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ABSTRACT: Brain-computer interfaces (BCls) enable
users to control external devices using brain activity.
Among exogenous paradigms, code-modulated visual
evoked potentials (c-VEP) stand out. These are neural
responses elicited by flickering visual stimuli encoded
with pseudorandom sequences, allowing the system to
identify the target attended by the user. Optimizing c-
VEP performance requires understanding the combined
effects of encoding sequences, stimulus patterns, and de-
coding algorithms. In this study, 26 healthy participants
evaluated a 16-target speller with 6 c-VEP configurations,
combining 2 sequences (m-sequences, burst codes) with
3 stimulus patterns (plain, grating, checkerboard) using
4 decoding algorithms. Results showed that burst codes
with a checkerboard pattern and a bit-wise reconstruc-
tion decoder offered the best balance between accuracy
(99.76%) and comfort (eyestrain score 4.81/10). How-
ever, several combinations also yielded reliable perfor-
mance, highlighting that optimal design may depend on
the specific application needs. This work emphasizes the
importance of jointly considering sequence type, stimu-
lus pattern, and decoding algorithm in c-VEP research.

INTRODUCTION

Brain-computer interfaces (BCIs) can be described as
systems that enable individuals to interact with the envi-
ronment relying solely on their brain activity [1]. By es-
tablishing a direct communication pathway between the
brain and an external application, BCIs translate recorded
neural signals into executable commands through signal
processing and intention decoding algorithms. Over the
past decades, substantial research efforts have advanced
the development of these systems, demonstrating their
feasibility across a wide range of applications [1].

Despite relying on a common operational framework,
BCIs may exhibit considerable variability depending on
the intended use. One aspect common to most BCI sys-
tems is the method used to acquire brain activity, which is
typically electroencephalography (EEG), due to its non-
invasive nature, relatively low cost, and high temporal
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resolution compared to other techniques [2]. In con-
trast, the paradigm employed to decode user intentions
is highly application-dependent. Rehabilitation-oriented
systems typically rely on endogenous paradigms, in
which users learn to voluntarily modulate their brain ac-
tivity [1]. Conversely, communication and control sys-
tems more often employ exogenous paradigms, where
external stimuli are presented to elicit specific, stimulus-
driven neural responses [1].

Among the exogenous approaches that have gained con-
siderable attention in the literature are code-modulated
visual evoked potentials (c-VEP) [3]. These signals arise
as natural brain responses to visual stimulation in which
brief light flashes are presented according to a pseudo-
random sequence. By analyzing the EEG activity the
system can determine which target the user is focusing
on and execute the task associated with it [3]. Although
impressive performance has been demonstrated, with re-
ported accuracies exceeding 90%, the main challenges of
c-VEP-based BCls lie in maintaining such performance
while reducing calibration and selection times [4], as well
as ensuring an adequate user experience by minimizing
visual fatigue induced by prolonged stimulation [5, 6].
Research efforts aimed at optimizing these systems have
primarily focused on three main aspects: encoding se-
quence, stimulus pattern, and decoding algorithms.

Regarding the encoding sequences used to codify the vi-
sual stimulation, it is necessary to employ sets of codes
with minimal cross-correlation, as greater dissimilarity
between sequences facilitates accurate target classifica-
tion. Several families of codes have been proposed, such
as m-sequences [3] or burst codes [5]. Concerning stim-
ulus patterns, the classical binary approach represents the
0-bit as black and the 1-bit as white. However, due to the
visual discomfort induced by high-contrast flashes, alter-
native designs have been proposed, incorporating edges
and contours instead of plain patterns. These designs in-
clude checkerboard [6] and grating-like stimuli [5]. Fi-
nally, with respect to decoding algorithms, two main
processing pipelines are commonly followed: template
matching (TM) [3, 7] and bit-wise reconstruction (BWR)
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[5, 8]. The TM approach averages and spatially filters the
user’s EEG responses to each stimulation code to gen-
erate representative templates. During online operation,
the incoming EEG signal is compared against these tem-
plates. On the other hand, the BWR approach trains a
classifier to predict whether a given EEG epoch corre-
sponds to a 0-bit or a 1-bit stimulation. The reconstructed
bit sequence is then compared with the original codes to
identify the intended command.

