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ABSTRACT This work reviews the critical challenge of data scarcity in developing Transformer-based
models for Electroencephalography (EEG)-based Brain-Computer Interfaces (BCIs), specifically focusing
on Motor Imagery (MI) decoding. While EEG-BCIs hold immense promise for applications in
communication, rehabilitation, and human-computer interaction, limited data availability hinders the use
of advanced deep-learning models such as Transformers. In particular, this paper comprehensively analyzes
three key strategies to address data scarcity: data augmentation, transfer learning, and the inherent attention
mechanisms of Transformers. Data augmentation techniques artificially expand datasets, enhancing model
generalizability by exposing them to a wider range of signal patterns. Transfer learning utilizes pre-trained
models from related domains, leveraging their learned knowledge to overcome the limitations of small EEG
datasets. By thoroughly reviewing current research andmethodologies, this work underscores the importance
of these strategies in overcoming data scarcity. It critically examines the limitations imposed by limited
datasets and showcases potential solutions being developed to address these challenges. This comprehensive
survey, focusing on the intersection of data scarcity and technological advancements, aims to provide a
critical analysis of the current state-of-the-art in EEG-BCI development. By identifying research gaps and
suggesting future directions, the paper encourages further exploration and innovation in this field. Ultimately,
this work aims to contribute to the advancement of more accessible, efficient, and accurate EEG-BCI systems
by addressing the fundamental challenge of data scarcity.

INDEX TERMS Brain-computer interfaces, data scarcity, survey, deep learning, transformer, EEG, self-
attention mechanism, motor imagery, BCI.

I. INTRODUCTION
In the evolving landscape of Brain-Computer Interfaces
(BCIs), the potential of Electroencephalography (EEG) to
transform human interaction with external devices has
become a focal point of both academic and practical interest.
BCIs, leveraging the nuanced capabilities of EEG, promise
unparalleled advancements across a spectrum of applica-
tions. These applications extend from providing lifelines of
communication for individuals struggling with debilitating
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conditions such as amyotrophic lateral sclerosis [1], [2] and
the identification and management of epileptic seizures [3].
Furthermore, the integration of EEG-based BCIs into cutting-
edge prosthetics [4], immersive gaming environments [5],
virtual reality platforms [6], and the broader domain of
scientific research underscores the transformative impact of
this technology [7].

Among the diverse methodologies deployed within BCIs,
EEG distinguishes itself through the non-invasive moni-
toring of brain activity, offering a window into real-time
neural dynamics with exceptional temporal resolution [8].
This characteristic of EEG, coupled with its accessibility,
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cost-effectiveness, and user-friendly nature, has driven
EEG-based non-invasive BCIs to the forefront of neuro-
science and technology discussions [9].

A critical area of focus within EEG-based BCIs is the
analysis of Motor Imagery (MI) signals, which are generated
by individuals imagining the movement of various body
parts without actual movement. These signals are pivotal in
interpreting intentions and facilitating interactions with BCI
systems, especially in assistive healthcare and robotics [10],
[11]. The MI signals, characterized by distinct patterns such
as the modulation of α (8-12 Hz) and β (13-30 Hz) rhythms
in the sensorimotor cortex, present a unique set of challenges
and opportunities for BCI applications [8].
Despite the promising avenues EEG-based BCIs present,

there are substantial hurdles in signal interpretation, primarily
due to the complex, subtle, and often noisy nature of neural
signals. The inherent challenges of weak signal-to-noise
ratios, signal non-stationarity, lengthy calibration processes,
and limited model generalization significantly complicate
the decoding of MI EEG signals [7], [8]. These obstacles
necessitate a shift towards more sophisticated analytical
techniques capable of navigating the intricate landscape of
EEG signals.

The introduction of deep learning methodologies into EEG
signal analysis has opened new horizons for enhancing the
accuracy and efficiency of MI signal decoding [12], [13],
[14], [15], [16]. However, the transition towards leveraging
deep learning for EEG interpretation is hindered by a sig-
nificant challenge: the requirement for large, comprehensive
datasets to train these complex models effectively [16],
[17], [18], [19]. Given that MI EEG datasets are inherently
limited in size, often comprising just a few hundred samples,
the task of training robust, deep learning-based models
becomes particularly challenging. This limitation is a direct
consequence of the exhaustive and tiring nature of EEG
data collection protocols, which can fatigue participants and
thereby compromising the quality and quantity of usable
data [10], [13].

Our survey focuses on addressing the data limitations and
the need for efficient decoding techniques in EEG-based
BCIs utilizing transformer-based models. We explore three
key strategies to overcome challenges arising from limited
datasets, as illustrated in Figure 1.

A. ATTENTION MECHANISM-BASED MODELS
Firstly, we delve into the significant impact of atten-
tion mechanisms in the deep learning domain, especially
their ability to handle high-dimensional, non-stationary
EEG data. By enabling models to dynamically prioritize
the most relevant aspects of the input, even with small
datasets, attention-based models have shown great promise
in EEG-based BCIs. Recent studies have demonstrated their
success in enhancing MI EEG signal decoding, signifi-
cantly improving accuracy and computational efficiency
[18], [20], [21], [22], [23].

B. DATA AUGMENTATION
Secondly, we investigate various data augmentation tech-
niques, including geometric transformations, generative
models, and feature transformations. These techniques aim
to increase the diversity and volume of data available for
model training, thereby improving model robustness and
performance [24], [25], [26].

C. TRANSFER LEARNING
Lastly, we examine the role of transfer learning, which
encompasses inductive, transductive, and unsupervised
learning modalities. This approach leverages extensive
pre-existing datasets to pretrain models, which are subse-
quently fine-tuned for specific MI decoding tasks. Transfer
learning enables models to gain a deeper understanding
of EEG signal characteristics, thereby enhancing decoding
accuracy [19], [27], [28], [29].

Through an exhaustive review of these optimization strate-
gies, this paper aims to provide a comprehensive overview
of the current methodologies employed to navigate the
challenges of data constraints in transformer-based MI EEG
classification. By highlighting the advantages, limitations,
and applicability of each approach, we aim to offer valuable
insights into their potential impact on the future of EEG-
based BCIs. Moreover, this discussion seeks to underline
existing challenges and pave the way for future research
endeavors. These efforts aim to improve transformer-based
models for EEG-based BCIs.

