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Abstract

Objective. the P300-based brain—computer interface (BCI) establishes a communication channel
between the mind and a computer by translating brain signals into commands. These systems
typically employ a visual oddball paradigm, where different objects (linked to specific commands)
are randomly and frequently intensified. Upon observing the target object, users experience an
elicitation of a P300 event-related potential in their electroencephalography (EEG). However,

detecting the P300 signal can be challenging due to its very low signal-to-noise ratio (SNR), often
compromised by the sequence of visual evoked potentials (VEPs) generated in the occipital regions
of the brain in response to periodic visual stimuli. While various approaches have been explored to
enhance the SNR of P300 signals, the impact of VEPs has been largely overlooked. The main
objective of this study is to investigate how VEPs impact P300-based BCIs. Subsequently, the study
aims to propose a method for EEG spatial filtering to alleviate the effect of VEPs and enhance the
overall performance of these BCIs. Approach. our approach entails analyzing recorded EEG signals
from visual P300-based BClIs through temporal, spectral, and spatial analysis techniques to identify
the impact of VEPs. Subsequently, we introduce a regularized version of the xXDAWN algorithm, a
well-established spatial filter known for enhancing single-trial P300s. This aims to simultaneously

enhance P300 signals and suppress VEPs, contributing to an improved overall signal quality.
Main results. analyzing EEG signals shows that VEPs can significantly contaminate P300 signals,
resulting in a decrease in the overall performance of P300-based BCIs. However, our proposed
method for simultaneous enhancement of P300 and suppression of VEPs demonstrates improved
performance in P300-based BCIs. This improvement is verified through several experiments
conducted with real P300 data. Significance. this study focuses on the effects of VEPs on the
performance of P300-based BCIs, a problem that has not been adequately addressed in previous
studies. It opens up a new path for investigating these BCIs. Moreover, the proposed spatial
filtering technique has the potential to further enhance the performance of these systems.

1. Introduction

The brain—computer interface (BCI) serves as
a direct communication channel between the
brain and a computer, allowing individuals to
convey control commands through brain signals
without engaging in any physical movements [1, 2].
Electroencephalography (EEG) is one of the most

© 2024 IOP Publishing Ltd

convenient ways to record brain activity for BCI
purposes, since it is non-invasive, cheap, and widely
available compared to other methods [3]. One pop-
ular type of EEG-based BCI relies on P300 signal
[4], an event-related potential (ERP) that occurs as a
brain response to an oddball paradigm [5]. In such
paradigms, a sequence of sensory stimuli (such as
visual or auditory cues) is presented, and some of
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Figure 1. (a) The row-column paradigm (RCP) for spelling different characters, the third column is intensified. (b) The scalp
position of the 64 electrodes used for recording P300 signals of BCI Competition III dataset.

them are rare. When the rare stimulus is detected, a
positive peak in brain activity emerges approximately
300 ms later. This response can be used as a cue to
control a device. A commonly used scheme in visual
P300-based BClIs is an speller (VP3S) for spelling
different characters based on a matrix of charac-
ters suggested by Farwell and Donchin [6], which
is also known as the row-column paradigm (RCP)
(figure 1(a)). In this setup, the system intensifies each
row or column of the matrix at random orders. When
the row or column corresponding to the desired char-
acter is intensified, the P300 signal is elicited, allowing
the intended character (located at the intersection of
the row and column) to be identified.

Detecting P300 from EEG signals is a complex
task due to the poor signal-to-noise ratio (SNR).
Despite efforts to improve the SNR, many studies
have ignored the influence of visual evoked poten-
tials (VEPs) on the P300 signal [7]. In designing
RCPs or other visual P300 BCIs [4], VEPs arise
together with P300 in the occipital scalp regions in
response to periodic visual stimuli [7], leading to
semi-periodic noise. As VEPs are present in both tar-
get and non-target data, they create confusion while
classifying the trials. Any P300 can be divided into two
subcomponents: p3a and p3b. The former emerges
first and is closely related to attention, distributed
frontally on the scalp, while the latter is related to
memory update, originating from temporal-parietal
scalp regions [5]. Although VEPs are predom-
inantly observed in the occipital scalp regions,
they can spread to other regions and affect P300
subcomponents.

To date, most efforts to enhance P300-based BClIs
focus on improving paradigms to evoke stronger
P300 signals or designing better signal processing
methods [8, 9]. P300 signal processing research can
be classified into two categories—P300 enhancement

via filtering approaches or training more accurate
classifiers.

From the first category, a common technique
used in enhancing P300 is epoch averaging of the
post-stimuli signals. This technique works by assum-
ing independence between the background EEG
(which has a nearly random behavior) and a well-
defined P300 morphology. Through this assump-
tion, epoch averaging cancels out the background
noise, increasing the SNR [6]. However, since VEPs
are time-locked to the stimuli, the averaging pro-
cess may also increase their amplitudes undesirably.
Another simple strategy to enhance ERP is to pass
the data through a bandpass filter (BPF). ERPs have
slower fluctuations compared to wide-band back-
ground EEG (0-60Hz) [10]. Therefore, applying a
BPF to raw data can improve the SNR. It’s worth not-
ing that this filtering technique does not affect VEPs as
their frequency contents overlap with those of P300.
Both epoch averaging and BPF are temporal filtering
techniques.

Furthermore, spatial filtering methods have been
widely used in the literature to enhance the P300
[11-13]. Methods such as independent component
analysis (ICA) have also been employed for this
purpose [14]. However, a major drawback of ICA
is that it blindly separates brain signals, necessitat-
ing the involvement of an expert in manually select-
ing appropriate components. To address this limit-
ation, Rivet et al [15] introduced an unsupervised
spatial filtering method called xXDAWN (the name
xDAWN is driven from the final model structure spe-
cified in the original article), which aimed to identify
a subspace where P300 signals were more appar-
ent. In another study, Campos et al [16] developed
a three-step spatial filtering method involving two
principal component analysis steps, followed by ICA,
to extract basic waveforms contributing to different
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ERP components. It is worth noting that most stud-
ies focusing on spatial filtering also incorporate epoch
averaging and BPF as preprocessing steps.

Numerous studies have attempted to integrate
spatial and temporal information of P300 utiliz-
ing a cohesive spatiotemporal filtering approach. For
example, Monajemi et al [17] devised a cooperative
particle filter to track P300 parameters (e.g. amp-
litude, width, and latency) across successive trials.
In [18], the researchers suggested a simultaneous
spatiotemporal equalization procedure to whiten
EEG data. This involved designing a finite impulse
response filter based on a multivariate autoregress-
ive model. They demonstrated that the whitening
of EEG data can improve P300 detection in a sub-
sequent phase. In [10], the authors formulated a P300
detection method based on temporal smoothness pri-
ors, enabling the incorporation of spatial distribu-
tion of P300 signals through a structural matrix as
well. In [19], the authors proposed a modified spa-
tiotemporal filter that extracted the data windows
along both space and time dimensions to maxim-
ize the P300 SNR. They also used a discrete cosine
transform-based method for artifact rejection to fur-
ther improve the performance of this filter. Blanco
et al [20] reported an improved detection rate of
visual P300 spellers by introducing methods based on
a selective filter bank and canonical correlation ana-
lysis, using a reduced number of trials. Lastly, Aghili
et al [21] proposed a spatial-temporal linear feature
learning approach stemmed from linear discrimin-
ant analysis (LDA) to extract high-level P300 fea-
tures, in combination with discriminative restricted
Boltzmann machine, for improving P300-based BCls.

