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Abstract—Over the past decades, brain-computer interfaces
(BCIs) have been developed to provide individuals with an
alternative communication channel toward external environment.
Although the primary target users of BCI technologies include the
disabled or the elderly, most newly developed BCI applications
have been tested with young, healthy people. In the present study,
we developed an online home appliance control system using a
steady-state visual evoked potential (SSVEP)-based BCI with
visual stimulation presented in an augmented reality (AR)
environment and electrooculogram (EOG)-based eye tracker. The
performance and usability of the system were evaluated for
individuals aged over 65. The participants turned on the AR-based
home automation system using an eye-blink-based switch, and
selected devices to control with three different methods depending
on the user’s preference. In the online experiment, all 13
participants successfully completed the designated tasks to control
five home appliances using the proposed system, and the system
usability scale exceeded 70. Furthermore, the BCI performance of
the proposed online home appliance control system surpassed the
best results of previously reported BCI systems for the elderly.

Index Terms—augmented reality, brain-computer interface,
electroencephalography, electrooculography, steady-state visual
evoked potential

I. INTRODUCTION

Brain—computer interface (BCI) technology facilitates
communication between users and external environments
without involving any physical body movements [1, 2]. Various
non-invasive techniques have been employed to measure brain
activity,  including  magnetoencephalography  (MEG),
functional  near-infrared  spectroscopy  (fNIRS), and
electroencephalography (EEG). Among these, EEG has been
most widely used owing to its affordability, portability, and
ease of use. Over the past decades, various EEG-based BCls
have been developed and used in a range of applications, such
as games [3], communication applications [4, 5], wheelchair
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control [6], and smart home automation [7, 8].

Although the target users of BCI systems primarily comprise
the elderly and people with physical disabilities, most BCI
systems developed to date have been tested with the healthy,
young population [9]. There are several reasons why BCI
systems have not been applied to target users. First, most BCI
studies are conducted in universities where participants in their
twenties are readily available. Second, it is difficult to recruit
elderly subjects or patients compared to healthy young subjects
[10, 11].

The participation of young, healthy subjects may lead to the
overestimation of the performance of a developed BCI system.
Consequently, the “true performance” of the system may
remain unknown. In previous studies, it has been frequently
reported that compared to the older population, the participation
of the younger population exhibited significantly higher BCI
performance, particularly in terms of classification accuracy.
For instance, Chen et al. [12] reported their vibro-tactile BCI
system showed lower classification accuracy for an older
population, compared to a younger population. Moreover,
Gembler et al. [9] also reported that a group of elderly
participants exhibited lower classification accuracy than a
group of young participants in a BCI speller application based
on steady-state visual evoked potential (SSVEP)-based BCI.
Furthermore, in a study that investigated the variations of
performance in sensorimotor-rhythm (SMR)-based BCls, the
authors stated that a negative correlation between age and BCI
performance was conceivable [13]. Similarly, a succession of
studies has reported evoked potentials with higher amplitude
and shorter latency in younger participants than in older
participants [14-16], which most likely resulted in higher
performance of BCI systems based on evoked potentials.

In the present study, we developed a home automation (HA)
system by combining SSVEP-based BCI, augmented reality
(AR), electrooculogram (EOG)-based eye tracker, and internet-
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of-things (IoT) technologies. Subsequently, we evaluated the
performance and usability of the system for people aged over
65 years. Accordingly, the participants were asked to control
home appliances through the SSVEP-based BCI, an eyeblink-
based asynchronous switch, and an EOG-based eye-tracker,
without any external assistance. During the experiment, all the
user interfaces were presented in an AR environment via a
commercially available head-mounted display (HMD).
Depending on whether a device was compatible with [oT, the
home appliances were controlled either wirelessly in an IoT-
based network or using infrared (IR) signals. The performance
of the proposed system was evaluated in online experiments
involving participants aged over 65 years, where five types of
home appliances were controlled in real-time. Furthermore, the
usability of the proposed system was also assessed with a
questionnaire called system usability scale (SUS) that has been
widely employed to quantitatively evaluate the practical
usability of a system [17].

This study is sectioned as follows: The methods used in the
offline experiments to determine the optimal visual stimulation
time and electrode configurations are described in Section 2A.
Detailed descriptions of the proposed home appliance control
system and the online experimental paradigms are presented in
section 2B. The experimental results from the offline and online
experiments are presented in Section 3A and 3B, respectively.
Lastly, some issues associated with the proposed system are
discussed in Section 4.

II. METHODS

A. Experiment I — Offline Experiment to Determine Optimal
Duration of Visual Stimulation and Individualized Electrode
Configuration

1) Subjects: In total, 21 healthy individuals aged over 65
years (10 females and 11 males, average age 67.5 + 3.0 years,
ranging between 65 and 75) participated in the offline
experiment that aimed to determine optimal window size and
individualized electrode configuration. All participants had a
normal or corrected-to-normal vision and none of them had a
history of neurological, psychiatric, or ocular diseases. The data
of two participants were excluded from further analyses
because there were no observable spectral peaks at any SSVEP
stimulation frequencies in the amplitude spectrum of the
recorded EEG data. Therefore, the EEG data of 19 participants
were analyzed. Generally, “BCI illiteracy” is a well-known
issue in all types of EEG-based BCls [18].

All participants were informed about the details of the
experiments, and gave written consent before the experiment
began. The study and the experimental paradigm were approved
by the institutional review board of Hanyang University, South
Korea (IRB No. HYI-14-167-13).

2) Experimental Paradigm: The offline experiment comprised
three sessions, each consisting of 25 trials. In each trial, five
visual stimuli flickering at 6.6, 7.5, 8.57, 10, and 12 Hz were
presented to a see-through display of an AR headset, MS
Hololens™ (Microsoft Corp., Redmond, WA, USA). The
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visual stimuli flickered for 7 s with 7 s inter-stimulus interval
(ISI). Meanwhile, the participant was instructed to keep
focusing on one of the visual stimuli without blinking and
making body movements. In the experiment, we employed a
star-shaped stimulus called grow/shrink stimulus (GSS) which
flickers and varies its size simultaneously to evoke SSVEP
responses, due to its superiority in comparison with the
conventional visual stimuli in AR environment in terms of
classification accuracy [7]. The visual stimuli for the offline
experiment are shown in Fig. 1(a), with the corresponding
visual angle set to 6.4°. Note that the visual stimuli were
designed to be fixed in designated positions in AR environment
to make the users feel more comfortable with the stimuli.