II. OVERVIEW OF TRANSFORMER ARCHITECTURE
In the context of our survey on the impact of data scarcity in
BCIs leveraging EEG signals, it is crucial to understand the
role of advanced neural network architectures, particularly
the Transformer model. Originally developed for natural
language processing tasks, the Transformer architecture,
introduced by Vaswani et al. in 2017, marked a significant
departure from traditional recurrent neural network models
such as RNNs and LSTMs [30]. These earlier models, despite
their ability to handle sequential data, faced challenges
such as difficulty in capturing long-term dependencies and
limitations in parallel processing, which are crucial for
efficient training on modern hardware.

The Transformer overcomes these challenges by employ-
ing a mechanism known as self-attention, enabling the model
to process entire sequences of data in parallel. This not only
improves training efficiency but also allows the model to
dynamically concentrate on different sections of the input
sequence as needed, increasing its ability to capture complex
dependencies within the data. The architecture consists of
an encoder and decoder, each made up of multiple layers
that facilitate the construction of deep learning models.
In the encoder architecture, every layer is equipped with
a multi-head self-attention mechanism and a position-wise
fully connected feed-forward network. The decoder similarly
includes these components but adds a cross-attention step
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FIGURE 1. Schematic of EEG-based BCI framework, illustrating the stages from signal acquisition to device control using
Transformer-based classification, highlighting preprocessing, data augmentation, and transfer learning steps.

between the self-attention and feed-forward layers, allowing
it to selectively concentrate on pertinent segments of the
input sequence based on the encoder’s output. The overall
architecture of the vanilla Transformer model is depicted
in Figure 2.

For EEG classification tasks in BCIs, the Transformer
architecture’s ability to capture long-range dependencies and
complex patterns within EEG signals makes it particularly
suitable. It employs self-attention mechanisms to dynami-
cally concentrate on relevant segments of the EEG sequence,
improving the accuracy of classification tasks. Typically, the
Transformer encoder is used to process EEG signals, with its
output fed into a classification layer to predict mental states
or tasks. This approach leverages the Transformer’s strength
in handling sequential data, making it a promising tool for
advancing BCI technologies, especially in contexts where the
availability of large-scale datasets is a challenge.

A. TRANSFORMER’S ARCHITECTURE FOR EEG
CLASSIFICATION
To provide a comprehensive understanding of how a Trans-
former architecture can be applied to EEG data classification,
we delve into the mathematical intricacies and highlight
the relevance of data scarcity, particularly in the context of
computing attention matrices and model training.

1) DATA STANDARDIZATION AND POSITIONAL ENCODING
Let’s denote a dataset of EEG trials for training as Dtrain =
{(X1, y1), . . . , (Xn, yn)}, where each Xi ∈ Rc×p represents
the EEG data for trial i, with c channels and p time points.
The class label yi pertains to one of L possible classes. The
raw data Xi undergoes channel-wise z-score normalization,
resulting in X̂i, to ensure homogeneity in data scale and

distribution, which is critical for models sensitive to data
variance.

Positional encoding is then added to X̂i, yielding X̃i,
to incorporate the sequential nature of EEG data into
the model. This step is crucial since EEG signals are
time-dependent, and capturing temporal relations enhances
the model’s predictive capability. The positional encoding
employs sinusoidal functions to embed sequence position
information, enabling the model to comprehend and utilize
the sequential arrangement of EEG signal components
effectively.

2) SELF-ATTENTION MECHANISM
The heart of the Transformer’s ability to process sequences
is its self-attention mechanism, which computes relevance-
weighted aggregations of all elements in a sequence to
generate context-aware representations. For a given trial X̃i,
the scaled dot-product attention computes the output as:

AttnV,K,Q(X̃i) = VX̃i × softmax
(X̃T

i KT QX̃i√
dk

)
, (1)

whereQ,K, andV are the queries, keys, and valuesmatrices,
respectively, obtained by projecting X̃i with learned weights,
and dk is the scaling factor to prevent overly large dot
products.

3) MULTI-HEAD ATTENTION
To address the constraints inherent in single-head attention
and to enhance the model’s capacity to capture diverse
facets of the data, the Transformer utilizes Multi-Head Self-
Attention (MHSA). This approach involves running several
attention mechanisms in parallel, each with its own set of
learned projections, and then concatenating their outputs.
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FIGURE 2. Architecture of the vanilla Transformer model. The model comprises an encoder and a decoder, each containing multiple identical layers.
The layers within the encoder are equipped with multi-head self-attention mechanisms and feed-forward networks. In contrast, the layers in the
decoder further integrate cross-attention mechanisms.

This can be mathematically represented as follows:

MHSA(X̃i) = Concat(head1, . . . , headh)WO, (2)

where headi = AttnVi,Ki,Qi
(X̃i), and WO is an output

projection matrix. MHSA enables the model to concurrently
attend to information from distinct representation subspaces,
thereby augmenting its capacity to discern complex patterns.

4) SKIP CONNECTIONS AND LAYER NORMALIZATION
To further improve training stability and facilitate deeper
model architectures, the Transformer architecture incorpo-
rates skip connections and layer normalization. Skip connec-
tions, also known as residual connections, facilitate the direct
flow of gradients through the network, thereby alleviating
issues associated with vanishing gradients. Following the
attention and linear layers, the outputs are added to the
original inputs (skip connection) and then normalized (layer
normalization). This process is mathematically denoted as:

Y = LayerNorm(X + Sublayer(X)),

where X is the input to a sublayer, and Sublayer(X)
represents the output from either an attention or a linear
layer. Layer normalization standardizes the outputs across the
features for each data point, enhancing training efficiency and
model performance.

