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ABSTRACT: We investigated whether aperiodic semi-
transparent textured rapid visual stimuli (RVS) can pro-
vide an unobtrusive neural probe of vigilance fluctua-
tions during a 60-min Mackworth clock vigilance task.
Six healthy participants performed the task while EEG
was recorded continuously and nearly imperceptible vi-
sual stimuli were superimposed on the interface. We
analyzed event-related potentials (ERPs) and conven-
tional band-power features at both the group and single-
trial levels. Preliminary results showed significant hit-
versus-miss differences in the N200 and P300 amplitudes
elicited by the stimuli, whereas classical frontal theta
and parieto-occipital alpha features did not significantly
distinguish the two conditions. Single-trial classifica-
tion yielded modest performance overall, although ERP-
based features appeared more informative than conven-
tional band-power markers, and combining evoked and
spectral features slightly improved hit-versus-miss dis-
crimination. These preliminary findings suggest that ape-
riodic semi-transparent RVS may offer a promising and
unobtrusive approach for probing vigilance fluctuations.

INTRODUCTION

Sustained attention and vigilance are critical in many
real-world monitoring situations, especially when oper-
ators must supervise highly automated systems for pro-
longed periods with few salient events. In such contexts,
attentional lapses or hypovigilance can have serious oper-
ational consequences, including in aviation and air-traffic
control, where vigilance degradation is linked to perfor-
mance [1, 2]. Traditional passive BCI approaches for vig-
ilance assessment have therefore mostly relied on spon-
taneous EEG markers, in particular spectral features such
as increased theta/delta activity, alpha modulations, or
combinations of frontal theta and parietal alpha, which
have long been associated with fatigue, reduced alertness,
and vigilance decrement [2–7]. However, while these en-
dogenous frequency-based markers are informative, they
often provide indirect estimates of attentional state and
can be sensitive to inter-individual variability and con-
textual factors.

Visual evoked potentials (VEPs) offer a complementary
route because they provide an externally time-locked
neural probe of moment-to-moment information process-

ing. Several studies have employed the visual oddball
paradigm as a secondary task in dual-task settings, report-
ing reduced ERP amplitudes when the primary task (e.g.,
driving, walking, or visually demanding activities) be-
came more challenging [8–12]. Yet, conventional visual
stimulation paradigms remain difficult to deploy continu-
ously in ecological settings: repetitive flashes and flicker
can be visually intrusive, distracting, and fatiguing, espe-
cially during prolonged use [13]. This limitation is par-
ticularly problematic when the goal is not to solicit an
overt response, but rather to unobtrusively probe ongoing
cognitive state in parallel with a primary task.

To address this issue, recent work has explored more
comfortable forms for rapid visual stimulation (RVS)
paradigms, including reduced-luminance and semi-
transparent textured flickers that preserve decodable brain
responses while limiting visual discomfort. These ap-
proaches have shown promise both in steady-state visual
evoked potential (SSVEP)-based BCI applications [13]
and, more recently, in probing attentional fluctuations
[14]. Along this line, StAR (Stimuli for Augmented Re-
sponse) stimuli are semi-transparent textured visual ele-
ments based on a Ricker-wavelet design that can be over-
laid onto a task interface with minimal disruption. First
introduced in the context of reactive BCIs [15], StAR
stimuli have been shown to enable rapid calibration, elicit
cortical responses with amplitudes up to twofold greater
than those evoked by conventional flickers, and improve
user comfort [16–18]. More recently, this family of trans-
parent flickers has also been used in passive settings to tag
task-related states such as cognitive workload, while re-
maining sufficiently unobtrusive to be embedded directly
into the visual scene [19]. Such a constant visual probing
strategy is attractive because, unlike oddball-style probes,
it does not require adding a secondary detection task that
could alter the cognitive process under study.

In the present study, we examine whether an aperi-
odic StAR-based probing approach can track moment-
to-moment fluctuations in attention during the Mack-
worth clock task. We hypothesize that the amplitude
of the evoked response elicited by these nearly imper-
ceptible flashes decreases during attentional lapses. To
benchmark the sensitivity of this measure, we com-
pare these evoked features with conventional EEG band-
power markers commonly used for vigilance assessment.
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This comparison is conducted at two complementary lev-
els: first, at the group level, through statistical contrasts
between hits and misses; and second, at the single-trial
level, within a BCI framework, by evaluating their ability
to predict behavioral outcome.