3) Data Recording and Analysis: The EEG data were
recorded from 12 electrode locations (Cz, Pz, P3, P4, P7, PS,
POz, PO3, PO4, Oz, Ol, and O2) at a sampling rate of 2,048
Hz from 12 electrode locations using a Biosemi ActiveTwo
system (Biosemi, Amsterdam, The Netherlands). Subsequently,
the data were down-sampled at a sampling rate of 512 Hz to
reduce the computational cost before being bandpass filtered
with cutoff frequencies of 2 and 54 Hz to remove low-frequency
baseline drift and power line noise (60 Hz) using a Butterworth
filter in MATLAB (MathWorks Inc., Natick, MA, USA).

We employed an algorithm called extension of multivariate
synchronization index (EMSI) [19] to classify the SSVEP
responses. The algorithm recognizes the target frequency by
evaluating the synchronization index between given EEG data
and reference signal with each stimulation frequency, and then
finding the stimulation frequency that maximizes the index.
More details on the EMSI algorithm can be found in [19].

To evaluate the feasibility of the proposed system with the
universal electrode set, we first computed the classification
accuracy with the widely adopted electrodes in SSVEP-based
BCIs, Ol, Oz, and O2. Subsequently, we calculated the
classification accuracies for all possible combinations of three
electrodes out of the eleven electrodes attached above the
parietal and occipital cortices (Pz, P3, P4, P7, P§, POz, PO3,
PO4, Oz, O1, and 02), then selected a set of three electrodes
that exhibited the highest performance for each participant.

Moreover, we computed information transfer rate (ITR) [20]
with varying window sizes to determine the optimal window

size, which was based on the following equation:

ITR =2 [log, N + Plog, P + (1 — P) log, Ellv‘_’g] . (1)
where T denotes the window size in seconds, N represents the
number of possible targets, and P indicates the classification
accuracy. Since the testing dataset did not follow a normal
distribution (Kolmogorov-Smirnov test), the Bonferroni-
corrected Wilcoxon signed rank test was applied to test the
statistical significance of the difference between performances
for universal and individualized electrode configurations.

B.  Experiment Il — Online Home Appliance Control
Experiment

1) Subjects: We attempted to enroll all participants from the
offline experiment for the online experiment as well. Six of
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nineteen participants refused to participate in the online
experiment, primarily due to the prevalence of the COVID-19
pandemic during the online experiment. Consequently, thirteen
participants participated in the online experiment.

2) Data Recording: The EEG data were recorded from the
three electrode locations that were individually determined in
the offline experiment. The recording device and sampling rate
was the same with offline experiment. Additionally, the EOG
signals for eye-tracking were measured from four electrodes
attached around the eyes as shown in Fig. 1(b).

3) Hierarchical Constitution of the Proposed System: As
illustrated in Fig. 2, the proposed system was designed to have
multiple stages comprising the following four stages:

(1)

(i)

(a)

Idle state. To allow the participants to switch on/off
the proposed HA system on their own, an
asynchronous switch based on eye blink was
employed using multiple-window summation of first
derivatives in a sliding window (MSDW) [21]. The

MSDW  algorithm computes a vertical EOG
component to detect an eyeblink by
EOGy = Vy = Vp , ()

where Vv and Vp correspond to the potential values
recorded above and below the right eye,
respectively, as shown in Fig. 1(b). Accordingly, the
system was turned on or off each time four
successive eyeblinks were detected within 3 s.
Unless the user turns on the switch by successively
blinking the eyes, the system remained in an idle
state. The user could also turn off the system by
using the eyeblink switch and return to the idle state
at any time during the system operation.
Determination of device selection methods. The
proposed HA system provided three options that the
user can take to select a device to control (image
recognition, SSVEP, and eye writing). Accordingly,
the user could select the device using a method they
prefer. Once a user turned on the system via the
eyeblink switch, the user could select the target
device to control using one of the three methods. The
control method was determined based on the number
of executions of the eyeblink switch. Image
Reconstruction method was automatically selected
when the user did not blink their eyes within 3 s after
turning on the system. The SSVEP method was

(b)

Hg He

Fig. 2. (a) Visual stimuli presented in Experiment I. The stimulus to gaze
in next trial was guided by an arrow. (b) Configuration of four electrodes
to compute vertical and horizontal EOG components.
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(i)

Idle State

Device Selection

Determination

selected if the user started to execute the eyeblink
switch again within 3 s after turning on the system.
The Eye Writing method was selected if the user
executed the eyeblink switch twice. Fig. 2 illustrates
the flowchart of this process.

Device selection methods. The methods employed to
select the target device to control are as follows:

(a) Image Recognition method. Maintaining a gaze
at an image card attached to each device for 2 s
allowed the participants to select the device. The
image recognition on Hololens was realized
with a toolbox called Vuforia in Unity 3D (Unity
Technologies ApS, San Francisco, CA, USA),
with the image received through a built-in
camera of Hololens. Fig. 3(a) illustrates the
image cards attached to each device. In our
experiment, a total of five home appliances (TV,
air purifier, humidifier, heater, and audio) were
prepared.

SSVEP method. The user could select the device
to control by staring at one of the five visual
stimuli flickering at different frequencies, each
having an icon representing the device to be
controlled, as depicted in Fig. 3(b). Accordingly,
the device could be selected based on the
SSVEP detection algorithm (EMSI) as
described previously. Based on the optimal
window size determined in the offline
experiment, the duration of stimulus
presentation was set to 3 s.

Eye Writing method. The user could select the
device by writing a pattern of a number
designated for each device, using their ocular
movement. Consequently, the eye-writing
patterns could be identified based on the EOG-
based eye-tracking introduced in [22], which
provides a detailed description on the method.
Accordingly, five number patterns were

(b)

(©

Idle State

Method

[

Device Image .
Selection ] [ Recognition ] [ ESVED ] [ Eye Writing ]
L J

Command
Selection

4———  Yes
No

Fig. 1. Flow-chart of the proposed online home appliance control system.
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Fig. 3. Three different device selection methods implemented in the online
home appliance control system. (a) Image cards corresponding to each
device. (b) Five SSVEP stimuli corresponding to each device. Each stimulus
flickered at different frequencies and had an icon of the corresponding device.
(c) Six eye movement patterns corresponding to each device, and a ‘help’
command to remind the eye movement patterns. (d) Nine dots presented in
the eye writing stage to assist the eye movement.

employed in the present experiment. Moreover,
the user could also write an eye-writing pattern
corresponding to ‘0’ to show a ‘help’ window
which will remind all the number patterns (see
Fig. 3(c)). The ‘help’ display was visualized for
5 s before it disappeared. During the eye-writing
recognition session, nine guide dots were
visualized on the AR display lasting for 5 s (see
Fig. 3(d)). The movement of the eyes was
reconstructed from the horizontal and vertical
EOG components and the pattern that best
matches the predefined symbolic patterns was
selected [22].

