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Abstract: We developed a new type of electroencephalogram (EEG) headset system with
comb-shaped electrodes that enables the wearer to quickly don and utilize it in daily life. Two models
that can measure EEG signals using up to eight channels have been implemented. The electrodes
implemented in the headsets are similar to a comb and are placed quickly by wiping the hair (as
done with a comb) using the headset. To verify this headset system, donning time was measured and
three brain computer interface (BCI) application experiments were conducted. Alpha rhythm-based,
steady-state visual evoked potential (SSVEP)-based, and auditory steady state response (ASSR)-based
BCI systems were adopted for the validation experiments. Four subjects participated and ten trials
were repeated in the donning experiment. The results of the validation experiments show that reliable
EEG signal measurement is possible immediately after donning the headsets without any preparation.
It took approximately 10 s for healthy subjects to don the headsets, including an earclip with reference
and ground electrodes. The results of alpha rhythm-based BCI showed 100% accuracy. Furthermore,
the results of SSVEP-based and ASSR-based BCI experiments indicate that performance is sufficient
for BCI applications; 95.7% and 76.0% accuracies were obtained, respectively. The results of BCI
paradigm experiments indicate that the new headset type is feasible for various BCI applications.

Keywords: electroencephalogram; EEG headset; EEG sensor; rapid EEG setup; brain computer
interface; steady-state visual evoked potential; auditory steady state response

1. Introduction

There are various applications based on electroencephalogram (EEG) signals, such as brain
computer interface (BCI), brain mapping, sleep research, clinical diagnosis, and authentication [1–6].
Multichannel measurement of EEG signals is required for such applications. However, measuring
EEG signals from multiple spots on the scalp can only be implemented in a hospital or laboratory
environment. This is because the preparation process for EEG measurement is time-consuming and
laborious, even for experts, as localization of sites for the electrical montage, attaching electrodes to
the respective spots, gel injection, and impedance checking are necessary. This complex procedure
required for EEG measurement is one of the major obstacles to practical application outside of hospital
or laboratory environments. To overcome this drawback and simplify the procedure, various types
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of EEG measurement headsets or headgears have been introduced and are currently available on
the market [7]. The official website of the BNCI Horizon 2020 project, a European BCI consortium,
provides a list of companies involved in the BCI field and closely related sectors [8].

We investigated the companies on the list that are involved in EEG measurement headsets and
found the following headsets (Figure 1). MindWave Mobile (NeuroSky Inc.; San Jose, CA, USA) and
Yband (Ybrain, Seoul, Korea; not on the list) can be worn “out of the box,” but they can measure
only one or two channels of EEG signals from the frontal lobe, where there is no hair. The Emotiv
EPOC (Emotiv, San Francisco, CA, USA) is similar to the preceding two headsets, but conductive gel
injection are necessary before use. The Stat X24 mobile EEG system (Advanced Brain Monitoring Inc.;
Carlsbad, CA, USA) measures up to 24 channels of EEG signals, but it is impossible to put the headset
on without assistance and gel injection is necessary in advance. The HD-72 High Density Dry Headset
(Cognionics Inc.; San Diego, CA, USA) measures up to 72 channels, but assistance is required to don it.
The DSI 10/20 (Quasar, San Diego, CA, USA) can be donned easily, but after donning, each electrode
must be twisted for stable contact between the scalp and the electrode, which is time-consuming.
The Quick-20 Dry EEG Headset (Cognionics) is quick and easy to set up, but the electrodes are spiky,
which has several drawbacks of high skin-electrode impedance by small contact area as well as pain
when pressing the electrodes onto the skin [9]. None of these headsets measures multichannel EEG
signals immediately after donning without some level of preparation.
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compared to magnetoencephalography (MEG), functional magnetic resonance imaging (fMRI), or 
electrocorticography (ECoG). The setup is also not as expensive and bulky as that of MEG or fMRI, 
and no surgery is needed, as in the case of ECoG. Hence, various paradigms for EEG-based BCIs have 
been developed, such as the event-related potential (ERP), steady-state visual evoked potential 
(SSVEP), auditory steady-state response (ASSR), slow cortical potentials, event-related 
desynchronization (ERD), and event-related synchronization (ERS) [10–14]. 
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The functionality of EEG-based BCI is more suitable for practical, real-life applications,
compared to magnetoencephalography (MEG), functional magnetic resonance imaging (fMRI), or
electrocorticography (ECoG). The setup is also not as expensive and bulky as that of MEG or fMRI, and
no surgery is needed, as in the case of ECoG. Hence, various paradigms for EEG-based BCIs have been
developed, such as the event-related potential (ERP), steady-state visual evoked potential (SSVEP),
auditory steady-state response (ASSR), slow cortical potentials, event-related desynchronization (ERD),
and event-related synchronization (ERS) [10–14].

The mental speller is the most extensively studied BCI application. Most mental spellers for
patients are implemented based on P300, which is an ERP component with an enhanced positive
deflection feature and a latency of approximately 0.25 to 0.5 s, usually elicited by the “oddball”
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paradigm [15–22]. SSVEP, which consists of the responses of the occipital region caused by visual
stimulation at specific frequencies, is also an extensively used paradigm in mental spellers [23–30].
Hwang et al. introduced an SSVEP-based BCI spelling system by adopting the QWERTY-style LED
keyboard [23]. The results of an online experiment yielded an average spelling speed of 9.39 letters per
minute, with an average success rate of 85.58%.

Recently, studies on hybrid BCIs have been reported. These hybrid BCIs combine various types of
existing BCIs, such as ERD and SSVEP, motor imagery and SSVEP, and EEG and non-EEG. In particular,
some hybrid BCIs have combined P300 and SSVEP. For instance, Panicker et al. introduced a P300
BCI with SSVEP [31]. In their system, the SSVEP response served as a passive “brain switch.” While
Panicker et al. combined P300 and SSVEP sequentially, Xu et al. and Yin et al. combined them
simultaneously [32,33]. Specifically, Xu et al. proposed a 3 × 3 P300-based matrix with an SSVEP
blocking feature. In their study, the SSVEP blocking feature worked as a supplementary parameter for
discriminating the presence or absence of a P300 evoked potential. They reported that the combination
of P300 and the SSVEP blocking feature enhanced the overall performance of the system. Yin et al.
proposed a 6 × 6 P300-based matrix with SSVEP, and integrated the SSVEP into the conventional P300
paradigm. They achieved an online classification accuracy of 93.85% and an information transfer rate
(ITR) of 56.44 bits/min.

