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a b s t r a c t
The goal of this study was to develop a hybrid mental speller that can effectively prevent unexpected
typing errors in the steady-state visual evoked potential (SSVEP)-based mental speller by simultaneously
using the information of eye-gaze direction detected by a low-cost webcam without calibration. In the
implemented hybrid mental speller, a character corresponding to the strongest SSVEP response was typed
only when the position of the selected character coincided with the horizontal eye-gaze direction (‘left’,
‘no direction’, or ‘right’) detected by the webcam-based eye tracker. When the character detected by the
SSVEP-based mental speller was located in the direction opposite the eye-gaze direction, the character
was not typed at all (a beep sound was generated instead), and thus the users of the speller did not
need to correct the mistyped character using a ‘BACKSPACE’ key. To verify the feasibility and usefulness
of the developed hybrid mental spelling system, we conducted online experiments with ten healthy
participants, each of whom was asked to type 15 English words consisting of a total of 68 characters.
As a result, 16.6 typing errors could be prevented on average, demonstrating that the proposed hybrid
strategy could effectively enhance the performance of the SSVEP-based mental spelling system.
© 2015 Elsevier Ltd. All rights reserved.

1. Introduction
Many individuals suffering from serious neurological disorders
such as amyotrophic lateral sclerosis (ALS), brainstem stroke, and
spinal cord injury have difﬁculty in communicating with other
people or controlling their external environment. Brain–computer
interfaces (BCIs) are non-muscular communication and interaction
technologies that allow these disabled individuals to communicate with the outside world using their brain signals [1]. To date,
a variety of neural signals have been used with the aim of implementing practical BCI applications, such as electroencephalography
(EEG) [1–13], magnetoencephalography (MEG) [14,15], electrocorticography [16,17], near-infrared spectroscopy [18–20], functional
magnetic resonance imaging [21,22], and transcranial Doppler
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ultrasound [23,24]. In particular, the number of EEG-based BCI
applications has increased markedly during the past ﬁve years [5].
One of the most representative EEG-based BCI applications is
the BCI speller, which allows paralyzed users to spell out words
by simply gazing at the target characters [25–31]. So far, most
mental spelling systems have been developed based on the visual
P300, which is an event-related potential (ERP) component induced
by irregular, infrequent, and task-relevant visual stimuli [27–30].
N200, a negative ERP component evoked by motion-onset visual
stimuli [32,33], and modulation of EEG rhythmic activity due to
motor imagery [34] have also been used for implementing mental
spelling systems. Since these ERPs have proved to have relatively
lower intra- and inter-subject variability compared to the classical motor imagery-based BCI paradigms, ERP-based spellers do
not generally require long training time [27–30,32,33]. Recently,
some BCI studies have reported the successful implementation of
mental spelling systems based on steady-state visual evoked potential (SSVEP), which is a periodic EEG response elicited by a visual
stimulus ﬂickering or reversing at a speciﬁc frequency [25,31].
The SSVEP-based BCI systems have received increasing attention
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because they provide a high information transfer rate, require relatively few electrodes, and generally do not require any training,
as compared to the requirements of other BCI systems [1,35]. In
the SSVEP-based mental spelling systems, the users are supposed
to gaze at one of several visual stimuli with different ﬂickering frequencies in order to generate a target command, and the systems
can select the target by detecting the changes in EEG spectral power
recorded around the visual cortex. SSVEP-based BCI systems have
been implemented with different design types such as a moving
cursor type [31] and a multi-step decision-tree type [25], both of
which needed a series of multiple commands to be generated to
spell a character.
Recently, our group implemented an SSVEP-based mental
spelling system adopting a QWERTY style keyboard layout with
30 light-emitting diodes (LEDs) ﬂickering at different frequencies
with a 0.1-Hz inter-frequency span [26]. Because the number of
visual stimuli was identical to that of the target characters, users
could spell a target character directly in a single trial. Our previous system showed high performance (letters per minute = 9.39)
in online experiments. However, characters that were located in
the direction opposite the users’ gaze were frequently mistyped,
because thirty stimulation frequencies were assigned to each key
in such a way that each frequency was allocated sequentially as far
from those assigned to its neighboring LEDs as possible in order
to minimize the false positives caused by peripheral vision. In the
cases of the mistyping, the users needed to spend additional time
to correct the typing error using a ‘BACKSPACE’ key.
The goal of the present study was to enhance the performance
of the mental spelling system by preventing predictable typing
errors (typos) in advance. To this end, we combined the previous
mental speller with a low-cost webcam-based eye tracker that can
accurately estimate horizontal eye-gaze directions (‘left’ or ‘right’)
without any pre-calibration processes. In order to conﬁrm the feasibility of our hybrid mental spelling system, online experiments
were conducted with 10 participants. The basic concept of the proposed error prevention method is similar to that of the error-related
potential (ErrP)-based error detection method [36–41]; however,
unlike the ErrP-based method, the proposed hybrid mental speller
detects typing errors before visualizing the mistyped characters,
which will be discussed further in Section 4.