The increasing number of alternatives in the design of
c-VEP-based BCI systems highlights the need to under-
stand not only which encoding sequences, stimulus pat-
terns, or decoding algorithms perform best individually
under specific conditions, but also which combinations of
these three elements yield the best overall performance.
Previous studies have primarily focused on pairwise com-
parisons, typically evaluating a novel proposal against
a standard approach. However, no study has analyzed
the performance of multiple configurations while jointly
considering encoding sequences, stimulus patterns, and
decoding algorithms within a unified comparison frame-
work. The main objective of the present study is to
examine both performance and visual fatigue across all
possible combinations derived from a selected subset of
sequences, stimulus patterns, and decoding algorithms.
This work represents a novel contribution by introduc-
ing previously unexplored c-VEP configurations and by
providing a comprehensive, multi-perspective evaluation
framework for c-VEP-based BCI systems.

MATERIALS AND METHODS

Farticipants and equipment: Twenty-six healthy vol-
unteers (15 males and 11 females; mean age 24.88 +4.96
years) with normal or corrected-to-normal vision partic-
ipated in the study. EEG signals were recorded using a
¢.USBamp amplifier (g.tec Medical Engineering GmbH,
Austria) at a sampling frequency of 256 Hz. Sixteen ac-
tive electrodes (F3, Fz, F4, C3, Cz, C4, CPz, P3, Pz, P4,
PO7, POz, POS, Oz, I1, and 12) were positioned accord-
ing to the International 10-10 System. The ground elec-
trode was placed at AFz, and the reference electrode at
the right earlobe (A2). Data acquisition and signal pro-
cessing were performed on a PC equipped with an Intel
Core i7-13700 processor, 32 GB RAM, and an NVIDIA
GeForce RTX 3050 GPU. Visual stimulation was pre-
sented on a Full HD LED monitor with a refresh rate of
120 Hz.

System configuration: The study was implemented us-
ing MEDUSA®, a software ecosystem for the develop-
ment and deployment of BCI experiments [9]. The dif-
ferent combinations of encoding sequences, stimulus pat-
terns, and decoding algorithms were configured and eval-
uated using the c-VEP Speller application (version 5.0.0),
which is publicly available at medusabci.com.

The configuration parameters that remained constant
throughout the experiment included the number of tar-
gets, fixed at 16; the layout, defined as a 4x4 matrix;
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and the background, which consisted of a uniform bluish
color. EEG signals were consistently preprocessed with a
1-60 Hz bandpass filter and a 50 Hz notch filter. In con-
trast, the encoding sequence, stimulus pattern, and decod-
ing algorithm were varied according to the experimental
condition. To conduct the comparative analysis, a subset
of configurations for these three elements was selected
based on their relevance in the literature and practical fea-
sibility.

The selected sequences were binary m-sequences and
burst codes (see Fig. 1). M-sequences represent the
standard approach in c-VEP, whereas burst codes have
recently emerged as an alternative to increase VEP am-
plitude and reduce visual fatigue [S]. M-sequences are
characterized by excellent autocorrelation properties, ex-
hibiting a maximum autocorrelation at zero lag and near-
zero autocorrelation for shifted versions of the sequence.
This property allows the system to be trained using a sin-
gle base sequence, while additional commands are gen-
erated through temporal shifts of that sequence [3]. In
this study, a 63-bit m-sequence was generated using a
6th-order base-2 polynomial implemented through a lin-
ear feedback shift register. For the 16-target configura-
tion, each command was generated by circularly shift-
ing the base sequence, resulting in an average lag of
3.94 bits between commands. Burst codes consist of
short aperiodic visual flashes presented at a slow stim-
ulation rate. Burst onsets derived from a master sequence
were pseudo-randomly assigned to the different codes in
batches, with the assignment order reshuffled after each
distribution cycle until all onsets were allocated [S]. In
this study, a set of 16 burst codes was generated, each
with a fixed length of 80 bits and containing 3 single-bit
bursts. This resulted in a minimum inter-burst interval of
50 ms and a maximum interval of 480 ms, with no tem-
poral overlap between bursts of different codes.

The evaluated stimulus patterns comprised plain, grating,
and checkerboard (see Fig. 1). As with the encoding
sequences, the plain pattern represents the classical ap-
proach, whereas the grating and checkerboard designs
correspond to more recent proposals aimed at improv-
ing user experience [3]. Plain stimulation encodes each
bit of the binary sequence using a single color: bit-0 is
represented by black and bit-1 by white, thereby produc-
ing maximum contrast [3]. Grating stimulation is imple-
mented using 75 small, randomly oriented Gabor patches
consisting of a central white bar surrounded by two par-
allel black bars on a mid-gray background. In this case,
bit-0 corresponds to “off” state in which only the mid-
gray background is displayed, whereas bit-1 corresponds
to “on” state in which the Gabor patches appear superim-
posed on the background [5]. Checkerboard stimulation
follows a similar on/off logic. However, bit-0 is repre-
sented by black background, and bit-1 by the appearance
of a 16 x16 black-and-white checkerboard pattern [6].