MATERIALS AND METHODS

Participants: We collected experimental data from 6
healthy participants (3 men, 3 women; age: 24.3 ± 4.3
years) with normal or corrected-to-normal vision. All
participants provided written informed consent before
taking part in the experiment.

Task: The experimental task was based on the Mack-
worth clock paradigm. Participants observed an interface
in which a red dot moved along a circular array of white
rings, similarly to the hand of a clock. The dot advanced
by one position every 0.8 s. Occasionally, with pseudo-
random occurrence, it skipped one position and jumped
to the following one. Participants were instructed to re-
spond to these skip events by pressing the spacebar on a
standard keyboard. Failure to respond within 3 s after a
skip was classified as a miss.
A semi-transparent StAR stimulus based on a Ricker-
wavelet textured patch was displayed over the main task
interface and flickered throughout the task according to
a cyclic aperiodic 2.2 s long code (132 frames on a 60
Hz display). Following the pseudo-random method from
[18], we use 2-frame bursts (~33 ms), resulting in inter-
burst intervals ranging from 8 frames (~133 ms) to 40
frames (660 ms).

Protocol: Each participant completed a 60-min
computer-based vigilance task derived from the Mack-
worth clock paradigm [14]. Before the experiment,
participants completed questionnaires assessing demo-
graphic characteristics and current mental state, includ-
ing the Chalder Fatigue Scale, the Karolinska Sleepiness
Scale (KSS), and a Digital Eye Strain questionnaire. At
the end of the session, they also completed a question-
naire evaluating the comfort and distractiveness of the
StAR visual stimuli. The analysis of these subjective
measures falls beyond the scope of the present prelim-
inary report and will be carried out after completion of
the full data collection. EEG was recorded continuously
throughout the task using a 32-channel semi-dry MBrain-
Train system, while participants were simultaneously ex-
posed to aperiodic StAR flickering stimuli superimposed
on the task interface in order to probe visual cortical ac-
tivity.

Group-Level Analysis: We first analyzed behavioral
performance using reaction times to skip events and the
number of missed responses. At the neurophysiological
level, we extracted three classes of EEG features: (1) con-
ventional band-power features, (2) event-related poten-
tials (ERPs), and (3) event-related spectral perturbations
(ERSPs).
For band-power analyses, we considered normalized
frontal theta activity (4–8 Hz) and normalized parieto-

occipital alpha activity (8–12 Hz). For ERP analyses, we
focused on the responses elicited by the StAR stimuli in
visual cortical regions and computed the average ampli-
tude in two time windows: an N200 window from 0.175
to 0.225 s and a P300 window from 0.25 to 0.3 s.
These features were analyzed at the group level by com-
paring their values in the period preceding a successful
response (Hit) or a missed response (Miss). To this end,
features measured within the 10 s preceding each event
were compared using one-sample permutation t-tests on
the distribution of subject-level average features. This
analysis aimed to evaluate the reliability of the proposed
markers over prolonged task duration and their sensitivity
to fluctuations in attention.

Single-Trial Level Analyses: We evaluated the practi-
cal relevance of these features using single-trial classifi-
cation to predict Hit vs Miss. Each skip event was charac-
terized by four features grouped into two categories: ERP
and Band. The ERP category included average N200
and P300 amplitudes; the Band category included nor-
malized frontal theta and parieto-occipital alpha activity
computed over the 10 s preceding each skip.
For the classification problem, trials were labeled ac-
cording to behavioral outcome following the skip event
(0: Hit, 1: Miss). Classification was performed using a
linear discriminant analysis (LDA) classifier with eigen-
value decomposition and automatic Ledoit–Wolf shrink-
age. For each problem, classification was evaluated us-
ing each feature category separately and then all features
jointly. Performance was estimated using 3-fold cross-
validation repeated over 1000 iterations of random un-
dersampling of the majority class. Accuracy values were
averaged across folds and iterations. To account for inter-
subject variability, the full classification procedure was
performed both separately for each participant (subject-
specific model) and on the pooled multi-subject dataset
(generalized model). In the subject-specific case, re-
ported accuracy corresponds to the average across par-
ticipants.

