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Abstract — Most event-related potential (ERP)-based
brain–computer interface (BCI) spellers primarily use matrix
layouts and generally require moderate eye movement for
successful operation. The fundamental objective of this
paper is to enhance the perceptibility of target characters
by introducing motion stimuli to classical rapid serial visual
presentation (RSVP) spellers that do not require any eye
movement, thereby applying them to paralyzed patients
with oculomotor dysfunctions. To test the feasibility of the
proposed motion-based RSVP paradigm, we implemented
three RSVP spellers: 1) fixed-direction motion (FM-RSVP);
2) random-direction motion (RM-RSVP); and 3) (the conventional) non-motion stimulation (NM-RSVP), and evaluated
the effect of the three different stimulation methods on
spelling performance. The two motion-based stimulation
methods, FM- and RM-RSVP, showed shorter P300 latency
and higher P300 amplitudes (i. e., 360.4–379.6 ms; 5.5867–
5.7662 µV) than the NM-RSVP (i. e., 480.4 ms; 4.7426 µV).
This led to higher and more stable performances for FM- and
RM-RSVP spellers than NM-RSVP speller (i. e., 79.06±6.45%
for NM-RSVP, 90.60± 2.98% for RM-RSVP, and 92.74± 2.55%
for FM-RSVP). In particular, the proposed motion-based
RSVP paradigm was significantly beneficial for about half
of the subjects who might not accurately perceive rapidly
presented static stimuli. These results indicate that the
use of proposed motion-based RSVP paradigm is more
beneficial for target recognition when developing BCI applications for severely paralyzed patients with complex ocular
dysfunctions.
Index Terms — Brain-computer interface (BCI), gazeindependent, event-related potential (ERP), rapid serial
visual presentation (RSVP).
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I. I NTRODUCTION