(iv) Command selection. Once the user selected a device
to control using one of the three device selection
methods, the user could then execute the control
commands of the device by staring at the visual
stimuli, as described in the ‘(iii) Device selection
methods — (b) SSVEP method’ section. In total, five
visual stimuli were presented, which comprised four
control commands and one ‘back’ command to
directly return to the device selection stage (see Fig.
4), except for the TV control. However, the ‘back’
command was not provided with in the command
selection stage in TV control which required five
control commands; the user needed to turn off and
turn on the system by serially executing the eyeblink
switch to select other devices during TV control. In
each trial, the visual stimuli were presented for 3 s
with an IST of 7 s. The command selection trials were
repeated until the user turned off the system by
executing the eyeblink switch, thereby allowing the
user to control the selected device as intended. Once
the command selection session was completed, the
participants could turn off the entire system by
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TABLE I
PRESENTED COMMANDS OF EACH HOME APPLIANCE IN ‘COMMAND
SELECTION’ STAGE

Home Commands
Appliance
TV On/Off  Volume Volume Channel Channel
(Toggle™*) Up Down Up Down
. . On/Off Wind-auto Wind-turbo Sleep
Air Purifier (Toggle*)  Mode Mode Mode Back
.o On/Off Wind-auto Wind-turbo Sleep
Humidifier (Toggle*)  Mode Mode Mode Back
. On/Off Volume  Volume
Audio (Toggle*) Play/Pause Up Down Back
Wind
Heater ( IE)n/C;fi ) Temlz}erature Tenll)perature Mode Back
ogele P own Change

* The on/off command functioned as a toggle switch, according to the
device status.

executing the eyeblink switch and returning to the
idle state. Fig. 2 presents the overall structure of the
system operation. In our experiments, the control
commands were transmitted to the devices using one
of the following two methods: i) Internet of things
(IoT) and ii) Infrared (IR) remote controller. Because
the humidifier and air purifier were devices
embedded with IoT function, they were controlled
wirelessly via a custom software developed using
Samsung IoT  device control application
programming interface (API) (Samsung Electronics,
Co. Ltd., Seoul, South Korea). Devices that were
incompatible with IoT were controlled using an IR
transmitter embedded in an Arduino microcontroller.
The control commands for each device control are
presented in Table 1.

4) Online Experimental Paradigm: The online experiment

comprised three sessions, each with two blocks. For each

session, the participants were instructed to use one of the three

Audio Heater

Humidifier

Fig. 4. The visual stimuli presented in the command selection stage. The
visual stimuli corresponding to the selected device was presented in the
AR display. Each stimulus was represented by intuitive icons representing
different control commands.
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device selection methods to select the device to control, and to
select and control a device for each block. Consequently, each
participant used all three device selection methods throughout
the experiment and controlled all five devices by performing
total six blocks. In each block, participants were instructed to 1)
switch on the HA system, ii) select the given device selection
method, iii) select the designated device to control, iv) execute
control commands according to the pre-instructed order, and v)
turn off the system. If the device exhibited malfunctions due to
an unintended command mistakenly selected by a participant or
a mis-classification of SSVEP responses, then the participant
had to correct the false operation and complete the remaining
tasks. For example, assume that the given task was to select
heater and execute “temperature up” command. If the heater
was turned off by participant mistakenly or due to a
misclassification, then the participant had to turn the heater
back on by staring at the stimulus with “on/off” icon and then

stare at the “temperature up” stimulus again to complete the task.

In another example, if the given task was to select the air
purifier but TV was selected, then the participant could go back
to the previous stage (device selection stage) by staring at the
stimulus with “back” icon and select the air purifier again.
Alternatively, the participant could simply turn off the system
and turn it on again using eyeblink switch, and then select the
air purifier in the device selection stage. The participants
managed to tackle the problematic situation according to their
own preferences. The minimal number of trials required to
complete each block in the command selection stage was six for
TV, and five for the other four devices. Each participant was
given approximately 10 min to familiarize themselves with the
device determination methods and the proposed HA system
before the experiment, and then instructed on the designated
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Fig. 5. Comparison of the mean classification accuracy and ITR
calculated with universal and individualized electrode configurations,
with respect to different window sizes. (*p<0.05, ***p<0.005,
**#%p<0.001, Bonferroni-corrected Wilcoxon signed rank test)
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device selection method, device, and commands prior to each
session.

After finishing each session, the participants watched a
YouTube video for approximately 4 min to investigate the time
needed to operate the eyeblink switch and the possible false
positive rate (FPR) of the eyeblink switch. To measure the time
needed to operate the eyeblink switch, the participants were
asked to operate the switch whenever the video paused by the
experimenter at three random time points. Once four eyeblinks
were successfully detected for switch operation, the
experimenter played the video again. The operation of the
switch while watching the video was counted as a false
operation of the switch.

Once the entire experiment concluded, the participants were
asked to fill a questionnaire called system usability scale (SUS)
to evaluate usability of the proposed system. In the experiment,
the Korean version of the questionnaire [23] were provided,
since all participants were native Koreans. A demonstration
video clip of the proposed HA system can be found in the
following link: https://youtu.be/qJkPxU-0m38.

III. RESULTS

A. Experiment I — Offline Experiment to Determine Optimal
Duration of Visual Stimulation and Individualized Electrode
Configuration

To determine the optimal duration of visual stimulation, the
classification accuracy and ITR were evaluated using different
window sizes with the universal and individually selected
electrodes (see Fig. 5). First, we tested the statistical
significance of the performance difference between the
universal and individualized electrode configurations, using a
Bonferroni-corrected Wilcoxon signed rank test. The
individually selected electrodes showed significantly improved
performance compared to the universal electrodes set for many
window sizes, in terms of both the classification accuracy and
ITR. The list of the individually selected electrodes sets for each
participant and the grand averaged SSVEP response are
presented in the Table V and Fig. 8 of Appendix section,
respectively.

