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ABSTRACT

Brain-computer interfaces (BClIs) facilitate direct communication between the brain and external devices,
offering considerable potential to assist individuals with physical disabilities. Conventional tagging tech-
niques, such as steady-state visual evoked potentials (SSVEP), necessitate the utilisation of low-frequency
stimuli, which may induce user fatigue and impede the natural oscillatory processes of the brain. The
emergence of Rapid Invisible Frequency Tagging (RIFT) represents a potential solution to these issues,
utilising high-frequency, imperceptible stimuli to reduce visual strain and enhance BCI performance.
This thesis presents an alternative approach, namely noise-based tagging using high-frequency white
noise.

A series of experiments involving EEG data collection and analysis was conducted to investigate the pos-
sibility of extracting noise-based tags and using them to determine the focus of covert attention. The
results demonstrated that noise tags can be effectively detected in EEG data, particularly in the occipital
region. Signal-to-noise ratio (SNR) calculations showed strong detection of noise tags, and classifier ana-
lysis revealed the potential to predict attended sides based on coherence data, albeit with moderate accur-
acy.

The results of this study indicate that noise-based tagging represents a promising alternative to traditional
methods, offering potential advantages in robustness and user comfort. Future research should focus on
refining noise signal generation, exploring advanced classifiers, and integrating noise tagging with other
BCI techniques to enhance overall system performance.
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1 INTRODUCTION

Brain-Computer Interfaces (BCIs) enable direct communication between the brain and external devices.
These systems are useful in various applications, particularly in assisting individuals with physical disabil-
ities, such as paralysis. BCIs can interpret neural signals and translate them into commands for computers
or other devices, allowing users to control technology without physical movement. This capability is ne-
cessary for individuals who are unable to use conventional input methods like a mouse and keyboards,
touchscreen, or eye-tracking systems due to their disability. In such cases, covert attention, whereby a
person focuses mentally without any overt physical movement, can still be utilised to operate BCI sys-
tems. By detecting subtle changes in brain activity associated with attention, BCIs can provide a means
for these individuals to interact with their environment, communicate, and perform daily tasks, thereby
significantly improving their autonomy in using computers.

The objective of this research is to enhance the efficacy of BCIs by exploring a new noise-based tagging
method. This method has the potential to offer more robust and precise signal extraction, while improv-
ing the accessibility of the BCIs.

1.1 CONTEXT

The study of neurophysiological data tagging through steady-state evoked visual potentials (SSVEP) has
become a common method used for BCI systems. This method entails the presentation of visual stimuli,
designated as “tags” at specific frequencies, which then elicit corresponding frequency-specific responses
in the brain’s electrical activity, discernible through electroencephalogram (EEG) signals. As tags are as-
sociated with a part of the screen, the tags can be matched to a corresponding action on the computer,
for example, pressing a button or moving a cursor. The relevance of SSVEP in BClIs lies in its ability to
provide a non-invasive and efficient means of interpreting user intentions based on brain activity, en-
abling direct communication between the brain and external devices.

Conventional tagging techniques use low-frequency stimuli, which are perceptible to the user as “flicker.”
These methods can induce fatigue in the user, as they necessitate sustained focus on the stimuli, which
may not be optimal for BCIs, given that users may want to use computers for extended periods. Ad-
ditionally, these lower frequencies can interfere with endogenous brain oscillations, complicating data
interpretation (Haegens & Zion Golumbic, 2018).

Source: Article Notebook
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Figure 1.1: Differences between 10 Hz SSVEP, 56 Hz high-frequency, and white noise tags.
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1.2 StATE OF THE ART: UsE oF RIFT ror SSVEP

To address the challenges of using low-frequency stimuli as tagging techniques in BClIs, as described in
the previous section, Rapid Invisible Frequency Tagging (RIFT) has emerged as a promising alternative.
RIFT employs high-frequency stimuli that are imperceptible to human vision, thus avoiding the visual
fatigue associated with traditional methods. This approach not only reduces user strain but also min-
imises interference with natural brain oscillations, whilst retaining a measurable neural response (Arora
etal., 2024).