2. Methods
2.1. An SSVEP-based mental spelling system with 30 ﬂickering
LEDs
In the previously implemented mental spelling system, a modiﬁed QWERTY keyboard layout consisting of 30 LED keys was
introduced, as shown in Fig. 1(A). Twenty-six keys were assigned
to each of the English alphabet letters and the other four keys were
assigned to four symbols, which represented ‘BACKSPACE’, ‘ENTER’,
‘PUNCTUATION’, and ‘SPACE’. The size of each key except the
‘ENTER’ and ‘SPACE’ keys was set to 2 cm × 2 cm, and the distances
between neighboring keys were set to 2.5 cm both horizontally and
vertically.
The 30 LEDs ﬂickering with different frequencies were attached
to the back of thirty key slots, and the frequencies were evenly
divided within the frequency band of 5.0–7.9 Hz with a span
of 0.1 Hz [26]. Lastly, the selected stimulation frequencies were
assigned to each key, with each frequency allocated sequentially
to be as far from those assigned to its neighboring LEDs as possible. The minimum frequency difference between adjacent keys
was set to be 0.7 Hz. This frequency difference was thought to
be large enough to discriminate adjacent keys, considering even
smaller frequency difference (0.195 Hz) was successfully used for

Fig. 1. The modiﬁed QWERTY keyboard layout and an example of the stimulation frequency arrangement. (A) Twenty-six keys were used for the letters of the
English alphabet, and the other four keys were used for special symbols representing
BACKSPACE, ENTER, PUNCTUATION, and SPACE. (B) An example of the stimulation
frequency arrangements generated assuming 30 frequencies ranging from 5.0 Hz to
7.9 Hz with a span of 0.1 Hz.

implementing an SSVEP-based BCI application (i.e., TV remote
controller) [42]. Fig. 1(B) shows an example of the stimulation frequency arrangements.
In order to spell a character, the users were supposed to gaze at
the target character for a predetermined time period (e.g., 3 s). For
the determination of the character that a user was gazing at, we
used a simple classiﬁcation algorithm, which found the frequency
with the largest SSVEP response. In case of errors, the user could
correct a misspelled character using the ‘BACKSPACE’ key. Video
of the online experiments performed with the previous mental
spelling system can be found in the following YouTube link: http://
www.youtube.com/watch?v=uunf3FDfEno
2.2. Webcam-based eye-tracking
We used a commercial low-cost web-cam (Part Number
7795PC; Cosy Inc., Busan, Korea; operating current: 500 mA; range
of focal point: 3 cm – ∞; 30 frames/s; maximum 30 megapixel resolution; image sensor: CMOS), of which the price was less than US
$100. The web-cam-based eye-tracker estimates an eye-gaze direction of a human subject based on a template-matching method,
which is widely used in the ﬁeld of computer vision and is available in the OpenCV library (http://opencv.org). Let I be an input
image from the web-camera, and let Td be a template image for
an eye-gaze direction. The template-matching method computes a
cost function between Td and the partial images of I for any location
(x, y) as follows by using the normalized sum of squared differences
of pixel intensity values:



Cd (x, y) =

i,j


[I(x + i, y + j) − Td (i, j)]
2

I(x + i, y + j) · Td (i, j)

2

2

.

(1)

The cost function is calculated at all possible positions of the
template over the input image, and the position with the lowest
cost is selected as the best position. The matching criterion for the
set of template images, T = {T1, T2, . . .}, is as follows:
d̂ = arg mind minx,y Cd (x, y),
where d̂ means the index of the best-matched template.

(2)
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Fig. 2. An implemented hybrid mental spelling system and the criterion of the gaze
direction.