Several studies belonging to the second category
attempted to design or utilize complex classifiers to
detect P300 more accurately. Among these classifi-
ers, LDA and support vector machines (SVM) have
garnered more attention owing to their ease of imple-
mentation and impressive performance [4]. Some
researchers have employed extensions of LDA, such
as Bayesian LDA (BLDA) [22] or stepwise LDA [6], to
classify P300 data, and their outcomes demonstrated
improvements in the performance of VP3S systems.
Other studies have utilized ensembles of LDAs and
SVMs, as in [23, 24], resulting in more powerful
classifiers.

Recently, there has been increasing interest in
using deep neural networks (DNNs) for P300 detec-
tion. Several studies have proposed different DNN
architectures for this purpose. For instance, Oralhan
[25] introduced a three-dimensional convolutional
neural network (3D-CNN) that achieves high accur-
acy in detecting P300. Zhang et al [26] proposed
a DNN consisting of parallel spatial and temporal
units for the same task. Lawhern et al [27] developed
EEGNet, a compact CNN-based DNN that can ana-
lyze and classify brain signals from various mental
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activities. Additionally, there have been improved ver-
sions of EEGNet, such as the one by Zhang et al
[28] for detecting single-trial P300 signals, as well as
new DNN architectures like ST-CapsNet [29], which
integrates spatial and temporal attentions using a cap-
sule network for P300 detection, and a CNN-based
approach by Du et al [30] that classifies single-trial
P300 signals by fusing data from multiple subjects.

Among the efforts to improve visual P300-based
BCIs, few have explicitly considered the impact
of VEPs. In [31], authors suggested an extension
of the xDAWN algorithm for enhancing error-
related potentials that included a term to model
both frequent and infrequent components. However,
this model did not show statistically meaningful
improvements for the classification of rare responses.
Moreover, in [32], authors proposed a two-step stat-
istical spatial filtering technique which showed good
performance in rejecting VEPs. The first stage of this
filter finds a subspace in which the Fisher criterion is
maximized, and the second stage of the filter finds a
subspace to maximize the SNR. The two-step final fil-
ter is a cascade of Fisher criterion and maximum SNR
named C-FMS.

Contribution: in this study, we focus on VEPs
and their effects on P300-based BCIs. We demon-
strate that VEPs have a significant impact on P300
detection and propose a new algorithm, regularized
xDAWN [15] (RxDAWN), to mitigate their effect and
enhance the P300 signals simultaneously. RxDAWN
addresses the P300 enhancement problem from an
alternative perspective by introducing constraints to
the original problem. Our study shows that RxDAWN
is a general form of xXDAWN and improves the per-
formance of P300-based BCls.

The remaining sections of this article are ded-
icated to exploring VEPs and their effects on visual
P300-based BCIs (section 2), outlining the formula-
tion of the RxDAWN algorithm (section 3), evaluat-
ing RxDAWN alongside xXDAWN and other power-
ful methods using publicly available P300 datasets
(section 4), discussing our findings (section 5), and
concluding our study (section 6).

2. VEPs and their impact on P300-based
BClIs

In this section, we aim to investigate the impact
of semi-periodic VEPs on EEG recordings obtained
from P300-based BClIs. To achieve this, we apply dif-
ferent signal analysis methods to data from an RCP
dataset sourced from BCI Competition III [33]. The
dataset includes recordings from two subjects (SA
and SB) who spelled 185 characters (85 characters
for training and 100 characters for testing). During
the experiment, the subjects were presented with a
6 x 6 matrix of characters, with the rows and columns
of the matrix randomly intensified at a frequency of
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Figure 2. The average signals of target and non-target trials of SA from eight scalp electrodes (F, C;, P3, P, P4, PO7, POs, and
O;). They were extracted using a 700 ms window of post-stimulus signals, and the data from various channels were concatenated
into a long vector. The semi-periodic VEPs are observable in both target and non-target data almost in all presented channels.
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Figure 3. Power spectral density of EEG recordings (average of 85 sequences corresponding to 85 training characters) from POg

channel, (a) SA and (b) SB.

5.7 Hz. Each stimulus was repeated 15 times, and a
total of 64 channels were used to capture the EEG sig-
nals (figure 1(b) displays a brain map showing the 64
recording electrodes). For more detailed information,
refer to section 4.1.

2.1. Analysis of P300 signals and VEPs in the time
and frequency domains

Figure 2 displays the average signals of multiple target
and non-target trials of SA from eight scalp electrodes
(F,, C,, P3, P,, Py, PO7, POg, and O,). The signals were
extracted using 700 ms windows of post-stimulus sig-
nals, and the data from various channels were concat-
enated into a long vector. Notably, the inter-stimulus
interval (ISI) in the recording paradigm for the util-
ized dataset is 175 ms. The figure shows that both the

target and non-target signals include a periodic com-
ponent at 5.7 Hz, which is the inverse of the ISI and
results from the visual stimulation (intensification of
rows/columns). This component is more prominent
over occipital scalp regions (PO; and POg) but also
observable in the frontal regions (F,). Figure 3 dis-
plays the power spectral density (PSD) of the EEG
recordings (average of 85 sequences corresponding to
85 training characters) obtained from POg channel.
For SB, the second harmonic of the 5.7 Hz signal is
visible at 11.4 Hz.

In figure 4, the brain energy maps in frequen-
cies close to 5.7Hz are displayed for both SA and
SB. To create these maps, EEG signals were passed
through a zero-phase BPF (a forward-backward
Butterworth filter of order 4 with center frequency
5.7Hz and bandwidth 0.3Hz), and the average
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Figure 4. Energy maps of the brain for EEG activities in frequencies near 5.7 Hz for (a) SA and (b) SB.
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Figure 5. (a) Quasi-sinusoidal wave of four consecutive VEPs in POg channel. The peaks of VEPs appear approximately 120 ms
after stimuli (red lines indicate the stimuli onset). (b) VEPs originating in the occipital region (POs) can be propagated to other

scalp regions (P, and F,) through conduction.

of filtered signals over the 85 training character
sequences was calculated for each of the 64 record-
ing channels. The energy of these signals was com-
puted for each channel, normalized, and presented
using brain maps. As expected, it can be seen that
the energy of periodic VEPs is greatest in the visual
cortex (i.e. occipital regions). Moreover, both subjects
exhibit minor fluctuations in the central and frontal
regions which may be related to the p3a components
that occur repeatedly.