In this study, we selected 3 s as the optimal duration
of stimulus presentation, which was primarily based on the
following two observations. First, a higher ITR can be achieved
with a shorter window size since ITR is in inverse proportion to
window size. Second, although the ITR was higher with a
shorter window size, the classification accuracy with the
shortest window size, i.e., 1.5 s, was only 80.2%. In contrast,
the classification accuracy for a window size of 3 s was 91.6%,
which was considered to be sufficiently high with a
classification accuracy comparable to that with the window size
of 4 s (93.6%). It should be noted that the classification
accuracy was almost saturated for window sizes larger than 3 s.

B. Experiment I — Online Home Appliance Control
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TABLE I TABLE I
SSVEP CLASSIFICATION PERFORMANCE IN EXPERIMENT II PERFORMANCE OF EYEBLINK-BASED SWITCH IN EXPERIMENT II
Subject Tgtal Cor‘rect Incqrrect Accuracy ‘ITR_ Subject Time elapsed to ) FPR - - FPR
Trials Trials Trials (%) (bits/min) switch on/off (s) (times/min) (times/hour)
P1 60 42 18 70.0 16.8 P1 2.3 0.19 11.50
P2 55 39 16 70.9 17.4 P2 3.9 0 0
P3 38 36 2 94.7 38.4 P3 8.7 0.14 8.65
P4 36 35 1 97.2 41.7 P4 6.5 0.28 16.76
P5 34 34 0 100 46.4 P5 43 0.08 4.78
P6 34 34 0 100 46.4 P6 5.6 0 0
P7 50 38 12 76.0 20.9 P7 5.5 0.03 2.07
P8 34 34 0 100 46.4 P8 2.4 0 0
P9 43 37 6 86.0 29.2 P9 2.5 0.11 6.71
P10 34 34 0 100 46.4 P10 43 0.04 2.40
P11 45 34 11 75.6 20.6 P11 2.4 0.11 6.86
P12 40 36 4 90.0 33.1 P12 2.2 0 0
P13 36 34 2 94.4 38.0 P13 2.3 0.08 5.05
Mean 88.8+3.3 34.0+3.3 Mean 4.1+1.0 0.08+0.02 4.98+1.42

The classification accuracy and ITR achieved in the online
home appliance control experiments are listed in Table II. All
participants successfully completed the experiment. In the table,
the parameter ‘Total Trials’ represents the number of trials each
participant performed to complete the experiment. Meanwhile,
‘Correct Trials’ represents the number of the trials in which the
pre-instructed devices or commands were selected correctly by
the participant, while ‘Incorrect Trials’ corresponds to the
number of misclassified trials. The number of trials differed
across participants because each participant had different
numbers of errors and adopted their own strategy to correct the
wrong operation. The classification accuracy was evaluated by
dividing the number of correct trials by the number of total trials
(correct trials) / (total trials). The classification accuracy and
ITR were 88.8% and 34.0 bits/min on average, respectively.

Table I1I lists the overall performance of the eyeblink switch.
Evidently, the time of 4.1 s was required to operate the eyeblink
switch on average, although the switch was designed to operate
by the detection of four eyeblinks within 3 s. It should be noted
that this result does not imply that the participants failed to
operate the switch, instead, it infers that the participants
occasionally had difficulty blinking rapidly for the first 3 s, and
thus they had to keep blinking a few more times. Consequently,
the first time point where the four eyeblinks were detected
within recent 3 s was 4.1 s on average. The FPR of the eyeblink
switch was 0.08 times per minute, or 4.98 times per hour on
average. During the online experiment, if the status of the
system was changed by a false operation of the eyeblink switch,
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the participants had to return to the designated stage by
executing the eyeblink switch again by repeatedly blinking their
eyes.

Figure 6 illustrates the accuracy of device selection
through the EOG-based eye writing recognition for each
participant. Reportedly, the classification accuracy was 89.3%
on average, with most participants managing to select a device
with 100% accuracy, three participants exhibited 75% accuracy
and only one participant exhibited 36.4% accuracy. Importantly,
the accuracy of device selection through image recognition was
100% for all participants.

The usability of the proposed system investigated using SUS
is presented in Table IV. The SUS score ranges between 0 and
100, with 0 representing the poorest usability and 100 reflecting
the best usability. The investigated SUS score for the proposed
HA system was 71.2, ranging between 45 and 92.5. Even
though an absolute criterion does not exist for evaluating the
SUS scores, the SUS score of 70 on average was proposed as
an acceptable minimum according to the original literature
related to SUS [24].

IV. DiscusSION

With the recent advances in medicine, healthcare, and
therapeutics, the general life expectancy of the population is
gradually increasing. Consequently, the social burden of caring
for the elderly is becoming a serious problem [25]. Admittedly,
various assistive technologies have been proposed to aid the
elderly accomplish their daily life activities, e.g., an exercise
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TABLE IV
COMPARISON OF PERFORMANCE WITH PREVIOUSLY REPORTED BCIS TO CONTROL EXTERNAL DEVICE FOR THE ELDERLY

Age of

Necessity of

Study BCI paradigm participants  SUS Seore  Accuracy (%) - ITR (bits/min) Lo
Sim{’jo? al Auditory P300 66 82.5 47 6.1 Y
Schet[téréi] etal. Visual P300 60 80.3 91 <10 Y
Pasqua[l;;t]o ot Visual P300 56.5 712 N/A 8.7 Y
Proposed system SSVEP 67.5 71.2 88.8 34.0 N

monitoring system using user’s physiological signals [26].
However, there has been no such system to control home
appliances in a hands-free manner with reliable performance,
which can assist the elderly to live without a caregiver at home.
Moreover, it has been also reported that using such smart home
systems for the elderly can improve their health conditions and
their independence [27]. However, despite recent advances in
neural engineering and signal processing fields, no BCI study
controlling external devices has demonstrated a practical
performance level and usability with the elderly. In the present
study, the authors strived to overcome the shortcomings of the
previous BCIs by combining AR-HMD with SSVEP-based
BCI and EOG-based eye-tracking and by designing a system
architecture that allows these end users to select devices with a
preferred method. Furthermore, the employment of AR-HMD
has given mobility and flexibility to the proposed HA system
by ensuring that the users no longer have to stay in front of the
screen to present visual stimulus in conventional BCI systems.