B

RAIN-COMPUTER interface (BCI) uses brain signals
instead of muscle signals to control external devices such
as an exoskeleton, a robotic arm, or a wheelchair [1]–[4].
Electroencephalography (EEG) has been widely used for
BCI research [5]–[9] owing to the following advantages:
good temporal resolution enabling real-time BCI control,
non-invasiveness, and reasonable price. EEG-based BCIs
have been categorized according to the type of brain activity
used for the development of a BCI system, e. g., eventrelated potential (ERP) [10], steady-state visual evoked
potential [11]–[14], event-related (de)synchronization [15],
and slow cortical potential [16].
A BCI speller is a representative application for EEG-based
BCIs that enable the user to write characters without muscle
movements [17], [18]. Many BCI studies have shown that
BCI spelling systems can be implemented using ERPs [10],
[19]–[21]. ERP-based spellers (or P300 spellers) use neural
activity generated by user attention to input a target character.
Conventional ERP spellers based on visual stimuli generally
consist of a 6 × 6 symbol matrix [10], in which the user
concentrates on a target character, and distinct ERPs appear
whenever the row and column containing a target symbol is
flickered; the user can spell the target character by employing
dominant ERPs.
Conventional vision-based ERP spellers have shown
excellent performance [21]–[23] when the user has relatively
moderate visual functions [21]. However, gaze independence
and visual fatigue are remaining challenges in the development
of BCI speller systems, as conventional vision-based BCI
spellers offer only limited practical applicability for end
users with severe oculomotor impairments [24]. The classical
vision-based BCI spellers need at least moderate head or
eye movement toward target stimuli for achieving reasonable
performance. Recently, some studies have considered gazeindependence issues in developing BCI spellers with other
sensory modalities such as hearing and somatic sensation
[25]–[28]. However, ERPs induced by non-visual stimuli
are weaker than those induced by visual stimuli [29], and
the number of targets that can be used for implementing
BCI systems is limited with non-visual stimuli (<10
in general).
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Recently, gaze-independent spellers have been introduced
using visual ERP paradigms [29]–[32]. For example, a covert
attention-based paradigm using peripheral vision was introduced, and its feasibility for developing ERP spellers was
proved [29], [30]. However, ERP amplitudes and spelling
performance of covert attention-based spellers are weaker and
lower than those of overt attention paradigms accompanying
eye movements – it is known that central vision has higher
visual sensitivity than peripheral vision [33]. In addition,
another gaze-independent BCI speller based on motion visually evoked potentials (mVEPs) requires a relatively long
detection time; the spelling speed was 1.28 ± 0.03 characters/
minute [31], because of multiple-step selection strategies to
select a single character. There is another gaze-independent
BCI speller that uses the rapid serial visual presentation (RSVP) of characters, which has also been applied for
rapidly scanning large images [34], [35] by employing realtime cortical feedback for ranking images of interest [32].
To our best knowledge, the classical RSVP paradigm is
the fastest gaze-independent paradigm. However, owing to
its rapid presentation of stimuli, it is difficult for users to
recognize targets. Moreover, visual searching requires a certain
amount of mental effort [30]. Thus, novel stimulation method
that can be more easily perceived is needed for developing a
more practical gaze-independent BCI spellers. It is well known
that the visual system is sensitive to moving stimuli, i. e., they
are easily perceived [36]–[38]. Moreover, using motion stimuli
has an advantage in that they can be perceived with relatively
low luminance and contrast [39], [40]. Consequently, these
characteristics of motion stimuli can lead to less fatigue and
discomfort for users, which again results in enhanced spelling
performance by increasing ERP amplitudes and shortening
ERP latencies.
In this paper, we propose a novel motion-based RSVP
paradigm, which leverages the aforementioned advantages of
motion stimulus. To test the feasibility of the proposed motionbased RSVP paradigm, we implemented three different RSVP
spellers: i) fixed-direction motion (FM-RSVP), ii) randomdirection motion (RM-RSVP), and iii) (the conventional)
non- motion stimulation (NM-RSVP). For FM- and RMRSVP spellers, all symbols are presented one by one in a
random sequence and moved to one of the six directions
(i. e., 2, 4, 6, 8, 10, and 12 o’clock) within the near-central
visual field [30]. A moving direction was randomly set for
RM-RSVP and was initially fixed for FM-RSVP. For an
NM-RSVP speller, all symbols were randomly presented
without any movement, as introduced in [32]. We conducted a
series of experiments with the three different RSVP spellers,
and evaluated the characteristics of ERP patterns in terms
of ERP amplitudes, ERP latencies, and their classification
performance.
II. M ETHODS

A. Participants
The experiment included 16 participants (12 males and
4 females; 25.38 ± 3.07). All participants had corrected-tonormal or normal vision. In addition, no participant had any
previous history of visual disorders or neurological disease.
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Fig. 1. Characters in each of the color and direction groups in the
FM-RSVP speller. Note that characters are randomly moved to one of
the six directions in the RM-RSVP speller. Motion directions are given
with six clock positions. Each direction contains six symbols with different
colors.

The experiments were conducted in accordance with the
principles described in the Declaration of Helsinki. This
study was reviewed and approved by the Institutional Review
Board of Korea University [1040548-KU-IRB-15-163-A-1].
We obtained written informed consent from all participants
before the experiment. Five subjects had previous experience
with BCI spelling experiments, whereas the other subjects
were naïve.