The decoding approaches considered in this study in-
cluded two TM and two BWR pipelines. The first TM ap-
proach is the standard one, here referred as event-related
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Figure 1: Subset of sequences and stimuli. Sequences (top
to bottom):m-sequence and burst code. Stimuli (right to left):
plain, grating, checkerboard.

potential template matching (TM-ERP) [3]. For each
command, a template of the EEG response is generated.
To obtain this template, trials of stimulation are averaged.
Then, a canonical correlation analysis (CCA) is per-
formed to maximize the correlation between the averaged
and the single-trial signals. The first CCA component is
used as a spatial filter [3]. The second TM approach is
Reconvolution (TM-Reconvolution) [7]. Here, instead of
averaging across trials, EEG response is first decomposed
into individual event responses of 300 ms, which capture
the brain’s response to elementary visual events such as
contrast changes. Then, full responses for each command
are reconstructed by convolving these event responses ac-
cording to the temporal structure of the sequences. The
CCA step is subsequently applied to compute a spatial
filter, which, when applied to the signals, produces the
final template for each command [7]. For the BWR
approaches, the first method is Riemann bit-wise re-
construction (BWR-Riemann) [5]. This is a machine-
learning approach based on Riemannian geometry. First,
xDAWN spatial filtering is applied to enhance the evoked
response, after that for each EEG epoch covariance matri-
ces are computed. These matrices are projected into the
tangent space of the Riemannian manifold to yield vector
features. The features are input to a linear discriminant
analysis (LDA) classifier to estimate the probability that
a given EEG epoch belongs to a bit-0 or bit-1. The pre-
dicted sequence is then correlated to all sequences [5].
The remaining BWR algorithm is the EEG-Inception bit-
wise reconstruction (BWR-EEGInception) [8]. A deep
learning pipeline based on the EEG-Inception model, a
convolutional neural network (CNN) whose effectiveness
in c-VEP decoding has been previously demonstrated [8].
EEG signals are downsampled and segmented into short
epochs time-locked to each bit. These epochs are pro-
cessed by the EEG-Inception network, which extracts
spatiotemporal features to classify each epoch as a bit-
0 or bit-1. The predicted sequence is then correlated to
all the sequences [8].

Experimental protocol: To conduct the comparative
analyses addressed in this study, an experimental proto-
col was designed to evaluate 6 distinct c-VEP configu-
rations. These configurations resulted from combining
each of the two proposed pseudorandom sequences (m-
sequences and burst codes) with each of the three stimu-
lus patterns (plain, grating, and checkerboard). Regard-
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ing the decoding algorithms, all conditions were eval-
vated online using a single method (TM-ERP for m-
sequence conditions and BWR-Riemann for burst code
conditions). The remaining decoding algorithms were
evaluated offline to avoid excessively increasing the du-
ration of the experimental session.

Each participant completed a single experimental session
in which all proposed c-VEP conditions were evaluated,
with the order of condition presentation randomized to
minimize potential order effects. For each condition, par-
ticipants completed two calibration runs followed by one
online run. Each calibration run consisted of 80 cycles
(i.e., complete sequence repetitions). In the m-sequence
conditions, the same target was presented throughout, as
a single base sequence and its shifted versions were used
to encode all commands. In the burst code conditions, the
target letter changed every 10 cycles to ensure that all 16
targets were presented, since each command is associated
with a distinct code. The online run consisted of 16 se-
lections, one for each target, with 8 cycles per selection.
After completing each condition, participants rated their
perceived visual fatigue using a 0-10 Likert scale, where
0 indicated no fatigue and 10 indicated extreme fatigue.

Evaluation metrics: The evaluation of the experimen-
tal conditions in this study was based on three key as-
pects: system performance, EEG responses, and user ex-
perience. System performance was assessed in terms of
accuracy, calculated as the number of correct selections
divided by the total number of selections. To characterize
EEG responses, calibration data were analyzed. For the
m-sequence conditions, the average EEG response across
complete cycle presentations was computed. In contrast,
for the burst code conditions, each of the 16 commands
is associated with a distinct sequence, and responses to
individual events exhibit considerably less temporal over-
lap. Therefore, ERPs were computed time-locked to each
burst onset (i.e., bit-1 onset). Finally, user experience
was evaluated through the subjective visual fatigue rat-
ings provided by participants in the questionnaires com-
pleted during the experimental protocol.