The auditory steady-state response (ASSR)-based BCI paradigm is a relatively new BCI concept,
and can be classified as a vision-free BCI paradigm. In contrast to the SSVEP or the P300 paradigms,
subjects do not need to move their eyes to enforce their desired commands. This could constitute
a solution for patients who are completely paralyzed and cannot move their body parts, including
their eyes.

In this paper, we present two multichannel EEG headsets that can be donned quickly and then
measure EEG signals immediately. Our approach is focused on reducing the preparation and donning
time for multichannel EEG signals measurement. The details of validation experiments conducted
with the headsets are presented in the results section. Further, BCI applications are manipulated using
the instant-donning headsets. Experiments using SSVEP-based and ASSR-based BCI systems were
conducted with the headsets and the results compared with previous studies.

2. Materials and Methods

2.1. Electrodes

To develop instant donning headsets, reversed-curve arch electrodes introduced in our previous
work [9] were used. The electrode was fabricated using sterling silver via a 3D printer (Perfactory,
EnvisonTEC, Gladbeck, Germany). The sterling silver was an alloy containing 92.5% silver and 7.5%
copper by mass. The electrode was 10 mm2 in size, with five reverse-curved arches. The comb-like
unique structure of these electrodes increases the area of skin-electrode contact on hairy scalps and
results in lower skin-electrode impedance and decreased pain [9]. Multi-channel electrodes were
designed and fabricated to different heights reflecting the curvature of the head. The structure of the
electrode and a photograph are presented in Figure 2a.

A preamplifier was attached to the other side of the base of the electrode, as shown in Figure 2b.
A high-input impedance op-amp (OPA124, Texas Instruments, Dallas, TX, USA), which has an input
impedance of 1013 Ω||1 pF, was selected for use as the preamplifier. The bias resistor RB is used to
provide a biased current path to the preamp. The value of the bias resistor is 5 GΩ. The overall
equivalent electrical circuit of the electrode is shown in Figure 3. The gain of the circuit is given by

GS(s) =
VO
VS

=
ZB||ZA

ZS + ZB||ZA
, (1)

where the symbol || indicates the parallel combination of two impedances, ZA is the input impedance
of the operational amplifier ( RA||CA ), ZB is the impedance of RB, and ZS is the impedance of the
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skin-electrode interface (RS, CS). ZA can be ignored as it is much greater than ZB. The gain can thus be
expressed as

GS(s) =
ZB

ZS + ZB
. (2)
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Here, because ZS is the parallel combination of a resistor and a capacitor, ZS can be rewritten as

ZS =
RS

1 + sRSCS
. (3)

Therefore, the overall source-to-output voltage gain (G(s)) can be rewritten as

G(s) =
RB

RS
1+sRSCS

+ RB
=

RB
RS+RB(1+sRSCS)

1+sRSCS

=
RB(1 + sRSCS)

RS + RB(1 + sRSCS)
(4)

To minimize the set-up time, ground and reference electrodes also should be considered.
An earclip (LXEL-EAR-01, Laxtha, Daejeon, South Korea) (Figure 4) with ground and reference
electrodes was used. The clip has a gold coated circular (diameter = 15 mm) electrode on each arm.
These electrodes were originally electrically connected, but were separated from each other to make
separate ground and reference electrodes.
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2.2. Headsets

Two types of headsets were designed for BCI application: (1) an around-type that extends
to the transversal plane of the head; (2) a posterior-type that covers the occipital and parietal
region. Each headset type has two sizes, respectively, small and large for different size of the head.
These headsets have been designed such that all electrodes are able to reach the scalp surface while
being placed on the head; this capability eliminates the need for preparation procedures and allows
EEG signal measurement immediately after donning. Two 3D models of the headsets are illustrated
in Figure 5a,b. The headsets were designed in the SOLIDWORKS®environment and fabricated in
plastic using a 3D printer. They have square holes for the electrodes to be affixed. All electrodes are
aligned in the vertical direction of their arches (Figure 5a,b). Based on the 10-20 international system,
the locations of EEG measurements with the around-type headset are “F7,” “T7,” “P7,” “PO3,” “PO4,”
“P8,” “T8,” and “F8” (Figure 5c). For the posterior-type, the locations are “Pz,” “PO3,” “POz,” “PO4,”
“O1,” “Oz,” and “O2” (Figure 5d). For the around-type headset, all electrodes are able to reach the
surface of the scalp by being combed through the hair and toward the scalp from a point several
centimeters above the crown of the head. For the posterior-type headset, by combing through the hair
and toward the scalp from the crown of the head to the measurement spots, all electrodes are able to
reach the surface of the scalp while the headset is being donned. By combing with the headsets, the
hair smoothly goes into the gaps between the arches of the electrodes and the electrodes easily reach
the surface of the scalp.