In the present study, AR, BCI, and IoT technologies were
combined to develop a real-time home appliance control system
for the elderly. Subsequently, we evaluated the performance
and usability of the proposed system involving people aged
over 65 years. In the offline experiment, the optimal duration of
visual stimulation and individualized electrode configurations
were determined. Subsequently, we developed an online
SSVEP-based BCI system using the experimental conditions
determined in the offline experiment. The implemented online
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Fig. 6. Classification accuracy of device selection using the eye writing.
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home appliance control system provided users with various
interfacing options by combining image recognition, EOG-
based eye writing, and the eyeblink-based switch with the
conventional SSVEP-BCI system. The experimental results
revealed that all elderly participants successfully controlled five
home appliances with the proposed HA system, suggesting that
the proposed system has potential to be utilized in practical
scenarios.

The performance of the proposed HA system was compared
with those of previous BCI-based external environment control
systems targeted to the older adults, as presented in Table IV.
To the best of our knowledge, the performance of the device
control system in this study surpassed the best results reported
in the literature on BCIs for external device control for the
elderly, in terms of both accuracy and ITR. Although the system
proposed by Schettini et al. showed higher accuracy than the
proposed HA system, the ITR of their system was significantly
lower than that of our system. Most importantly, the proposed
system does not require any calibration session, whereas most
of the BCIs reported in previous literature required a calibration
session to train a classifier. Although the authors used
individualized electrode configurations to enhance the overall
performance of the system, the performance with the universal
electrode configuration (O1, Oz, and O2) was also sufficiently
high to be employed in practical home appliance control
applications (Fig. 5). Although some previous studies reported
higher SUS than ours, it is expected that the usability of the
proposed system may be further enhanced by employing
control functions based on the pre-experimental survey with the
participants or by incorporating additional functions into the
HA system such as communication and PC applications [38].

Although the average SSVEP classification accuracy was
higher than 90% for a 3 s window size in the offline experiment,
the average accuracy was only 88.8% in the online experiment
even when the same window size was used. It has been
frequently reported that the BCI performance in online sessions
was higher than that in offline or calibration sessions for various
reasons, including the training effect [28-30]. However, unlike
previous literature that compared the performances in offline
and online BCI experiments, the experimental paradigm
employed in the online experiments in this study was even more
complex than that for the offline experiment. Indeed, many
additive functions including image recognition, eye writing,
and eyeblink switch were employed during online experiments,
all of which the participants had not experienced in the previous
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offline experiment. Moreover, the BCI performance might be
affected by the circumstance of the online experiment because
the participants had to complete the pre-instructed task based
on their own decision when a false operation occurred. Indeed,
the degradation of BCI performance due to an increased
cognitive workload has been frequently reported [31].

In the online experiment, on average, the eyeblink switch
required 4.1 s to operate the switch, and the averaged FPR of
the switch was 4.98 times per hour. Compared to our previous
study [7], in which younger people participated and an average
FPR of 0.89 times/h was achieved with the same eyeblink
switch, this result revealed considerably degraded performance.
Indeed, the participants in this study occasionally struggled to
repeatedly blink their eyes within such a short period, although
they had no problem in their ordinary blink. This phenomenon
is presumably attributed to the age, which is primarily based on
the reports that the functionality of eyelids of older population
is reduced compared to younger population [32, 33]. Moreover,
it has been reported that older population takes longer in
spontaneous eye blinking as well as in intentional eyeblinks
[32-34]. Nevertheless, in the online experiment of this study, all
the participants successfully determined the device selection
method using the eyeblink switch, and could complete the
designated task by switching on and off the HA system using
the eyeblink switch even when unexpected false operations
occurred. In this study, the main target subjects were the elderly,
not the patients with locked-in syndrome, but it is expected that
our hybrid EEG and EOG system can also be applied to some
patients with amyotrophic lateral sclerosis (ALS) because the
oculomotor function is generally the last motor-related function
remaining in those with severe ALS.

The individually selected electrode sets for each participant
and the topographical distribution for the number of selections
of each electrode are presented in Table V and Fig. 7 in the
Appendix section, respectively. Although O1, Oz, and O2, the
traditional electrode set widely employed for SSVEP-based
BCIs were most frequently selected, it is noteworthy that P7
showed remarkable number of selections while P8 was rarely
selected. This result might be in line with a previous report that
showed motion-evoked P300 amplitude was significantly larger
in the left hemisphere than in the right hemisphere [35],
although further investigations are still needed.

The average SUS score for the proposed HA system was
shown to be approximately 71. It is a score that satisfies the
minimum acceptance level suggested by the original literature
proposing SUS [24]. Based on the studies by Kortum ef al. [36,
37], in which the usability of various daily products and mobile
applications were investigated using SUS, the score of the
proposed HA system is higher than Excel (SUS score: 56.5;
Microsoft, Corp., Redmond, WA, USA), lower than
Microwaves (SUS score: 86.9), and similar to Skype (SUS
score: 71; Microsoft Corp., Redmond, WA, USA). In addition,
a study reported that the conventional control interfaces such as
mouse and buttons scored SUS of 84 on average with elderly
participants [38]. Given that most of the BCI studies focus on
methodological aspects while neglecting usability aspects [39],
enhancing the usability of the proposed HA system could be an
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interesting research topic that has to be pursued in the future
study. The usability of the proposed system may be enhanced
by i) employing control functions preferred by participants via
a pre-experimental survey, or ii) adding functions such as
communication as in [38].