To assess differences between experimental conditions,
statistical analyses were conducted on both accuracy and
visual fatigue metrics. Since the data were paired and did
not follow a normal distribution, pairwise comparisons
between conditions were performed using the Wilcoxon
signed-rank test. To account for multiple comparisons
and control the false discovery rate (FDR), the p-values
were adjusted using the Benjamini-Hochberg procedure.

RESULTS

The system performance was computed separately for
each of the decoding algorithms selected for comparison.
Results were averaged across participants, yielding an ac-
curacy curve for each condition and algorithm. These
curves are shown in Fig. 2. The time point closest to 4.2 s
was used for statistical comparisons, as this corresponds
to the maximum duration of data shared across all condi-
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Table 1: Subjective visual fatigue ratings reported by partici-
pants for each experimental condition.

Condition Mean SD CLD
burst-grat 2.35 1.96 a
mseq-grat 3.19 1.94 b
burst-check 4.81 1.90 c
burst-plain 4.96 1.99 c
mseq-check 6.00 2.00 d
mseq-plain 7.42 1.96 e

SD: Standard Deviation
CLD: Compact Letter Display

tions, limited by the length of the m-sequence conditions.
The corrected p-values from these statistical analyses are
also shown in Fig. 2, where the central matrices display
the results of all pairwise comparisons.

EEG responses computed for each condition were grand-
averaged across participants at Oz, and the resulting mean
signals are shown in Fig. 3.

Finally, regarding user experience, the results are pre-
sented in Tab. 1. Visual fatigue scores provided by the
participants were averaged for each condition and are re-
ported together with their standard deviation (SD). The
last column of the table shows the results of the pairwise
statistical comparisons. These results are presented using
the Compact Letter Display (CLD) format, with a signif-
icance level of corrected p-value < 0.05. According to
this format, any two conditions assigned the same CLD
letter do not differ statistically significantly, whereas any
two conditions labeled with different letters exhibit sta-
tistically significant differences [10].

DISCUSSION

System performance: Looking at the accuracy curves
in Fig. 2, a high degree of variability can be observed
depending on the combination of the three factors con-
sidered (sequence, stimulus pattern, and decoding algo-
rithm). The statistical analysis provides great insight into
this variability, as numerous statistically significant dif-
ferences are found among different sequence and stim-
ulus combinations evaluated with the same decoding al-
gorithm. Additionally, certain conditions defined by spe-
cific sequences and stimulus patterns are not consistent
across different decoding algorithms. In other words, its
performance depends strongly on the decoding method
applied. These results suggest that the choice of all three
factors has a considerable impact on system performance
and should therefore be carefully considered. Impor-
tantly, not only do these factors influence performance
independently, but their interaction must also be jointly
taken into account to optimize the configuration of c-
VEP-based BCls.

Focusing on the influence of the pseudorandom sequence
choice, it cannot be clearly stated whether m-sequences
or burst codes exhibit superior performance, as the re-
sults also depend on the stimulus pattern. However, m-
sequences tend to achieve higher accuracies overall. Ex-
cept for the checkerboard stimulus pattern, m-sequences
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show higher accuracy curves than their corresponding
burst-code conditions across all decoding algorithms.

Regarding stimulus patterns, no single design can be con-
sidered universally superior, as performance also depends
on the sequence and decoding algorithm. Checkerboard
patterns achieve the best overall results when paired
with burst codes, whereas plain patterns may outperform
checkerboard in combination with m-sequences. One
consistent finding across all decoding algorithms is that
grating patterns produce the lowest accuracies, regardless
of the sequence type. This outcome may be influenced
by the monitor refresh rate; previous studies analyzed the
performance at 60 Hz [5], whereas the present study used
120 Hz.

Regarding the decoding algorithms, BWR-Riemann
achieved the highest and most consistent performance,
outperforming the other methods. It was the only algo-
rithm to reach accuracies above 90% for both plain and
checkerboard conditions. Moreover, despite the lower
performance observed for the grating conditions, BWR-
Riemann still outperformed the other algorithms. The
remaining decoding methods showed effective perfor-
mance but just for specific combinations of sequence and
stimulus pattern.

Overall, the highest performance was achieved with the
combination of burst codes and the checkerboard pattern,
which consistently outperformed other conditions across
all decoding algorithms, reaching nearly 100% grand-
averaged accuracy in less than 4 s of decoding. How-
ever, it is important to note that several other combina-
tions also yielded effective performance. The key take-
away is that system optimization should consider the joint
effects of all elements, designing the configuration coher-
ently based on the combined impact of sequence, stimu-
lus pattern, and decoding algorithm.