The signal from each electrode goes to the positive input of an instrumentation amplifier (INA118,
Texas instruments Inc., Dallas, TX, USA) while the signal from the reference electrode goes to the
negative input of the amplifier. The difference of these two signals is amplified with a gain of 11 in
the amplifier. The output signal is sequentially filtered by a second order high-pass filter at a cutoff
frequency of 0.5 Hz, amplified at a gain of 300, and again filtered by a fourth order low-pass filter
at a frequency of 50 Hz. The analog filter and gain circuit are designed with a quad operational
amplifier (OP497, Analog devices, Norwood, MA, USA). The output signals of the analog circuit are
digitalized at a sampling frequency of 1000 Hz using a data acquisition system (NI USB-6229, National
Instruments Corporation, Austin, TX, USA). The overall schematic of the data processing system is
illustrated in Figure 6.
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3. Experiment

3.1. Instant Donning Experiment

We defined donning time as the time between the cue sign and the first zero crossing point of
an acquired signal after donning (Figure 7). The donning time of the channel having the largest
value among the eight EEG channels is determined as the donning time of the headset. Four healthy
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subjects (one female and three male laboratory members, 25 to 34 years old), each with a different
hairstyle—specifically, curly, straight, short, and long—participated in the instant-donning experiment
with both headsets. This study was approved by the Institutional Review Board of Seoul National
University Hospital and all subjects signed informed consent forms to qualify for participation in the
study (IRB No. C-1108-088-374). For the posterior-type headset experiment, the subjects were asked to
pick up and don the headset after the cue signal. They were then asked to open their eyes for 10 s and
close their eyes for 10 s. If there was an alpha rhythm while the subject’s eyes were closed, the EEG was
classified as reliable; otherwise, the EEG was a failed measurement after donning the headset. On the
other hand, for the around-type headset experiment, an unreliable signal due to unstable contact of an
electrode could be observed by spectral analysis. Usually, EEG signals are relatively weak compared
with other physiological signals and external electrical signals; therefore, the spectrum of spontaneous
EEG signals is typically stable. If the power density of the EEG signal is higher than that of the other
signals, then the EEG signal is not classified as reliable.
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3.2. Alpha-Rhythm-Based BCI Experiment

The presence of alpha rhythms, which are significant signals in the frequency range of 8–13 Hz
during eyes closed, is an indicator of stable and appropriate contact between the electrodes and
the surface of the scalp. In this experiment, the presence of alpha rhythms was validated by an
alpha-rhythm-based BCI system that is able to control presentation slides by the presence of alpha
rhythms. In the experiment, EEG signals from the Oz channel of the posterior-type headset were
analyzed and the presence of alpha-rhythm (PoA) determined using the following equation:

PoA =
∑ Poweralpha

∑ Powerallband

=
∑

f13
f8

PEEG( f )

∑
f50
f2

PEEG( f )
> Threshold. (5)

The four subjects participated in this experiment also. One run consisted of 10 trials and one trial
took 3 s. During the experiment, they were asked to close or open their eyes, whichever they wanted to
do. If they closed the eyes, the slide would go to the next page; otherwise, it would go to the previous
slide if they opened their eyes. The threshold value was empirically determined by the person.

3.3. SSVEP-Based BCI Speller

A graphical user interface (GUI) was employed for the Bremen BCI speller for SSVEP-based BCI
experiments [29,34]. The major feature of this type of speller is that the most often used letters of
the English alphabet are arranged in the center to increase the spelling speed, as shown in Figure 8.
The five LEDs on the frame of the monitor flickered at 21, 19, 25, 23, and 17 Hz, and corresponded to
the commands “LEFT,” “RIGHT,” “UP,” “DOWN,” and “SELECT.” A cursor is located on the letter
“E” at the beginning of each trial, and return to the original location is achieved after the “SELECT”
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command is executed. The canonical correlation analysis (CCA) method was used to determine the
desired command [25,35]. This approach is a multivariable statistical method that can be applied to
two sets of data that may have some underlying correlation. In this study, one set consisted of the EEG
signals from the occipital region, and the other set consisted of periodic sinusoidal signals (Figure 9).Sensors 2019, 19, x FOR PEER REVIEW 8 of 16 
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Each set of the sinusoidal signals consisted of four periodic sinusoidal signals, as defined by
Equation (6).

Yfx =


sin(2π fxt)
cos(2π fxt)
sin(2π2 fxt)
cos(2π2 fxt)

,

{
t = 1

S , 2
S , . . . .; T

S
x = up, down, le f t, right, select

}
(6)

ρ = max
i

ρi, i = up, down, le f t, right, select (7)

The output command depends on the maximum outcome based on the five combinations elicited
by the CCA algorithm. The time window for data acquisition and processing was 6 s. Five healthy
subjects (one female and four male laboratory members, 26 to 33 years old) participated in the
experiment. Prior to the experiment, they were instructed on how to wear the headset for themselves
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and how to navigate the cursor to the desired character. The experiment was conducted with each
subject seated in a chair approximately 60 cm away from the monitor (Figure 10). All subjects were
asked to spell the words “BRAIN,” “ALS,” “NEW,” “SENSOR,” “BCI,” and “SNU.” In the experiment,
the posterior headsets were used, and signals from O1 and O2 were processed for SSVEP response
detection. To evaluate the overall system, the accuracy, ITR, letters per minute, and efficiency (defined
as the minimum number of commands necessary to spell the given word divided by the number of
commands issued during the run [36]), were calculated. The ITR is a well-known parameter for BCI
system evaluation. This parameter is defined as

ITR =
60
T
·CN ·Bt, (8)

where T denotes the spelling time in seconds, CN is the number of classifications, and Bt is derived in
accordance with the following:

Bt = log2N + Plog2P + (1− P)log2

[
1− P
N − 1

]
, (9)

where N denotes the number of targets and P is the classification accuracy [29]. It is important to note
that the number of targets in our study is not the number of letters in the GUI of the Bremen speller,
but rather the number of flickering LEDs (N = 5).
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3.4. ASSR-Based BCI Paradigm

The experimental paradigm and signal processing of ASSR-based BCI from Kim et al. and Baek
et al. [34,37,38] were employed in this experiment. The frequency of the stimulus on the left was a
2.5 kHz pure tone with a modulation frequency of 37 Hz, while the frequency of the stimulus on the
right was a 1 kHz pure tone with a modulation frequency of 43 Hz. The around-type EEG headset was
used for the experiments for T7 and T8 measurements. Four subjects participated in the experiment.
They were visually and verbally instructed to attend to one of the stimuli in random order at the
beginning of each trial. The time window for data analyses was 20 s for online experiments. The length
of the analysis time affected the overall ITR and accuracy of the BCI system. Therefore, although it is
necessary to identify the optimal length of this time window, this task falls outside the scope of this
study. The ASSR-based BCI application with instant-donning headsets was evaluated according to
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the ratio of correct decisions to the total number of trials, specificity, and sensitivity. To calculate the
specificity and sensitivity, it was assumed that the right is positive, while the left is negative.

