it is promising to investigate and
understand their electroencephalogram (EEG) brain signals
for translating their needs. The goal of this project is to
make it easier for handicapped or bedridden individuals to
manage household appliances wirelessly and without
having to use their hands. Instead of hard-coding the smart
controller into every different appliance that the user has,
this project aims to create a universal appliance controller
by embedding the said controller into a power socket
instead. This power socket can then be connected to
whatever electrical appliance the user desires, enabling the
user to do more than just control lights and fans. The
proposed system consists of a MindLink EEG headset
neuro sensor which is Bluetooth-connected to an Arduino
microcontroller board. During the experiment, the EEG
signal is used to study the brain's activity, and the
triggering element is calculated and applied to meet the
project's best case scenario. The technology allows the user
to turn on and off each of the 4 electrical items attached to
the power outlet separately using only his or her brain
signal.

Il. LITERATURE REVIEW

There are many interaction methods and interfaces
between machines and humans. Keyboards, mice, and
joysticks are examples of common human-machine
interfaces for receiving input. A few biological signal
sensors such as electromyogram (EMG) and
electroencephalogram (EEG) have recently been utilized as
hands-free machine interfaces. The brain—computer
interface (BCI) especially has garnered a lot of interest
among researchers recently. The BCI is a technology that
collects and analyses neural (brain) signals in order to
establish a direct high-bandwidth communication link
between the brain and the computer [2].
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Education, production, marketing, security, and
entertainment are just a few of the fields where brain signal
reading and remote communication have made an influence
[3]-[5]. Figure 1 illustrates the comparison between
various non-invasive and invasive brain computer interface
(BCI) technology that is presently available [6], [7] where
in the latter, an IC is surgically placed inside the brain,
which is why non-invasive BCI, which just requires the use
of a headset or a cap with active electrode system, is
preferred [8].

Non invasive
EEG
MEG

Invasive
ECoG
SEEG
Intracortical
implant

Figure 1. Comparison between non-invasive and invasive BCI.

EEG became the popular and preferable non-invasive
BCI method because it is cheap, simple, quick response,
and its ability to be implemented with portable products
[9], [10]. EEG plays a significant part in healthcare
systems, and it is widely utilised in the diagnosis of
illnesses involving the brain.
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Figure 2. Beta, alpha, theta, and delta bands and gamma waves are
the dominant frequencies of brain wave samples.

The alpha, beta, gamma, theta, and delta waves depicted
in Figure 2 are the common EEG signals that can be
extracted using an EEG sensor. An EEG signal is a type of
brain activity that is measured using electrodes on the scalp
that read tiny electric impulses [11], [12]. After that, a low
pass filter and a high pass filter are used to amplify and
filter the signal [13]. The common mode interference signal
such as noise is removed by using a differential amplifier.
The electrical signal generated by brain activity has a peak
to peak voltage of 20-150 A and a frequency of 0.5-60 Hz..
The electrodes are positioned according to the 10-20
standard system, which is widely used across the world.
The signal is amplified and filtered before being
transformed to digital format by an ADC with high-
resolution and sent into the EEGLAB program for further
handling [14].

Several studies have been conducted to see if EEG
signals can be manipulated to regulate a variety of gadgets
and appliances [15], [16]. The authors in [17] introduced a
method to interpret human thoughts using EEG signals and
LabView. The EEG signals are processed by using a
wireless EEG amplifier and then the indicators are analysed
in LabView to uncover the characteristics to define the
human thinking. Machine learning is carried out, and the
method allows the machine to learn from the training data
and in turn predict future data.

The authors in [18], [19] examines eye blinks of a test
subject as well as detecting their brain signals to behave as
a conduit among a set of options indicated in the display
where the user can select and command electrical
appliances, wheelchair, and even a computer with no
reliance on others. In another effort, [20] proposed an EEG
analysis tools for emotion characterization using mobile
robot for autism patients. Basically, a laser sensor is
equipped on the robot to identify and track the children’s
location. A computer is used for processing brain signals
and to set up regulations for the interaction. The robotic
implementation allows two modes of interactions which are
follower mode and dog mode, depends on level of
interaction with the subject. Throughout the interaction
session between the robot and the subject, the signals from
subject’s brain are captured by the EEG sensor and will be
analysed by the computer.

Tanaka in [36] discussed his research towards an EEG-
based control system for an electric wheelchair. The
following statement specified the evaluation criterion:
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“The electric wheelchair is able to reach the target when
the number of wrong direction decisions is <1 and the
number of correct direction decisions is 3.” The average
success rate achieved was around 80% after 20 control
trials with 6 participants.