III. DATA CONSTRAINTS IN EEG-BASED BCIS
Transformer-based models, with their capacity for handling
sequential data and capturing long-range dependencies, hold
significant promise for decoding and classifying MI EEG

signals [7]. However, the effectiveness of these models heav-
ily depends on the quantity and quality of the training data
available [10], [13]. The scarcity of comprehensive, high-
quality motor imagery EEG datasets constrains researchers’
capacity to fully exploit the capabilities of Transformer-based
deep learning techniques in MI EEG analysis. This scarcity
is primarily attributed to the extensive experimental labor
and the rigorous data collection processes that are required
to gather MI EEG data [8]. Motor imagery tasks involve
participants imagining the movement of their limbs without
physically executing the movements. This process necessi-
tates a careful experimental setup and strict adherence to
protocol to guarantee the reliability and integrity of the
collected EEG data [11], [12].

A. EXPERIMENTAL LABOR AND DATA COLLECTION
CHALLENGES
The process of collecting motor imagery EEG data involves
complex experimental setups that require precise calibra-
tion and configuration of EEG recording equipment [31].
Participants must be trained to perform motor imagery
tasks consistently while minimizing artifacts that could
contaminate the EEG signals, such as eye blinks or muscle
movements unrelated to the imagined task [32], [33], [34].

An additional layer of complexity is introduced by the
physical and mental demands placed on participants. The
collection process is not only intricate and labor-intensive
but also remarkably taxing for the subjects involved. They
are required to sit still for extended periods, often stretching
across several hours in a single session, and to repeat these
sessions multiple times to gather sufficient data [35]. This
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FIGURE 3. Experimental design for MI BCI paradigm.

requirement imposes significant physical and psychological
strain on participants, influencing the feasibility and effi-
ciency of data collection efforts [36].
• Extended Sitting Periods: The nature of EEG data

collection necessitates minimal movement to avoid
introducing noise into the data. For MI EEG tasks, this
means participants must remain still for hours, focusing
intensely on imagining specific movements without
any physical execution [35]. This prolonged immobility
can lead to physical discomfort, fatigue, and decreased
concentration over time, impacting the quality of the
collected data.

• Multiple Sessions Requirement: To achieve a dataset
of sufficient size and variability, participants often need
to undergo the data collection process multiple times.
These repeated sessions, each requiring hours of intense
concentration and stillness, can exacerbate the physical
and mental fatigue experienced by participants [37]. The
commitment required can also make it challenging to
recruit and retain subjects, especially those who may
find it difficult to visit the lab multiple times due to
personal or logistical reasons. For instance, in motor
imagery EEG experiments, estimating the number of
trials that can be conducted within an hour involves
considering several key factors: the duration of themotor
imagery task, the rest period between tasks, and any
initial setup or instruction time [31], [38]. Assuming a
task duration of 10 seconds, a subsequent rest period
of 20 seconds, and an additional 5 seconds allocated
for setup or instructions before each task, the total
duration for one trial is calculated at 35 seconds per
trial (see Figure 3). This setup theoretically allows for
around 102 trials to fit into a one-hour window, based
on dividing the total number of seconds in an hour
by the duration of each trial. However, the practical
execution may result in a lower number of trials, as this
estimate does not account for potential delays such as
equipment calibration, extended breaks for participant
comfort, or task repetitions due to data quality issues
or artifacts [38], [39]. The balance between achieving
a high number of trials and maintaining data quality
and participant well-being is crucial, with specific
experimental designs tailored to the study’s goals and
the participants’ capacity.

• Psychological Fatigue: Beyond the physical discomfort
of prolonged stillness, the mental effort involved in

consistently generating vivid motor imagery can be
mentally exhausting [40]. This cognitive strain, com-
pounded over several sessions, can lead to diminished
performance in the tasks, potentially affecting the
reliability and quality of the EEG data collected.

The physical and psychological demands of participating
in Motor Imagery EEG studies profoundly impact both data
collection processes and the subsequent development of
Transformer-based deep learning models [35], [41]. Ensuring
the comfort and sustained engagement of participants is cru-
cial for gathering high-quality, reliable data. The fatigue and
discomfort experienced by subjects, necessitated by hours of
stillness and intense concentration across multiple sessions,
can lead to significant variability in data quality [42], [43].
This variability, stemming from the difficulty in consistently
performing motor imagery tasks, directly contributes to
the broader challenge of data scarcity, complicating the
development and refinement of advanced deep learning
methodologies.

The challenge of recruiting and retaining participants,
amplified by the tiring nature of EEG data collection,
further increases the scarcity of MI EEG datasets. This
scarcity critically limits the training, testing, and valida-
tion of Transformer models and undermines the models’
generalizability.

B. VARIABILITY AND NOISE IN EEG SIGNALS
Another challenge arises from the inherent variability in
participants’ ability to generate clear and consistent motor
imagery patterns, which can significantly affect the quality
and usability of the collected data. This variability neces-
sitates the inclusion of a larger number of participants to
ensure that the datasets are representative and robust enough
for training deep learning models. There are other significant
challenges that come with analyzing EEG signals due to
various constraints. For example, these constraints include
high variability between and within individuals, the presence
of noise and artifacts, and the high dimensionality of the EEG
data. Addressing these challenges is essential for improving
the accuracy and reliability of the analysis [17], [44], [45],
[46]. For instance, EEG signals exhibit considerable vari-
ability across different individuals (inter-subject variability)
and within the same individual across different sessions
(intra-subject variability), which stems from differences in
brain anatomy, neural processing, and physiological and
environmental factors [42], [47]. This variability presents
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a significant challenge in developing robust BCI systems
that exhibit strong generalization capabilities across different
subjects and sessions.

Inter-subject variability is influenced by various factors,
including lifestyle, gender, age, and psychological states
such as motivation and frustration, which affect BCI perfor-
mance [43], [48], [49], [50], [51]. For instance, it has been
reported that females and individuals skilled in playing a
musical instrument tend to be better BCI performers [43].
Furthermore, studies have identified a correlation between
age and the duration of daily hand/arm movements with
the modulation of α rhythms, which is pivotal for the
performance of brain-computer interfaces [48].
Intra-subject variability can be affected by changes in

physiological and psychological states over time. Factors
such as motivation and fear have been reported to influence
BCI performance positively and negatively, respectively [40].
Designing engaging and immersive BCI systems, such as
those incorporating virtual reality, has been shown to improve
user performance by enhancing attention andmotivation [44],
[45], [52], [53], [54].