RESULTS

Analysis of preliminary data from six participants
showed that, behaviorally, the mean number of missed re-
sponses per participant was 32.6 ± 19.1, corresponding to
20.2% of the total number of events. The grand-average
response time was 0.595 ± 0.135 s.
Regarding differences in feature states preceding a con-
firmed response (Hit) versus a missed response (Miss),
parieto-occipital alpha and frontal theta showed no sig-
nificant differences in band activity between conditions.
In contrast, significant differences were observed for both
the N200 amplitude (p = 0.03, Cohen’s d = -0.840) and
the P300 amplitude (p = 0.03, Cohen’s d = 1.002).
Table 1 reports the results of the two classification
tasks—Hit vs. Miss and time-on-task (Early vs. Late, cor-
responding to the beginning and end of the experiment,
respectively)—for both subjective and generalized mod-
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Figure 1: Structure of the experimental procedure (left) and interface (right). Participants were required to answer to questionnaires
before and after the task, this included demographic questionnaires, Chalder Fatigue Scale, Karolinska Sleepiness Scale (KSS), Digital
Eye Strain (DES) and StAR stimuli evaluation. The task is based on the Mackworth Clock task, in which a red dot moved across a
circular path, jumping from one position to the following every 0.8 s. Occasionally, the red dot would skip a position, jumping to the
one after (skip). Participants were instructed to respond to such event by pressing the spacebar key of a standard keyboard (Hit). Failing
in doing so within 3 s from the skip occurrence would result in a missed response (Miss). EEG was collected continuously during
the task while a Ricker-wavelet StAR stimuli semitransparent patch was flashed aperiodically over the main task interface following a
Burst c-VEP pattern.

Table 1: Results for the hit vs miss using subjective (S) and gen-
eralized (G) models, evaluated on two feature categories (ERP
and Band), both independently and jointly. For each combina-
tion of factors, we report the mean 3-fold cross-validation ac-
curacy across 1000 dataset-shuffling iterations. We also report
the dataset size before partitioning for each model and classifi-
cation task; for the subjective model, this value corresponds to
the average sample size across subjects.

Problem Model ERP Band All Size
Hit/Miss S 0.582 0.478 0.554 63.67
Hit/Miss G 0.603 0.551 0.630 382

els, using ERP, Band, and ERSP features independently
and jointly.

DISCUSSION

The objective of this study was to assess whether an ape-
riodic RVS approach based on semi-transparent textured
flickers could be used as an unobtrusive probe of fluctu-
ations in attention during prolonged monitoring. More
specifically, we sought to benchmark the sensitivity of
flicker-evoked responses against more classical EEG vig-
ilance markers, first at the group level through statistical
comparisons between conditions, and then at the single-
trial level through classification analyses. In this respect,
the Mackworth task provided an appropriate testbed, as it
induced a substantial proportion of missed targets (20.2%
on average), consistent with the vigilance decrement clas-
sically observed in prolonged low-demand monitoring
tasks [14, 20].
At the group level, our main finding is that ERP re-
sponses elicited by the aperiodic StAR flickers were sen-

sitive to upcoming attentional lapses. Both the N200
and P300 amplitudes, measured in the 10 s preced-
ing a target, were significantly reduced before misses
relative to hits. By contrast, conventional oscillatory
markers—namely frontal theta and parieto-occipital al-
pha band activity—did not significantly discriminate be-
tween the two conditions within the same analysis win-
dow, in contrast with some previous reports [20–22].
These results suggest that evoked responses to textured
flickering stimuli may provide a more sensitive index
of short-term attentional fluctuations than classical band-
power measures in the present paradigm.