To investigate the effect of VEPs across different
channels, the average of several non-target trials is
plotted in figure 5. This figure is based on SB’s EEG
data recorded during 15 repetitions of 85 training
characters. The EEG data was bandpass filtered with
arange of 0.1 to 15 Hz and trials were extracted using
windows of 700 ms post-stimulus signals. Figure 5(a)
shows a strong semi-periodic wave consisting of four
consecutive VEPs recorded from POg channel. The
VEP peaks appear approximately 120 ms after stimuli
onset (indicated by red lines). These VEPs correspond

to the P100 component, which is a positive deflec-
tion localized in the occipital region that reaches its
maximum peak at around 100 ms after visual stim-
ulus. Figure 5(b) depicts VEPs recorded from three
channels (POg, P,, and F,). It is well established that
the main sources contributing to VEPs are located in
the occipital region of the brain [7], which is con-
firmed by the prominence of VEPs in POg channel.
Furthermore, VEPs originating in the occipital region
can spread to other scalp regions (such as P, and F,)
via volume conduction. As expected, the amplitude of
VEPs decreases and their latency increases with dis-
tance from the occipital region.

2.2.P300, VEPs, and xDAWN spatial filtering

In this section, our objective is to examine the
influence of VEPs on P300 enhancement using the
xDAWN algorithm. XDAWN is a spatial filtering
method designed to identify a subspace within the
space spanned by recording electrodes where P300
signals can be enhanced [15]. The authors of [15]
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Figure 6. The brain maps indicating weight distribution of extracted xDAWN spatial filters for SB. The second filter has relatively

larger VEP-related weights in the occipital region.

have explained that the first few filters contribute
mostly to the P300 signals, while the later ones mainly
contain noise. Therefore, it is suggested to use only
the first few filters (e.g. four filters). Here, we invest-
igate how the extracted xDAWN filters relate to VEP
regions in the brain and whether the filtered signals
contain any semi-periodic disturbances. To achieve
this goal, we extract xDAWN filters for SB using the
training set of the P300 dataset for this subject.

Figure 6 depicts the weight distribution of the first
four xDAWN filters. Notably, the second filter exhib-
its larger VEP-related weights in the occipital region
(refer to figure 4(b)). This suggests that the filtered
signals produced by this filter are likely to contain
stronger VEPs. To confirm this hypothesis, we per-
formed a verification by applying the four spatial fil-
ters to filter the EEG signals and plotting their PSDs
(figure 7). It is clear that the output of the second
xDAWN filter exhibits the most prominent peak at
5.7Hz.

Table 1 presents the character detection accuracies
for SB test set using different xXDAWN filters (see
section 4.3.1 and figure 13 for the P300-based
BCI block diagram). Unexpectedly, the detection
accuracies when using the second xXDAWN filter are
much lower than those obtained using the third fil-
ter. These values should be higher for the second fil-
ter since XDAWN is designed to prioritize filtered sig-
nals with higher SNRs in the early stages. The reason

for this unforseen result lies in the xDAWN’s model
formulation, which undesirably results in amplifica-
tion of VEPs together with P300 signals.

3. Regularized xDAWN: a method to
enhance P300 signals and mitigate VEPs
simultaneously

As mentioned earlier, the purpose of xXDAWN is to
identify a spatial subspace among the electrode-
covered EEG space in which P300 signals are
enhanced [15]. To achieve this, xDAWN maximizes
the signal variance (i.e. data containing P300) while
minimizing the variance of the signal plus noise. The
problem with this approach is that since target trials
contain both P300 and VEPs, the spatial filters extrac-
ted by the xDAWN algorithm amplify VEPs as well.
In this section, we introduce a regularized version
of the xDAWN algorithm (named RxDAWN) which
takes VEPs into account. This new approach allows us
to add different constraints to the original problem,
effectively mitigating the xDAWN’s shortcoming. We
demonstrate that RKkDAWN represents a general form
of xDAWN.

3.1. Problem formulation

Consider X € RN*Ns a5 a matrix of EEG record-
ings obtained through the P300 evoking paradigm,
where N; is the number of temporal samples
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Figure 7. PSD of filtered signals by the estimated xDAWN filters for SB. The filtered signal by the second xDAWN filter has the

strongest peak at 5.7 Hz.

Table 1. Accuracy percentage of character detection for P300 test set of SB using xDAWN filters for different numbers of repetitions.

Number of Repetitions

# xDAWN filter 1 2 3 4 5 6 7

8 9 10 11 12 13 14 15  Avg.

Ist 25 37 50 56 66 70 75
2nd 6 9 9 10 14 18 19
3rd 19 31 33 41 41 43 43
4th 7 10 14 15 21 23 21
5th 5 11 7 9 8 13 14

74 80 8 8 8 89 89 91 70.7
17 21 24 20 24 25 23 22 17.4
52 49 57 64 70 69 72 73 50.5
18 20 20 20 19 23 19 25 18.3
13 14 17 17 17 20 21 24 14.0

and N; is the number of recording electrodes.
Similar to the xDAWN method, we define the data
model as:

X=DA~+N. (1)

Here, A € RN*Ns js a matrix containing the P300
response from various channels (electrodes), and N,
is the number of temporal samples for this response.
In general, the post-stimulus window length should
be sufficient to cover the entire P300 response (typic-
ally between 600 to 1000 ms). The matrix D € RN <N
generates duplications of A on X, wherever target
stimuli are present. Based on this model, we assume
that the P300 has a near-deterministic behavior after
each target stimulus. The matrix D can be obtained as
an asymmetric Toeplitz matrix, where its first column
contains elements equal to one at the starting index of
each target stimulus, and all other elements are zero.

Finally, N € RN*%: js the noise matrix, which con-
tains both background EEG and other disturbances
(e.g. artifacts).

The objective is to determine a spatial filter u €
RN:X1 that maximizes the signal variance while min-
imizing the variance of the signal plus noise. We
have,

Xu = DAu+ Nu. (2)

Consequently, the signal-to-signal-plus-noise ratio
(SSNR) is defined as:

ssNR = Var{DAu}
Var{Xu}

The spatial filter u that maximizes the SSNR can be

obtained by solving the following optimization prob-

lem,
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il = argmax
u

st Var{Xu} <& (3)

Var{DAu}

Referring to variance as Var{.} and using 6> to indic-
ate the upper limit for the variance of signal plus
noise, solving (3) requires the availability of X, D,
and A; yet only the first two are readily accessible.
Therefore, estimating A becomes crucial. As sugges-
ted in [15], the intuitive method for estimating A
involves finding it through the least squares estima-
tion based on the data model presented in (1). This
yields,

A= (D'D)"'D'x. (4)

However, it is necessary to note that this estimation of
A remains valid only if the noise term has zero mean
in each channel, otherwise, it may result in significant
errors. Thus, zero-meaning the data before applying
the xDAWN or RxDAWN algorithm becomes crucial.
In practice, the algorithm remains unaffected since
many P300-based BCIs filter (BPF) their data in the
pre-processing stage and block the DC component.
With zero-mean EEG data, we can estimate the vari-
ance (or power) of the desired terms via the square of
their L,-norm (||.|[*). Consequently, (3) can now be
rewritten as,

il = argmax ||DAg| |2

u

st || Xul[* < 6% (5)

It is important to note that in (5), the normaliza-
tion coefficients are discarded, having no effect on the
solution.