EEG signals are also known for their low signal-to-
noise ratio (SNR), making them susceptible to various
types of noise and artifacts. These unwanted signals can
originate from external sources, such as electrical equip-
ment, or physiological sources such as eye movements
(EOG), muscle activity (EMG), and heartbeats (ECG)
[15], [42], [55], [56].

These physiological sources can include:
• Electrooculographic Activity (EOG): Eye move-

ments, such as blinking and saccades, generate electrical
activity that can be picked up by EEG electrodes
placed on the scalp. EOG artifacts can obscure genuine
brain signals, particularly in experiments involving eye-
related tasks [57], [58], [59], [60], [61].

• Electrocardiographic Activity (ECG): The electrical
activity of the heart, represented by the ECG, can
introduce interference into EEG recordings. Heart-
related artifacts can be challenging to distinguish from
neural signals, particularly in studies where precise
timing is crucial [36], [62].

• Electromyographic Activity (EMG): Muscle contrac-
tions and movements, especially in facial muscles,
can contaminate EEG signals with electromyographic
artifacts. These artifacts can be more pronounced
during tasks that involve facial expressions or speech
[58], [59], [61].

• Ballistocardiographic Activity: The pulsatile motion
of the heart can generate ballistocardiographic artifacts
in EEG recordings. These artifacts can vary with body
position and may require specialized techniques for
removal [33], [36].

• Respiration: Variations in breathing patterns can
introduce fluctuations in EEG signals, particularly
when electrodes are placed near the nose or mouth.
These respiratory artifacts can affect the accuracy of

FIGURE 4. High dimensional representation of MI EEG data structure
from Weibo2014 dataset (selected 20 channels) [66].

BCI decoding, especially in tasks that require precise
timing [34].

Effective preprocessing and denoising techniques are
essential to improve the quality of EEG data and ensure
accurate feature extraction and classification, addressing both
environmental and physiological sources of noise [33], [35],
[63], [64].

Recent approaches to mitigating the impact of variability
and noise in EEG signals include the development of adaptive
models that can adjust to individual characteristics and the use
of transfer learning techniques to leverage data from multiple
subjects. For example, the Temporal-Spatial Transformer
(TST) model aims to enhance robustness and accuracy in
classifying EEG signals across diverse subjects by focusing
on both temporal and spatial aspects of the data, representing
a promising direction in overcoming these challenges in BCI
development.

Moreover, advanced denoising methods, such as the
GAN-guided parallel CNN and transformer network (GCT-
Net) proposed by Yin et al. [65], show promise in effectively
removing artifacts while preserving important EEG infor-
mation. These approaches aim to strike a balance between
eliminating noise and retaining the integrity of the underlying
neural signals.

Another critical consideration in EEG data is its high
dimensionality. EEG recordings often consist of a multitude
of channels, each measuring electrical activity from a specific
scalp location. High-density EEG systems can include dozens
or even hundreds of electrodes, leading to a substantial
number of channels. Addressing the high dimensionality
of EEG data is crucial for enhancing the efficiency and
accuracy of BCI systems. This aspect is further discussed
in subsection III-C, and a high-dimensional representation of
EEG data can be seen in Figure 4.
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C. HIGH DIMENSIONALITY OF EEG DATA
The high dimensionality of EEG data poses several chal-
lenges in the context of BCI research:

• Curse of Dimensionality: High dimensionality can
lead to the ‘‘curse of dimensionality,’’ which refers
to the exponential increase in data volume as the
number of dimensions (channels) grows. This can
result in increased computational complexity and mem-
ory requirements for processing and storing EEG
data [24], [25].

• Data Sparsity: Another challenge in EEG-based BCI
research is data sparsity. Limited data availability makes
it challenging to apply transformer models reliably to
EEG datasets. Researchers have been exploring data
augmentation methods to address this issue and expand
the dataset effectively [65].

• Feature Extraction and Selection: The large number
of EEG channels necessitates careful feature selection
and extraction to reduce dimensionality and focus on
the most informative aspects of the data. Researchers
often employ techniques like Common Spatial Patterns
(CSP) to identify spatial patterns that discriminate
between different cognitive states while reducing the
dimensionality of the feature space [20], [25].

Recently, approaches such as the use of convolutional
neural networks (CNNs) and transformer-based models have
been explored to reduce dimensionality while capturing
relevant spatial and temporal features. For example, the EEG
Conformer model proposed by Song et al. [25] combines
CNN elements with self-attention mechanisms to efficiently
handle both local and global EEG features. Additionally,
the development of models like the Swin Transformer for
EEG-based BCIs byWang et al. [20] showcases the potential
of transformers in managing high-dimensional data while
maintaining high accuracy. These advancements highlight the
critical role of innovative model architectures in the future of
EEG-based BCI research.

IV. CHALLENGES OF APPLYING TRANSFORMERS TO
LIMITED EEG DATA
The application of transformer models to EEG data in BCIs
presents several challenges. These include computational
overheads, overfitting due to data sparsity, and the need to
integrate domain-specific knowledge. Addressing these chal-
lenges is crucial for harnessing the potential of transformers
in EEG-based BCIs.

A. COMPUTATIONAL OVERHEADS IN APPLYING
TRANSFORMERS TO EEG DATA
Transformers bring a sophisticated level of data processing
to BCIs, thanks to their self-attention mechanisms. However,
their integration is not without significant computational
demands, which are particularly acute when working with
the continuous and high-dimensional nature of EEG data
streams.

• Computational Complexity: Transformers’ complex
architecture, while powerful in identifying intricate
patterns within data, requires substantial computational
power, often resulting in increased processing times and
resource demands, especially in settings with limited
computational capacity [21], [25].

• Continuous EEG Data Processing: The real-time
requirement of BCIs to process ongoing EEG data
increases these computational challenges. Efficiently
managing memory and computational load becomes
essential to maintain the responsiveness of BCI
systems [19].

• Scalability and Resource Constraints: In resource-
constrained environments, the scalability of large trans-
former models is particularly affected, leading to
limitations in their practical deployment for real-time
EEG analysis [65].