B. Experimental Stimuli and Paradigm
We used 36 character symbols i. e., 26 letters of the English
alphabet (A-Z), nine numbers (1-9), and the hyphen used
to separate different words. Because previous studies found
that different colors can help discriminate different symbols [31], [32], the 36 characters were divided into six color
groups in the spirit of [21] as follows: red: A, G, M, S,
Y, and 4; blue: B, H, N, T, Z, and 5; green: C, I, O, U,
“1−,” and 6; orange: D, J, P, V, 1, and 7; magenta: E, K,
Q, W, 2, and 8; and black: F, L, R, X, 3, and 9, as shown
in Figure 1. Some character symbols having confusing shapes
(e. g., I and 1; O and Q) were divided into different color
groups for easier character recognition (i. e., I (green) and
1 (orange); O (green) and Q (magenta)).
1) NM-RSVP Speller: In the classic RSVP speller
(NM-RSVP), all symbols are randomly shuffled and
then presented one by one without any motion [32]. Thus,
a target character can be detected for the user by the shape
and color of the character. Figure 2a depicts an example of a
character presentation sequence of the NM-RSVP speller.
2) FM- and RM-RSVP Spellers: There are two motion-based
spellers with fixed moving direction (FM-RSVP) and with
randomized moving directions (RM-RSVP). Six directions
were employed for motion stimulation: 12 o’clock: A, B, C, D,
E, and F; 2 o’clock: G, H, I, J, K, and L; 4 o’clock: M, N, O,
P, Q, and R; 6 o’clock: S, T, U, V, W, and X; 8 o’clock: Y, Z,
“-,” 1, 2, and 3; and 10 o’clock: 4, 5, 6, 7, 8, and 9 (Figure 1).
Whereas characters randomly move in one of six directions in
RM-RSVP, FM-RSVP uses a predetermined direction that was
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3) Paradigm: We designed our experiment to be unbiased
with respect to color and direction in the evaluation by using
equally distributed letters in each color and each direction
through the training (“KNY5G2X7CUPF”; 12 characters) and
test sessions (“BSQHDRT-94WJEM36I1”; 18 characters). The
remaining letters not used in both training and test sessions
(“ALOVZ8”; 6 characters) also have different directions and
colors. For all the three RSVP conditions, 36 characters
including the other six characters not used as target characters
in training and test sessions were presented individually in
each sequence (repetition) (see Figure 2), and the participants
focused on target symbols to induce target-specific ERPs.
In training session, we used the whole 120 target trials
(1 target characters × 10 sequences × 12 times corresponding
to the number of target characters) and 4200 non-target trials
(35 non-target characters × 10 sequences × 12 times corresponding to the number of target characters) for constructing
a classifier. In test session, one target trial and thirty-five
non-target trials were used for each sequence to evaluate the
constructed classifier.
During stimulus presentation, the participants were asked to
fix their eyes on the center of a 19-inch monitor with gray
background color [32] (model: MY19PS, Samsung), direct
their attention toward a target character and silently count
whenever they found it. A stimulus interval was set to 133 ms.
it means stimuli smoothly move for 133 ms, and the stimulus
speed was 2.89° (visual angle)/0.133s = 21.729°/ s for motionbased RSVP. Motion stimuli were presented in the central
visual field within the fovea and near-parafovea [41], [42],
as shown in Figure 2d, thereby allowing the user to recognize
presented characters with minimal eye movement, which did
not significantly affect EEG signals (see Figure 6 in advance).

Fig. 2. Experimental paradigms for (a) NM-RSVP, (b) RM-RSVP, and
(c) FM-RSVP, and (d) an example of presenting a stimulus with motion.
Target character are presented at the top of the display in all conditions
(see first picture of (a), (b), and (c)). The interval between each stimulus
was set as 133 ms, and 10 sequences were presented for each condition.
Please refer to the attached supplementary video files for an example of
presenting stimuli.

presented with an indication of the target symbol (see the first
picture of Figure 2c). A target character can be recognized
for the user by the shape, color, and direction of the character
(e. g., the 2 o’clock direction consisted of the G, H, I, J, K, and
L characters with red, blue, green, orange, magenta, and black,
respectively). All characters were randomly presented in each
sequence. Figure 2b and c depict an example of presenting
visual stimuli for the RM-RSVP speller and the FM-RSVP
speller, respectively. The measured visual angles of the disk
areas of the FM- and RM-RSVP spellers are 2.89° for all
subjects.

