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Traditional treatments for ocular motility disorders and eye prosthetics face
significant limitations in restoring natural, coordinated eye movements. Conditions such as
strabismus or eye paralysis alter the delicate balance between the agonist and antagonist eye
muscles, resulting in misalignment, poor focus, and restricted movement. Current
interventions, including surgeries or static eye prostheses, often fail to replicate the full
range of motion or provide the feedback necessary for dynamic visual function. Therefore,
the development of Brain-Computer Interfaces for eye movement rehabilitation was
developed with the aim to better the experience of eye motion, as well as to be able to enable
precisely coordinated eye control for the amputees. This paper conducted a literature review
on interface design, signal image conversions, age-related data differences, and the
principles of P300 Speller BCI (a system used to show target characters on a computer
screen). The question researched is, “How do spellers and motor imagery function and in
what scenarios are their applications suitable”. After examining numerous papers, the
conclusion is that BCI technology has the potential to restore eye performance for the
unsighted, including clear visual feedback and the ability for precise eye coordination.

Brain-computer interface (BCI), electroencephalogram (EEG), steady-state
visually evoked potential (SSVEP), Motor Imagery, signal-to-image conversion EEG

Brain-Computer Interface (BCI) acquires brain signals, analyzes them, and translates them into
commands sent to output devices to carry out desired actions [1]. One of the main limitations of
traditional eye prosthetics is their inability to achieve a full range of natural eye movements [2].
These prosthetics are typically static or purely cosmetic, lacking the ability to mimic the natural
range of motion and coordination of a real eye. As a result, they do not provide any functional
benefits such as tracking or focusing on objects, which are critical for visual interaction.

In response to these challenges, the development of BCI has emerged as a promising innovation
in the field. The development of the P300 Speller intends to remove limitations of existing eye
prosthetics by detecting the steady-state visual evoked potential (SSVEP) in the occipital cortex and
various other signals, thus replicating the dynamics of natural eye movement [3]. BCI offers a closer
approximation of natural eye function through these approaches.
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This review of the literature aims to explore the current state of research on BCI sprockets, such
as the P300 sprocket [1], sprockets based on SSVEP [4], sprockets based on motor imaging [5] and
age-related data differences [6]. These approaches are crucial in addressing concerns about their
application in various fields, including ocular motility disorders and advanced eye prosthetics [2].
As brain-computer interfaces (BCls) are being adapted for ocular applications, exploring their
potential in ocular prosthetics can lead to more effective treatments and innovations [5]. A more
comprehensive understanding of BCI technology, especially its role in neuroprosthetics, is essential
for advancing future clinical applications and furthering research in this domain.

Detecting event-related potentials (ERPs) is important for developing a brain-computer interface
(BCI), an example of an ERP-based BCI is the P300 speller, which enables users to spell characters.
The P300 speller leverages the P300 wave, an ERP generated using the oddball paradigm. This
paradigm presents random visual stimuli that elicit a surprise effect in the subject. Farwell and
Donchin first proposed the P300 alphabet speller system, which is displayed on a computer screen
as a 6x6 matrix containing all the available characters. During use, the user focuses on the desired
character, and when the matrix cell containing that character is intensified, a P300 wave (a positive
voltage deflection occurring approximately 300 ms after stimulus onset) is detected using a stepwise
linear discriminant analysis (SWLDA) algorithm [7].

There are various ways of detecting P300 and these ways are created to ensure the accuracy and
reliability of the BCI system, some famous examples include ICA (Independent Component
Analysis), CSP (Common Spatial Pattern), HDCA (Hierarchical Discriminant Component Analysis),
and CNN (Convolutional Neural Network). To elicit ERPs, the rows and columns of the matrix are
randomly intensified. Each character’s intensification is repeated multiple times, known as epochs.
Initially designed for Latin characters, recent advancements have extended the P300 speller to
Chinese characters [8]. Improvements in the P300 speller have largely focused on signal processing
and detection techniques, such as support vector machines, neural networks, and Bayesian linear
discriminant analysis.