In this paper, we used two types of template images for each
eye-gaze direction (’left’ or ‘right’), and each of them was acquired
in advance of the experiments. The head position of a subject was
not changed severely during the experiments due to a chin rest, but
the direction of eye gaze was changed according to the position of
the character that the subject wants to type. We therefore created
a simple rectangular binary mask around the eye-position which is
similar to that used in [43], and applied it to the input image before
carrying out matching with the acquired eye-templates. Through
this pre-processing, we can drastically reduce the computation
time in template-matching and also can obtain better estimation
of eye-gaze direction.
2.3. A proposed hybrid mental spelling system
The direction of 10 characters (Q, W, E, R, A, S, D, Z, X, and C) was
deﬁned as ‘left’, and the direction of 9 characters (I, O, P, BACKSPACE,
K, L, ENTER, M, and PUNCTUATION) was deﬁned as ‘right’. The direction of the other 11 characters (T, Y, U, F, G, H, J, V, B, N, and SPACE)
was deﬁned as ‘no speciﬁc direction’ (see Fig. 2). When the visual
angle was set to 40◦ , the webcam-based eye tracker could correctly
discriminate the ‘left’-sided characters from the ‘right’-sided characters with 100% accuracy without requiring any pre-calibration
processes.
The proposed hybrid mental spelling system operated as follows. While a user was gazing at a target character ﬂickering at
a certain frequency, the SSVEP responses (spectral powers) of the
recorded EEG data were estimated and used as the feature vectors.
The target character that the user was gazing at was identiﬁed using
a simple classiﬁcation algorithm, which simply found the frequency
with the largest SSVEP response. The main difference between the
conventional speller and the proposed hybrid speller was that the
character corresponding to the strongest SSVEP response was typed
only when the position of the character coincided with the gaze
direction detected by the eye tracker. Otherwise, the character was
not typed at all, and a pure-tone beep sound was generated instead.
Therefore, the user did not have to spend time correcting the potential typing error using the ‘BACKSPACE’ key. This “typo-preventing”
strategy was not applied to the 11 characters located in the center of the keyboard, which were previously deﬁned as “no speciﬁc
direction” characters (see Fig. 2).
2.4. Participants and experimental conditions
Ten healthy participants (seven males and three females, 22–28
years old) participated in this study to evaluate the performance
of the hybrid mental spelling system. All participants had normal
or corrected to normal vision and none had a previous history of
neurological, psychiatric or other severe diseases that might otherwise affect the experimental results. Before the experiment, we
gave a detailed summary of the experimental procedures to each

Fig. 3. A snapshot of the online experiment where a participant was trying to spell
‘E’ to type a given English word, ‘ZONE’.

participant and received written consent from all participants. After
the experiment, we provided them with monetary reimbursement
for their participation. The study was reviewed and approved by
the Institutional Review Board of Hanyang University, Korea.
Each participant sat in a comfortable armchair in front of the
hybrid mental speller, and the distance between the nasion of the
participant and the hybrid mental speller was set to 44 cm (visual
angle: 40◦ ). According to the international 10–20 system, three
electrodes (Oz, O1 and O2) were mounted on the occipital area
of each participant’s scalp. We used a multi-channel EEG acquisition system (WEEG-32, Laxtha Inc., Daejeon, Korea) to record EEG
signals while each participant was concentrating on the target characters ﬂickering at different frequencies. A reference electrode was
placed at the right mastoid and a ground electrode was placed at
the left mastoid. The EEG signals were sampled at 512 Hz. An antialiasing band pass ﬁlter with cutoff frequencies of 0.7 Hz and 50 Hz
was applied. In order to prevent the misidentiﬁcation of eye gaze
direction due to head movement, the neck of the participant was
ﬁxed using a chin rest that was a part of an ophthalmic examination system (see Fig. 3). This experimental setting provided more
realistic experimental environments, mimicking the conditions of
patients with severe ALS or locked-in syndrome (LIS) who cannot
communicate with others without using their brain signals, but
might not be an appropriate condition for patients whose head
movements are not completely abolished.
2.5. Experimental procedures
The performance of the implemented webcam-based eye
tracker was conﬁrmed by a series of preliminary experiments conducted with ten participants. The participants were asked to gaze
at characters located on either the ‘left’ or the ‘right’ side for 3 s
according to the verbal instructions of a researcher, and then the
output of the eye tracker (either left or right) was compared with
the location of the designated character. This process was repeated
thirty times and the classiﬁcation accuracy of the eye tracker was
always 100% when the character direction was deﬁned as in Fig. 2.
To conﬁrm the feasibility of the hybrid mental spelling system,
a series of online experiments were conducted. After the participants had some time to get accustomed to the hybrid spelling
system (<3 min), they were instructed to completely spell the given
15 English words (68 characters, see Table 1). The time period
required to spell one character (3–6 s) was assigned differently to
each participant considering the different typing abilities of each
participant evaluated in preliminary experiments [26]. The outcome was immediately presented to the participants using both
visual and auditory feedback. In case of errors, the participants
could correct a misspelled character using the ‘BACKSPACE’ key.
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Table 1
The complete typing results of a single participant (P8, a male subject who showed the worst performance). In the second column of Table 1 the characters with underlining
and parentheses were actual typos and prevented typos, respectively, and ‘←’ and ‘ ’ signify the ‘BACKSPACE’ and ‘SPACE’ keys, respectively.
Target characters

Typing results

BABY
DESK
GOLF
HAND
FACE
HOUR
TAXI
ZONE
JUNE
WATER
WOMAN
VIDEO
QUICK
PENCIL
MEMORY

B (J) A B (X) Y
D (I) (N) (M) E (L) S K
G (Z) O L (M) F
HANTL←F←←D
F A C (I) (I) (M) E
H (Z) I ← O U R
T (L) A X I
Z O U (W) ← (ENTER) N (I) E
P ← ← ← J U N (M) E
W A T (M) (M) E (L) R
W (Z) O M A N
V I D S (E) ← E M I ← ← O
(L) (ENTER) (L) (ENTER) Q U I C K
V←PENCIL
M (I) (M) (M) (M) E (E) M O (L) R Y