Models such as the Gated Transformer [21] introduce
gating mechanisms to manage the high temporal resolution
of EEG signals, while multiscale convolutional transform-
ers [15] blend convolutional layers with transformers to
better capture spatial-temporal dynamics. Despite their
effectiveness, the computational intensity of these models
poses a barrier to their application in BCIs, where processing
efficiency and low latency are of the essence.

The challenges of applying transformers to limited
EEG data, characterized by data sparsity and the need
for integrating domain-specific knowledge, underscore the
necessity for optimized model architectures and advanced
data augmentation techniques. Employing strategies such as
data augmentation through generative models and transfer
learning can address data scarcity and enhance the training of
these computationally demanding models. These solutions,
when effectively implemented, promise to overcome the
current limitations and facilitate the broader adoption of
transformer models in EEG-based BCI applications.

B. OVERFITTING CHALLENGES WITH TRANSFORMERS IN
EEG DATA
The limited availability of EEG data elevates the risk of
overfitting, a common challenge when applying deep learn-
ing models to small datasets. Transformers, with their large
number of parameters, are particularly prone to overfitting
when trained on limited data [18], [29].

Several strategies have been developed to mitigate overfit-
ting in transformer-based models for EEG data. For example,
Luo et al.’s shallow mirror transformer (SMT) introduces
a novel network structure that augments data within the
training phase, thereby enhancing model generalization
on extensive EEG trial data. However, the variability in
SMT’s performance with shorter trial lengths underscores the
challenge of adapting transformer architectures to the diverse
sequence lengths intrinsic to EEG recordings [24].

The EEG Conformer, proposed by Song et al., combines
CNN layers with self-attention mechanisms, facilitating
the model’s learning of both local and global temporal
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EEG features. This integration helps reduce overfitting by
leveraging the comprehensive temporal characteristics of
EEG signals, although the scarcity of specialized calibration
data for this approach remains a bottleneck for EEG decoding
efficiency [25].

Tan et al.’s VAT-TransEEGNet model employs virtual
adversarial training (VAT), introducing regularization that
aids the model in optimizing the extraction of global features.
This model is further refined through a particle swarm
optimization (PSO) algorithm, enhancing its robustness in
decoding the intricate neural activity patterns associated
with motor imagery. Despite its advancements, the model’s
dependency on virtual noise and optimization underscores the
persistent challenge of developing robust classifiers capable
of navigating the complexities of EEG-based motor imagery
classification [18].

These approaches demonstrate the concerted effort in the
field to develop transformer models that can effectively
circumvent the overfitting challenge, aiming to create more
reliable and generalizable systems for EEG-based BCI
applications. The continuous evolution of these strategies
is indicative of the dynamic nature of BCI research,
wherein model robustness and adaptability are in constant
development to meet the demanding requirements of EEG
signal interpretation.

V. PERFORMANCE OPTIMIZATION TECHNIQUES
Advanced performance optimization techniques are crucial
for enhancing the functionality of EEG-based BCIs, partic-
ularly when addressing the challenges posed by the limited
data availability of MI EEG signals. This section delves
into attention mechanism-based models, which have shown
promise in improving the performance of transformer-based
models under these constraints. It is followed by an explo-
ration of two additional strategies that can further enhance
these models.

A. ATTENTION MECHANISM-BASED MODELS
Attention mechanisms are key components of transformer-
based models, which have significantly advanced BCI
systems. These methods are particularly adept at managing
high-dimensional, non-stationary EEG data, enabling the
model to dynamically prioritize the most pertinent aspects
of the input. This ability to focus on crucial information
allows transformer-based models with attention mechanisms
to sometimes outperform state-of-the-art models, even when
working with small datasets. Tables 1 and 2 provide an
overview of transformer-based models in MI BCIs with
attention methods applied, showcasing the diversity and
effectiveness of these models in the BCI domain.

One notable example is the Temporal-Spatial Convolution
and Transformer (TSCT) model developed by Shi et al. [67],
which features a spatiotemporal convolution layer designed
to autonomously focus on essential brain regions during
the training phase. By combining convolutional blocks
with partial Transformer encoders, the model significantly

improves feature recognition and analysis, highlighting
the effectiveness of attention mechanisms in optimizing
EEG-based BCI classification.

Expanding on transformer configurations, Tao et al. [21]
explored various models, including the Post-LN Trans-
former, Pre-LN Transformer, and GRUGate Transformer,
for decoding human brain EEG signals. Their research
demonstrates the versatility of attention mechanisms in
managing the unique attributes of EEG data and offers
insights into customizing transformer models for specific
BCI applications.

Tan et al.’s [18] VAT-TransEEGNet algorithm, which
employs Virtual Adversarial Training (VAT) for model
regularization, showcases another innovative application of
attention mechanisms. By addressing overfitting in limited
EEG datasets, VAT enhances the model’s stability and gen-
eralization ability, emphasizing the need for computational
efficiency and refined hyperparameter tuning in such models.

Wang et al. [20] introduced the Swin Transformer for EEG-
based BCIs, leveraging its shifted windows design to increase
modeling capacity. This model’s approach to integrating
diverse data modalities, including visual, textual, and EEG
signals, underlines the potential of attention mechanisms in
broadening the capabilities of BCI systems.

Ahn et al. [15] utilized regularization techniques and
multi-modal tasks to enhance the robustness of EEG data
interpretation. By introducing diversity in learning patterns,
these techniques have improved model performance, high-
lighting the importance of selecting appropriate regulariza-
tion methods and managing multi-modal task complexities.

Hameed et al.’s [68] Temporal-Spatial Transformer (TST)
employs attention mechanisms to adeptly navigate the
temporal and spatial dynamics of EEG data, offering
promising results in continuous EEG signal analysis with
low signal-to-noise ratios. Challenges such as data scarcity
and model tuning intricacies remain, with data augmentation
and comprehensive hyperparameter optimization poised as
potential solutions.

Deny et al.’s [17] hierarchical transformer architecture,
which dissects long MI trials into short-term intervals,
exemplifies how finely tuned attention mechanisms can
significantly enhance BCI application accuracy. Despite
high accuracy achievements, enhancing generalization across
subjects remains an area ripe for improvement.