Despite these advancements, the graphical user interface of the P300 speller has remained
relatively unchanged for over two decades. Townsend et al. proposed an alternative paradigm to the
traditional row/column paradigm (RCP), the checker-board paradigm (CBP), which utilizes two
checkerboards to mitigate confusion near the target [7]. As shown in Table 1, in a study involving 18
participants using an 8x9 matrix of alphanumeric characters and keyboard commands, the CBP
achieved a mean online accuracy of 92%, outperforming the RCP’s 77%. The CBP also had a higher
mean information bit rate of 23.17 bits per minute (bpm) compared to 19.85 bpm for the RCP.
Research on the P300 speller focuses on improving reliability over time and across subjects and
enhancing the information transfer rate. However, some researchers believe further improvements
should come from application-oriented P300 spellers, incorporating features like word completion,
prediction, and vocabulary knowledge.
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Table 1. RCP accuracy v.s. CBP accuracy

Participan RC CB RC CB RC CB RC bit CB bit
t sequences sequences accuracy accuracy (sel/min) (sel/min) rate rate
1 5.00 3.50 100.00 94.74 4.28 431 26.38 23.94
2 5.00 4.00 55.26 89.47 4.28 3.89 10.38 19.62
3 3.00 2.00 92.11 89.47 6.13 6.38 32.42 32.12
4 5.00 4.00 71.05 89.47 4.28 3.89 15.06 19.62
5 5.00 3.00 71.05 86.84 4.28 4.84 15.06 23.21
6 4.00 3.50 94.74 89.47 5.04 431 27.96 21.73
7 4.00 3.50 97.37 100.00 5.04 431 29.39 26.62
8 4.00 4.00 89.47 89.47 5.04 3.89 25.38 19.62
9 5.00 4.50 50.00 86.84 4.28 3.55 8.96 17.03
10 5.00 4.00 44.74 97.37 4.28 3.89 7.61 22.71
11 4.00 4.00 65.79 92.11 5.04 3.89 15.82 20.58
12 5.00 2.50 63.16 94.74 4.28 5.50 12.63 30.52
13 5.00 4.50 47.37 89.47 4.28 3.55 8.27 17.87
14 4.00 2.00 100.00 100.00 5.04 6.38 31.09 39.35
15 4.00 3.50 92.11 100.00 5.04 431 26.63 26.62
16 5.00 5.00 86.84 81.58 4.28 3.26 20.52 14.17
17 5.00 3.00 86.84 92.11 5.04 4.84 24.18 25.56
18 5.00 4.50 84.21 84.21 4.28 3.55 19.54 16.22

Mean 4.50 3.61 77.34 91.52 4.68 4.36 19.85 23.17

Current P300 spellers are not yet ready for widespread commercial or clinical use due to issues
with robustness and user interface adaptability. However, exceptions exist, such as a P300 speller
developed by the Wolpaw lab, which a late stage ALS patient successfully used at home. The French
National Research Agency’s RoBIK (Robust BCI Keyboard) project (Mayaud) aims to develop
efficient, user-friendly BCIs for daily use by non-technical staff, such as nurses [9]. The intendiX
solution, proposed by g.tec in 2009, is designed to be operated by caregivers or patients’ families at
home. This BCI uses visually evoked EEG potentials (VEP/P300) and features a 5x10 matrix. It
allows users to select characters by focusing on them for several seconds. Unlike the traditional
P300 speller, the intendiX system can detect the idling state and only selects characters when the
user pays attention. It also enables users to trigger alarms, speak written text, print or email text, and
send commands to external devices. This system includes all necessary components, such as
software, amplifiers, and caps.
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1.2. Spellers based on SSVEP