The author in [21] developed an electrical appliance
controller using the user’s number of eye blink and
attention level. The system has 2 controlling modes with 4
different attention readings. The system can turn on or off
lights, fans, televisions, and buzzers in the first mode. The
second mode enables the user to additionally regulate the
volume and also change the channel of the television.
Another similar research by [22] uses BCI to create a
wireless interaction between a brain and a computer in
order to control or run peripheral equipments. The
proposed system controls home appliances using the
attention brain signal level which is read by the non-
invasive NeuroSky EEG headset. The user must achieve a
mental focus state, which happens when the brain is having
strong intensity and focused yet steady mental activity, on a
scale of 1 to 100.

IIl. THE PROPOSED METHOD

To get a clear picture of how this concept is intended to
be applied, Figure 3 demonstrates a sample use case of the
proposed system by a bedridden patient. By wearing the
EEG headset, the patient can easily switch on/off any
electrical appliance that is connected to the power socket
prototype without even leaving the bed, just by focusing his
mind and doing a preset mental task. The power socket
consists of 4 individual sockets, and any one of them can
be controlled independently.

| want to sleep.
Turn off light.
Turn off TV.
Turn off radio.

Devices turn off after receiving
user's “thought” commands.

Figure 3. A sample use case of the system by a bedridden patient.
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Raw EEG signals, which are the constantly fluctuating
potential variance between the negative and the positive
electrodes, are captured by the EEG headset from the user's
brain, and the algorithm isolates individual brain waves
such as low alpha, high alpha, low beta, high beta, delta,
theta, low gamma, and mid gamma by applying a series of
digital filters to the reported signal [23], and this concept is
as illustrated as in Figure 4. Recent advances in signal
processing and machine learning technologies have enabled
computer systems to undertake further complex tasks, such
as EEG data analysis. Delta (less than 4 Hz), theta (4-8
Hz), alpha (8-13 Hz), beta (13-30 Hz), and gamma (more
than 30 Hz) are some of the most common EEG subbands
found in current research [24], [25].
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Figure 4. The software implementation concept.

Figure 5 below illustrates the block diagram of the
suggested method. MindLink Neuro Sensor, a wearable dry
EEG headset which can be observed in Figure 6, is linked
wirelessly to the microcontroller via Bluetooth, and acts as
a sensor to capture the input brain signals. An Arduino is
used as the microcontroller that will process incoming data
from the EEG headset and distinguish the brain wave
signals received. The Arduino will in turn control the relays
connected to the exterior power sockets and switch it on/off
according to the algorithm.

Power Socket Casing

g
3
S

J s

Bluetooth
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EEG Headset
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Figure 5. The hardware block diagram for the system.
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Figure 6. The MindLink EEG headset.

After the electronic hardware and software is integrated
and tested successfully, the next step is to work on the
industrial design to determine and define the power
socket’s form and features. The most important criterion
for this casing is for it to be compact, but big enough to
hide all the electronic circuitries underneath it. Figure 7
shows the technical drawing of the power socket casing.
The drawing is modelled in 3D as illustrated in Figure 8.
The 3D model is created using SolidWorks, and because
creating models is faster than manually drawing lines, the
technical drawing is thus produced automatically, and
SolidWorks efficiently generates drawings from models
with no errors. After further improvements are performed,
the power socket is then 3D printed to turn the 3D drawing
into an actual solid object which is then polished, and spray
painted as illustrated in Figure 9.
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Figure 8. 3D render of the prototype.
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Figure 9. The 3D-printed prototype with the electronic system parts
neatly hidden inside.

IV. RESULTS AND DISCUSSION

When the EEG headset is switched on, it will blink its
red LED to indicate that it is waiting to be paired with a
master device, which is the Arduino microcontroller
through the HC-05 Bluetooth module. The EEG headset
will illuminate its blue LED after the connection is
complete and the handshake process is completed. The
headset is now ready to read brain signal data and the user
can now wear the headset. To receive the correct sensor
data, the user must make sure that the metal nodes are
directly placed on the forehead while putting on the EEG
headset as illustrated in Figure 10. When the EEG headset
receives valid signals from the wearer’s brain, it will emit
two short beeps to indicate that it is correctly worn. The
Fourier Transform (FT), WT, Common Spatial Pattern
(CSP), and the logarithmic band power approach are all
promising strategies for extracting information from raw
EEG signals. The power spectrum density is mostly
examined using FT techniques. The Fourier transform
types include fast Fourier transform (FFT) and Discrete
Fourier Transform (DFT). In comparison to DFT, FFT is
commonly utilised in practical applications because of its
simplicity and quick processing time [24].