Similarly, Brickwedde et al. (2022) applied RIFT in BCIs and found that it significantly improved the
accuracy and usability of these systems by reducing visual strain and enhancing the temporal resolution
of neural response decoding. These findings indicate that RIFT can provide robust and precise tagging,
making it a promising tool for BCI applications. However, RIFT is limited by the available frequencies.
Low frequencies are difficult because they are not invisible to the user, and high frequencies elicit a weak
response in the brain. Furthermore, frequencies cannot be close in frequency, since that makes them
hard to tell apart.

1.3 RESEARCH QJ}ESTION

The objective of this research is to expore methods to enhance the user experience and reliability of BCIs.
This thesis builds on the findings of the RIFT studies to explore the feasibility and effectiveness of util-
ising noise tagging. In particular, this study aims to address the following research questions:

* Are noise-based tags extractable from EEG data?
* Can multiple noise-based tags be used to see where a user is directing covert attention?
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1.4 HYPOTHESIS

It is hypothesised that there are a number of advantages to the use of noise tags as an alternative to fixed
frequency tagging techniques. Firstly, a single frequency signal, such as a sine wave, has all its energy
concentrated at one frequency (narrow band). In contrast, noise has energy distributed across a range of
frequencies. Consequently, while the power per unit of frequency may be lower, the total power over
a wider band can be higher. Wideband signals are more readily detectable in noisy environments and
are more resistant to interference. As the amount of information that can be reliably transmitted is pro-
portional to the bandwidth (Shannon-Hartley theorem) (Shannon, 1948), this could result in improved
extractability.

Source: Article Notebook
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2 DATA ACQUISITION

This chapter presents an overview of the data collected and examined in order to address the research
questions posed in this thesis. In particular, this study aims to ascertain whether noise-based tags can be
extracted from EEG data and, if so, whether multiple noise-based tags can be used to determine where a
user is directing covert attention.

To investigate these questions, a series of experiments were conducted in which test patterns containing
frequency tags were presented to participants. The patterns were embedded with high-frequency white
noise tags that are imperceptible to human vision but detectable in EEG recordings. During each trial,
participants were exposed to these visual stimuli while their brain activity was measured using EEG. The
collected EEG data was then subjected to various preprocessing and analysis techniques to extract and
evaluate the noise-based tags, with the aim of determining their efficacy in identifying the focus of covert
attention.

2.1 PARTICIPANTS

Three participants (one female, two males) were recruited for this study, all of whom were members of
the thesis research team. Participant selection was influenced by the constraints of timely access and avail-
ability, with an emphasis on familiarity with the experimental setup and procedures. Informed consent
was obtained from all participants, who were briefed on the study objectives and the data collection and
data storage process. The study was conducted in accordance with the protocol approved by the Faculty
of Social and Behavioural Sciences Ethics Committee at Utrecht University.

2.2 EXPERIMENTAL SETUP

The experimental setup utilised a “PROPixx - VPixx Technologies” (n.d.) projector from VPixx Techno-
logies, configured at a refresh rate of 480 Hz in a rear-projection format. The dimensions of the projection
screen were 48 x 27.2 cm. The experimental stimuli were generated and controlled using custom “MAT-
LAB” (n.d.) software, which made use of the PsychToolBox (Brainard, 1997) (Kleiner et al., 2007). EEG
data was recorded using a 64-channel BioSemi ActivéIwo system, with a sampling rate of 2048 Hz. Two
additional electrodes were positioned above and on the outer canthus of the left eye, respectively, to re-
cord vertical and horizontal eye movements. Prior to the experiment, signal quality from all channels was
verified using BioSemi ActiView software. To optimise data collection efficiency, a subset of 37 electrodes
was used, placed according to the 10-20 system, shown in Figure 2.1.

Source: Article Notebook
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Figure 2.1: Channel labels used in the EEG data analysis.
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2.3 EXPERIMENT DESIGN

The experiment was designed to assess the extractability of noise-based tags in EEG data. Each parti-
cipant underwent 150 trials. Each trial was structured to induce SSVEDPs through the presentation of
high-frequency noisy flickering stimuli, organised into a well-defined sequence of phases.

2.3.1 TRIAL SEQUENCE AND RANDOMISATION

The experiment comprised several blocks, each containing a randomised combination of trials with either
frequency-based or noise-based tagging conditions. The different tagging conditions refer to the type of
signal presented to the participants, which was either a specific frequency tag or a noise tag. To con-
trol for potential order effects and to reduce predictability, trials were randomised. During each block,
participants were exposed to various tagging conditions in different phases, ensuring a comprehensive as-
sessment of both methods. To prevent fatigue and maintain data quality, participants were given short
breaks between blocks.