Table 2. ITR and BPM for 32 subjects

Without disabilities With disabilities
Acc. (%) ITR (bpm) Acc. (%) ITR (bpm)
Min 75.00 3.64 81.52 12.08
Max 100.00 40.68 98.82 32.77
Mean 93.73 22.88 87.94 18.09
S.D 6.47 9.82 7.36 7.39

The steady-state visual evoked potential (SSVEP), or frequency visual evoked potential (f-VEP),
is a brain signal recorded from the occipital cortex in response to a periodically flickering visual
stimulus. This brain signal is characterized by oscillations at the same frequency as the flickering
visual stimulus. When the visual stimulus flickers at a sufficiently high rate, typically starting from
around 6 Hz, the individual evoked responses to each stimulus flash overlap [4]. When visual
stimuli flicker at certain rates, the brain’s response becomes synchronized with that stimulus. Not
only does the response peak at the same frequency as the stimulus but there are also peaks at integer
multiples of that frequency. This makes the steady-state visual evoked potential, or SSVEP, ideal for
use with a brain-computer interface (BCI). The user has to do very little to generate a recognizable
brain signal, which is not to say that the BCI is easy to construct. In fact, the SSVEP’s simplicity
and usefulness are underscored by the many different ways frequency coding can be implemented.

The SSVEP-based BCI operates from the basis of the cortical magnification theory, which states
that a large part of the visual cortex processes the central visual field. This theory accounts for our
observing and knowing that visual processing happens much better in the central field of vision than
in the periphery. It goes a long way toward explaining why the SSVEP response gets bigger the
closer we get to having visual stimuli in the central field (not counting what happens with the
SSVEP response as we vary in focusing on different visual frequencies). Following the
aforementioned commandsto-frequencies-to-commands principle, we can now use an SSVEP-based
BCI to get distinct commands by focusing on varying visual frequencies.

The application of SSVEP-based BCls extends into many areas, including neuroprosthetic device
control and the restoration of grasping functions in people with spinal cord injuries. Their standard
configuration contains a central fixation point and five command boxes that flicker at the very edges
of the screen. This design minimizes the need for users to shift their gaze significantly.

Visually represented by Table 2, in an assessment task conducted using the SSVEP-based
Bremen-BCI system, Ivan Volosyak et al. tested its ability to spell out five messages. For each
subject capable of using the speller, the system achieved an average accuracy of 93.73% and an
information transfer rate of 22.88 bits per minute (bpm) for individuals above 18 years old with no
disabilities [10].

1.3. Spellers based on motor imagery

Motor imagery BCIs use a limited number of commands, typically involving imagined movements
such as left or right-hand movements. The Berlin BCI (BBCI) speller, known as Hex-o-Spell, was
developed by the Fraunhofer FIRST (IDA) in Berlin [11]. This is an EEG-based system that relies
on detecting spatio-spectral changes during various motor imagery tasks. By utilizing machine
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learning techniques, the system quickly adapts to the unique brain patterns of each user, providing
high-quality feedback even in the first session. The Hex-o-Spell system adapts modern dynamic text
entry methods to create a BCI-compatible mental text entry solution. Hex-o0-Spell draws inspiration
from the Hex system, originally designed for mobile devices equipped with accelerometers. In the
original Hex system, users navigated a hexagonal grid by tilting the device. The system adjusted its
response dynamics, making frequently used actions easier while preserving the optimal path for any
word sequence. This design aimed to provide stability in the letter generation process, allowing
users to transition from closed-loop to open-loop control gradually. The asynchronous BCI speller
allows users to write 29 characters and execute the backspace command using imagined right-hand
and foot movements. The interface features six hexagonal fields surrounding a circle, with an arrow
used for character selection.

The BBCI was tested on two subjects at the CeBIT fair in 2006, achieving writing speeds ranging
from 2.3 to 7.6 characters per minute, with error-free, completed sentences [12].