C. Data Acquisition
The participants seated in a comfortable chair at a
distance of approximately 80 cm from the screen. During
the experiments, EEG data were recorded at a 1000 Hz
sampling rate using 63 electrodes attached based on the
extended international 10-20 system. BRAINAMP amplifiers
and actiCap active electrodes were used (Brain Products,
Germany) and electrode locations were Fp1-2, AF3-4, Fz,
F1-10, FCz, FC1-6, FT7-8, Cz, C1-6, T7-8, CPz, CP1-6,
P7-8, Pz, P1-10, POz, PO3-4, PO7-10, Oz, and O1-2.
Electrooculography (EOG) data were also recorded under the
left eye of the subjects [32]. The reference was located on the
ridge of the participant’s nose, and the ground was located
at AFz. The impedance of all electrodes was kept under
10 k during the experiment. The experimental paradigm was
implemented with Psychtoolbox (http://psychtoolbox.org).
D. Data Analysis
1) Preprocessing: We used MATLAB (MathWorks, Natick,
MA, USA) with the BBCI toolbox (http://bbci.de/toolbox) for
data analysis. All EEG data were downsampled to 100 Hz and
band-pass filtered at 0.5-30 Hz with a Chebyshev filter for
off-line analysis. To remove physiological artifacts contained
in the EEG data (e. g., eye and head movements), we applied
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an independent component analysis (ICA) by using a temporal
decorrelation source separation algorithm [43]. We computed
the correlations of the independent components with EOG
channels (Fp1, Fp2, F9, F10, and EOG) and determined a
conservative threshold (more than two standard deviations)
for rejecting independent components as EOG-contaminated
components [44]. We also rejected artifact trials based on
a min-max criterion (i. e., a min-max voltage difference
>75 μV ) [32]. In case more than 5% of the trials were
rejected in a subject, the corresponding data were not used
because we assumed that the subject made considerable
movements during the experiment. Three subjects showed
more than 5% of rejected trials, and therefore data for only
13 participants were used for further analysis.
2) ERPs and Classification: For all three stimulus conditions, the data were epoched from −233 to 800 ms on the basis
of the stimulus onset. We then selected a pre-stimulus interval
(−233 to 0 ms) for baseline correction, and then all epochs
for targets and non-targets were independently averaged to
see grand-average ERPs. For off-line classification, five most
discriminative intervals were selected using a well-established
method, signed r-squared values (sgn r 2 ) [45], [46]. The
window width depended on the signed r-value. We averaged
ERP values over all channels in each selected time window.
Thus, the features consisted of 315 dimensions (63 channels ×
5 average time windows) [45], [46]. The width and location
of the selected windows were different for each subject
(e. g., subject 1 windows: NM = [225-250 ms, 255-305 ms,
340-355 ms, 360-470 ms, 475-490 ms], RM = [115-130 ms,
135-190 ms, 210-235 ms, 240-325 ms, 330-370 ms], and
FM = [100-120 ms, 125-210 ms, 215-220 ms, 225-320 ms,
325-385 ms]). Training and test session data were used for
building a classifier, regularized linear discriminant analysis
with shrinkage (S-RLDA) of the covariance matrix [32], [45],
and determine user-intended characters, respectively.
Classification was performed by selecting a maximum
classifier output value that was averaged across the
sequences [32]. We evaluated the classification accuracy
of target characters with respect to the number of sequences,
for which we randomly selected the same numbers of trials
for each target character from one to ten. Thus, in the results
section, N sequence means that N randomly selected trials are
simultaneously used for classification. (i. e., three sequences:
we randomly selected three trials for the same character).
We used 18 characters (“BSQHDRT-94WJEM36I1”) as
testing characters with a chance level of 2.77 (1/36)%.
3) Eye Movement Analysis: In this study, we introduced
motion stimuli presented entirely in the central region. The
participants were asked to direct their attention toward a
target character without any eye movements, but it was
inevitable to avoid small eye movements for motion-based
stimuli (i. e., RM- and FM-RSVP). To check the impact of the
EOGs, we investigated the vertical and horizontal EOGs. The
horizontal EOG was calculated by subtracting F9 from F10:
left-eye movement was indicated by positive potential, and
vice versa [47]. The vertical EOG was calculated by using
the EOG channel under the left eye: upward movement was
indicated by a negative potential, and downward movement
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TABLE I
M EAN AND S TANDARD E RROR OF THE M EAN OF THE P300
A MPLITUDES (μV) AND L ATENCIES (ms)