Though solving (5) results in xDAWN filters, our
objective revolves around a solution that enhances
P300 signals and mitigates VEPs. Consequently,
estimating u requires minimizing the variances of
both noise and VEPs simultaneously. To achieve this,
we represent VEPs via matrix V € RN*N: (N, denotes
the number of temporal samples corresponding to a
selected sequence of VEPs; further details on design-
ing V are discussed in the following paragraphs) and
impose minimization of variance of Vu as another
constraint to (5). Both terms being positive, separ-
ate constraints are unnecessary and can be merged
through summation. We also incorporate 0 < a < 1
as a balancing weight to demonstrate the effectiveness
of each constraint. Thus, the SSNR for RxDAWN is
defined as,

Var{DAu}
(1—a)Var{Xu}+ aVar{Vu}

SSNRgxpawN =

and the optimization problem for RxDAWN takes the
following form,
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st (1—a)||Xul[* +al Vil <52 (6)

where 6% is an upper limit for the updated constraint.
Equation (6) can be converted into an unconstrained
problem using a Lagrange multiplier J,

L(u) = uTATDTDAu — A ((1 - oz)gTXTngL agTVTVu)

(7)
and A > 0. To solve this problem we should find u
so that OL(u)/0u = 0. By defining C, € RN*N: £

XTX, C, € RNsXN; & VTV, and T e RN:-XN: A
X'D(DTD)~'DTX, we have,

Lw)=u"VTu— " [(1-a)Ci+aClu. (8)

Therefore,
8LB(E> =2u" 0T 20" (1 —a)C,+aC,) =0
u

)

=Pu=A(1-a)Ci+aC,)u
(10)

= (1—a)Ce4aC,) ' Tu=u
(11)

Based on (11), the spatial filter that maximizes (6) is
obtained through eigenvalue decomposition of C €
RNXN: £ ((1 — @) C, + aC,) ™', and # is the eigen-
vector corresponding to the largest eigenvalue. The
full set of spatial filters can be obtained by C = UA uT,
where A € RN s a diagonal matrix of eigenvalues
and the columns of U € RN-*: are the eigenvectors.
By sorting the eigenvalues in descending order, the
first corresponding eigenvectors are used to recon-
struct the signal while the last ones belong to noise. It
is important to note that using only one spatial filter
(or basis) is not enough to fully span the signal sub-
space. Ny, the optimal number of eigenvectors consti-
tuting the signal subspace, should be found through
experiments. In the original xDAWN article, it is sug-
gested to use the few first filters (e.g. Ny = 4).

To obtain the projection of A onto the bases of

enhanced subspace, we can use,

égl)hancecl = AQI = (DTD) B DTXQi (12)
where i; represents the ith eigenvector of C (i =
1,2,... ,Nf).

Comparing (5) with (6), it becomes clear that
RxDAWN can be viewed as a general form of xDAWN
algorithm; in fact, by letting aw =0, the two are the
same. Increasing a penalizes VEPs more, yielding spa-
tial filters that mitigate VEPs fluctuations to a greater
extent.
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3.2. Encoding VEPs
C, represents the spatial covariance of VEPs, and
various methods can be employed to estimate it.
For instance, V can be obtained by passing each
channel of EEG recordings (X) through a nar-
row BPF around the VEPs frequency (e.g. 5.7Hz
in the case of P300 data from BCI Competition
III), and then C, = V'V. The spatial covariance of
VEPs can also be obtained after data segmentation.
Consider X*, € RN»*Ns (k=1,2,...,K,) as the kK'th
non-target trial passed through the mentioned nar-
row BPF (N, is the number of temporal samples
within each trial, and K,;; is the total number of non-
target trials). Then, we could concatenate the non-
target trials in matrix V so that V7 € RN« (KuxNee) —
[(X)T,(X2)T,...,(X5))T], and again C, = VTV.
Alternatively, we can consider C, as a penalty mat-
rix to penalize electrodes (recording channels) that
are primarily linked to VEPs when calculating spa-
tial filters. In this case, C, is defined as a diagonal
matrix with diagonal elements indicating the penal-
ties. These penalties can be determined based on the
energy of VEPs in each channel (e.g. the energy of
signals in each channel after a narrow BPF around
the VEPs frequency). To do this, it is enough to cal-
culate C, = VIV as described above, and then set
the off-diagonal elements of C, to zero. The pen-
alties can also be set based on the available know-
ledge about the VEPs related and unrelated channels
in neurophysiology.

4. Evaluation of the RxDAWN algorithm

4.1. Data

To evaluate the performance of RxDAWN, we util-
ized four publicly available visual P300 datasets, each
described below.

4.1.1. Dataset 1: BCI Competition I1I-1I

Dataset IT of BCI Competition III [33] comprises data
collected from two subjects (SA and SB) while spelling
185 characters (85 for training and 100 for testing).
Subjects were presented with a 6 x 6 matrix of char-
acters and instructed to focus on the desired char-
acter (as shown in figure 1(a)). The matrix’s rows
and columns were randomly intensified at a rate of
5.7 Hz (illuminated for 100 ms, followed by a blank
matrix for 75 ms), with two of the twelve intensifica-
tions containing the desired character. Each stimulus
was repeated 15 times, and EEG signals were captured
using 64 channels. The signals were filtered with a 0.1
to 60 Hz BPF and digitized at 240 Hz (figure 1(b) dis-
plays a brain map of the 64 recording electrodes).

4.1.2. Dataset 2: BNCI Horizon 2020

The brain/neural computer interaction (BNCI)
Horizon 2020 dataset [34] includes data from eight
subjects tasked with spelling ten characters using a
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similar RCP paradigm as in the first dataset. The
differences include a rate of 6.25 Hz for the intensific-
ation of rows and columns and the use of only eight
channels (F,, C,, P3, P,, P4, PO;, POg, and O,) to
capture EEG signals.

4.1.3. Dataset 3: BCIAUT-P300

The BCIAUT-P300 dataset [35] involves fifteen sub-
jects attempting to identify eight objects in a virtual
environment. Each block consists of the user trying to
identify one of the eight objects as the target. For each
block, k, runs are repeated, with each run composed
of a single flash of each object presented for 100 ms at
different times and in random order, with an ISI of
200 ms (i.e. a flash rate of 5 Hz).

Participants underwent seven identical training
sessions on different days. The data recorded from
each session is divided into two parts: training and
test data. The training data consists of 20 blocks, each
containing 10 runs. Considering eight objects, this
results in 20 x 10 x 1 target P300 signals and 20 X
10 x 7 non-target signals. In contrast, the test data
consists of 50 blocks for each participant, using 3 to
10 runs per block.

EEG data were recorded from 8 active electrodes
positioned at C;, C,, C4, CP,, P3, P, P4, and PO, loc-
ations. The sampling rate was 250 Hz, and the data
were processed through a 50 Hz notch filter and then
band-pass filtered between 2 and 30 Hz.

4.1.4. Dataset 4: RSVP

The final dataset used in this study is a single-trial
P300 dataset from a rapid serial visual presentation
(RSVP) paradigm [36]. Collected from 64 subjects
divided into two groups (A and B), each participant
was instructed to identify their desired image while
maintaining covert attention without moving their
eyes. Each group contained two blocks, with 40 tri-
als in each block and 100 images presented in each
trial. EEG signals were recorded using 64 channels at
a sampling rate of 240 Hz.