Total number of typed characters

Total

If the gaze direction information obtained from the eye tracker
did not coincide with the position of the character decoded from
SSVEP responses, a pure tone beep sound was generated, at which
time the participants were asked to gaze at the misspelled target
character again. Fig. 3 shows a snap shot of the online experiment
where a participant was trying to type ‘E’. A sample movie of the
online experiment can be found at the following URL (http://youtu.
be/Ey8jxYLiUnY) or in the supplementary movie ﬁle attached to
this manuscript.
3. Results
Table 1 shows the complete typing results of one participant
(P8), a male subject who showed the worst performance among
all of the participants, to demonstrate how the participant spelled
the given 15 English words. In the second column of Table 1,
the characters with underlining and parentheses represent actual
typos and prevented typos, respectively, and ‘←’ and ‘ ’ represent ‘BACKSPACE’ and ‘SPACE’, respectively. The participant entered
124 characters (including the ‘BACKSPACE’ key) to completely type
68 characters. The total number of typing errors was 44, but 32
typing errors were prevented by using the eye-direction information extracted from the webcam-based eye tracker. That is to
say, the participant needed to correct only 12 typing errors using
‘BACKSPACE’ key, and thus could save at least 128 s (=32 × 4 s) in
typing the 68 characters.
Table 2 summarizes the full online experimental results for all
of the participants. The average number of total typing errors was
25.8, and at least 16.6 additional typing (64.34% of the number)
of ‘BACKSPACE’ could be prevented on average by using the eye

Number of prevented typos

6
8
6
10
7
7
5
9
11
8
6
12
9
8
12

2
4
2
0
3
1
1
3
1
3
1
1
4
0
6

124

32

tracker information. Consequently, our hybrid mental spelling
system could save at least 78.5 s for typing the given 68 characters.
The time period to spell one character had a negative correlation
with the “ratio of typo prevention (=the total number of typos/the
number of prevented typos)” (Spearman correlation, rho = −0.6484,
p = 0.0426), which suggests that our typo-prevention method might
be more efﬁcient to individuals whose typing ability is superior.
The online experimental results demonstrated that the proposed
hybrid mental spelling system could signiﬁcantly reduce the total
typing time, and thus, could signiﬁcantly enhance the performance
of the speller by preventing typing errors.
4. Discussion
In our online experiments, at least 16.6 additional typing of
‘BACKSPACE’ could be prevented, on average, by using the eye
tracker information when the 10 participants typed the given 68
characters. The reason why we used “at least” in the previous
sentence is that the ‘BACKSPACE’ key itself can also be possibly
misidentiﬁed, at which time the typing of the ‘BACKSPACE’ key
again is needed. For example, in the case of participant P8 (a male
subject whose typing log is summarized in Table 1), he typed 10
characters (H A N T L ← F ← ← D) to spell ‘HAND’, when two letters,
‘L’ and ‘F’, were typed instead of ‘BACKSPACE’. Subject P8, who
showed the worst typing performance among all of the participants, generated many typing errors including the above example,
but he did not have to type the ‘BACKSPACE’ key at all while he
was writing the words ‘BABY’, ‘DESK’, ‘FACE’, ‘GOLF’, ‘TAXI’, ‘QUICK’,
‘WATER’, ‘WOMAN’, and ‘MEMORY’ because the eye tracker prevented potential typing errors.

Table 2
Summary of online experimental results of all participants.
Participants

Time to type one
character (s)

Total number of
typed characters

Number of typos
(not prevented)

Number of
prevented typos

Ratio of typo
prevention (%)

Time saved (s)