The potential of brain-computer interfaces (BCls) for use in elderly patients is enormous, but little
of the current research is directly applicable to this population. Most BCI investigations focus on
younger test subjects, though we know that neural response patterns tend to differ with age. If we
want to determine the suitability of BCIs for use with older adults, it is imperative to study and
understand these neural response variations and what they mean for future BCI results.

To investigate this systemic deficiency, X. Zhang et al. conducted a study that pitted the young
against the old. They looked at two groups: 22to 30-year-olds and 60to 75-yearolds. When the
researchers compared the groups, they found that older adults had much larger P1 amplitudes for
motion onset compared to their younger counterparts. In other words, seniors seem to see movement
better than younger adults. And this, of course, has implications for BCls that use motion to elicit a
response. Seeing is one thing, but understanding or making a decision based on what you’re seeing
is another. If older adults can see motion better, as per the findings of the study, then mVEP-based
BClIs may be better suited for them than for younger adults.

The research evaluated how well different kinds of visual stimuli—like flickering lights and
moving checkerboards—worked to induce brain responses as measured by EEG in older adults. The
team looked not just at what kind of response was evoked when a stimulus was presented, but also at
how well the EEG responses could be “tuned in” to the specific kind of visual signal being seen.
They found that older adults had better ’tuning in” for some visual signals than younger adults,
especially with the light flickering signal.

In steady-state response analysis, SSVEP and SSMVEP were successfully obtained in both age
groups. However, the canonical correlation analysis (CCA) accuracies for SSVEPs/SSMVEPs in the
senior group were slightly lower than in the younger group in most cases as indicated by Figure 1,
Using an extended CCA-based method significantly improved performance for both groups.
However, the accuracy improvement for AO targets was less pronounced in the senior group,
increasing from 63.1% to 71.9%, compared to an improvement from 63.6% to 83.6% in the younger
group.

These findings suggest that the mVEP characteristics in senior subjects may provide a valuable
signal modality for designing BCls tailored to the senior population. Furthermore, the steady-state
response, particularly SSVEP/SSMVEDP, offers a robust way to determine visual target selection.
However, the reduced improvement in accuracy for AO stimuli in the senior group highlights the
need for further refinements in algorithm design. The study emphasizes the importance of



Proceedings of CONF-SEML 2025 Symposium: Machine Learning Theory and Applications
DOI: 10.54254/2755-2721/2025.28588

considering age-related variations when designing BCls aimed at addressing age-related conditions,
such as macular degeneration [6].
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Figure 1. EEG data for different tasks
5. Creating images using signals

Deep learning methods can effectively classify motor imagery (MI) EEG signals but typically
require 2D image or feature inputs rather than 1D time series signals. To address this limitation,
researchers have explored converting MI-EEG signals into 2D representations using time-frequency
analysis methods like continuous wavelet transform (CWT) and shorttime Fourier transform
(STFT). These techniques generate 2D scalograms or spectrograms that can be used as inputs to
convolutional neural networks (CNNs). Some studies have shown promising results by applying
CNN architectures such as AlexNet and LeNet to classify MI-EEG signals transformed into 2D
images. However, the time-varying nature of EEG frequency bands can still pose challenges,
potentially limiting performance.

To overcome data scarcity in MI-EEG datasets, transfer learning has been explored. Pre-trained
CNN models can be fine-tuned on the target task, enabling the extraction of richer features and
improving classification accuracy when training data is limited. C, ag atay Murat Yilmaz et al.
propose a novel signal-to-image conversion method using quasi-probabilistic distribution models as
an alternative to STFT and CWT. This method is then combined with pre-trained CNN models like
AlexNet, GooglLeNet, and SqueezeNet, as well as an ensemble approach using hard voting, for
classifying the new MI-EEG image representations.
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Table 3. Pre-trained CNN accuracy

. Accuracy Kappa
Slclljs]e CWT+C  Modular CSE- Hard Voting of pre- CWT+C  Modular Hard Voting of pre-
NN Network  UAEL+C-3 trained CNNss NN Network trained CNN’s