4.2. Suppressing VEPs and enhancing P300 signals
by RxDAWN filters

In this study, we aim to investigate the efficacy of
RxDAWN filters in suppressing VEPs after spatial fil-
tering of EEG data. To accomplish this, we obtain C,
as the spatial covariance matrix of non-target trials
and extract RxDAWN filters for different values of o,
including « =0, « =0.25, « =0.5,and v = 1.

Brain maps illustrating the weight distribution of
the first four extracted RxDAWN filters for SB from
the BCI Competition III-II dataset are presented in
figure 8, while figure 9 displays the PSD of filtered
signals by these filters. When a = 0, RxDAWN filters
have significant VEP-related weights in the occipital
region (refer to figure 4(b)), particularly in the second
filter, resulting in strong peaks at 5.7 Hz and 11.4 Hz
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RXDAWN filter #1

Figure 8. The brain maps indicating the weight distribution of extracted RxDAWN filters for SB. The first row depicts the
extracted filters for o = 0, the second row depicts the extracted filters for & = 0.5, and the third row depicts the extracted filters

fora=1.
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Figure 9. PSD of the filtered signals using the extracted RxDAWN filters for SB. The first row corresponds to the extracted filters
for aw =0, the second row corresponds to the extracted filters for & = 0.5, and the third row corresponds to the extracted filters for
a=1.




10P Publishing

J. Neural Eng. 21 (2024) 016023

A Mobaien et al

Normalized Amplitude

"o 01 02 03 04 05 06

® |- outl

Normalized Amplitude
c i
c""
.‘i
ii |
/,
.f :

0 0.1 0.2 03 0. 4 0.5 0.6
Time (sec) Time (sec)
o o @ |- outl
= = T
2 £
E e
< 0. <
3 o _5
=l =
z . . L = .
0 0.1 02 03 04 05 0.6 0 0.1 0.2 03 04 0.5 0.6
Time (sec) Time (sec)
(e)
0.08 v T T r
0.061 —#— RXDAWN output |
» ' —+— Raw Data
Z 0.04} 1
;
© 0021 1
0 NN " ——a

0 10 20

Channel Number

Figure 10. The estimated P300 signals and SSNR of data before and after RkDAWN spatial filtering.
(a) Estimated P300 in four channels (F,, C;, P,, and O;) before spatial filtering. (b)—(d) Estimated P300 after spatial filtering with
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in the PSD of filtered signals. This outcome can
be explained by the fact that for a =0, RxDAWN
attempts to identify a subspace where the power of
the signal is amplified while simultaneously reducing
the power of the signal plus noise. Since VEPs exist
in both signal and noise components, they are also
amplified. By increasing « to 0.5, the weight distri-
bution is modified to reduce the power of VEPs, as
evidenced by the decreased weights in the occipital
regions in the second filter. As expected, this leads
to a reduction in the PSD of filtered signals at 5.7 Hz
and 11.4 Hz. When o = 1, RxDAWN is biased towards
suppressing only VEPs. As can be seen, the weights
are arranged with opposite signs in nearby electrodes.
For instance, in the second filter, the midline negat-
ive weights in the occipital region are surrounded by
positive weights. This is because VEPs emerge with
similar phase and amplitude in nearby electrodes, but
their phases and amplitudes differ in distant elec-
trodes, as shown in figure 5.

It is important to note that while setting av=1
effectively removes VEPs, other sources of noise are
not taken into account, potentially leading to a decline

in RxDAWN’s performance. As a result, determining
the optimal « value that balances the suppression of
VEPs and other sources of noise should be accom-
plished through cross-validation during the training
phase of RxDAWN.

Figure 10 displays the estimated P300 signals and
SSNR of data before and after RxDAWN spatial fil-
tering (data from SB of the BCI Competition III-II
dataset). Figure 10(a) represents the estimated P300
in four channels (F,, C,, P, and O,) using (4), while
figures 10(b)—(d) represent the estimated P300 after
spatial filtering by the first four RxDAWN filters
using (12). Additionally, « is set to 0, 0.25, and 0.5
for figures 10(b)—(d), respectively. P300 amplitude is
significantly improved in RxDAWN outputs. When
a =0, the output of the second filter shows a strong
semi-sinusoid activity related to VEPs. However, by
increasing , this component is suppressed in the first
filters and shifted to RxDAWN channels with lower
energy. Figure 10(e) shows the SSNR of each chan-
nel of EEG data before and after filtering, indicating
a significant improvement in SSNR in the first few
RxDAWN channels.

11
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Figure 11. The PSD of the average of all target and non-target trials across all subjects within each dataset. First row from above:
raw data from occipital region channels. Second row: first output of XDAWN or RxDAWN with a = 0. Third row: First output of
RxDAWN with ae = 0.25. Fourth row: first output of RxDAWN with a = 0.50.

To assess the impact of VEPs in different data-
sets used in this study, figure 11 is presented. In the
first row from above, the PSD of the average of all
target and non-target trials across all subjects within
each dataset from occipital region channels (PO, for
the BCIAUT-P300 dataset and POg for others) are
plotted. The black dashed line marks the frequency
of visual stimuli. Across all plots, the PSD of target
and non-target data in the frequency of visual stim-
uli either overlap or are very close. For datasets 1
and 4 (i.e. BCI Competition III-II and RSVP), VEPs
result in strong peaks in the PSD of EEG signals.
Although VEP peaks are not as strong in datasets 2
and 3 (i.e. BNCI 2020 and BCIAUT-P300), they are
still observable.

The subsequent rows in figure 11 display the
PSD of average signals after spatial filtering (second
row: xXDAWN or RxDAWN with o =0, third row:
RxDAWN with a=0.25, and fourth row: RxDAWN
with av=0.50). Generally, RxDAWN with o = 0 fails

to mitigate the effect of VEPs. In fact, for the BNCI
Horizon 2020 and BCIAUT-P300 datasets, VEPs are
amplified when o =0. This is because both target
and non-target data contain VEPs, and conventional
xDAWN or RxDAWN with a =0 undesirably amp-
lifies VEPs together with P300 signals (see section 3
for more explanation). However, by increasing o from
zero, VEPs are attenuated, and the PSD difference
between target and non-target data in stimulus fre-
quency increases.