was indicated by a positive potential. For the EOG analysis,
we grouped the four directions, 8, 10, 2, and 4 o’clock, into
two groups for investigating the horizontal eye movement
(left: 8 and 10 o’clock, right: 2 and 4 o’clock), whereas
the two directions, 12 and 6 o’clock, were directly used for
investigating the vertical eye movement (up: 12 o’clock and
down: 6 o’clock). In addition, we evaluated the gamma-band
EEG response to more precisely check eye movements, e.g.
saccadic movement [48]–[53].
4) Alpha Power Analysis: Among the 13 subjects, almost
half of them (subjects 3, 4, 6, 8, 11, and 13) showed moderate
performance in NM-RSVP condition, but the others showed
low performance (see Table 3 and Figure 4 in advance).
To investigate the reason of the result, we investigated
changes in alpha powers for the three conditions of NM-,
RM-, and FM-RSVP, because it has been well documented
that alpha power is related attention [30], [54] as well as BCI
performance [55]–[57]. For all the subjects, alpha powers
ranging from 8 to 12 Hz were estimated using CZ and PO7
channels based on a related study [55] and they were summed.
III. R ESULTS

A. ERPs and Classification
Figure 3 shows ERP patterns of all the three stimulation
conditions for targets and non-targets, respectively, where
typical N200 and P300 components are clearly seen for
targets regardless of the stimulation condition. We calculated
P300 latencies and amplitudes for target stimuli by using
the Cz electrode, and N200 ones by using PO7 electrode
(Table 1) [29], [31]: Treder et al. [29] used Cz and PO7 for
P300 and N200 analyses, respectively, and Schaeff et al. [31]
used channels around Cz (i. e., FCz, Cz, and Pz) and
PO7-8 (i. e., P3, P7, and PO7) for P300 and N200 analyses,
respectively. The average of the P300 maximum peak amplitudes appeared at 480.4 ± 17.0 ms, 379.6 ± 16.7 ms, and
360.4 ± 17.0 ms with amplitudes of 4.7426 ± 0.5057 μV ,
5.7662 ±0.4980 μV , and 5.5867 ±0.3778 μV for NM-RSVP,
RM-RSVP, and FM-RSVP conditions, respectively.
The mean P300 latencies of RM-RSVP and FM-RSVP
were significantly shorter than those of NM-RSVP (Friedman:
χ 2 (chi-square) = 20.46, p < 0.01; the Wilcoxon signedrank test: FM-RSVP = RM-RSVP < NM-RSVP, Bonferroni
corrected p < 0.01).
In each condition, the average N200 maximum peaks of
NM-RSVP, RM RSVP, and FM-RSVP emerged at 310.4 ±
10.5 ms, 216.2 ± 9.8 ms, and 188.1 ± 9.8 ms with amplitudes
of −4.1095 ± 0.8272 μV , −2.8663 ± 0.7481 μV , and
−3.0538 ± 0.7046 μV , respectively (Table 2). The averaged
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Fig. 3. Grand average ERPs for targets and non-targets in NM-RSVP (first column), RM-RSVP (second column), and FM-RSVP (third column).
The light gray and dark gray shadows represent N200 (NM: 265-335 ms, RM: 165-235 ms, FM: 145-215 ms) and P300 (NM: 435-535 ms,
RM: 355-455 ms, FM: 335-435 ms) components, respectively (thick magenta line: PO7 and thin magenta line: Cz).
TABLE II
M EAN AND S TANDARD E RROR OF THE M EAN OF THE N200
A MPLITUDES (μV) AND L ATENCIES (ms)