Although presentation of visual stimulus is inevitable in
SSVEP-based BCI systems, the usability of the visual
stimulation method in the proposed system was not evaluated,
which includes fatigue caused by visual stimulation. Reportedly,
a motion-reversal stimulus caused less fatigue and mental
workload compared to a flickering stimulus in a previous study
[41]. The comfortability of the visual stimulus adopted in the
present study and GSS that changes its size and luminance
concurrently has not yet been investigated, the usability of this
relatively new type of stimulus should be evaluated in a future
study. Furthermore, as AR and IoT are -cutting-edge
technologies, their usability and user acceptance are also crucial
aspects. Indeed, various applications for the elderly using AR
and IoT have been recently developed and the usability of the
applications, such as friendliness and comfort, has also been
investigated and has received positive responses [42-45]. For
example, Aruanno et al. developed a cognitive training program
in AR environment using Hololens before evaluating its
usability for people with 64—67 years old, reporting that the task
achievement was independent of their familiarity to the
technology or technological knowledge. Relatively, even
people who never used a computer could correctly accomplish
all the given tasks, owing to the intuitive interaction methods
provided by Hololens [44]. As an another example, Lera ef al.
[42] developed a software to instruct drug dose in AR
environment and evaluated its usability with people aged 59—
90, and the averaged ‘AR usefulness’ and ‘AR friendliness’
scores were 4.4 and 3.8 out of 5, respectively. Reportedly, the
elderly accommodated the necessity of IoT technology and
presented a high level of willingness, after acquiring sufficient
awareness about the benefits of IoT [45]. Moreover, as the
technologies are still in early stages of development, the
usability is expected to be further enhanced in the future.

APPENDIX
Table V and Figs. 7 and 8 are included in this Appendix section.

Number of Employments

Fig. 7. Topographical distribution of the number of employments for
individually selected electrode set in Experiment I.
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TABLE V
INDIVIDUALLY SELECTED ELECTRODE SETS FOR EACH PARTICIPANT
Subject Channels g:g;:ﬁizzi
Pl Pz, 01, Oz 11
P2 P7, 0z, 02 L1I
P3 P7,P3,0z L1I
P4 P7, P8, Oz I
P5 P7,01,0z L1I
P6 01, Oz, 02 L1I
P7 01, Oz, 02 I
P8 Pz, P8, Oz I
P9 P3, 0z, 02 L1I
P10 P7, P3, PO4 L1I
P11 P7, POz, Ol I
P12 P7,Pz Oz L1I
P13 01, Oz, 02 L1I
P14 P7,P4,01 L1I
P15 Pz, Oz, O2 I
P16 P7,P4,01 L1I
P17 P8, 01, Oz L1I
P18 01, Oz, 02 L1I
P19 P3, P8, POz I
REFERENCES

J. J. Vidal, “Toward direct brain-computer communication,” Annu. Rev.
Biophys. Bioeng., vol. 2, no. 1, pp. 157-180, Jun, 1973.

J. R. Wolpaw, N. Birbaumer, D. J. McFarland, G. Pfurtscheller, and T. M.
Vaughan, “Brain—computer interfaces for communication and control,”
Clin. Neurophysiol., vol. 113, no. 6, pp. 767-791, Jun, 2002.

A. Vourvopoulos, A. Ferreira, and S. B. i Badia, "NeuRow: an immersive
VR environment for motor-imagery training with the use of brain-
computer interfaces and vibrotactile feedback," in Proc. Int. Conf. Physiol.
Comput. Syst. Jul. 2016, pp. 43-53.

H.-J. Hwang, J.-H. Lim, Y.-J. Jung, H. Choi, S. W. Lee, and C.-H. Im,
“Development of an SSVEP-based BCI spelling system adopting a
QWERTY-style LED keyboard,” J. Neurosci. Methods, vol. 208, no. 1, pp.
59-65, Jun, 2012.

M. Severens, M. Van der Waal, J. Farquhar, and P. Desain, “Comparing
tactile and visual gaze-independent brain—computer interfaces in patients
with amyotrophic lateral sclerosis and healthy users,” Clin. Neurophysiol.,
vol. 125, no. 11, pp. 2297-2304, Mar, 2014.

T. Kaufmann, A. Herweg, and A. Kiibler, “Toward brain-computer
interface based wheelchair control utilizing tactually-evoked event-related
potentials,” J. Neuroeng. Rehabil., vol. 11, no. 1, pp. 1-17, Jan, 2014.

S. Park, H.-S. Cha, and C.-H. Im, “Development of an Online Home
Appliance Control System Using Augmented Reality and an SSVEP-

This work is licensed under a Creative Commons Attribution-NonCommercial-NoDerivatives 4.0 License. For more information, see https://creativecommons.org/licenses/by-nc-nd/4.0/

19
11F i
03 L \

2 6675857 10 12 22
19
" M
03 L \

Amplitude (1V)

2 6.6 7.5 857 10 12 22
1.9
N 7/\’"/\\’—/_}\,/\_\__\_/\_;
03 L , ,

2 6.6 7.5 857 10 12 22
1.9
b m_/\\,“ﬂ—/\-»/\\_\—_’/\\
03 L , ,

2 6.6 7.5 857 10 12 22

Frequency (Hz)

Fig. 8. The grand-averaged spectral amplitude of the data recorded in
Experiment 1. Each row shows the data with stimulation frequencies of
6.6,7.5,8.57, 10, and 12 Hz. Please note that not only the SSVEP response
at the fundamental frequency but also the SSVEP responses at the
subharmonic and the harmonic frequencies were clearly elicited.

Based Brain—Computer Interface,” IEEE Access, vol. 7, pp. 163604-
163614, Nov, 2019.

[8] F. Putze, D. Weif, L.-M. Vortmann, and T. Schultz, "Augmented reality
interface for smart home control using SSVEP-BCI and eye gaze," in Proc.
IEEE Int. Conf. Syst. Man Cybernt. (SMC). Oct. 2019, pp. 2812-2817.

[9] F. Gembler, P. Stawicki, and I. Volosyak, "A comparison of ssvep-based
bei-performance between different age groups," in Proc. Int. Work-Conf.
Artif. Neural Netw. Jan. 2015, pp. 71-77.

[10] A. L. Fitzpatrick, L. P. Fried, J. Williamson, P. Crowley, D. Posey, L.
Kwong, J. Bonk, R. Moyer, J. Chabot, and L. Kidoguchi, “Recruitment of
the elderly into a pharmacologic prevention trial: the Ginkgo Evaluation
of Memory Study experience,” Contemp. Clin. Trials, vol. 27, no. 6, pp.
541-553, Dec, 2006.

[11] C. Piantadosi, I. M. Chapman, V. Naganathan, P. Hunter, I. D. Cameron,
and R. Visvanathan, “Recruiting older people at nutritional risk for clinical
trials: what have we learned?,” BMC Res. Notes, vol. 8, no. 1, pp. 1-7, Apr,
2015.

[12] M. L. Chen, D. Fu, J. Boger, and N. Jiang, “Age-related changes in vibro-
tactile EEG response and its implications in BCI applications: a
comparison between older and younger populations,” IEEE Trans. Neural
Syst. Rehabil. Eng., vol. 27, no. 4, pp. 603-610, Apr, 2019.