2.3.2 TRIAL STRUCTURE

Each trial comprised multiple phases, including a fixation period, cue presentation, stimulus presenta-
tion, and a response interval. The sequence and timing of these phases are illustrated in Figure 2.2. A
more simplified illustration of what was displayed on the screen throughout the trial can be seen in Fig-
ure 2.3.

Source: Article Notebook
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Figure 2.2: Timeline of the experiment showing the different phases of a trial.
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The following section provides a concise overview of the experimental phases.

Fixation Period: Each trial began with a pre-trial fixation period of 1 second. During this period,
participants focused on a central cross to minimise eye movement artefacts.

Cue Presentation: This phase involved displaying a cue for 0.15 seconds, which was used to dir-
ect the participant’s attention to the upcoming stimulus location. The cue represented an arrow
pointing to the left or right of the screen.

Cue Maintenance: Following the presentation of the cue, a maintenance period of 1.0 second
was initiated, during which the participants continued to fixate on the cross, anticipating the sub-
sequent stimulus. At this juncture, the noise tags had already been presented.

Stimulus Presentation: The Gabor patches were presented for a duration of 1.0 seconds, with the
noise tags embedded in the stimuli. During this timeframe, the Gabor patch could be optionally
rotated for a brief moment. The task for the participant was to focus on this and answer a question
about it in the following stage. The duration of the rotation would only last for 0.15 seconds if it
happened, and the amount of rotation was dynamically adjusted based on how well the participant
was doing. This was done to maintain a challenging task.

Response Interval: Following the presentation of the stimulus, participants were required to re-
spond within a 3.0-second interval. This involved pressing a button to indicate whether the gabor
patch had undergone a previous rotation or remained static.

2.4 DATA PREPARATION FOR ANALYSIS

The EEG data was subjected to preprocessing using a combination of Field Trip (Oostenveld et al., 2010)
functions in order to ensure the generation of high-quality data for subsequent analysis. The prepro-
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Figure 2.3: Visualisation of one trial in the experiment.

cessing steps included the loading of the data, the segmentation of the data into trials, the removal of
artefacts, and the re-referencing of the data. The exact steps in order are outlined in the sections below.

2.4.1 LOADING AND SEGMENTING DATA

The raw EEG data was loaded from BDF files. Trials were defined based on specific triggers, with a pre-
stimulus window of 1 second and a post-stimulus window of 2.3 seconds.

2.4.2 ARTEFACT REMOVAL

Visual inspection and automated methods were used to identify and remove bad channels and trials.
Bad channels were manually specified and removed. Example of a bad channel is one that’s not connec-
ted properly. Bad trials could be identified by big events in the EEG data, such as eye blinks or muscle
movements.

2.4.3 RE-REFERENCING AND FILTERING

The EEG data were referenced to a common average, a technique that involves averaging the signal across
all electrodes and subtracting this average from the signal from each individual electrode. This step helps
to reduce noise and improve the detection of brain activity patterns by normalising the data. A high pass
filter was applied to remove low frequency drifts that can be caused by slow movements or sweating. The
cut-oft frequency of the high-pass filter was chosen based on its effectiveness in removing these unwanted
low-frequency components without affecting the relevant brain signals. In addition, notch filtering was
applied to remove 50 Hz (or 60 Hz, depending on the region) power line noise, which is a common
interferer in EEG recordings. This step ensures that the power line noise did not obscure the neural
signals of interest.

2.4.4 INDEPENDENT COMPONENT ANALYsSIS (ICA)

ICA (Hyvirinen & Oja, 2000) was performed to identify artefacts related to eye movements such as
blinks and saccades. Components identified as artefacts were removed from the data.

2.4.5 DATA ENRICHMENT AND BAD TRIAL REJECTION

The cleaned data was augmented with additional features, including reaction times, stimulus orientation
and tagging types. Bad trials, e.g. those with visual artefacts or excessive noise, were excluded based on
manual analysis.



3 METHODS

The primary research question of this study is to determine whether noise-based tags can be effectively
extracted from EEG data. This translates to a data science question: can high-frequency noise signals
embedded in EEG recordings be accurately retrieved using signal processing techniques? By “accurate”,
it is meant that there is a high signal-to-noise ratio (SNR) in the extracted noise tags, which results in a
significant difference between the attended and unattended sides.