N200 latencies of RM-RSVP and FM-RSVP were significantly
shorter than that of NM-RSVP (Friedman: χ 2 = 20.49,
p < 0.01; the Wilcoxon signed-rank test: FM-RSVP = RMRSVP < NM-RSVP, Bonferroni corrected p < 0.01).
Figure 4 shows the classification accuracies of each subject
and their means for each stimulus sequence. On average,
the FM-RSVP condition achieved a higher mean accuracy
than the other conditions (RM-RSVP and NM-RSVP) on
all sequences (Table 3). The classification accuracy of the
FM-RSVP condition was significantly higher than that of
NM-RSVP for sequences 1, 5, 6, and 10 (χ 2 = 6.65 − 10.92,
p < 0.05), but no significant differences were found between
the accuracies of FM-RSVP and RM-RSVP on all sequences
(see the last subplot in Figure 4). And Wilcoxon signed-rank
tests showed that the FM-RSVP was significantly higher than
NM-RSVP for sequences 1-3, 5, 6, and 8-10.

B. Eye Movement Analysis
Figure 6 shows the comparison how eye movements
affect EEG signals (vertical: UP and DOWN, horizontal:
LEFT and RIGHT). No typical EOG patterns are observed
for all directions of eye movements. Instead, the patterns
looking like ERP ones are observed in EOG channels even
though their amplitudes are relatively smaller than the original

Fig. 4. Relationship between the accuracy and sequences of each
subject for all three conditions. In all subjects, a significant difference
was noticed between NM-RSVP and FM-RSVP (χ2 = 6.65 − 10.92,
p < 0.05, for sequences 1, 5, 6, and 10). In low group (subject 3,
4, 6, 8, 11, and 13; low performing group), a significant difference
was noticed between motion-based RSVPs (FM- and RM-RSVP) and
NM-RSVP (Friedman: χ2 (chi-square) = 9-10.17, p < 0.05). In moderate
group (subject 1, 2, 5, 7, 9, 10, and 12; moderate performing group),
no significant difference among all conditions.

ERPs observed in Figure 3. The gamma-band analysis results
also verified that no significant saccadic eye movement
were contained (see the Supplementary Figures 1 and 2).
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TABLE III
AVERAGED C LASSIFICATION ACCURACY FOR 1 TO 10 S EQUENCES IN A LL S UBJECTS

Fig. 5. Grand average ERPs of (a) the low performing group (subject 3, 4, 6, 8, 11, and 13) and (b) the moderate performing group (subject 1,
2, 5, 7, 9, 10, and 12). The light gray and dark gray shadows represent N200 (NM: 265-335 ms, RM: 165-235 ms, FM: 145-215 ms) and P300
(NM: 435-535 ms, RM: 355-455 ms, FM: 335-435 ms) components, respectively (thick magenta line: PO7 and thin magenta line: Cz).

For more details, please see the Supplementary Material about
the saccade analysis.

C. Low and Moderate Performing Group
The performance of the RM- and FM-RSVP spellers for the
six subjects (3, 4, 6, 8, 11, and 13) was considerably higher
than that of the NM-RSVP, compared to the other subjects
(see Figure 4). For convenience, we hereafter refer to the six
subjects (3, 4, 6, 8, 11, and 13) and the others as the low performing and moderate performing groups, respectively, with
respect to the performance of the NM-RSVP speller. In order
to investigate the performance difference between these two
groups, we independently analyzed the grand average ERPs
for the low performing (Figure 5a) and moderate performing
groups (Figure 5b). The moderate performing group showed
the standard ERP patterns in all three paradigms. However,
the ERP induced by targets of the low performing group
showed a relatively faint pattern for NM-RSVP, compared to
the other two motion-based conditions, which would lead to
classification difference between the two groups.
Figure 7 shows the alpha power analysis results implying
that there is no significant difference in alpha power for the
moderate performing group between the three stimulation