[13] M. Grosse-Wentrup, and B. Scholkopf, Brain-Computer Interface
Research 1st ed., Berlin, Germany: Springer, 2013.

[14] H.-T. Hsu, I.-H. Lee, H.-T. Tsai, H.-C. Chang, K.-K. Shyu, C.-C. Hsu, H.-
H. Chang, T.-K. Yeh, C.-Y. Chang, and P.-L. Lee, “Evaluate the feasibility
of using frontal SSVEP to implement an SSVEP-based BCI in young,
elderly and ALS groups,” IEEE Trans. Neural Syst. Rehabil. Eng., vol. 24,
no. 5, pp. 603-615, Nov, 2015.

[15] M. M. Lorist, J. Snel, G. Mulder, and A. Kok, “Aging, caffeine, and
information  processing: an event-related potential analysis,”
Electroencephalogr. Clin. Neurophysiol. Evoked Potential. Sect., vol. 96,
no. 5, pp. 453-467, Sep, 1995.

[16] R. van Dinteren, M. Arns, M. L. Jongsma, and R. P. Kessels, “Combined
frontal and parietal P300 amplitudes indicate compensated cognitive
processing across the lifespan,” Front. Aging Neurosci., vol. 6, pp. 294,
Oct, 2014.

[17] J. Brooke, Sus: a “quick and dirty” usability, 1st ed., Boca Raton, FL,
USA: CRC Press, 1996.

[18] B. Allison, T. Luth, D. Valbuena, A. Teymourian, I. Volosyak, and A.
Graser, “BCI demographics: How many (and what kinds of) people can



This article has been accepted for publication in IEEE Transactions on Neural Systems and Rehabilitation Engineering. This is the author's version which has not been fully edited and

content may change prior to final publication. Citation information: DOI 10.1109/TNSRE.2022.3228124

use an SSVEP BCI?,” [EEE Trans. Neural Syst. Rehabil. Eng., vol. 18, no.
2, pp. 107-116, Apr, 2010.

[19] Y. Zhang, D. Guo, D. Yao, and P. Xu, “The extension of multivariate
synchronization index method for ssvep-based bei,” Neurocomput., vol.
269, pp. 226-231, Jun, 2017.

[20] J. R. Wolpaw, H. Ramoser, D. J. McFarland, and G. Pfurtscheller, “EEG-
based communication: improved accuracy by response verification,” [EEE
Trans. Rehabil. Eng., vol. 6, no. 3, pp. 326-333, Sep, 1998.

[21] W.-D. Chang, J.-H. Lim, and C.-H. Im, “An unsupervised eye blink artifact
detection method for real-time electroencephalogram processing,” Physiol.
Meas., vol. 37, no. 3, pp. 401-417, Feb, 2016.

[22] K.-R. Lee, W.-D. Chang, S. Kim, and C.-H. Im, “Real-time “eye-writing”
recognition using electrooculogram,” I[EEE Trans. Neural Syst. Rehabil.
Eng., vol. 25, no. 1, pp. 37-48, Jan, 2016.

[23] K. Kim, and T. Kwon, “Usability and Security Analysis of Authentication
Methods for Mobile Fin-Tech Services,” (in Korean), J. Korea Inst. Inf.
Secur. Cryptol., vol. 27, no. 4, pp. 843-853, Aug, 2017.

[24] A. Bangor, P. T. Kortum, and J. T. Miller, “An empirical evaluation of the
system usability scale,” Int. J. Hum. Comput. Interact., vol. 24, no. 6, pp.
574-594, Jul, 2008.

[25] D. H. Stefanov, Z. Bien, and W.-C. Bang, “The smart house for older
persons and persons with physical disabilities: structure, technology
arrangements, and perspectives,” IEEE Trans. Neural Syst. Rehabil. Eng.,
vol. 12, no. 2, pp. 228-250, Jun, 2004.

[26] J. A. Rincon, A. Costa, C. Carrascosa, P. Novais, and V. Julian,
“EMERALD—Exercise monitoring emotional assistant,” Sensors, vol. 19,
no. 8, pp. 1953, Apr, 2019.

[27] A. H. Sapci, and H. A. Sapci, “Innovative assisted living tools, remote
monitoring technologies, artificial intelligence-driven solutions, and
robotic systems for aging societies: systematic review,” JMIR Aging, vol.
2, no. 2, pp. €15429, Nov, 2019.

[28] M. Eidel, and A. Kiibler, “Wheelchair Control in a Virtual Environment by
Healthy Participants Using a P300-BCI Based on Tactile Stimulation:
Training Effects and Usability,” Front. Hum. Neurosci., vol. 14, Jul, 2020.

[29] A. Ramos-Murguialday, M. Schiirholz, V. Caggiano, M. Wildgruber, A.
Caria, E. M. Hammer, S. Halder, and N. Birbaumer, “Proprioceptive
feedback and brain computer interface (BCI) based neuroprostheses,”
PLoS One, vol. 7, no. 10, Oct, 2012.

[30] E. Tidoni, P. Gergondet, A. Kheddar, and S. M. Aglioti, “Audio-visual
feedback improves the BCI performance in the navigational control of a
humanoid robot,” Front. Neurorobot., vol. 8, pp. 20, Jun, 2014.

[31]1 Y. Zhao, J. Tang, Y. Cao, X. Jiao, M. Xu, P. Zhou, D. Ming, and H. Qji,
“Effects of distracting task with different mental workload on steady-state
visual evoked potential based brain computer Interfaces—An offline
study,” Front. Neurosci., vol. 12, pp. 79, Feb, 2018.

[32] J. W. Shore, “Changes in lower eyelid resting position, movement, and
tone with age,” Am. J. Ophthalmol., vol. 99, no. 4, pp. 415-423, Apr, 1985.

[33] W. S. Sun, R. S. Baker, J. C. Chuke, B. R. Rouholiman, S. A. Hasan, W.
Gaza, M. W. Stava, and J. D. Porter, “Age-related changes in human blinks.
Passive and active changes in eyelid kinematics,” Invest. Ophthalmol. Vis.
Sci., vol. 38, no. 1, pp. 92-99, Jan, 1997.