A01 83.4 84.91 91.67 80.00 0.88 0.68 0.53
A02 83.8 66.38 63.89 82.96 0.73 0.36 0.62
A03 95 84.74 94.44 94.81 0.67 0.69 0.89
A04 85.4 81.36 72.22 86.67 0.73 0.62 0.66
A05 79.1 79.22 77.08 80.77 0.90 0.66 0.60
A06 86.7 70.67 75.69 84.55 0.71 0.45 0.69
A07 86.4 86.12 73.61 77.78 0.58 0.71 0.54
A08 94 83.81 94.44 79.23 0.90 0.72 0.56
A09 94.8 83.04 90.28 90.83 0.68 0.66 0.82
Agt%i 87.6+5.7 80.03+6.52 81.48+11.33 84.18+5.37 0'751i0'1 0.61+0.12 0.66+0.12

The proposed approach of using hard voting to ensemble the outputs of pre-trained CNN models
(AlexNet, GooglLeNet, SqueezeNet) demonstrated improved classification performance compared to
previous studies. Table 3 shows, for subject A04, the average classification accuracy increased from
85.4% (CWT+CNN) to 86.67%, and for subject A0S, it increased from 79.22% (modular network)
to 80.77%. A similar trend was observed for the kappa statistic, with significant improvements noted
for subject A03 (from 0.69 to 0.89) and subject A09 (from 0.68 to 0.82) [12].

These results highlight that the proposed signal-to-image conversion method, combined with an
ensemble of pre-trained CNNs, can outperform earlier approaches in classifying motor imagery
EEG signals. The method’s effectiveness is particularly notable for the subjects mentioned,
demonstrating its potential for advancing MI-EEG classification techniques.

A structured and systematic approach was employed to gather the referenced articles on brain-
computer interfaces (BCIs), motor imagery EEG (MI-EEG) signal classification, and neural
prosthetics. The extent of the claim, “Recent publications,” is from 2019 to 2024. Fundamental
research from an older period is examined for definitions and the origin of some methods analyzed.
The search began with keyword based queries across several academic databases, including Nature,
IEEE Xplore, PubMed, and ResearchGate, ensuring coverage of interdisciplinary studies in
neuroscience, biomedical engineering, and artificial intelligence; keywords used included ’brain-
computer interface’, 'motor imagery EEG’, ’neural prosthetics’, ’deep learning’, ’CNN-based
classification’, 'RVSP BCI’, Boolean operators like AND, OR, and NOT were incorporated to refine
search results and filter out unrelated studies. For example, combinations such as ’motor imagery
EEG AND deep learning AND classification’ were used to locate studies exploring advanced
machine learning methods applied to MI-EEG signals for improved classification. Filters were
applied to limit the results to studies published within the last five years to ensure the material
reflected the latest technological and research developments in BCI and related fields.
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Locating several of the databases required focused strategies. For the database Nature, I needed
to find articles specifically related to research on human-centered designs for neuromorphic systems,
as well as studies that dealt with the control of such systems using human brains. I used PubMed to
locate research on EEG classification techniques and the types of brain signals that control
prosthetic devices. For research on the application of machine learning to these types of problems, I
used IEEE Xplore. I identified relevant articles like Ali et al. [6] and Wei et al. [13] that deal with
the application of convolutional neural networks (CNNs) and transfer learning to enhance the
accuracy of classifications of Movement Imagery EEG signals, a capability that’s vital for achieving
real-time prosthetic control. This required looking at the reference lists of important articles to find
more key studies—particularly impactful ones—that the original search didn’t yield. For example,
Farina et al. [14] on neural prosthetics and Abiri et al. [15] on EEG-based brain computer interface
paradigms were found this way. This tactic of reference mining, in tandem with an initial article sort,
located several emergent and subfield studies. Wang et al. [16] on integrating haptic feedback into
BCls, for instance. And once we had the articles, we reviewed their abstracts. The emphasis was on
reviewing studies that talked about machine learning, particularly convolutional neural networks and
deep transfer learning, and the real-world application of BCls, like prosthetics and assistive robots,
that help impaired people achieve basic motor functions. Of course, many studies also talked about
the basic science and engineering of how signals from the human brain can be converted into
commands for computers and robots. The engineering problems being solved reflect highly
innovative areas of research.