conditions. However, a statistically significant difference
is observed between NM-RSVP and motion-based RSVP
(RM-RSVP and FM-RSVP) in the low performing group
(the Wilcoxon signed-rank test: FM-RSVP = RM-RSVP >
NM-RSVP, Bonferroni corrected p < 0.05). The results
indicate that alpha power is correlated with classification
accuracy in the low performing group.
IV. D ISCUSSION
In this study, we implemented three types of RSVP spellers
and compared their performance to show the feasibility of
the proposed motion-based RSVP paradigm with respect to
ERP latency and amplitude as well as classification accuracy.
The difference between NM-RSVP and motion-based RSVPs
in terms of ERP latencies were statistically significant, i. e.,
shorter latencies for motion-based RSVPs. Even though ERP
amplitudes for targets were not considerably different between
the three RSVP conditions, the amplitude difference between
target and non-target got larger for FM- and RM-RSVP
than NM-RSVP. This result led to enhanced classification
accuracy for the motion-based RSVP spellers; 79.06 ± 6.45%,
90.60 ± 2.98%, and 92.74 ± 2.55% for the NM-RSVP,
RM-RSVP, and FM-RSVP speller when employing
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Fig. 6. EEG time series signals measured from EOG channels (the first row), EEG scalp maps (the middle row), and difference between the
time series signals induced for targets and non-targets (the last row) for NM-RSVP and FM-RSVP across all subjects. Magenta lines indicate
targets, and gray lines indicate non-targets. (Top) NM-RSVP paradigm without motion. (Bottom) FM-RSVP paradigm with motion. The light gray and
dark gray shadows represent the time periods showing the most dominant N200 (NM: 265-335 ms, RM: 165-235 ms, FM: 145-215 ms) and P300
(NM: 435-535 ms, RM: 355-455 ms, FM: 335-435 ms) components, respectively.

10 sequence, respectively (see Table 3), demonstrating
the feasibility of our proposed motion-based RSVP paradigm.
As shown in Figure 3, the most salient ERP components
were N200 and P300. The last row of Figure 3 shows the ERP
latencies between the NM-RSVP, RM-RSVP and FM-RSVP
conditions, and amplitude differences between targets and
non-targets for the three RSVP conditions. The ERPs evoked
by the RM- and FM-RSVP conditions were observed earlier
than those evoked by the NM-RSVP condition (also see
Table 1 and 2). Even though ERP amplitudes looked relatively
similar between the three conditions (the first row of Figure 3),
the amplitude difference between targets and non-targets
was larger for FM-RSVP than NM-RSVP (no statistically
significant). The ERP latency and amplitude are affected by

the recognition degree of given stimuli. In general, shorter
latencies and larger amplitudes correspond with an easier
task stimulus evaluation and response production [58]. Thus,
it can be thought that motion-based RSVPs are recognized
more easily than the NM-RSVP, resulting in significantly
shorter ERP latencies and relatively lager ERP amplitudes.
The time series data measured from EOG channels were
illustrated in Figure 6, according to the motion direction.
In general, EOGs are generally produced right after eye movement with much sharper and higher amplitude than ERPs [59],
unlike the patterns looking like ERPs shown in Figure 6.
The general eye movement patterns were not elicited by both
non-motion stimulation condition and the motion stimulation
condition. Therefore, it would be more reasonable to assume
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Fig. 7. Relationship between the accuracy and group-wise alpha powers
for all three conditions in 10 sequences. In low performing subjects,
a significantly different alpha power was noticed between NM-RSVP and
motion-based RSVP (the Wilcoxon signed-rank test: FM-RSVP = RMRSVP > NM-RSVP, Bonferroni corrected p < 0.05).