[34] S. A. Schellini, A. A. Sampaio Jr, E. Hoyama, A. A. Cruz, and C. R.
Padovani, “Spontaneous eye blink analysis in the normal individual,”
Orbit, vol. 24, no. 4, pp. 239-242, Jul, 2005.

[35]J. Jin, B. Z. Allison, X. Wang, and C. Neuper, “A combined brain—
computer interface based on P300 potentials and motion-onset visual
evoked potentials,” J. Neurosci. Methods, vol. 205, no. 2, pp. 265-276, Apr,
2012.

[36] P. Kortum, and M. Sorber, “Measuring the usability of mobile applications
for phones and tablets,” Int. J. Hum. Comput. Interact., vol. 31, no. 8, pp.
518-529, Aug, 2015.

[37] P. T. Kortum, and A. Bangor, “Usability ratings for everyday products
measured with the system usability scale,” Int. J. Hum. Comput. Interact.,
vol. 29, no. 2, pp. 67-76, Jan, 2013.

[38] F. Schettini, A. Riccio, L. Simione, G. Liberati, M. Caruso, V. Frasca, B.
Calabrese, M. Mecella, A. Pizzimenti, and M. Inghilleri, “Assistive device
with conventional, alternative, and brain-computer interface inputs to
enhance interaction with the environment for people with amyotrophic
lateral sclerosis: a feasibility and usability study,” Arch. Phys. Med.
Rehabil., vol. 96, no. 3, pp. S46-S53, Mar, 2015.

[39] E. Pasqualotto, T. Matuz, S. Federici, C. A. Ruf, M. Bartl, M. Olivetti
Belardinelli, N. Birbaumer, and S. Halder, “Usability and workload of
access technology for people with severe motor impairment: a comparison
of brain-computer interfacing and eye tracking,” Neurorehabil. Neural
Repair, vol. 29, no. 10, pp. 950-957, Mar, 2015.

This work is licensed under a Creative Commons Attribution-NonCommercial-NoDerivatives 4.0 License. For more information, see https://creativecommons.org/licenses/by-nc-nd/4.0/

[40] N. Simon, I. Kéthner, C. A. Ruf, E. Pasqualotto, A. Kiibler, and S. Halder,
“An auditory multiclass brain-computer interface with natural stimuli:
usability evaluation with healthy participants and a motor impaired end
user,” Front. Hum. Neurosci., vol. 8, pp. 1039, Jan, 2015.

[41] J. Xie, G. Xu, J. Wang, M. Li, C. Han, and Y. Jia, “Effects of mental load
and fatigue on steady-state evoked potential based brain computer
interface tasks: a comparison of periodic flickering and motion-reversal
based visual attention,” PLoS One, vol. 11, no. 9, pp. €0163426, Sep, 2016.

[42] F. J. Lera, V. Rodriguez, C. Rodriguez, and V. Matellan, "Augmented
reality in robotic assistance for the elderly," in Proc. Int. Technol. Robot.
Appl. Oct. 2014, pp. 3-11.

[43] C. Boletsis, and S. McCallum, “Augmented reality cubes for cognitive
gaming: preliminary usability and game experience testing,” Int. J. Serious
Games, vol. 3, no. 1, pp. 3-18, Jan, 2016.

[44] B. Aruanno, F. Garzotto, and M. C. Rodriguez, "Hololens-based mixed
reality experiences for subjects with alzheimer's disease," in Proc. 12th
Conf. Ital. SIGCHI Chapter. Sep. 2017, pp. 1-9.

[45] T. H. Jo, J. H. Ma, and S. H. Cha, “Elderly Perception on the Internet of
Things-Based Integrated Smart-Home System,” Sensors, vol. 21, no. 4, pp.
1284, Feb, 2021.

Seonghun Park received the B.S. degree from the Department of Biomedical
Engineering, Hanyang University, South Korea in 2015, and received the Ph.D.
degree from the Department of Electronic Engineering, Hanyang University,
South Korea in 2021, where he is currently working as a Post-Doctoral
Associate. His research interests include brain-computer interfaces, smart home
system, mental state recognition and biomedical signal processing.

Jisoo Ha received a B.S. degree from the Department of Biomedical
Engineering, Hanyang University, South Korea, in 2020. She is currently
pursuing the M.S. degree with the Department of HY-KIST bio-convergence,
Hanyang University, South Korea. Her current research interests include human
computer interaction, biomedical signal processing, brain-computer interfaces,
and artificial intelligence.

Jimin Park received his B.E. degree from the Department of Electrical
Engineering, Hanyang University, Seoul, South Korea, in 2017. He is currently
pursuing his Ph.D. degree at the Department of Electronic Engineering,
Hanyang University, Seoul, South Korea. His research interests include
noninvasive brain stimulation and brain-computer interface.

Kyeong-Gu Lee received a B.S. degree from the Department of Biomedical
Engineering, Hanyang University, South Korea, in 2019. He received a M.S.
degree from the Department of Electronic Engineering, Hanyang University,
South Korea, in 2021. He is currently pursuing the Ph.D. degree with the
Department of Electronic Engineering, Hanyang University, South Korea. His
current research interests include biomedical signal processing, brain-computer
interfaces, and artificial intelligence.

Chang-Hwan Im received his B.S. degree from the School of Electrical
Engineering, Seoul National University, South Korea, in 1999, and his M.S.
and Ph.D. degrees from Seoul National University, in 2001 and 2005,
respectively. He was a Postdoctoral Associate with the Department of
Biomedical Engineering, University of Minnesota, Minneapolis, MN, USA,
from 2005 to 2006. From 2006 to 2011, he was with the Department of
Biomedical Engineering, Yonsei University, South Korea, as an
Assistant/Associate Professor. Since 2011, he has been with the Department of
Biomedical Engineering, Hanyang University, South Korea, as an
Associate/Full Professor. He is currently the Director of the Computational
Neuroengineering Laboratory, Hanyang University. He has authored over 190
articles in peer-reviewed international journals. He is currently serving as an
associate editor in several journals including Sensors, Frontiers in Human
Neuroscience, Brain-Computer Interfaces, Experimental Neurobiology, and
Biomedical Engineering Letters. His research interests include various fields of
computational neuroengineering, especially brain-computer interfaces, the
diagnosis of neuropsychiatric diseases, noninvasive brain stimulation,
biosignal-based human-computer interfaces, and bioelectromagnetic source
imaging. He is a member of the IEEE and the IEEE Engineering in Medicine
and Biology Society.