Lastly, Ma et al. [14] and Xie et al. [69] highlight the
value of incorporating attention mechanisms for decoding
MI-EEG and classifying raw EEG data, respectively. These
studies underscore the benefits of attention-based models
in improving the specificity and generalizability of BCI
systems, indicating a fruitful direction for future research in
making BCIs more personalized and effective.

Together, these advancements highlight the significant
potential of attention mechanism-based models in EEG-
based BCIs. While these models have shown considerable
promise in enhancing the accuracy and reliability of BCI
systems, opportunities for further enhancement remain.

VOLUME 12, 2024 62635



A. Keutayeva, B. Abibullaev: Data Constraints and Performance Optimization

Addressing the challenges outlined in Section IV and further
exploring the performance optimization methods discussed
in subsections B and C of Section V is crucial. Additionally,
the selected studies provided in Section VI, underscore the
ongoing need for refining these models to overcome current
limitations and fully realize their potential in EEG BCI
applications.

B. DATA AUGMENTATION TECHNIQUES
In EEG signal classification, data augmentation is a pivotal
strategy to address the challenge of overfitting, often
arising from the sparse nature of the data. By using a
range of techniques to artificially expand the dataset, data
augmentation plays a crucial role in improving model
training and performance. This subsection delves into three
key data augmentation methods: geometric transformations,
generative models, and feature transformations, as illustrated
in Figure 5. Table 3 provides a comprehensive overview
of how these data augmentation (DA) methods have been
applied in the context of MI-based BCI research.

1) GEOMETRY TRANSFORMATIONS
Geometric transformations have emerged as a crucial
technique for enhancing the performance of EEG-based
BCIs through data augmentation. By altering the spatial
or temporal structure of EEG data, these methods intro-
duce essential variability into training datasets, enhancing
model generalizability. Recent studies have demonstrated the
effectiveness of geometric transformations in improving BCI
performance.

The work of Wang et al. [71] exemplifies this approach
by employing repeated trial augmentation techniques such
as random cropping and erasing. These methods modify
the EEG data’s structure in a controlled manner, simulating
potential variability within EEG recordings and preventing
the model from learning noise-specific patterns that could
lead to overfitting.

Building on this, Song et al. [25] have explored the tempo-
ral domain through segmentation and reconstruction (S&R)
techniques. This approach disassembles and reconstructs
EEG sequences to generate an augmented dataset with a
diverse range of temporal patterns, enabling models to better
handle the temporal irregularities encountered in EEG signal
analysis.

Further contributions to this field include the work of
Wang et al. [41], who adopted an overlapped time slice
strategy to overlay slices of EEG data, creating com-
posite samples that enhance temporal diversity. Similarly,
Luo et al. [24] have introduced a novel spatial transformation
technique, the mirror EEG trials, which simulates different
spatial perspectives and brain activity patterns, beneficial for
ensemble learning approaches.

Expanding upon these spatial and temporal strategies,
Ozelbas et al. [72] have employed a combination of tech-
niques, including random time shifting and Gaussian noise
addition, further broadening the data augmentation spectrum.

Random time shifting, especially, is critical for temporal
transformation, fortifying the model’s resilience to variations
in signal timing, a common occurrence in EEG data
collection.

2) GENERATIVE MODELS
Generative models, specifically Generative Adversarial Net-
works (GANs), are transforming the field of EEG data
augmentation. These models can generate synthetic datasets
that are realistic in nature. By leveraging GANs to create
synthetic EEG data, researchers are effectively addressing the
issue of data scarcity, which often hampers the development
of robust EEG-based BCI systems.

Penava and Buettner [74] have utilized GANs to generate
synthetic EEG data, demonstrating the potential of GANs
to expand the breadth of available EEG datasets for model
training. Similarly, Habashi et al. [75] have employed GANs
to produce synthetic images of EEG spectra, which can be
particularly useful for tasks involving spectral analysis.

FBGAN, a specialized variant of GAN, was adopted by
Zhang et al. [76] for EEG data generation. This adaptation
of GAN technology is tailored specifically to the unique
properties of EEG signals, reflecting ongoing innovation in
generative model applications.

Beyond traditional GANs, Liang et al. [77] have proposed
an auxiliary synthesis framework that uses generative models
to synthesize supplementary data, thereby providing addi-
tional resources for model training without the need for
extensive data collection.

The target-centered subject transfer framework presented
by Yin et al. [78] represents another step forward, utilizing
generative models to transfer a subset of source data to
the target domain. This approach not only enhances the
explainability of the target domain data but also ensures the
augmentation process adds real, relevant data as opposed to
mere noise, thus improving the overall performance of data-
driven models.

3) FEATURE TRANSFORMATIONS
Feature transformation techniques are emerging as pivotal
methods to enhance the robustness and generalizability of
deep learning models. These techniques directly manipulate
the extracted features from EEG signals, offering innovative
ways to augment data and improve model performance.

Arı and Taçgın [73] highlight the importance of jittering
and scaling operations as basic yet effective feature mod-
ifications. Jittering introduces slight variations to the data,
simulating natural fluctuations in EEG signals, while scaling
adjusts their amplitude, enabling models to recognize and
adapt to different signal intensities.

Building on these concepts, Xie et al. [26] incorporate
signal scaling, signal mixing, and the addition of Gaussian
noise. Signal mixing merges features from different EEG
recordings, enhancing the model’s exposure to diverse brain
activities. The addition of Gaussian noise mimics real-world
artifacts and irregularities in EEG signals, training the model
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TABLE 1. Overview of transformer-based models in motor imagery-based brain-computer interfaces with attention methods applied (SI:
subject-independent, SD: subject-dependent) (continued on next page).
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TABLE 2. (Continued from previous page) Overview of transformer-based models in motor imagery-based brain-computer interfaces with attention
methods applied (CSE: cross-subject experiment).

62638 VOLUME 12, 2024



A. Keutayeva, B. Abibullaev: Data Constraints and Performance Optimization

TABLE 3. Overview of data augmentation (DA) methods in motor imagery-based brain-computer interfaces.
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FIGURE 5. Categorization of data augmentation techniques for EEG-based brain-computer interfaces.

to filter out irrelevant information and focus on underlying
patterns.