For a comparison between RxDAWN and other
spatial filters rather than xDAWN, figure 12 displays
the PSD of average signals after spatial filtering using
C-FMS. Again, the first row from above depicts the
PSD of averaged trials from occipital region chan-
nels. The second row depicts the PSD of averaged sig-
nals from the first-stage output of C-FMS, and the
third row depicts the PSD of averaged signals from
the second-stage output of this method. As observed,
C-FMS first-stage filter can attenuate VEPs to some

12



10P Publishing

J. Neural Eng. 21 (2024) 016023

A Mobaien et al

BCI Competition ITI-II  BCI Horizon 2020 BCIAUT-P300 RSVP
10 — -20 '\
-20 -
=
30 a
>
40 =
~
-50
2
o) -
R g
& =
s - =
g )
g =
o )
= .
P U
3
o
R (o |
T
1 40 =
=
| -50 g
o : . ) P
0} S | CARVENS
0 20 40 0 20 40
Frequency (Hz) —— target
—— non-target
Figure 12. The PSD of the average of all target and non-target trials across all subjects within each dataset. First row from above:
raw data from occipital region channels. Second row: first stage output of C-FMS. Third row: second stage output of C-FMS.

extent. However, RxDAWN outperforms C-FMS in
VEPs attenuation. The second stage of C-FMS does
not show VEP attenuation. The difference in per-
formance between the first and second stages of C-
EMS filtering arises from the fact that in the first stage,
C-FMS aims to maximize the ratio of the between-
class scatter matrix to the within-class scatter matrix.
Since VEPs are attenuated in the between-class scat-
ter matrix and exist in the within-class scatter mat-
rix, the first stage can mitigate VEPs. However, the
second-stage filter aims to maximize the ratio of the
target-class covariance matrix to the non-target-class
covariance matrix. Here, since VEPs are presented in
both target and non-target covariance matrices, the
second filter fails to mitigate VEPs.

4.3. Character, object, and P300 detection using
RxDAWN method

The ultimate objective of a P300-based BCI is to
accurately detect different characters (objects) spelled
(selected) by a user. This task is more complex than
solely identifying P300 signals. For instance, in the
first two datasets (i.e. BCI Competition III-II and
BNCI Horizon 2020), which are based on RCP, the
chance level for correct character detection is 1/36.
For the BCIAUT-P300 dataset, the chance level for
correct object detection is 1/8. However, the chance

level for correct P300 detection (i.e. deciding whether
a trial contains P300 or not) in balanced datasets is
1/2. Here, we evaluate the performance of RxDAWN
using the four described datasets for both character
(object) and P300 detection.

In addition to RxDAWN, five other methods have
been implemented, and RxDAWN’s performance is
compared to theirs. These methods are xDAWN, C-
FMS, C-FMS*, BLDA, and SVM. C-FMS* is a vari-
ant of C-FMS in which the number of spatial filters
used is increased while a performance improvement
is observed (with a maximum of eight filters). Since
the results indicated that using only two spatial fil-
ters is not sufficient to fully span the signal subspace,
this modification is applied to C-FMS, significantly
enhancing its performance.

The signals processed through spatial filters (i.e.
RxDAWN, xDAWN, C-FMS, and C-FMS*) are fed to
a BLDA for final class prediction. However, unpro-
cessed data is fed to BLDA and SVM for classification.
For SVM, the least square method is employed as its
optimization technique, and a linear function is used
as its kernel.

In addition to the five mentioned methods, some
of the results are also compared to the outcomes of
several powerful deep structures from the literature,
as explained in section 4.3.3.

13
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Figure 13. P300-based BCI block diagram.

4.3.1. Components of the RxDAWN-based BCI

In figure 13, an end-to-end block diagram of the pro-
posed BCI is presented, with RxDAWN serving as
one of its core units. The raw EEG data is initially
passed through a BPF (a 0.1 to 15 Hz Butterworth fil-
ter of order 4 for the first two datasets and a 0.5 to
40 Hz Butterworth filter of order 4 for the fourth data-
set, the third dataset was already filtered between 2
to 30 Hz). The filtered data is then fed to RxDAWN
to enhance P300 and mitigate VEPs. The third step
involves segmenting the filtered data and extracting
post-stimuli trials using 1000 ms windows. The data
is down-sampled by 4 (and for RCP datasets, nor-
malized to have zero mean and unit variance in each
channel), with the data from different channels con-
catenated into a long vector for each trial. A BLDA
classifier is then applied to find the label (target or
non-target) for each trial [22].

4.3.2. Statistical tests

Prior to testing, the P300-based BCIs must undergo
training using the training data. This is done sep-
arately for each subject. While for both SA and SB
from the BCI Competition III-II dataset, the train-
ing and test sets are chosen as described in the dataset
documentation (see section 4.1), for the subjects of
BNCI Horizon 2020 dataset a 10-fold cross-validation
approach is adopted due to the limited number of
spelled characters by each participant. Then, the aver-
age results of the 10 folds are reported. The training
and test data for each subject and each session of the
BCIAUT-P300 dataset are also chosen as described in
the dataset documentation. For each subject of the
RSVP dataset, the data from the first block is used for
training, and the data from the second block is used
for testing.

In the RxXDAWN training phase, C, is obtained
based on the energy of VEPs in each channel
and is used to penalize VEPs-related channels (see
section 3.2). The optimal value of a is determined
through cross-validation on the training set by vary-
ing o from 0 to 1. For subjects from the BNCI Horizon
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2020 dataset, a nine-fold cross-validation is used,
while for the other subjects from other datasets, a ten-
fold cross-validation is employed. The classification
results for each fold at different «v values are calcu-
lated, and the average results across all those folds are
used to determine the optimal « value. To make the
search simpler, it is suggested to normalize C, and
C, so that they are in the same scale (for example,
by dividing their elements to the maximum value of
their diagonal elements). For instance, we have found
o =0.25and o = 0.05 to be suitable values for SA and
SB from the BCI Competition III-II dataset, respect-
ively. Note that after extracting spatial filters using
RxDAWN, the first three to seven filters are used to fil-
ter the data. This reduces the number of channels to a
minimum of 3 or a maximum of 7 channels. Although
these settings have yielded good results, they can be
slightly adjusted based on user preference and applic-
ation requirements.

During the training phase of both BLDA and
SVM, the classifiers are provided with independent
sets of target and non-target trials for each repeti-
tion. These classifiers assign higher scores to target
data and lower scores to non-target data. In the test
phase using RCP datasets (i.e. BCI Competition III-
IT and BNCI Horizon 2020), the score is computed
for different rows and columns of each character.
The character prediction is based on the intersection
of the row and column with the highest scores. To
improve the P300 SNR, the trials corresponding to
each row or column are averaged over a range of repe-
titions (k, = 1,2,...,15) in chronological order. For
BCIAUT-P300 data, in each block, the object with the
highest score is identified as the target. To improve the
P300 SNR, the trials corresponding to each object are
averaged over a range of repetitions (k, = 1,2,...,10)
in chronological order. In certain test data within the
BCIAUT-P300 dataset, the number of repetitions is
less than 10. To maintain consistency in reported res-
ults, in such cases, the maximum result available for a
lower number of repetitions is identified, and this res-
ult is considered for higher repetitions (e.g. if the test
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Figure 14. Averaged accuracy results of competing methods for character or object detection across all subjects within each
dataset and various repetitions. Data from (a) BCI Competition III-1I, (b) BNCI Horizon 2020, and (c) BCIAUT-P300.

data of a session consists of only six repetitions and
the maximum result of these six repetitions is 70%,
then this 70% result is considered for k, =7, 8, 9, and
10). In the test phase using the RSVP dataset, as well
as in P300 detection experiments with other datasets,
the classifier output is obtained for all data samples,
and data with higher scores are deemed to contain the
P300 signal.