P1
P2
P3
P4
P5
P6
P7
P8
P9
P10

3
6
6
6
6
4
5
4
5
4

101
123
106
91
92
85
109
124
97
98

27
36
28
16
18
14
30
44
23
22

21
17
18
9
11
11
18
32
16
13

43.75
32.08
39.13
36.00
37.93
44.00
37.50
42.11
41.03
37.14

63
102
106
54
66
44
90
128
80
52

Average

4.9

102.2

25.8

16.6

39.07

78.5
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The eye tracker itself can also be used as a tool for the communication of the disabled [44,45]. For users with normal oculomotor
functions, the performance (accuracy and resolution) of the eye
tracker-based spelling systems should be better than that of the
EEG-based mental spelling systems. In practice, however, many
patients with severe ALS have difﬁculty in moving their eyeballs or
blinking their eyes as naturally as normal individuals can [46–48].
For instance, a study by Averbuch-Heller et al. [46] described an
ALS patient with normal corrected visual acuity who could move
his eyes horizontally, but had difﬁculty moving them upward. Since
these patients cannot control eyeball mouse cursors accurately,
many of them cannot use the eye tracker-based speller systems
at all. Since ﬁne control of the eyeballs is not necessary to operate
independent-type BCI spellers [1], BCI spellers can be alternatively
used for the communication of patients with severe neuromuscular
disorders. Moreover, spelling systems based on high performance
eye trackers are not only generally expensive, but they also require
time-consuming calibration processes to initiate the coordinate
frames [49]. In this study, we used a low-cost web camera to detect
simply the binary horizontal location of the eyeballs (left or right)
without any calibration processes. The reference lines in Fig. 2 were
empirically determined so that the accuracy of the binary decision of the eye tracker could be 100% when the visual angle of the
keyboard was set to 40◦ . If the visual angle is largely changed, the
reference lines also need to be set again; however, this process does
not necessarily require a long calibration time if the relationship
between the eye tracker accuracy and the visual angle is evaluated
preliminarily.
One important factor that might inﬂuence the performance of
eye-tracking would be the distance between the speller keyboard
and the subject, which was set to 44 cm based on our previous study
[26]. If some patients feel uncomfortable in staring at LEDs located
at such a close distance, the distance needs to be increased. However, the increment of distance will degrade the performance of
the eye-tracker because of the reduced visual angle between the
webcam and the subject’s eyes. Simultaneous use of two webcams
for tracking each eye would be one of the potential solutions to
tackle this problem, which is an interesting topic that we want to
perform in the future study. In addition, it would be also interesting to compare the efﬁciency of our hybrid spelling paradigm
with that of expensive high performance eye-trackers [50,51] in
various aspects such as the price performance, preparation time,
information transfer rate, and so on.
In the present study, since we adopted a simple classiﬁcation
algorithm that ﬁnds the frequency with the largest SSVEP response
[25,26,52], the same typing errors occurred repeatedly depending
on each participant. Frequencies that elicit strong SSVEP responses
are highly dependent upon the participants [53]. In the case of participant P8, three characters, ‘M’, ‘L’, and ‘I’, were mistyped 9, 6, and
5 times, respectively. Although the eye tracker could prevent some
typing errors, we are currently considering more advanced classiﬁcation algorithms such as phase-constrained canonical correlation
analysis (p-CCA) [54], as previous studies have demonstrated that
the CCA-based classiﬁcation algorithm could improve the performance of SSVEP-based BCI systems [54–56]. In order to properly
apply CCA-based methods, more than eight channels are needed,
but we used only three electrodes (Oz, O1, and O2) in the present
study. Nevertheless, we are planning to apply CCA-based methods in our future studies to enhance the performance of our