Yin et al. [79] introduce a technique called MixUp,
which creates convex combinations of pairs of examples and
their labels. MixUp promotes smoother model generalization
across various states and conditions of EEG data, increasing
the diversity of the training dataset and encouraging the
model to interpolate between different signal types, thereby
improving predictive accuracy and robustness.

Together, these feature transformation techniques provide
a comprehensive toolkit for overcoming challenges associ-
ated with EEG data scarcity and variability. By modifying
EEG signal features through jittering, scaling, signal mixing,
noise addition, and the MixUp technique, researchers can
significantly enhance their datasets. This not only addresses
the limitations of available data but also equips deep learning
models to handle the complex and dynamic nature of brain
activity signals, paving the way for more effective and
reliable BCIs.

In summary, the use of data augmentation techniques is
critical in addressing the challenges of insufficient EEG
data and its variability, which is fundamental for developing
accurate deep-learning models such as transformers that can
accurately interpret motor imagery EEG signals. Incorporat-
ing generative models plays a significant role in overcoming
the constraints of EEG datasets that are both complex and
limited in size. By generating new data and diversifying the
training samples, these techniques are crucial for developing
robust deep learning systems towards greater EEG decoding
accuracy and the ability to adapt to various scenarios.

C. TRANSFER LEARNING
Transfer learning has emerged as an important strategy in
refining deep neural networks for EEG-based BCI systems,
particularly addressing the challenge of data scarcity and

the requirement for transformer models to access extensive
datasets for generalization. This approach, which leverages
knowledge from previously learned tasks or domains, can
significantly enhance model performance in new, related
tasks or domains, even when labeled data are limited. This
section delves into the various transfer learning method-
ologies applied in MI-BCI, as summarized in Table 4 and
illustrated in Figure 6.

Inductive transfer learning focuses on leveraging knowl-
edge from a source task to enhance performance on a related
but distinct target task. For instance, in motor imagery BCI,
knowledge gained from analyzing hand movement imagery
tasks can be applied to improve models designed for foot
movement imagery tasks. This category of transfer learning is
invaluable when labeled data for the target task are available
but perhaps not in sufficient volume required for training from
scratch [19], [80].

Transductive transfer learning, or domain adaptation,
aims to adapt a model from a source domain to a target
domain where the tasks remain the same, but the data
distributions differ. This approach is particularly relevant in
MI-BCI systems where a model trained on EEG data from
one group of subjects is adapted to perform well on data
from another subject with unique brain signal characteristics.
This approach addresses the variability in EEG signals
across individuals, enhancing themodel’s applicability across
diverse user groups [79], [81].

Unsupervised transfer learning is especially useful when
no labeled data are available for the target task in the target
domain. It allows for the utilization of unlabeled data from
new subjects to improve or adapt the performance of pre-
existing models. This method is crucial for MI-BCI applica-
tions where collecting labeled data can be labor-intensive and
time-consuming. By leveraging unlabeled data, unsupervised
transfer learning can significantly reduce the dependency on
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FIGURE 6. Schematic representation of transfer learning mechanism in MI-EEG BCI using transformer-based models, highlighting the process from
source domain adaptation through transfer learning to target domain application.

extensive labeled datasets, making it easier to extend BCI
systems to new tasks or subject groups without starting from
zero [27], [29], [82], [83].

These transfer learning methods offer a suite of solu-
tions to overcome the challenges posed by the need for
large datasets for training transformer models in the BCI
domain. By intelligently leveraging knowledge from related
tasks or domains, transfer learning not only addresses
data scarcity but also facilitates the development of more
versatile and effective BCI systems capable of adapting to
a wide range of tasks and individual differences in EEG
signals.

Building on the foundation of transfer learning inMI EEG-
based BCI, it is evident that categorizing these methods based
on the type of transfer and domain is crucial for maximizing
their effectiveness. Here are some common categories of
transfer learning that can be applied to MI BCI systems (see
Figure 7):
• Feature Transfer is an approach where features

extracted from one subject or task are utilized to
enhance the model’s performance on another. This
method is particularly effective in managing the inherent
variability found in EEG signals, which can vary widely
across individuals and tasks. By adapting these feature
representations, Feature Transfer aims to make the
model more versatile and capable of understanding
and interpreting EEG data from different domains with
greater accuracy [81].

• Model Transfer adopts a more holistic approach by
applying the principles of transfer learning at the
model level. In this method, a neural network initially
trained on a specific set of EEG data is fine-tuned
to accommodate new subjects or tasks. This process
leverages the neural network’s learned patterns from its

original training to improve its performance on related
but previously unseen data [84].

• Domain Adaptation focuses on minimizing the dif-
ferences in data distribution between the source and
target domains. Techniques employed in this approach,
such as domain-invariant feature extraction, strive to
make the model’s performance more consistent across
varied subject data. This is crucial for ensuring that a
model trained on one group of subjects can adapt and
perform effectively on data from another group, despite
differences in EEG signal characteristics [28], [41].

• Instance Transfer is the method where specific data
instances from the source domain are selectively used
in the training process for the target domain. The
selection of these instances is critically dependent on
their relevance or similarity to the target domain, thus
optimizing the knowledge transfer and making the
training process more efficient and targeted [81].

• Hybrid Transfer leverages the strengths of two or more
transfer learning strategies to achieve optimal results.
By integrating approaches such as Feature Transfer and
Instance Transfer, it is possible to significantly improve
themodel’s classification accuracy. Thismethod ensures
that both the most relevant features and data instances
contribute to the model’s learning process, enhancing
its ability to adapt and perform across diverse tasks and
subject data [85].

In addition to the transfer learning frameworks mentioned
above, exploring generative models such as GANs introduces
a novel dimension to enhancing EEG signal analysis. The
use of GANs, particularly in conjunction with CNNs and
transformer networks for tasks such as artifact removal,
exemplifies the innovative integration of pre-trained models
for refining EEG signal quality. Jin Yin et al.’s [65] work
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TABLE 4. Overview of transfer learning (TL) methods applied in the context of motor imagery-based brain-computer interfaces.

demonstrates the effectiveness of GANs in generating cleaner
EEG data, a crucial step for improving the reliability and
accuracy of BCI systems.