The evaluation of RxDAWN and its competit-
ors relies on robust metrics. This involves calculating
the accuracy of character or object detection for each
subject across different repetitions. Subsequently, the
average results for all subjects within each dataset
and various repetitions are reported for each method.
Additionally, statistical group tests are performed for
all subjects within each dataset. To achieve this, the
results from all subjects and repetitions are averaged,
and their mean and standard deviation are repor-
ted for each method and dataset. The significance of
RxDAWN’s results is assessed through paired t-tests,
and corresponding p-values are provided.

In the case of the RSVP dataset and P300 detec-
tion task in other datasets, the objective is to ascertain
whether each post-stimulus test data contains P300
and is related to a target stimulus. To address this,
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the area under the curve (AUC) is calculated for each
subject within each dataset. The average AUC of all
subjects is then reported for each dataset. This pro-
cess involves calculating the classifier score for all test
data, constructing the receiver operating character-
istic (ROC) curve by adjusting the decision threshold
on the classifier output, and subsequently computing
the AUC of the ROC.

It is crucial to emphasize that the competitors,
whose results are detailed in the subsequent section,
used the exact same training and test sets, as well as
metrics, as RkDAWN.

4.3.3. Results

Figure 14 depicts the averaged character and object
detection rates across all subjects within each data-
set using various competing algorithms under differ-
ent SNRs, represented by varying numbers of repeti-
tions during the test phase. In figure 14(a) (data from
BCI Competition III-II dataset), the performance of
RxDAWN, xDAWN, C-FMS*, and BLDA is closely
matched. However, RxDAWN exhibits superior per-
formance in lower SNRs. All four mentioned meth-
ods significantly outperform C-FMS and SVM across
all SNRs, with C-FMS showing better performance
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Table 2. The grand average of character and object detection results over all subjects and repetitions within different datasets. The
performance of competing methods is presented in the following format: {%mean =+ standard deviation, p-value}.

BNCI Horizon 2020

BCIAUT-P300

Method BCI Competition III-II
RxDAWN 81.1£19.2,.
xDAWN 80.1 +19.8,0.01
C-FMS 64.3 +22.0,0.01
C-FMS* 79.8 £ 20.5,0.03
BLDA 78.7 £ 20.6, 0.01
SVM 59.1 +21.3,0.01

82.7£24.2,.

78.0 +27.3,0.01
71.2 £27.7,0.01
79.8 £ 24.9,0.01
80.0 £ 24.1, 0.01
75.4 £ 26.2,0.01

76.6 £15.2,.

75.1 £16.2,0.01
65.2 +19.6, 0.01
73.3 £17.9,0.01
66.2 + 20.6, 0.01
63.3 +18.5,0.01

Table 3. AUC percentage of different methods for P300 detection. Average results are reported for all subjects within each specified

dataset.
Method BCI Competition III-II ~ BNCI Horizon 2020  BCIAUT-P300  RSVP
RxDAWN 81.3 84.0 79.8 94.5
xDAWN 81.2 81.4 79.6 93.7
C-FMS 74.5 79.5 74.7 91.8
C-FMS* 81.0 83.3 78.8 94.3
BLDA 80.4 83.4 74.8 93.8
SVM 72.6 81.0 72.5 82.7

than SVM. Moving to figure 14(b) (data from BNCI
Horizon 2020 dataset), RxDAWN again demonstrates
the best results in low SNRs, while C-FMS* performs
better in higher SNRs. SVM detection rates surpass
those of C-FMS, particularly in repetitions fewer than
eight, with C-FMS exhibiting the poorest perform-
ance. In figure 14(c) (data from BCIAUT-P300 data-
set), the detection rates among different methods are
more distinct due to the larger size of the third data-
set. RXDAWN consistently exhibits the best perform-
ance across all SNRs, followed by xDAWN and C-
FMS*. The results of these three methods are signific-
antly superior to those of BLDA, C-FMS, and SVM.
BLDA ranks fourth, C-FMS fifth, and SVM last in
performance.

It is important to note that, despite BLDA
exhibiting similar performance to other methods in
figure 14(a), it utilizes a high number of recording
channels (i.e. data from 64 channels). In contrast,
methods based on spatial filtering only utilize a few
channels. This dimension reduction property of spa-
tial filtering can significantly reduce the computa-
tional burden of BCI systems.

Analyzing all three plots in figure 14, it becomes
evident that the performance of all methods improves
with increasing SNR. Furthermore, it is observed
that the performance of C-FMS can notably improve
by increasing the number of spatial filters used in
C-FMS*. Again, this is attributed to the fact that two
dimensions cannot fully span the signal subspace,
necessitating more spatial filters for this purpose.

Table 2 presents the grand average of character
and object detection results over all subjects and repe-
titions within each dataset. According to the group
statistical tests, for all datasets, RxDAWN demon-
strates superior performance compared to other
methods at a significance level of P =0.05. For BCI
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Competition III-II and BCIAUT-P300 datasets, the
following best-performing algorithms are xDAWN,
C-FMS*, BLDA, C-FMS, and SVM. The order for
the BNCI Horizon 2020 dataset is BLDA, C-FMS*,
xDAWN, SVM, and C-FMS.

Table 3 reports the AUC results of RxDAWN and
its competitors for the P300 detection task over differ-
ent datasets. As can be seen, for all datasets, RxDAWN
has the best performance compared to the other
methods. The next best results over BCI Competition
III-1I and BCIAUT-P300 datasets belong to xDAWN,
while BLDA has the next best performance over
the BNCI Horizon 2020 dataset, and C-FMS* over
the RSVP dataset. Again, it should be noted that
although BLDA demonstrates close performance to
other methods, it requires all recording channels.
However, methods based on spatial filtering only use
a few channels, leading to dimension reduction and
consequently lowering the computational burden of
the BCI system.

To compare the performance of RxDAWN with
other powerful methods in the literature, we eval-
uated our method on the BCI Competition III-II
dataset alongside the competition winner (for res-
ults, refer to www.bbci.de/competition/iii/results/)
and two deep neural network-based methods. The
first deep structure is a CNN proposed by Cecotti et al
[37], while the second one is the 3D-CNN network
[25], both customized to detect P300 signals with
high accuracy. Table 4 outlines the results of com-
peting methods in 5 and 15 repetitions, noting that
the RxDAWN results are the best achieved by differ-
ent settings. RxDAWN exhibits exemplary perform-
ance in 15 repetitions, achieving a very high accuracy
0f 99% for both SA and SB. For five repetitions, how-
ever, RXxDAWN is the second-best algorithm in com-
parison to 3D-CNN, which performs slightly better.
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Table 4. The accuracy percentage of the competing methods from the literature over dataset II of BCI Competition III for SA and SB in 5

and 15 repetitions.

kr = 5 k, == 15
Method SA SB Avg. SA SB Avg.
Competition winner 72 75 73.5 97 96 96.5
CNN 63 79 71 97 95 96
3D-CNN 74 86 80 96 98 97
RxDAWN 74 85 79.5 99 99 99

Table 5. The mean AUC percentage of RxDAWN and its competing methods from literature for RSVP dataset.