This interpretation is in line with the idea that exter-
nally evoked responses provide a more direct measure
of moment-to-moment processing resources than spon-
taneous oscillatory activity alone. In this context, the at-
tenuation of the N200 and P300 before misses may re-
flect a transient reduction in perceptual and attentional
engagement preceding the behavioral lapse. Notably, a
similar pattern was reported by Ladouce et al. [14], who
found that steady-state responses elicited by nearly invis-
ible flickers decreased prior to missed targets in a long-
duration vigilance task, while conventional alpha and
theta band features were less informative. Taken together,
these findings further support the relevance of barely vis-
ible rapid visual stimulation paradigms—whether peri-
odic or aperiodic—as visually unobtrusive tools for track-
ing fluctuations in attention and consolidate previous
findings using similar unobtrusive StAR texture stimuli
to probe mental workload [19].

The classification analyses provide a more cautious pic-
ture. Although ERP features showed statistically signif-
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Figure 2: Event-related potentials (ERPs) in the Hit (blue) vs Miss (red) conditions displayed as grand-average wave (line) with subject-
wise standard error (shaded region). A statistically significant (p < 0.05) difference between the distributions of average amplitude in
the N200 (violet) and P300 (green) time windows across subjects between conditions was marked by a black star. On the immediate
right, we display topographical plot of the main ERP peaks in both conditions (colder-to-warmer as lower-to-higher).

icant differences between hits and misses at the group
level, single-trial decoding performance remained mod-
est overall. This result is not unexpected given the lim-
ited size of the present dataset and, more specifically, the
relatively small number of miss trials available for train-
ing and evaluation. Because misses are by definition less
frequent than hits, the Hit vs Miss problem suffers from
a marked class imbalance, which required repeated un-
dersampling and reduced the effective number of training
samples. Under these conditions, moderate classification
performance should not be interpreted as a lack of rel-
evance of the proposed features, but rather as a conse-
quence of the difficulty of the problem and the prelimi-
nary nature of the dataset.
Nevertheless, some trends are worth noting. For Hit vs
Miss, ERP features yielded better performance than band-
power features in both the subject-specific and general-
ized models, in line with the statistical results showing
greater sensitivity of the evoked markers. Combining
ERP and band features further improved performance in
the generalized model, suggesting that these feature fam-
ilies may provide partially complementary information.
Overall, these findings support the feasibility of the ap-
proach, while also highlighting that substantially larger
datasets will be required to properly assess its utility for
robust single-trial decoding.
Several limitations should be acknowledged. First, the
present study is based on a small sample of participants,
and the number of miss events per participant remains
limited. Second, the classification framework relied on
a simple LDA model and a reduced feature set, which
was appropriate for a preliminary feasibility study but
may not fully exploit the information contained in the

EEG signals. Future work should therefore include addi-
tional participants, longer or repeated sessions to increase
the number of lapse events, and more advanced feature
extraction and decoding strategies. These developments
will make it possible to determine more reliably whether
the proposed aperiodic StAR paradigm can support real-
time vigilance monitoring.
Despite these limitations, the present results provide en-
couraging evidence that an aperiodic RVS paradigm us-
ing semi-transparent textured flickers can probe fluctua-
tions in attention in a sustained monitoring task. More
broadly, they reinforce the emerging view that almost in-
visible flicker-based approaches can offer a useful com-
promise between signal sensitivity and user comfort.
This makes them particularly relevant for ecological pas-
sive BCI applications, especially in operational contexts
such as aviation, where continuous and unobtrusive mon-
itoring of vigilance could help detect lapses early and
support adaptive assistance systems.

CONCLUSION

In this preliminary study, we showed that aperiodic semi-
transparent StAR flickers can provide an unobtrusive neu-
ral probe of vigilance fluctuations during prolonged mon-
itoring. Flicker-evoked ERP responses, especially the
N200 and P300, were sensitive to upcoming attentional
lapses at the group level, whereas conventional alpha- and
theta-band power features were not. Although single-trial
classification performance remained limited, likely be-
cause of the small sample size and low number of misses,
the present results support the feasibility of the approach.
Future work will include collecting more data, integrat-
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ing subjective assessments, and extending the analysis
to additional neurophysiological markers such as ERSP
and inter-trial coherence (ITC). These findings motivate
further investigation of aperiodic flicker-based passive
BCI strategies for continuous and user-centered vigilance
monitoring.
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