EEG responses: To analyze EEG responses, the m-
sequence and burst code conditions need to be considered
separately, due to the inherent differences in the temporal
structure and characteristics of the two sequence types.
For the m-sequence conditions, EEG responses obtained
from the calibration data (upper plot in Fig. 3) show that
the grating and checkerboard patterns elicit similar neural
responses, both in amplitude and waveform morphology,
compared to the plain stimulation. In contrast, the plain
stimulation produces a stronger neural response in terms
of amplitude, but also shows greater variability across
participants, as reflected by the wider confidence interval
showed in the graph as the shaded region.

For the burst code conditions, EEG responses (lower plot
in Fig. 3) resemble classical VEPs, due to the longer in-
tervals between bursts and consequently less overlapping
stimulation. In this context, the plain condition resem-
bles a flash VEP, whereas the checkerboard and grating
conditions resemble onset/offset VEPs [11]. In the plain
condition, the positive peak around 120 ms likely corre-
sponds to the P2 component of the flash VEP [11]. In the
checkerboard condition, the negative peak near 120 ms
and a positive peak around 150 ms may correspond to the
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C2 and C3 components of the onset/offset VEP [11]. For
the grating condition, these components are also present
but they exhibit markedly lower amplitude and a latency
delayed by approximately 20 ms. These characteristics
could explain the observed differences in system perfor-
mance: the delayed and weaker response in the grating
condition may account for its lower accuracy, while the
pronounced amplitude and consistent morphology of the
checkerboard may contribute to its superior performance.

User experience: The subjective visual fatigue ratings
reported by participants during the experimental protocol
reveal a clear ranking of conditions, as shown in Tab. 1.
Moreover, almost every step in this ranking corresponds
to statistically significant differences. The only exception
is the comparison between the plain and checkerboard
burst conditions, for which no statistically significant dif-
ferences were observed.

The conditions that induced the lowest levels of visual fa-
tigue were those using the grating stimulus pattern, sug-
gesting that the stimulus design may be the factor with
the greatest impact on user experience. Intermediate fa-
tigue levels were observed for the burst code conditions
with plain and checkerboard patterns, whereas the most
fatiguing conditions corresponded to the same stimulus
patterns combined with m-sequences. Overall, these re-
sults indicate that burst codes are generally preferred over
m-sequences in terms of sequence type. Regarding stim-
ulus patterns, grating is the most preferred, followed by
checkerboard, and finally by plain, which is perceived as
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the most fatiguing.

When considering both system performance and user ex-
perience, a clear trade-off emerges. The conditions that
yielded the lowest performance were those preferred by
users in terms of visual fatigue. Therefore, achieving an
optimal balance between these two key aspects of c-VEP-
based BCIs becomes essential. In this context, the burst
code condition with the checkerboard pattern appears to
offer the best solution. It provides the highest system per-
formance while remaining among the least fatiguing con-
ditions, only behind the grating conditions, which, de-
spite being more comfortable, showed poor performance.

Limitations and future research: This study offers im-
portant contributions to research on c-VEP-based BCls;
however, several limitations should be considered. A
larger and more heterogeneous cohort would improve sta-
tistical power and generalization of the results. In addi-
tion, visual fatigue was assessed through subjective rat-
ings; incorporating EEG biomarkers or eye-tracking met-
rics, would provide a more objective evaluation.

Additional limitations related to the comparative design
must be acknowledged. Given the large number of pos-
sible combinations of sequence type, stimulus pattern,
and decoding algorithm, only a subset of conditions was
evaluated, potentially excluding others. Moreover, dif-
ferences between sequences led to unequal amounts of
online and calibration data; while decoding performance
was analyzed as a function of decoding time, its depen-
dence on calibration time remains unstudied.

CONCLUSION

The present research provides a comprehensive compar-
ison of multiple c-VEP-based BCI configurations, com-
bining different pseudorandom sequences, stimulus pat-
terns, and decoding algorithms. Results indicate that the
best balance between system performance and user expe-
rience is achieved with burst codes combined with the
checkerboard pattern and the BWR-Riemann decoding
algorithm, yielding a mean accuracy of 99.76% and a
mean fatigue score of 4.81 + 1.90. However, findings also
showed that a wide range of parameter combinations can
yield reliable performance, and that the optimal choice
may depend on the specific research or application re-
quirements. Importantly, performance does not depend
on any single factor alone but on the interaction between
sequence type, stimulus pattern, and decoding algorithm.
When a particular sequence is chosen, the most suitable
stimulus pattern or compatible decoding algorithm may
vary considerably. This interaction-driven behavior un-
derscores the importance of considering these parameters
jointly rather than independently when designing c-VEP-
based BCI systems.
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