system.
Detection of ErrP has been the one of the representative error
prevention techniques, and many previous literatures have demonstrated that the ErrP detection can improve the overall performance
of various BCI systems [38–41,57,58]. In particular, Combaz et al.
[38] and Schmidt et al. [40] developed visual spellers with an automatic error-correction function based on ErrP detection. Recently,
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Spüler et al. [41] conﬁrmed that ErrP could be used to increase
the overall bit rate of a P300-based mental speller. The ErrP-based
error correction method has an advantage over our eye-gaze-based
error prevention approach in that it can be applied to various speller
types regardless of the BCI paradigms such as motor imagery, P300,
and SSVEP [38–41,57,58]. However, in contrast to our eye gazebased error prevention method, the ErrP-based error correction
method can detect typing errors only after presenting the mistyped
characters on the screen, which spends unnecessary time. Moreover, the ErrP-based error correction method cannot be efﬁciently
applied to some individuals for whom the accuracy of ErrP detection is low. Therefore, it would be an interesting future topic to
develop a new technique to combine the ErrP-based error correction method and the proposed hybrid mental speller to enhance
the error correction performance.
5. Conclusions
In this study, we introduced a hybrid mental spelling system
which prevents additional typing of ‘BACKSPACE’ to correct typos.
In order to detect typos, simultaneously utilizes both EEG signals recorded from the occipital area and the horizontal eye-gaze
direction information extracted from a low-cost webcam-based
eye tracker. In our online experiments conducted with 10 healthy
participants, at least 16.6 typos could be prevented, from the
results, verifying that the proposed strategy could effectively
enhance the performance of the SSVEP-based mental spelling
system.
Acknowledgements
This work was supported in part by the National Research
Foundation of Korea (NRF) funded by the Ministry of Science,
ICT & Future Planning (NRF-2012R1A2A2A03045395 and NRF2011-0027859) and supported in part by the ICT R&D program of
MSIP/IITP (10045452, Development of Multimodal Brain–Machine
Interface System Based on User Intent Recognition).
Appendix A. Supplementary data
Supplementary data associated with this article can be found, in
the online version, at http://dx.doi.org/10.1016/j.bspc.2015.05.012
References
[1] J.R. Wolpaw, N. Birbaumer, D.J. McFarland, G. Pfurtscheller, T.M. Vaughan,
Brain–computer interfaces for communication and control, Clin. Neurophysiol.
113 (2002) 767–791.
[2] H. Bakardjian, T. Tanaka, A. Cichocki, Optimization of SSVEP brain responses
with application to eight-command brain–computer interface, Neurosci. Lett.
469 (2010) 34–38.
[3] A.F. Cabrera, D. Farina, K. Dremstrup, Comparison of feature selection and classiﬁcation methods for a brain–computer interface driven by non-motor imagery,
Med. Biol. Eng. Comput. 48 (2010) 123–132.
[4] M. Cheng, X. Gao, S. Gao, D. Xu, Design and implementation of a brain–computer
interface with high transfer rates, IEEE Trans. Biomed. Eng. 49 (2002)
1181–1186.
[5] H.-J. Hwang, S. Kim, S. Choi, C.-H. Im, EEG-based brain–computer interfaces
(BCIs): a thorough literature survey, Int. J. Hum. Comput. Interact. (2013)
814–826.
[6] X. Li, X. Chen, Y. Yan, W. Wei, Z.J. Wang, Classiﬁcation of EEG signals using a multiple kernel learning support vector machine, Sensors 14 (2014) 12784–12802.
[7] K.A. McCreadie, D.H. Coyle, G. Prasad, Sensorimotor learning with stereo auditory feedback for a brain–computer interface, Med. Biol. Eng. Comput. 51 (2013)
285–293.
[8] A. Mora-Cortes, N.V. Manyakov, N. Chumerin, M.M. Van Hulle, Language model
applications to spelling with brain–computer interfaces, Sensors 14 (2014)
5967–5993.
[9] G.R. Müller-Putz, V. Kaiser, T. Solis-Escalante, G. Pfurtscheller, Fast set-up asynchronous brain-switch based on detection of foot motor imagery in 1-channel
EEG, Med. Biol. Eng. Comput. 48 (2010) 229–233.