4. Results

4.1. Instant Donning Experiment

The results of the experiment that quantified the donning time are presented in Table 1. Subject
1 had curly hair and subjects 2, 3, and 4 had straight, short, and long hair, respectively. The average
donning time was 10.08 s. Subjects 2 and 3 picked up the headsets faster than subjects 1 and 4
because they had participated in several previous headset experiments. The success and failure of
the experiment, i.e., the presence of alpha rhythm, with the posterior-type headset was evaluated.
The average success rate was 8.75 out of 10. The average success rate per eight channels with the
around-type headset were 7.1/8, 7.8/8, 7.9/8, 7.6/8, respectively. Subject 1, with curly hair, had the
lowest success rate. The abbreviation STD signifies the standard deviation.

Table 1. Results of donning time quantification experiment (STD: standard deviation).

Trial
Donning Time (s)

Subject 1 Subject 2 Subject 3 Subject 4

1 10.11 6.74 11.82 12.85
2 11.70 7.80 7.97 14.68
3 14.19 7.50 8.01 13.46
4 12.66 7.00 6.88 11.42
5 12.90 5.66 6.83 15.22
6 14.95 5.37 10.41 10.95
7 13.18 5.75 7.23 10.43
8 13.98 5.99 7.96 11.53
9 11.98 4.77 9.93 9.75
10 15.98 5.16 9.21 12.83

Mean 13.16 6.17 8.63 12.31
STD 1.70 1.03 1.66 1.80

The eight channels of EEG signals were measured for the around-type headset. Spontaneous EEG
signals were observed during eyes opened while alpha-rhythms were observed during eyes closed.
The power spectrums of each channel are shown in Figure 11a (eye-open) and Figure 11b (eyes-closed).
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4.2. Alpha-Rhythm-Based BCI Experiment

Table 2 shows the results of the alpha-rhythm-based presentation slides control experiment.
As shown in the table, all classification results were corrected, which means that the subjects controlled
the presentation slides by opening or closing their eyes and reliable EEG signals were measured
immediately after donning of the headsets.

Table 2. Result of alpha-rhythm-based presentation slides control experiment (N: next slide, P: previous
slide, spec: specificity, sens: sensitivity).

Subject Task Classification Results Correct/Total Spec Sens

1 NPNPNPNPNP NPNPNPNPNP 10/10 1 1
2 NNNPPNNPNP NNNPPNNPNP 10/10 1 1
3 NNPNNPNPPN NNPNNPNPPN 10/10 1 1
4 NNNPPPNNPN NNNPPPNNPN 10/10 1 1

The time window is 3 s in all tests.

4.3. SSVEP-Based BCI Speller

The results of the online experiment are presented in Table 3. The table shows the classification
result of each trial and the order in which the given words were completed. The shading commands in
the table present wrong classification results that the subjects did not intend. The average of accuracy,
ITR, LPM, and EFF were 95.70%, 20.34 b/m 3.75 l/m, and 90.88%, respectively. In comparison with a
previous study on SSVEP-based BCI with capacitive electrodes [34], the results obtained in this study
are slightly better. It was also observed that the results for the BCI experienced subjects (S1, S2) were
better than those for the non-experienced subjects (S3, S4). Considering preparation and donning time,
the proposed system has more advantages for BCI application.

Table 3. Classification results of SSVEP-based online BCI experiments (ACC: accuracy, ITR: information
transfer rate, LPM: letters per minute, EFF: efficiency, STD: standard deviation).

Subject Word Input Results
(Dhading: Wrong Result)

ACC
(%)

ITR
(bit/min)

LPM
(letters/min)

EFF
(%)

S1 BRAIN → ↓ B ↓ R←← A ↑ I← N 100 23.22 4.17 100
SNU → S← ← → N←←← ← → U 83.33 13.38 2.50 66.67
BCI → ↓ B→→→ C ↑ I 100 23.22 3.33 100
ALS ←← A ↑ ↑ ↑ L→ S 100 23.22 3.33 100
NEW ← N E← ↓W 100 23.22 5.00 100
SENSOR → S E← N→ S ↑ → O ↓ R 100 23.22 5.00 100

S2 BRAIN → ↓ B ↓ R←← ← → A ↑ I← N 92.86 18.08 3.57 85.71
SNU → S← N←←← U 100 23.22 3.75 100
BCI → ↓ B→→→ C ↑ I 100 23.22 3.33 100
ALS ←← A ← ↑ ↑ → ↑ L→ S 90.91 17.01 2.73 81.82
NEW ← N E← ↓W 100 23.22 5.00 100
SENSOR → S E← N→ S ↑ → O ↓ R 100 23.22 5.00 100

S3 BRAIN → ↓ B ↓ R←← A → ↑ ← I← N 92.86 18.08 3.57 85.71
SNU → S← N←←← U 100 23.22 3.75 100
BCI → ↓ B→ ← →→ ← →→ C ↑ I 84.62 13.95 2.31 69.23
ALS → ←←← A ↑ ↑ ↑ L→ S 90.91 17.01 2.73 81.82
NEW ← N E← ↓W 100 23.22 5.00 100
SENSOR → S E← N→ S ↑ → → ← O ↓ R 92.86 18.08 4.29 85.71

S4 BRAIN → ↓ B ↓ R←← ← → A ↑ I← N 92.86 18.08 3.57 85.71
SNU → S← N←←← U 100 23.22 3.75 100
BCI → ↓ B→→→ C ↑ ↑ ↓ I 90.91 17.01 2.73 81.82

ALS ←← A ↓ ↑ ↑ ↑ ↑ L→ S 90.91 17.01 2.73 81.82
NEW ← N E← ↓W 100 23.22 5.00 100
SENSOR → → ← S → ← E← N→ S ↑ → O ↓ R 93.75 18.60 3.75 75.00

Mean 95.70 20.34 3.75 90.88
STD 5.01 3.39 0.89 11.08
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4.4. ASSR-Based BCI Paradigm

The results of the online ASSR-based experiment are presented in Table 4. The average accuracy,
specificity, and sensitivity were 76%, 0.76, and 0.76, respectively. The results of a previous study [34]
on ASSR-based BCI system with capacitive electrodes were 72% accuracy, 0.64 specificity, and 0.76
sensitivity. The results obtained in this study are slightly better than that previous study. Considering
preparation and donning time, the proposed system has more advantages for BCI application.