113

Website: www.ijetae.com (E-ISSN 2250-2459, Scopus Indexed, 1SO 9001:2008 Certified Journal, Volume 11, Issue 10, October 2021)

Figure 10. User is shown wearing the EEG headset properly, ensuring
the metal nodes directly touch the forehead.

Once valid data is received from the EEG headset, the
microcontroller will start separating each brain wave
signals into the respective types, from alpha wave until
theta wave, and the recorded graphs of brain waves while
doing predetermined activities are observed. Figure 11 until
Figure 15 depicts the graphs for alpha wave signals. Other
brain wave signals such as the delta, theta, low beta, high
beta, low gamma, and high gamma are also recorded
although not shown in this paper. The brain waves are
differentiated by their respective amplitude and nominal
frequency.

Alpha (Eyes Closed)
60000
40000
20000

0
AN N O AN MM OO A SNN OO WN AN
A EH NN N TN O ONNOO OO

e | oW Alpha === High Alpha

Figure 11. Alpha wave graph when eyes is closed.
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Figure 12. Alpha wave graph when eyes is open.

Alpha (Listening to Calm Music)
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Figure 13. Alpha wave graph when listening to calm music.
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Figure 14. Alpha wave graph when making body movements.
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Figure 15. Alpha wave graph when doing work.

Based on the observation of the brain waves and the
respective behaviours of the test subjects, the amplitudes
and frequencies of different brain wave patterns can be
discriminated, and the amount of activity or frequency of
brain waves can then be classified. It is necessary to realize
that brain waves are not the sole source of our own mental
states or experiences as they are just a few of the visible
manifestations of the brain's intricate operations that give
us our sense of being, thinking, and perceiving. There are
five commonly known brain waves, and the primary
frequencies of human EEG waves, as well as their
properties, which are presented in Table 1.

Table 1.
Brain waves and the associated mental state.

Brain Active Mental State

Wave and Condition

Alpha Relaxed but not drowsy, calm,
conscious.
Beta Relaxed yet focused, integrated,

alertness, agitation, anxious.
Gamma Cognition, information
processing, concentration.

Delta Unconscious, non-rapid eye
movement sleep, deep dreamless
sleep.

Theta Intuitive, creative, memory recall,

fantasy, imagining, dreaming.
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From the various brain wave signals detected previously,
two additional signals are derived, which is attention and
meditation, as illustrated in Figure 16.
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Figure 16. Attention and Meditation levels.

The intensity of a user's mental focus, such as that which
happens during acute concentration or directed yet steady
mental activity, is measured by attention. Distractions,
stray thoughts, a lack of focus, or worry may all affect
attention levels. If the attention level of a user is detected to
be more than 80% for 3 seconds, the relay would be
switched on and the respective electrical appliance will be
switched on too. This state will be latched and maintained

Figure 17. Light on socket 1 is turned on.

unless a cancelling trigger is detected. It is found that using the EEG headset to regulate a

Figure 17 shows the light is successfully turned on by user’s attention and meditation signal levels needed some
using the thought command from the EEG headset. To practice before it can be done effortlessly. While the
switch it off, the user needs to maintain an attention level current preset values might be easy to achieve by some
of 80% for 6 seconds. Note that the attention level of the people, it can be tougher to other people, hence, proper
user can be cancelled out by relaxing which in turn calibration is proposed to tune the default values before
increases the meditation level. A preset combination of use. A real-time brain wave graph visualizer as illustrated
attention and meditation levels is configured to respond to in Figure 18 can be used to aid the familiarization and
the respective 4 power sockets in this project. practice of controlling a user’s brain wave signal levels

[26].
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Figure 18. Processing Brain Graph visualizes real-time data sent by
the EEG headset.

V. CONCLUSION

The development of an electrical appliance switching
controller by using a wireless EEG headset is discussed in
this paper. This system was designed to assist the elderly
and disabled individuals to switch on and off electrical
appliance independently. The proposed prototype
comprises of a MindLink EEG sensor equipped with dry
contact electrodes that can directly read real-time brain
waves of a user. Based on the brain wave signals read,
attention and meditation are determined to be the most
suitable for this project and it is used to trigger the relay
switching of the power socket. It is found that the response
time to trigger the switching is slow as users require
practice or need to undergo a passive training stage to
control their brain wave signals efficiently. Because of
personal idiosyncrasies and the non-stationary signal
characteristics of the EEG, the system must additionally be
calibrated using session-specific and user-specific data.
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