3.1 CrROSS-CORRELATION ANALYSIS

A cross-correlation analysis was conducted to ascertain the presence and intensity of noise tags in the
EEG data. The noise tags were identified through the use of a combination of left and right noise stimuli,
with the results being presented in a visual format for a range of EEG channels. The primary focus was
on the occipital channels, which are known to be involved in visual processing.

3.2 S1IGNAL-TO-NOISE RaT1i0 CALCULATION

The cross-correlations were used to calculate the SNR in order to quantify the strength of the noise tags
in the EEG recordings. The SNR values were subsequently represented graphically using a topographical
plot.

3.3 COHERENCE ANALYSIS

A coherence analysis was conducted to assess the relationship between the EEG signals and the noise
stimuli in both cued and uncued conditions. The coherence was calculated for each trial and aggregated
across all trials.

3.4 CLASSIFICATION OF ATTENDED SIDE

Three classifiers, including Logistic Regression, Linear Discriminant Analysis (LDA), and Support Vec-
tor Machine (SVM), were trained to predict the attended side based on the extracted features from the
coherence analysis. The performance of these classifiers was evaluated using train-test split averaging and
Monte-Carlo cross-validation. A t-test was conducted to assess the statistical significance of the classifier
performance, with the baseline accuracy for random guessing set at 50%.



4 EXPLORATION

To investigate the possibility of extracting the high-frequency noise tags, the data was explored in phases
using various analysis methods. The exploration was conducted in a phased manner, with each phase
guided by the results of the previous phase. The different phases correspond to different analysis methods
and are presented in chronological order below. For the first phase, the aim was to find the noise tags in the
EEG data. Given that noise tags are not fixed frequencies, traditional frequency domain analysis methods
were not deemed applicable. Instead, time-domain analysis using cross-correlations was employed to
examine the temporal relationship between the noise tags and the EEG signals. Upon completion of the
initial phase, the subsequent phase sought to classify the attended side based on the extracted features

identified in the preceding phase.

4.1 CrROSS-CORRELATION ANALYSIS

Initially, cross-correlation was employed with the objective of identifying the presence of noise tags in the
EEG recordings. These methods were selected for their efficacy in identifying known signals within noisy
data, as they maximise the SNR for detecting specific patterns. At first, this approach yielded unsatisfact-
ory results. Attempting to discern the left and right noise tags individually proved challenging. However,
by combining the left and right noise tags into a single noise tag, the results markedly improved, leading
to a clear detection of the noise tags in the EEG data. Even for single trials, these mixed noise tags seemed
to show up in the cross correlations, but were drown out by other noise as seen in Figure 4.1. To improve
the SNR, the cumulative cross-correlation was calculated across all trials, which yielded enhanced results,
as demonstrated in Figure 4.2.

Source: Article Notebook
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Figure 4.1: Cross-correlation results for a single channel.
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4.2 SIGNAL-TO-NOISE RATIO CALCULATION

From the cross-correlation results, SNR values were calculated to quantify the strength of the noise tags
in the EEG recordings. The SNR was calculated using the formula:

peak_signal2
SNR =10-log | ———5—

.2
noise

where peak_signal represents the highest peak in the cumulative cross-correlation and zozse is calculated
as the standard deviation of the cumulative cross-correlation. This demonstrated that the noise tags were
most pronounced in the occipital region, which is known to be involved in visual processing. This effect
can be best seen with participants A0, and A2, as shown in Figure 4.3, this may indicate the experiment
for participant Al was not succesful.

Source: Article Notebook
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43 [.AG CALCULATION

Given the knowledge of when the strongest cross correlations of the noise signal occurs inside the EEG
signal, it is now possible to calculate a lag. This is the interval between the display of the noise tag by
the program and its subsequent measurement in the brain. Given that the stimulus is presented at the
one-second mark in the trials, it is anticipated that this peak will occur just behind it. Each channel has
its own lag, but only those with a strong SNR are used to calculate the average lag. This average lag will
be used to align the noise tags with the EEG data in future analysis. In Figure 4.4, the average lag in
each channel is plotted against the channels SNR, thereby confirming that the channels with a high SNR
exhibit similar lags, as evidenced by the grey coloured region of interest. Furthermore, it demonstrates
that the experiment conducted with participant Al was unsuccessful, as the lags are highly variable and
occur before the onset of the stimulus at the one second mark.