Table 4. Classification results of ASSR-based online BCI experiment (Spec: specificity, Sens: sensitivity,
shading: wrong classification result, STD: standard deviation)

Subject Task Classification Results Correct/Total Spec Sens

S1 RLRLRRRLRL R R RRLRRRRR R R R 7/10 0.4 1
S2 LRLRLRRLLR L L LRL L RLL L 7/10 1 0.4
S3 RLLLRRLRLR RLRLRRLRLR 9/10 0.8 1
S4 RLLRLRLLRR RLL L LRLL LL 7/10 1 0.4
S5 RRRLLRLLRL RRRL R RL R RL 8/10 0.6 1

Mean 7.6/10 0.76 0.76
STD 0.09 0.26 0.33

The time window is 3 s in all tests.

5. Discussion

We presented two EEG headsets that can be donned quickly and used to immediately measure
EEG signals using up to eight channels. Experiments conducted to demonstrate the quick setup for
EEG headset with the presence of spontaneous EEG and BCI experiments were conducted. It took
approximately 10 s for healthy subjects to don the headsets, including the earclip with the reference
and ground electrodes. To the best of our knowledge, such a short preparation and donning time has
never been reported previously. Reliable EEG signals were observed after the fast setup. The results of
BCI experiments showed the feasibility of the headsets for various BCI applications.

The headsets introduced are designed such that the electrodes can be replaced manually to ensure
that they fit the curvature or the shape of the head of the particular subject. However, once the
combination of electrodes is set for one subject, it would be difficult to use the headset on another
subject; the electrodes would need to be reset for the headset to be used on another subject, which could
be time-consuming. To solve this problem, the headsets should be made from material that is more
flexible so that the headset can fit the shape of any head more easily after donning it. An experiment
with supine patients should be conducted in the future. In this study, only healthy subjects participated
in the experiments. This constitutes one of the limitations of the study. Validation experiments with
ALS patients who are potential users of the BCI system should be conducted in a separate study.

The proposed headsets measure up to eight channels of EEG signals simultaneously; however,
more channels are required for various applications. Therefore, headsets that have more than ten
channels should be considered in a future study. In addition, low power consumption, wireless data
transmission, and strategies to reduce motion artifacts should be part of a future study on ambulatory
monitoring of EEG signals.

Table 5 compares the results obtained in this study with those of several previously published
studies. As indicated, the results obtained in this study are similar to (for ASSR) or higher than (for
SSVEP) those obtained from previous studies. However, considering the preparation and donning
time, the proposed system possesses more advantages for BCI applications.
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Table 5. Comparison of the results obtained in this study with those of previous BCI-paradigm studies.

Electrode Type Preparation Time
Number
of EEG

Channels

Time
Window

Number
of

Subjects
Accuracy BCI

Paradigm Study

Gold disk Several minutes 4 2–20 s 6 84.3% ASSR Kim et al. (2011) [38]
Capacitive
coupling Several minutes 4 14 s 5 72.0% ASSR Baek et al. (2013) [34]

Wet felt pad Several minutes 14 6 s 4 83.0% SSVEP Liu et al. (2012) [39]
Spike dry 5.7 min 21 † 21 † † Halford et al. (2016) [40]

Spike dry <2 min 3 4 s 10 81.3% Motor
imagery Lin et al. (2016) [41]

Reverse-curve-arch
shaped ~10 s 8 20 s 5 76.0% ASSR This study

Reverse-curve-arch
shaped ~10 s 8 6 s 4 95.7% SSVEP This study

† = not available.

We can easily search and identify numerous internet video clips on EEG-based BCI applications.
However, almost all of these video clips were recorded after the EEG measurement system was set up
and prepared to measure the EEG signals. This is obviously because of the prohibitively long time
needed for the preparation procedure. By contrast, in this study, the BCI application was conducted
with instant-donning EEG headsets. It took approximately 10 s to don the headsets, and reliable EEG
signals could be measured immediately. The SSVEP-based and the ASSR-based BCI systems were
adopted for the validation experiment. The results obtained with the proposed system are congruent
with those obtained in the previous study that used capacitive electrodes [34].

To derive better results in terms of the BCI experiment, signal processing should be considered,
such as use of a classification algorithm, and optimization of the time window. However, such work is
outside the current scope of this study.

6. Conclusions

To date, various electrode types have been introduced for EEG measurement. However, existing
electrodes have inherent drawbacks. With Ag/AgCl electrodes, skin irritation and gel dehydration
limit long-term measurement of EEG signals. Consequently, a time-consuming and laborious procedure
is required for multichannel measurement with this electrode type. As regards reducing skin irritation,
dry-contact electrodes or capacitive coupling electrodes are considered alternative solutions. However,
they also have their own drawbacks. Dry-contact electrodes typically have spiky structures to reach to
the surface of the scalp passing through the hair. With these structures, however, only the tips contact
the surface of the scalp, resulting in high skin-electrode impedance and pain. Capacitive coupling
electrodes, on the other hand, do not need direct contact between skin and electrode. However, they
are vulnerable to motion artifacts, which results in low signal-to-noise ratios.