Alternative access methods, including Google Scholar and ResearchGate, were used for studies
behind paywalls, and platforms where researchers often share preprints or full-text versions.
ResearchGate proved useful for accessing early work on BCI paradigms, such as Blankertz [11], and
more recent studies in the field.

By combining keyword-based searches, database-specific strategies, and the snowball method, I
compiled a collection of articles that reviewed the application of BCI technologies such progress
could be made in restoring the vision of the visually disabled population. The studies covered
various topics, from machine learning-based signal classification to the practical implementation of
neural prosthetics and assistive technology. This method ensured the collection was comprehensive,
recent, and relevant to the ongoing developments in brain-computer interfaces, focusing on their
potential applications in real-time control systems, neural rehabilitation, and assistive technologies
for individuals with disabilities.
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Table 4. Comparison of BCI methods

Method Pros Cons
- Detects event-related potentials (ERPs)like
the P300 wave.
P300 - High accuracy with CBP (92%)). - User interface relatively issues.
Speller - Useful for both Latin and Chinese characters. - Needs multiple intensification for accuracy.

- Advanced signal processing techniques
improve reliability.

- Minimal user training required.

- High information transfer rate (ITR). * Flickering visual stimuli can be visually tiring for

SSVEP . L users.
Speller - Easy to use with frequency-coded stimuli, Slightly lower accuracy in senior groups compared to
p - Achieves high accuracy (93.73%) and ITR OUNGer USErs
(22.88 bpm). young '
- Uses imagined movements for control. *» Lower character entry speed (2.3 to 7.6 characters
Motor Imagery . s . -
BCI - Adapts quickly to individual brain patterns. per minute).
- Error-free sentence completion. * Requires significant mental effort for accurate
(Hex- o- Spell) .
- Tested with real users. control.

In this study, I focused on the identification of the effects of visual stimuli on EEG signals by
brain-computer interface (BCI) techniques. In particular, this paper focuses on how the brain-
neuronal computer interaction for spelling applications can be realized based on EEG signals. I have
summarized the mainstream technology routes so far, enumerated and compared these different
technology routes, and roughly described their development process, application scenarios, and
progress, in which table 4 provides a summary of the pros and cons of each method. These
conclusions aim to provide useful insights for research in this field.

Among the brain responses currently used in non-invasive BCI, I find event-related potentials
(ERP), steady-state evoked potentials (SSVEP), motor imagery (MI), or slow cortical potentials.
These responses can be provoked by external stimuli, such as visual or auditory stimuli (e.g., P300,
SSVEP) or not (e.g., motor imagery). The expected EEG drives classification to specific feature
extraction methods [17,18]. Therefore, 1 discuss different recognition and spelling techniques,
primarily regarding the detection methods of these potentials.

The P300 speller, introduced in 1988 by Farwell et al., enables users to spell characters and has
shown potential as an effective communication device for individuals with severe disabilities [4].
The work by D.J. Krusienski et al. demonstrated that participants could achieve speed and accuracy
suitable for real-world communication through the analysis of P300 signals [1]. Additionally, a late-
stage ALS patient successfully used a P300 speller at home, as developed by the Wolpaw lab [1].
These developments suggest that the P300 speller is the closest to transitioning from laboratory
research to industrial application [4,9].