that the patterns recorded from EOG channels are due to
the propagation of relatively strong ERPs rather than eye
movement. Moreover, we validated no significant saccadic
or micro-saccadic eye movement using gamma-band analysis
(see the supplementary material). From the result, even though
EEG signals would be affected by minimal eye movement,
specifically for motion-based RSVP, it seems that these small
eye movements do not significantly influence ERPs as well as
classification performance. Nevertheless, the accurate impact
of eye movements should be further investigated to develop a
motions-based RSVP BCI application, such as using an eyetracking system that directly measures eye movement.
A negative correlation between attention level and alpha
activity is shown in general [54] (e. g., higher attention
level with lower alpha activity) while a positive correlation
between BCI performance and alpha activity (e. g., higher BCI
performance with higher alpha activity) [55]–[57]. The low
performing group showed a positive correlation between alpha
power and BCI performance in the NM-RSVP paradigm, e.g.,
lower alpha power with lower performance. From the point of
view of the attention level, it would be reasonable to interpret
the result as low performing subjects would pay more attention
to the task, leading to lower alpha activity, because it would be
difficult for the low performing group to easily perceive rapidly
presented characters the NM-RSVP paradigm, compared to the
moderate performing group. Despite their efforts, it seemed
that they could not correctly recognize characters presented in
NM-RSVP paradigm, which might result in relatively less ERP
amplitudes and poor classification performance. However, the
low performing group showed larger ERP difference between
targets and non-targets and increased classification accuracy
when motion-based RSVPs were employed, demonstrating
the importance of motions for the RSVP paradigm. On the
other hand, the moderate performing group already showed
high performance when using the NM-RSVP paradigm, which
might be interpreted by the speculation that the moderate
performing group has an ability to perceive rapidly presented
static stimuli. This speculation should be more precisely
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investigated to pinpoint the origin of this phenomenon using
behavior data, e. g., checking whether the subject correctly
counts the number of presented target characters.
Two subjects in the low performing group had experience
with BCI experiments and four were naïve, while in the
moderate performing group, four were naïve, and three had
experience with BCI experiments. Considering the ratios
of experienced subjects to non-experienced ones for each
group, experience level did not significantly influence the
performance. Moreover, the experimental order was randomly
designed, which prevented potentially biased results for
the stimulation types(i. e., order of experimental stimulation
types in the low performing group, subject 3: NM-FM-RM,
subject 4: NM-FM-RM, subject 6: FM-NM-RM, subject 8:
NM-FM-RM, subject 11: NM-FM-RM, and subject 13:
FM-NM-RM, etc.). Note that the FM-RSVP condition
showing the best mean results was always tested in either the
first or the second session for the low performing group, not
in the last session. Therefore, we believe that our experimental
design prevented potentially biased results for a particular
stimulation condition. Consequently, it can be thought that the
improved classification accuracy was not considerably affected
by the experimental factors, but the stimulation method itself.
Studying the performance for each sequence revealed
remarkable accuracy differences between motion-based RSVP
and NM-RSVP for the small numbers of sequences
(i. e., 1-5 sequences), ranging from 6.5% to 11.8% in
RM-RSVP and from 10.8% to 15.1% in FM-RSVP, respectively (Table 3). Note that the target detection performance
with shorter sequences is a challenging issue because it mainly
influences overall BCI performance in terms of the operating
speed [60]. Thus, the motion-based RSVP condition is beneficial, particularly for a small number of sequences. From
the results, it can be suggested that five sequences would be
the marginal number of stimulation repetitions for benefiting
motion-based RSVP.
V. C ONCLUSION
In the present study, a novel RSVP paradigm using motion
stimuli was proposed and compared with the classic RSVP
paradigm with respect to ERP latency and amplitude and
spelling performance. The classification accuracy of the
RSVP-based speller system was highly improved by using
motion stimuli, which was derived from the enhancement
of ERP amplitude difference between targets and non-target.
We believe that the motion-based RSVP paradigm has important advantages for paralyzed patients with ophthalmoplegia
and oculomotor impairments because it does not require moderate eye movement. In future studies, the impact of motion
stimuli on eye movement and EOGs should be investigated
more accurately with a quantitative way (e. g., eye tracker)
for developing a perfectly gaze independent RSVP-based BCI
system.
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