In various EEG-based applications, multichannel EEG measurement is required. However,
time-consuming and laborious preparation with assistance limit the measurement to implementation
only in a hospital or laboratory. The preparation includes attaching electrodes and gel injection on
respective spots on the scalp. This complex procedure for EEG measurement is a bottleneck for
practical applications in daily life.

In this study, a new dry EEG electrode structure developed in our previous work was applied
to headset. In contrast to existing dry EEG electrodes, it does not have a spiky structure but instead
a reversed-curve-arch-shape. The comb-like unique structure increases the skin-electrode contact
area on hairy scalps resulting in lower skin-electrode impedance and reduced probability of pain.
Two types of quick-setup multichannel EEG headsets were introduced. These two headset types are
designed such that all electrodes are able to reach the surface of the scalp while they are being donned,
which means that no preparation procedures are required and EEG signals measurement is possible
immediately after donning. Validation and BCI experiments with the headsets were conducted to
validate the headsets. The results of the validation experiments show that reliable reasoning from
EEG signals is possible immediately after donning the headsets without any preparation. Further, the
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results of SSVEP-based and ASSR-based BCI experiments show that the performance is sufficient for
BCI applications, with accuracies of 95.7% and 76.0%, respectively.

In conclusion, we hope that the developed system will contribute to the acceleration of EEG-based
research, such that EEG measurement and applications will become ubiquitous throughout our
daily activities.

Author Contributions: Conceptualization, J.K. and J.L.; methodology, J.L. and C.H.; data curation, J.L. and C.H.;
software, J.K., J.L. and C.H.; investigation, J.K., J.L. and C.H.; writing—original draft preparation, J.K. and J.L.;
writing—review and editing, K.P.

Funding: This research was supported by the Basic Science Research Program through the National Research
Foundation of Korea (NRF) funded by the Ministry of Science and ICT (NRF-2017R1A5A1015596).

Acknowledgments: The authors would like to thank all participants who provided rich data support for
our approach.

Conflicts of Interest: The authors declare no conflict of interest.

References

1. Armstrong, B.C.; Ruiz-Blondet, M.V.; Khalifian, N.; Kurtz, K.J.; Jin, Z.; Laszlo, S. Brainprint: Assessing the
uniqueness, collectability, and permanence of a novel method for ERP biometrics. Neurocomputing 2015, 166,
59–67. [CrossRef]

2. Wachinger, C.; Golland, P.; Kremen, W.; Fischl, B.; Reuter, M. BrainPrint: A discriminative characterization of
brain morphology. NeuroImage 2015, 109, 232–248. [CrossRef] [PubMed]

3. Han, C.; Kim, S.K.; Yoon, H.N.; Lee, W.K.; Park, C.S.; Kim, K.K.; Park, K.S. Contrast between spectral
and connectivity features for electroencephalography based authentication. In Proceedings of the World
Congress on Medical Physics and Biomedical Engineering, Toronto, ON, Canada, 7–12 June 2015.

4. Estrada, E.; Nazeran, H.; Nava, P.; Behbehani, K.; Burk, J.; Lucas, E. EEG feature extraction for classification
of sleep stages. In Proceedings of the 26th Annual International Conference of the IEEE Engineering in
Medicine and Biology Society, San Francisco, CA, USA, 1–5 September 2004; pp. 196–199.

5. Wolpaw, J.R.; McFarland, D.J. Multichannel EEG-based brain-computer communication. Electroencephalogr.
Clin. Neurophysiol. 1994, 90, 444–449. [CrossRef]

6. Junghöfer, M.; Elbert, T.; Leiderer, P.; Berg, P.; Rockstroh, B. Mapping EEG-potentials on the surface of the
brain: A strategy for uncovering cortical sources. Brain Topography 1997, 9, 203–217. [CrossRef]

7. Grummett, T.; Leibbrandt, R.; Lewis, T.; DeLosAngeles, D.; Powers, D.; Willoughby, J.; Pope, K.; Fitzgibbon, S.
Measurement of neural signals from inexpensive, wireless and dry EEG systems. Physiol. Meas. 2015, 36,
1469–1484. [CrossRef]

8. Companies—BNCI Horizon 2020 (List of Companies of Involved in the BCI Field). Available online:
http://bnci-horizon-2020.eu/index.php/community/companies (accessed on 18 February 2019).

9. Lee, J.S.; Han, C.M.; Kim, J.H.; Park, K.S. Reverse-curve-arch-shaped dry EEG electrode for increased
skin-electrode contact area on hairy scalps. Electron. Lett. 2015, 51, 1643–1645. [CrossRef]

10. Wolpaw, J.R.; Birbaumer, N.; McFarland, D.J.; Pfurtscheller, G.; Vaughan, T.M. Brain-computer interfaces for
communication and control. Clin. Neurophysiol. 2002, 113, 767–791. [CrossRef]

11. Dornhege, G.; Millan, J.D.; Hinterberger, T.; McFarland, D.J.; Müller, K.R. Toward Brain-Computer Interfacing;
The MIT Press: Cambridge, MA, USA, 2007.

12. Leuthardt, E.C.; Schalk, G.; Wolpaw, J.R.; Ojemann, J.G.; Moran, D.W. A brain-computer interface using
electrocorticographic signals in humans. J. Neural Eng. 2004, 1, 63–71. [CrossRef] [PubMed]

13. Donchin, E.; Spencer, K.M.; Wijesinghe, R. The mental prosthesis: Assessing the speed of a P300-based
brain-computer interface. IEEE Trans. Rehabil. Eng. 2000, 8, 174–179. [CrossRef]

14. Kim, D.-W.; Lee, J.-C.; Park, Y.-M.; Kim, I.-Y.; Im, C.-H. Auditory brain-computer interfaces (BCIs) and their
practical applications. Biomed. Eng. Lett. 2012, 2, 13–17. [CrossRef]