Source: Article Notebook
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4.4 COHERENCE ANALYSIS

The next step is to determine whether it is possible to identify which noise tags the user paid covert at-
tention to. This is done by calculating which frequency components contribute most to the signal. A
coherence score is calculated for each frequency component.

In order to compute coherence, it is first necessary to select the segments of EEG data and noise stimuli.
These segments are resampled to match their sampling rates. The signals are then normalised before
coherence is calculated. For each channel, the EEG signal is aligned with the noise stimuli using the
previously calculated lag.

The coherence between two signals x(#) and y(z) is defined as:

|ny(f)|2

C;C (f) ) Pxx(f) 'Pyy(f)

where P_.(f) and Pyy(f ) are the power spectral density estimates of x(z) and y(z), respectively, and
P, (f) is the cross spectral density estimate of x(z) and y(z).

In theimplemented code, the Welch method (Welch, 1967) is used to estimate the power spectral densities
and cross spectral densities (Stoica & Moses, 2005). The coherence is computed as follows:

1. Select segments of EEG data and noise stimuli by aligning them using the previously calculated
lag.

2. Resample the signals to match their sampling rates.

Normalise the signals.

4. Calculate the coherence score.

b

13
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5. Retry steps 1-4 for different lags in a small range of a few samples around the previously calculated
lag.

6. Determine the best lag that maximises the sum of coherence scores.

7. Recompute the coherence with the best lag.

The formula used to calculate the coherence score for each frequency component helps in identifying
which frequency components contribute most to the signal, thus determining the noise tags the user on
focused to. Figure 4.5 represents the differences in coherence over the frequency spectrum for the cued
and uncued sides. This figure presents the mean difference for all channels with a strong SNR at the same
lag. It should be noted that the results for participant Al did not yield any outcomes with a strong SNR
and, therefore, have been excluded from the graph.

Source: Article Notebook
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Figure 4.5: Coherence difference between cued and uncued side

Source: Article Notebook

4.5 CLASSIFICATION OF ATTENDED SIDE

The coherence differences graphs do not demonstrate a clear distinction between the cued and uncued
sides. A straightforward “majority voting” method was employed whereby the side with the highest
coherence in the channels that displayed a strong signal-to-noise ratio (SNR) was selected as a baseline.
Subsequently, various classifiers were trained with the objective of distinguishing between the two. The
classifiers were provided with complete coherence data as input and were trained to predict which noise
tags the user was covertly attending to.

14


thesis.mandejan.nl/main.qmd.html
thesis.mandejan.nl/main.qmd.html

S REsuLTs

5.1 EXTRACTABILITY OF NOISE-BASED TAGSs FROM EEG DATA

The primary research question of this study was as follows: “Are noise-based tags extractable from EEG
data?” The results of the cross-correlation and SNR analyses provide compelling evidence that this is
indeed the case.

As illustrated in Figure 4.2, the cross-correlation analysis revealed that noise tags are most prominent in
occipital channels, such as Pz, POz, Iz, O1, and PO3. The cumulative cross-correlation computed for
each channel demonstrates a clear detection of the noise tags within the EEG data.

Moreover, the SNR calculations revealed that the noise tags exhibited considerably higher strength in the
occipital channels in comparison to other regions, which is consistent with their role in visual processing
(see Figure 4.3). This higher SNR confirms the possibility of extracting noise tags from EEG data in these
areas.

In summary, noise-based tags are indeed extractable from EEG data, with the most robust detections
occurring in the occipital region. These findings validate the feasibility of using noise-based tagging for
enhancing BCIs, demonstrating robust and precise signal detection capabilities.

5.2 IDENTIFYING COVERT ATTENTION USING NOISE-BASED TAGS

The second research question of this study was: “Can multiple noise-based tags be used to see where a
user is directing covert attention?”

5.2.1 COHERENCE ANALYSIS

The coherence analysis results indicated that the coherence between the EEG signals and the noise stim-
uli did not differ significantly between the cued and uncued sides. This pattern was consistent across
multiple channels, with only some channels showing slight differences, as illustrated in Figure 4.5. This
suggests that the coherence method alone may not be sufficient to distinguish the attended side based on
noise-based tags.