Regarding Steady-State Visual Evoked Potentials (SSVEP), this paradigm is highly promising in
practical BCI applications due to its high information transfer rate (ITR), simple configuration, and
minimal user training time [19]. Erwei Yin et al. introduced an optimized SSVEP speller with
enhanced performance regarding classification accuracy and spelling speed [20]. However, errors in
detection can significantly impact performance. It has been proposed that accuracy can be improved
by measuring error-related potentials (ErrP), which are detectable when a user perceives or makes



Proceedings of CONF-SEML 2025 Symposium: Machine Learning Theory and Applications
DOI: 10.54254/2755-2721/2025.28588

an error [5]. Experiments by Spu’ler et al. show that ErrP can facilitate error correction in
synchronous BCIs [21].

Motor Imagery BCI (MIBCI) systems use imagined movements to generate EEG signals. Despite
progress, the communication accuracy (CA) of MIBCI systems remains significantly lower than
desired levels of communication effectiveness [12,13]. This limitation highlights the ongoing
challenges in making MIBCI systems practical for real-world use [22].

Despite decades of research, spelling via BCI remains a challenging task for individuals with
severe disabilities. This paper provides a summary of BCI’s development while acknowledging
limitations in addressing non-systematic performance factors such as environmental or
psychological influences [10,12,17].

Overall, this thesis reviews the methods for detecting event-related potentials (ERPs). Proposing the
rehabilitation of the eye using current technology, for example, steady-state visual evoked potential
(SSVEP) and frequency visual evoked potential (f-VEP) for treating ocular motility disorder and
developing eye prosthetics [6,18]. With this aim, the P300 speller has the potential to be used in the
eye, which can analyze P300 electrical signals and ERPs (event-related potentials) generated using
the oddball paradigm, which is significant for developing a brain-computer interface (BCI) [23]. The
improvement in P300 is mainly reflected in the transmission of neural networks performed in signal
processing and detection technology, such as motor imagery [12,13]. However, the graphical user
interface has not progressed in the last two decades [10]. The P300 can help spell characters for
people who have lost the ability to speak and write and has great potential to be an effective
communication device [23]. Steady-state visual evoked potentials (SSVEP), due to their high
information rate (ITR), have become a mainstream technical route at present [15,19]. Although
Erwei Yin et al. proposed an SSVEP speller that is faster and more accurate than the previous
SSVEP, error detection with this method will greatly affect performance [23]. Therefore, I proposed
measuring the potential related to error (ErrP) to improve detection accuracy, and ErrP was also
confirmed by Spuler et al. that it can be used for error correction [20]. Thomsend et al. proposed
another alternative paradigm different from RCP, called the checkerboard paradigm (CBP), which
can greatly alleviate confusion around the target [7]. In one test, CBP achieved 92 percent accuracy
compared to 77 percent for RCP, while also improving the rate of information delivery. Although the
current P300 speller has many advantages, it cannot be used in the commercial field because of
various problems such as robustness and user interface adaptability [10].

Some areas of research are constantly improving, such as the P300 and SSVEP spellers, while
others are using entirely new technologies such as ErrP [20]. In the future, the EEG field will likely
merge these different paths to integrate the best of both worlds, both the optimization of past
techniques and cutting-edge approaches [22,24-27]. With the rapid development of the fields of
neuroscience, biomedical engineering, and artificial intelligence, BCI technology has begun to move
from the laboratory to clinical trials and commercialization, especially the application of
noninvasive BCI devices in the field of medical rehabilitation [21,22,28,29]. Although the BCI
industry has made significant progress, there are still several challenges such as technical issues,
privacy protection, cost control, and so on [6,19]. The technical problems mainly focus on the
collected signal’s accuracy and the equipment’s compatibility [18,20]. With the continuous progress
of technology, the market demand is growing. As far as the whole non-invasive BCI field is
concerned, the current mainstream technical route is still in the development stage [19,10]. This
study provides some insights into this ongoing area of research, demonstrating the advantages of
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existing identification techniques while also pointing out the limitations of various approaches
[23,30].
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