104

J.-H. Lim et al. / Biomedical Signal Processing and Control 21 (2015) 99–104

[10] S.A. Park, H.J. Hwang, J.H. Lim, J.H. Choi, H.K. Jung, C.H. Im, Evaluation of feature extraction methods for EEG-based brain–computer interfaces in terms of
robustness to slight changes in electrode locations, Med. Biol. Eng. Comput. 51
(2013) 571–579.
[11] H. Ramoser, J. Müller-Gerking, G. Pfurtscheller, Optimal spatial ﬁltering of single trial EEG during imagined hand movement, IEEE Trans. Rehabil. Eng. 8
(2000) 441–446.
[12] Y. Sung, K. Cho, K. Um, A development architecture for serious games using BCI
(brain computer interface) sensors, Sensors 12 (2012) 15671–15688.
[13] C. Papadelis, C. Braun, D. Pantazis, S.R. Soekadar, P. Bamidis, Using brain waves
to control computers and machines, Adv. Hum. Comput. Interact. 2013 (2013),
Article ID 802063.
[14] J. Mellinger, G. Schalk, C. Braun, H. Preissl, W. Rosenstiel, N. Birbaumer, A.
Kübler, An MEG-based brain–computer interface (BCI), NeuroImage 36 (2007)
581–593.
[15] W. Wang, G.P. Sudre, Y. Xu, R.E. Kass, J.L. Collinger, A.D. Degenhart, A.I. Bagic,
D.J. Weber, Decoding and cortical source localization for intended movement
direction with MEG, J. Neurophysiol. 104 (2010) 2451–2461.
[16] E.C. Leuthardt, G. Schalk, J.R. Wolpaw, J.G. Ojemann, D.W. Moran, A
brain–computer interface using electrocorticographic signals in humans, J.
Neural Eng. 1 (2004) 63–71.
[17] G. Schalk, J. Kubánek, K.J. Miller, N.R. Anderson, E.C. Leuthardt, J.G. Ojemann,
D. Limbrick, D. Moran, L.A. Gerhardt, J.R. Wolpaw, Decoding two-dimensional
movement trajectories using electrocorticographic signals in humans, J. Neural
Eng. 4 (2007) 264–275.
[18] G. Bauernfeind, R. Scherer, G. Pfurtscheller, C. Neuper, Single-trial classiﬁcation
of antagonistic oxyhemoglobin responses during mental arithmetic, Med. Biol.
Eng. Comput. 49 (2011) 979–984.
[19] S.M. Coyle, T.E. Ward, C.M. Markham, Brain–computer interface using a simpliﬁed functional near-infrared spectroscopy system, J. Neural Eng. 4 (2007)
219–226.
[20] R. Sitaram, H. Zhang, C. Guan, M. Thulasidas, Y. Hoshi, A. Ishikawa, K. Shimizu, N.
Birbaumer, Temporal classiﬁcation of multichannel near-infrared spectroscopy
signals of motor imagery for developing a brain–computer interface, NeuroImage 34 (2007) 1416–1427.
[21] N. Weiskopf, K. Mathiak, S.W. Bock, F. Scharnowski, R. Veit, W. Grodd, R. Goebel,
N. Birbaumer, Principles of a brain–computer interface (BCI) based on realtime functional magnetic resonance imaging (fMRI), IEEE Trans. Biomed. Eng.
51 (2004) 966–970.
[22] S.S. Yoo, T. Fairneny, N.K. Chen, S.E. Choo, L.P. Panych, H. Park, S.Y. Lee, F.A.
Jolesz, Brain–computer interface using fMRI: spatial navigation by thoughts,
Neuroreport 15 (2004) 1591–1595.
[23] I. Aleem, T. Chau, Towards a hemodynamic BCI using transcranial Doppler
without user-speciﬁc training data, J. Neural Eng. 10 (2013), Article ID 016005.
[24] A.J.B. Myrden, A. Kushki, E. Sejdić, A.M. Guerguerian, T. Chau, A brain–computer
interface based on bilateral transcranial Doppler ultrasound, PLoS ONE 6 (2011),
Article ID e24170.
[25] H. Cecotti, A self-paced and calibration-less SSVEP-based brain–computer
interface speller, IEEE Trans. Neural Syst. Rehab. Eng. 18 (2010) 127–133.
[26] H.J. Hwang, J.H. Lim, Y.J. Jung, H. Choi, S.W. Lee, C.H. Im, Development of an
SSVEP-based BCI spelling system adopting a QWERTY-style LED keyboard, J.
Neurosci. Methods 208 (2012) 59–65.
[27] J. Jin, P. Horki, C. Brunner, X. Wang, C. Neuper, G. Pfurtscheller, A new P300
stimulus presentation pattern for EEG-based spelling systems, Biomed. Tech.
55 (2010) 203–210.
[28] D.J. McFarland, W.A. Sarnacki, G. Townsend, T. Vaughan, J.R. Wolpaw, The
P300-based brain–computer interface (BCI): effects of stimulus rate, Clin. Neurophysiol. 122 (2011) 731–737.
[29] G. Pires, U. Nunes, M. Castelo-Branco, Statistical spatial ﬁltering for a
P300-based BCI: tests in able-bodied, and patients with cerebral palsy and
amyotrophic lateral sclerosis, J. Neurosci. Methods 195 (2011) 270–281.
[30] E.W. Sellers, T.M. Vaughan, J.R. Wolpaw, A brain–computer interface for longterm independent home use, Amyotroph. Lateral Scler. 11 (2010) 449–455.
[31] I. Volosyak, SSVEP-based Bremen–BCI interface – boosting information transfer
rates, J. Neural Eng. 8 (2011) 036020.
[32] B. Hong, F. Guo, T. Liu, X. Gao, S. Gao, N200-speller using motion-onset visual
response, Clin. Neurophysiol. 120 (2009) 1658–1666.
[33] S. Schaeff, M.S. Treder, B. Venthur, B. Blankertz, Exploring motion VEPs for gazeindependent communication, J. Neural Eng. 9 (2012) 045006.
[34] S. Perdikis, R. Leeb, J. Williamson, A. Ramsay, M. Travella, L. Desiden, E.J.
Hoogerwerf, A. Al-Khodairy, R. Murray-Smith, J.R. Millan, Clinical evaluation of
BrainTree, a motor imagery hybrid BCI speller, J. Neural Eng. 11 (2012) 036003.