15. Nijboer, F.; Sellers, E.; Mellinger, J.; Jordan, M.; Matuz, T.; Furdea, A.; Halder, S.; Mochty, U.; Krusienski, D.J.;
Vaughan, T.M. A P300-based brain-computer interface for people with amyotrophic lateral sclerosis.
Clin. Neurophysiol. 2008, 119, 1909–1916. [CrossRef] [PubMed]

http://dx.doi.org/10.1016/j.neucom.2015.04.025
http://dx.doi.org/10.1016/j.neuroimage.2015.01.032
http://www.ncbi.nlm.nih.gov/pubmed/25613439
http://dx.doi.org/10.1016/0013-4694(94)90135-X
http://dx.doi.org/10.1007/BF01190389
http://dx.doi.org/10.1088/0967-3334/36/7/1469
http://bnci-horizon-2020.eu/index.php/community/companies
http://dx.doi.org/10.1049/el.2015.1873
http://dx.doi.org/10.1016/S1388-2457(02)00057-3
http://dx.doi.org/10.1088/1741-2560/1/2/001
http://www.ncbi.nlm.nih.gov/pubmed/15876624
http://dx.doi.org/10.1109/86.847808
http://dx.doi.org/10.1007/s13534-012-0051-1
http://dx.doi.org/10.1016/j.clinph.2008.03.034
http://www.ncbi.nlm.nih.gov/pubmed/18571984


Sensors 2019, 19, 1537 15 of 16

16. Farwell, L.A.; Donchin, E. Talking off the top of your head: Toward a mental prosthesis utilizing event-related
brain potentials. Electroencephalogr. Clin. Neurophysiol. 1988, 70, 510–523. [CrossRef]

17. Krusienski, D.J.; Sellers, E.W.; Cabestaing, F.; Bayoudh, S.; McFarland, D.J.; Vaughan, T.M.; Wolpaw, J.R. A
comparison of classification techniques for the P300 Speller. J. Neural Eng. 2006, 3, 299–305. [CrossRef]

18. Townsend, G.; LaPallo, B.K.; Boulay, C.B.; Krusienski, D.J.; Frye, G.E.; Hauser, C.K.; Schwartz, N.E.;
Vaughan, T.M.; Wolpaw, J.R.; Sellers, E.W. A novel P300-based brain-computer interface stimulus presentation
paradigm: Moving beyond rows and columns. Clin. Neurophysiol. 2010, 121, 1109–1120. [CrossRef] [PubMed]

19. Sellers, E.W.; Krusienski, D.J.; McFarland, D.J.; Vaughan, T.M.; Wolpaw, J.R. A P300 event-related potential
brain-computer interface (BCI): The effects of matrix size and inter stimulus interval on performance. Biol.
Psychol. 2006, 73, 242–252. [CrossRef]

20. Fazel-Rezai, R.; Ahmad, W. P300-based Brain-Computer Interface Paradigm Design. In Recent Advances
in Brain-Computer Interface Systems; Fazel, R., Ed.; INTECH Open Access Publisher, IntechOpen Limited:
London, UK, 2011; pp. 83–98.

21. Fazel-Rezai, R.; Abhari, K. A region-based P300 speller for brain-computer interface. Can. J. Electr. Comput.
Eng. 2009, 34, 81–85. [CrossRef]

22. Krusienski, D.J.; Sellers, E.W.; McFarland, D.J.; Vaughan, T.M.; Wolpaw, J.R. Toward enhanced P300 speller
performance. J. Neurosci. Methods 2008, 167, 15–21. [CrossRef] [PubMed]

23. Hwang, H.J.; Lim, J.H.; Jung, Y.J.; Choi, H.; Lee, S.W.; Im, C.H. Development of an SSVEP-based BCI spelling
system adopting a QWERTY-style LED keyboard. J. Neurosci. Methods 2012, 208, 59–65. [CrossRef]

24. Jia, C.; Gao, X.; Hong, B.; Gao, S. Frequency and phase mixed coding in SSVEP-based brain-computer
interface. IEEE Trans. Biomed. Eng. 2011, 58, 200–206.

25. Lin, Z.; Zhang, C.; Wu, W.; Gao, X. Frequency recognition based on canonical correlation analysis for
SSVEP-based BCIs. IEEE Trans. Biomed. Eng. 2006, 53, 2610–2614. [CrossRef] [PubMed]

26. Punsawad, Y.; Wongsawat, Y. Multi-command SSVEP-based BCI system via single flickering frequency
half-field stimulation pattern. In Proceedings of the 2011 Annual International Conference of the IEEE
Engineering in Medicine and Biology Society, Boston, MA, USA, 30 August–3 September 2011; pp. 1101–1104.

27. Lee, P.-L.; Sie, J.-J.; Liu, Y.-J.; Wu, C.-H.; Lee, M.-H.; Shu, C.-H.; Li, P.H.; Sun, C.W.; Shyu, K.K. An
SSVEP-actuated brain computer interface using phase-tagged flickering sequences: A cursor system. Ann.
Biomed. Eng. 2010, 38, 2383–2397. [CrossRef] [PubMed]

28. Lee, P.-L.; Yeh, C.-L.; Cheng, J.-S.; Yang, C.-Y.; Lan, G.-Y. An SSVEP-based BCI using high duty-cycle visual
flicker. IEEE Trans. Biomed. Eng. 2011, 58, 3350–3359. [CrossRef] [PubMed]

29. Volosyak, I. SSVEP-based Bremen-BCI interface—Boosting information transfer rates. J. Neural Eng. 2011, 8,
036020. [CrossRef] [PubMed]

30. Luo, A.; Sullivan, T.J. A user-friendly SSVEP-based brain-computer interface using a time-domain classifier.
J. Neural Eng. 2010, 7, 026010. [CrossRef] [PubMed]

31. Panicker, R.C.; Puthusserypady, S.; Sun, Y. An asynchronous P300 BCI with SSVEP-based control state
detection. IEEE Trans. Biomed. Eng. 2011, 58, 1781–1788. [CrossRef]