AUC
Method Group A Group B
EEGNet 92.14 93.19
Improved EEGNet 92.27 93.32
CNN 84.42 85.69
RxDAWN 93.87 95.19

Furthermore, table 5 reports the AUC results of
RxDAWN and its competitors from the literature (the
well-known EEGNet [27], CNN [37], and improved
EEGNet [28]) on the RSVP dataset (all results are
from [28]). Note that RxDAWN uses the exact same
recording channels (i.e. 1 to 32, 34 to 42, and 44 to 64)
referred to in [28]. Based on the findings, it is evident
that RxDAWN outperforms the three deep structures,
underscoring RxDAWN as a powerful method applic-
able to both overt and covert paradigms for P300
detection.

5. Discussion

Up to now, many studies have been carried out to
design and improve P300-based BCls. These systems
are mostly based on visual P300 and require visual
stimuli [6]. These stimuli cause inevitable VEPs in
the brain occipital regions which are observable in
both target and non-target EEG trials [7]. Despite
a large number of studies in the field, the effects of
VEPs on the performance of P300-based BCIs have
not attracted enough attention. Our study suggests
that VEPs should be taken seriously while designing
visual P300-based BClIs as they decrease the overall
performance of these systems.

When discussing P300 signals, two subcompon-
ents, p3a and p3b, are generally considered [5].
However, in visual P300-based BCIs, VEPs, a sus-
tained and semi-periodic signal, should also be taken
into account. Although these potentials are most
observable in the brain occipital regions [7], they are
transmitted to other scalp regions through volume
conduction. Consequently, EEG recordings of any
type of visual P300-based BCIs generally have three
responses: (1) p3a, observable in both target and non-
target post-stimuli recordings, with higher amplitude
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for target stimuli, (2) p3b, only observable in target
trials, and (3) VEPs, observable in both target and
non-target trials. VEPs and p3a are both exogenous
and mostly induced by phase reset of ongoing brain
oscillations, unlike p3b, an endogenous component
mostly induced through the additivity mechanism
(i.e. adding an ERP to the ongoing brain oscillations)
[38].

Some P300-based BCIs are designed based on
VEPs (also known as steady state VEPs (SSVEPs))
[39, 40]. In these systems, several sources of stim-
uli are presented to the subject, and each of them
flashes with a specific frequency. The user focuses on
the desired target source (which is related to a spe-
cific command) causing the brain waves to fluctuate
at the same frequency as the source. Therefore, the
intended source can be identified in correspondence
with the frequency at which the PSD of EEG signals
peaks. VEPs-based BCls are faster than P300-based
ones. However, they can generate a limited number
of commands at a time compared to P300-based BCIs
[41] (for example, in the RCP paradigm in figure 1,
the P300 speller can generate 36 commands).

In [42] authors have proposed a creative P300-
speller in which not only didnt they treat SSVEPs (or
equally VEPs) as intruders, but also benefited from
their phase to improve the classification rate of target
sequences. However, this technique required a special
paradigm in which characters were displayed on a cir-
cular shape and it can not be used for other paradigms
such as RCP. Although by using the phase informa-
tion of SSVEPs the performance of P300-based BCIs
can be improved, the results of our study shows
that suppressing these potentials will also improve
classification rates. Therefore a possible approach is
to integrate the two techniques into a two-blocks
method to further increase the classification rate.
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It is understood that VEPs are more pronounced
for target data compared to non-target data in
paradigms based on overt attention (such as RCP),
and overt paradigms also perform better than covert
ones [43]. However, Arico et al [44] have shown that
the main reason for this performance gap is the lower
temporal stability of the P300 evoked potential in cov-
ert attention modalities, and not the stronger VEPs
for target data. Their research suggests that when
compensating for the latency jitter offline, the differ-
ence in accuracy between overt and covert paradigms
is not significant. Our results for RSVP data are in line
with these findings and indicate that Rk DAWN can be
an effective tool for both overt and covert attention
modalities. This is important since, in severe cases of
disabilities, some BCI end users may be completely
unable to move their eyes.

To mitigate the negative impact of VEPs on visual
P300-based BClIs, it is necessary to have a plan in
place. One option is to apply a temporal notch filter
with a stop-band around the frequency of the visual
stimuli. However, this approach may not be effective
as VEPs are not pure monotone signals and involve
a wider range of frequency components. Moreover,
if the stop-band is widened, signal loss can occur
since the frequency content of VEPs overlaps with
those of P300. An alternative method for suppress-
ing VEPs is spatial filtering. Rivet et al [15] developed
xDAWN to estimate a subspace in which P300 signals
are enhanced. They have found that despite enhan-
cing P300 signals in the obtained subspace, a strong
periodic component contributing to VEPs is also
present. In this study, we have proposed RxDAWN,
an improved version of the xDAWN spatial filter,
which can enhance P300 signals and mitigate VEPs
simultaneously.

The results of our study confirm the effective-
ness of RxDAWN to improve visual P300-based BCls.
However, the RxDAWN algorithm has some limita-
tions. First, based on figure 5, we know that VEPs
emerge with delay in the recording electrodes far
from occipital regions. This implies that the sensors
(electrodes) record a convolutive mixture of different
sources rather than their linear instantaneous mix-
ture. RXxDAWN (similar to xXDAWN) does not bene-
fit from this extra information and this is why in
figure 8 for o =1 weight distributions are localized.
The second limitation of RxDAWN is that it con-
siders a deterministic response for P300 after each
stimulus and estimates a single waveform for P300.
Therefore, RxDAWN is not directly applicable to the
studies in which the variations of P300 paramet-
ers (e.g. amplitude, width, delay) in consecutive tri-
als are of interest (for example studies to determ-
ine brain fatigue [45]). However, even in those stud-
ies, RkDAWN can be used as a preprocessing stage to
enhance the P300 responses.
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6. Conclusion

In this article, we investigated the effects of peri-
odic visual stimuli and VEPs on the performance
of visual P300-based BCIs. Through temporal, spec-
tral, and spatial analysis of recorded EEG signals,
we demonstrated that VEPs contaminate P300 sig-
nals and decrease the overall performance of BCls.
We suggested that researchers must consider VEPs
as a serious disturbance while designing visual P300-
based BCIs and plan a strategy to mitigate them.

Furthermore, we developed RxDAWN, a reg-
ularized version of the xDAWN spatial filter, to
mitigate VEPs and improve the accuracy of P300-
based BCIs. When applied to four publicly available
P300 datasets, RDAWN effectively suppressed VEPs
and improved classification rates. RDAWN outper-
formed xDAWN, C-FMS, BLDA, SVM, and several
powerful deep structures from the literature.

A promising line of future studies involves con-
sidering a model based on the convolutive mixture
of different sources for the recorded VEPs in differ-
ent channels, and attempting to suppress them in
the time, frequency, or time-frequency domain [46—
48]. Since VEPs have semi-periodic nature, another
interesting research direction can be adopting a
multi-channel Kalman or particle filter to track and
suppress these VEPs [49]. One may also incorporate
spatial correlation between EEG channels to improve
the performance of the filter [17]. There are also
some methods in the literature that exploit the quasi-
periodicity of signals for source separation which
might be effective for VEP cancelation [50, 51].
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