5.2.2 CLASSIFICATION OF ATTENDED SIDE

Despite the limitations observed in the coherence analysis, classification algorithms were employed to
determine the feasibility of identifying the attended side. Three classifiers—Logistic Regression, Linear
Discriminant Analysis, and Support Vector Machine—were trained using the coherence data as input.
The performance of these classifiers was significantly better than random guessing as seen in, with Logistic
Regression exhibiting a slight advantage over the other two classifiers. However, majority voting also
proved to be an effective strategy, indicating that there is potential for improvement in the classifiers.

Source: Article Notebook
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Table 5.1: Classifier performance for predicting the attended side.
A0 Accuracy A2 Accuracy A0SD A2SD

Classifier

Majority Voting 57.53% 56.22%

Logistic Regression 56.00% 55.40% 7.87%  7.50%
Linear Discriminant Analysis ~ 55.18% 51.19% 6.88%  6.46%
Support Vector Machine 54.86% 55.74% 773%  6.87%

Source: Article Notebook

The performance of these classifiers, confirmed by a t-test, demonstrates that it is possible to identify the
direction of covert attention using multiple noise-based tags, although the accuracy remains moderate.
These results indicate that with further refinement, the classification of attended side based on noise
tagging could be improved, making it a viable method for BCls.
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6 DiscussioN AND CONCLUSION

This thesis investigated the feasibility and effectiveness of utilising noise tagging, composed of high-
frequency white noise, for enhancing BCIs. Through a series of experiments involving EEG data analysis,
cross-correlation, SNR calculations, coherence analysis, and classifier performance evaluation, several

key findings were established.

* Detection of noise tags: The cross-correlation analysis EEG data, particularly in the occipital re-
gion, which is involved demonstrated that noise tags could be eftectively detected in the in visual
processing.

+ Signal strength: The SNR calculations demonstrated that the noise tags were significantly stronger
in the occipital channels.

* Classifier performance: Various classifiers were able to predict the attended side with an accuracy
significantly better than random guessing, although the accuracy was not exceptionally high.

6.1 INTERPRETATION AND IMPLICATIONS

The findings indicate that noise-based tags have the potential to be a viable alternative to traditional RIFT
methods. While the accuracy achieved in this study is not exceptionally high, it is not far behind the per-
formance levels reported for RIFT methods. This suggests that noise tagging could become a competitive
technique for BCIs with further refinement.

6.2 POTENTIAL FOR IMPROVEMENT

A number of avenues for improving the performance of noise-based tagging in BCIs have been identi-
fied. These include enhanced noise signal generation and the exploration of more advanced classifiers,
such as deep learning models. Continued research into the optimal parameters for noise tagging, such
as frequency ranges, would be beneficial. Additionally, increasing the sample size and diversity of par-
ticipants can help in generalising the findings. Furthermore, integrating noise tagging with other BCI
techniques could leverage the strengths of each method, potentially leading to superior overall perform-
ance. For instance, noise tagging could be combined with frequency tagging, with frequency tagging
employed to rapidly identify lags, given that analysis in the frequency domain is easier. This would be
followed by noise tagging, which would utilise the full bandwidth of the EEG signal. Finally, it would
be of interest to explore alternative test methods. One possibility would be to rapidly flicker between
the two sides, effectively demultiplexing the signal between the two sides. This would be an interesting
approach, as it would only be necessary to find one signal, and it would be possible to rapidly compare
coherence between the two sides against itself.
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6.3 LIMITATIONS

It is important to acknowledge the limitations of this study. Firstly, the sample size was extremely small,
which limits the generalisability of the findings. Secondly, the experiments were conducted using a spe-
cific setup and parameters, which may not be optimal for all applications. Thirdly, while the classifiers
performed better than random guessing, the accuracy levels achieved are moderate and leave room for
improvement.

6.4 CONCLUSION

In conclusion, this study has demonstrated the potential of noise-based tagging as a promising tool for
BCIs. Although the achieved accuracy levels were moderate, the results indicate that with further research
and refinement, noise tagging could offer a viable and potentially superior alternative to existing methods.
The insights gained from this research provide a foundation for future work aimed at improving the
usability and reliability of BCI systems.

Source: Article Notebook
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