[35] F.B. Vialatte, M. Maurice, J. Dauwels, A. Cichocki, Steady-state visually evoked
potentials: focus on essential paradigms and future perspectives, Prog. Neurobiol. 90 (2010) 418–438.
[36] G. Schalk, J.R. Wolpaw, D.J. McFarland, G. Pfurtscheller, EEG-based communication: presence of an error potential, Clin. Neurophysiol. 111 (2000) 2138–2144.
[37] P.W. Ferrez, J. Del, R. Millán, EEG-based brain–computer interaction: improved
accuracy by automatic single-trial error detection, Advances in Neural Information Processing Systems (NIPS) 20 (2009) 441–448.
[38] A. Combaz, N. Chumerin, N.V. Manyakov, A. Robben, J.A.K. Suykens, M.M. Van
Hulle, Error-related potential recorded by EEG in the context of a P300 mind
speller brain–computer interface, in: Proceedings of the 2010 IEEE International Workshop on Machine Learning for Signal Processing, MLSP 2010, 2010,
pp. 65–70.
[39] P. Margaux, M. Emmanuel, D. Sébastien, B. Olivier, M. Jérémie, Objective and
subjective evaluation of online error correction during P300-based spelling,
Adv. Hum. Comput. Interact. 2012 (2012), Article ID 578295.
[40] N.M. Schmidt, B. Blankertz, M.S. Treder, Online detection of error-related potentials boosts the performance of mental typewriters, BMC Neurosci. 13 (2012),
Article ID 19.
[41] M. Spüler, M. Bensch, S. Kleih, W. Rosenstiel, M. Bogdan, A. Kübler, Online use of
error-related potentials in healthy users and people with severe motor impairment increases performance of a P300-BCI, Clin. Neurophysiol. 123 (2012)
1328–1337.
[42] X. Gao, D. Xu, M. Cheng, S. Gao, A BCI-based environmental controller for the
motion-disabled, IEEE Trans. Neural Syst. Rehabil. Eng. 11 (2003) 137–140.
[43] M. Montazeri, H. Nezamabadi-Pour, Automatic extraction of eye ﬁeld from a
gray intensity image using intensity ﬁltering and hybrid projection function,
in: 2011 International Conference on Communications, Computing and Control
Applications, CCCA 2011, 2011, pp. 1–5.
[44] C.S. Lin, C.H. Lin, Y.L. Lay, M.S. Yeh, H.C. Chang, Eye-controlled virtual keyboard
using a new coordinate transformation of long and narrow region, Opt. Appl.
38 (2008) 481–489.
[45] I.S. MacKenzie, B. Ashtiani, BlinkWrite: efﬁcient text entry using eye blinks,
Univers. Access Inf. Soc. 10 (2011) 69–80.
[46] L. Averbuch-Heller, C. Helmchen, A.K.E. Horn, R.J. Leigh, J.A. Büttner-Ennever,
Slow vertical saccades in motor neuron disease: correlation of structure and
function, Ann. Neurol. 44 (1998) 641–648.
[47] C. Donaghy, M.J. Thurtell, E.P. Pioro, J.M. Gibson, R.J. Leigh, Eye movements in
amyotrophic lateral sclerosis and its mimics: a review with illustrative cases,
J. Neurol. Neurosurg. Psychiatry 82 (2011) 110–116.
[48] B. Okuda, T. Yamamoto, M. Yamasaki, K. Maya, T. Imai, Motor neuron disease
with slow eye movements and vertical gaze palsy, Acta Neurol. Scand. 85 (1992)
71–76.
[49] H.C. Lee, W.O. Lee, C.W. Cho, S.Y. Gwon, K.R. Park, H. Lee, J. Cha, Remote
gaze tracking system on a large display, Sensors (Switzerland) 13 (2013)
13439–13463.
[50] P. Majaranta, K.J. Räihä, Twenty years of eye typing: systems and design issues,
in: Eye Tracking Research and Applications Symposium (ETRA), 2002, pp.
15–22.
[51] M. Wedel, R. Pieters, A review of eye-tracking research in marketing, Rev. Market. Res. (2008) 123–147.
[52] R.C. Panicker, S. Puthusserypady, Y. Sun, An asynchronous P300 BCI with SSVEPbased control state detection, IEEE Trans. Biomed. Eng. 58 (2011) 1781–1788.
[53] D. Zhu, J. Bieger, G. Garcia Molina, R.M. Aarts, A survey of stimulation methods
used in SSVEP-based BCIs, Comput. Intell. Neurosci. 2010 (2010), Article ID
702357.
[54] J. Pan, X. Gao, F. Duan, Z. Yan, S. Gao, Enhancing the classiﬁcation accuracy of
steady-state visual evoked potential-based brain–computer interfaces using
phase constrained canonical correlation analysis, J. Neural Eng. 8 (2011), Article
ID 036027.
[55] G. Bin, X. Gao, Z. Yan, B. Hong, S. Gao, An online multi-channel SSVEP-based
brain–computer interface using a canonical correlation analysis method, J.
Neural Eng. 6 (2009), Article ID 046002.
[56] Z. Lin, C. Zhang, W. Wu, X. Gao, Frequency recognition based on canonical
correlation analysis for SSVEP-Based BCIs, IEEE Trans. Biomed. Eng. 54 (2007)
1172–1176.
[57] E. Thomas, M. Dyson, M. Clerc, An analysis of performance evaluation for motorimagery based BCI, J. Neural Eng. 10 (2013), Article ID 031001.
[58] J.N. da Cruz, Z. Wang, C.M. Wong, F. Wan, Single-trial detection of error-related
potential by one-unit SOBI-R in SSVEP-based BCI, in: Lecture Notes in Computer
Science (Including Subseries Lecture Notes in Artiﬁcial Intelligence and Lecture
Notes in Bioinformatics), 2014, pp. 524–532.