32. Xu, M.; Qi, H.; Wan, B.; Yin, T.; Liu, Z.; Ming, D. A hybrid BCI speller paradigm combining P300 potential
and the SSVEP blocking feature. J. Neural Eng. 2013, 10, 026001. [CrossRef]

33. Yin, E.; Zhou, Z.; Jiang, J.; Chen, F.; Liu, Y.; Hu, D. A novel hybrid BCI speller based on the incorporation of
SSVEP into the P300 paradigm. J. Neural Eng. 2013, 10, 026012. [CrossRef] [PubMed]

34. Baek, H.J.; Kim, H.S.; Heo, J.; Lim, Y.G.; Park, K.S. Brain-computer interfaces using capacitive measurement
of visual or auditory steady-state responses. J. Neural Eng. 2013, 10, 024001. [CrossRef]

35. Bin, G.; Gao, X.; Yan, Z.; Hong, B.; Gao, S. An online multi-channel SSVEP-based brain-computer interface
using a canonical correlation analysis method. J. Neural Eng. 2009, 6, 046002. [CrossRef]

36. Allison, B.; Luth, T.; Valbuena, D.; Teymourian, A.; Volosyak, I.; Graser, A. BCI demographics: How many
(and what kinds of) people can use an SSVEP BCI? IEEE Trans. Neural Syst. Rehabil. Eng. 2010, 18, 107–116.
[CrossRef]

37. Kim, D.-W.; Cho, J.-H.; Hwang, H.-J.; Lim, J.-H.; Im, C.-H. A vision-free brain-computer interface (BCI)
paradigm based on auditory selective attention. In Proceedings of the 2011 Annual International Conference
of the IEEE Engineering in Medicine and Biology Society, Boston, MA, USA, 30 August–3 September 2011.

http://dx.doi.org/10.1016/0013-4694(88)90149-6
http://dx.doi.org/10.1088/1741-2560/3/4/007
http://dx.doi.org/10.1016/j.clinph.2010.01.030
http://www.ncbi.nlm.nih.gov/pubmed/20347387
http://dx.doi.org/10.1016/j.biopsycho.2006.04.007
http://dx.doi.org/10.1109/CJECE.2009.5443854
http://dx.doi.org/10.1016/j.jneumeth.2007.07.017
http://www.ncbi.nlm.nih.gov/pubmed/17822777
http://dx.doi.org/10.1016/j.jneumeth.2012.04.011
http://dx.doi.org/10.1109/TBME.2006.886577
http://www.ncbi.nlm.nih.gov/pubmed/17549911
http://dx.doi.org/10.1007/s10439-010-9964-y
http://www.ncbi.nlm.nih.gov/pubmed/20177780
http://dx.doi.org/10.1109/TBME.2011.2162586
http://www.ncbi.nlm.nih.gov/pubmed/21788179
http://dx.doi.org/10.1088/1741-2560/8/3/036020
http://www.ncbi.nlm.nih.gov/pubmed/21555847
http://dx.doi.org/10.1088/1741-2560/7/2/026010
http://www.ncbi.nlm.nih.gov/pubmed/20332551
http://dx.doi.org/10.1109/TBME.2011.2116018
http://dx.doi.org/10.1088/1741-2560/10/2/026001
http://dx.doi.org/10.1088/1741-2560/10/2/026012
http://www.ncbi.nlm.nih.gov/pubmed/23429035
http://dx.doi.org/10.1088/1741-2560/10/2/024001
http://dx.doi.org/10.1088/1741-2560/6/4/046002
http://dx.doi.org/10.1109/TNSRE.2009.2039495


Sensors 2019, 19, 1537 16 of 16

38. Kim, D.-W.; Hwang, H.-J.; Lim, J.-H.; Lee, Y.-H.; Jung, K.-Y.; Im, C.-H. Classification of selective attention to
auditory stimuli: Toward vision-free brain-computer interfacing. J. Neurosci. Methods 2011, 197, 180–185.
[CrossRef] [PubMed]

39. Liu, Y.; Jiang, X.; Cao, T.; Wan, F.; Mak, P.U.; Mak, P.-I.; Vai, M.I. Implementation of SSVEP based BCI
with Emotiv EPOC. In Proceedings of the 2012 IEEE International Conference on Virtual Environments
Human-Computer Interfaces and Measurement Systems (VECIMS), Tianjin, China, 2–4 July 2012; pp. 34–37.

40. Halford, J.; Schalkoff, R.; Satterfield Martz, G.; Kutluay, E.; Waters, C.; Dean, B. Comparison of a novel dry
electrode headset to standard routine EEG in veterans. J. Clin. Neurophysiol. 2016, 33, 530–537. [CrossRef]
[PubMed]

41. Lin, B.-S.; Pan, J.-S.; Chu, T.-Y.; Lin, B.-S. Development of a wearable motor-imagery-based brain-computer
interface. J. Med. Syst. 2016, 40, 1–8. [CrossRef] [PubMed]

© 2019 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access
article distributed under the terms and conditions of the Creative Commons Attribution
(CC BY) license (http://creativecommons.org/licenses/by/4.0/).

http://dx.doi.org/10.1016/j.jneumeth.2011.02.007
http://www.ncbi.nlm.nih.gov/pubmed/21335029
http://dx.doi.org/10.1097/WNP.0000000000000284
http://www.ncbi.nlm.nih.gov/pubmed/27300074
http://dx.doi.org/10.1007/s10916-015-0429-6
http://www.ncbi.nlm.nih.gov/pubmed/26748791
http://creativecommons.org/
http://creativecommons.org/licenses/by/4.0/.

	Introduction 
	Materials and Methods 
	Electrodes 
	Headsets 

	Experiment 
	Instant Donning Experiment 
	Alpha-Rhythm-Based BCI Experiment 
	SSVEP-Based BCI Speller 
	ASSR-Based BCI Paradigm 

	Results 
	Instant Donning Experiment 
	Alpha-Rhythm-Based BCI Experiment 
	SSVEP-Based BCI Speller 
	ASSR-Based BCI Paradigm 

	Discussion 
	Conclusions 
	References