Further advancing the transfer learning landscape, the
application of domain discriminators offers a strategic
method for feature alignment across varied domains. Inspired
by the principles behind GANs, this technique employs
a domain discriminator to challenge and thus refine the
model’s ability to generalize features. By obfuscating the
differences between source and target domain features, this
approach significantly enhances the model’s ability to adapt
across diverse subject data, boosting its generalizability and
performance [28].

The introduction of the Domain-Free Transformer
(DFformer) by Kim et al. [29] represents a forward leap in
creating adaptable and versatile models for BCI applications.
This pre-trainedmodel, designed to operate seamlessly across
different EEG datasets, embodies the principles of transfer
learning by offering a foundational model that can be tailored
to a wide array of BCI tasks without the need for extensive
retraining.

Collectively, these advancements underscore the dynamic
potential of transfer learning strategies in surmounting
the challenges faced in EEG-based BCI development.

By leveraging the adaptability of transfer learning, alongside
the power of generative models and domain adaptation
techniques, the path is set toward developing BCI systems
that are not onlymore effective and precise but also accessible
and user-centric. This holistic approach marks a significant
stride in realizing the full potential of BCIs, ensuring they
can be tailored to meet the needs of diverse applications and
user groups.

VI. EMPIRICAL STUDIES ON THE IMPACT OF DATA
AUGMENTATION AND TRANSFER LEARNING ON
TRANSFORMER-BASED MODELS FOR MI EEG
CLASSIFICATION
In this section, we explore empirical studies on the impact of
data augmentation and transfer learning on transformer-based
models for Motor Imagery EEG classification, focusing
on their applications, benefits, challenges, and potential
improvements (see Table 5 for detailed overview).

Song et al. [25] developed the EEG Conformer, which
combines CNNs with self-attention mechanisms. This model
achieved promising accuracy of up to 92.96% across various
datasets, indicating its potential for event-related potential
(ERP) analysis and subject-independent models.
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FIGURE 7. A Taxonomy of transfer learning methods in EEG-based motor
imagery BCI, delineating the approaches based on the learning paradigm
(Inductive, Transductive, and Unsupervised), and further classified by the
techniques applied (Feature, Model, Domain Adaptation, Instance, and
Hybrid Transfer).

Lee et al. [19] introduced the transformer-based spatial-
temporal network (TSTN) for decoding MI intentions.
Despite moderate accuracy ranging from 63% to 77% and
progressive improvement, the TSTN faces challenges such
as a small sample size and high computational demand.
Future research could address these limitations by expanding
datasets and optimizing model efficiency.

Kim et al. [29] proposed the domain-free transformer
(DFformer), designed for dataset-agnostic pre-training.
While demonstrating pre-training capability, challenges
remain in optimizing a class token for single-trial data
and achieving robust performance, particularly when
fine-tuned on specific datasets like the Sleep Heart Health
Study (SHHS).

Yin et al. [65] presented GCTNet, a model combining a
GAN-guided structure with CNN and transformer networks
for EEG denoising. Although it shows promise in artifact
removal, GCTNet requires further exploration for direct
application to motor imagery tasks, and the study lacks
performance metrics for quantitative evaluation.

Finally, Song et al. [28] introduced the Global Adaptive
Transformer (GAT), which employs domain adaptation to
enhance cross-subject classification, achieving improved
performance in this domain. However, further validation on
diverse paradigms and a deeper understanding of the attention
mechanism’s role in decoding are recommended for further
development.

These case studies collectively highlight the transforma-
tive potential of transformer-based models in EEG-BCIs.
However, they also emphasize the importance of continued
research to address limitations and challenges faced by
these models, such as data scarcity, computational efficiency,
and generalizability across different subjects and tasks.
By refining these models and their associated techniques,
there is a clear path towards developingmore robust, accurate,
and user-friendly BCIs, holding significant promise for
individuals with neurological disabilities and the broader
field of neurotechnology.

VII. FUTURE DIRECTIONS AND OPEN CHALLENGES
Building on the insights gained from our review, this section
outlines potential future directions and open challenges in the
field of EEG-based Brain-Computer Interfaces, with a focus
on advancing transformer-based models.

1) ENHANCING DATA EFFICIENCY
One of the primary challenges in EEG-based BCIs is the
scarcity of large, labeled datasets. Future research should
explore innovative data augmentation techniques to mitigate
this issue. For example, Generative Adversarial Networks
(GANs) and Variational Autoencoders (VAEs) have shown
promise in generating synthetic EEG data, which can
be used to expand training datasets and improve model
generalization [26], [65].

2) IMPROVING MODEL GENERALIZATION
Despite the success of transformer-based models in EEG
classification, there is still room for improvement in their
generalization capabilities across different subjects and
tasks. Future work could focus on developing more robust
models that can adapt to individual variations in EEG
signals, potentially through the use of transfer learning
techniques [28], [29].

3) ADDRESSING COMPUTATIONAL CHALLENGES
Transformer models are often computationally intensive,
which can be a limitation for real-time BCI applications.
Research should aim to optimize these models for efficiency,
possibly by exploring lightweight architectures or hardware
acceleration techniques. Additionally, further investigation is
needed to understand and reduce the impact of factors such
as electrode placement and signal preprocessing on model
performance [20], [21].

4) ADVANCING INTERPRETABILITY AND PERSONALIZATION
Interpretable models are crucial for gaining insights into the
neural mechanisms underlying BCI control. Future research
should focus on developing interpretable transformer-based
models that can provide meaningful explanations of their
decisions. Moreover, personalizing models to individual
users’ neural signatures remains a critical challenge, and
approaches such as hierarchical architectures may offer
a promising direction for enhancing personalization in
BCIs [17], [68].

5) LEVERAGING MULTIMODAL DATA
Integrating multimodal data, such as combining EEG with
other physiological signals, can potentially enhance the
performance and robustness of BCIs. Future research should
explore how transformer-based models can effectively fuse
and analyze data from multiple sources to improve BCI
accuracy and user experience [70].
In general, while transformer-based models have shown

great promise in EEG-based BCIs, there are still several open
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TABLE 5. Overview of transformer-based models in motor imagery-based brain-computer interfaces with different optimization methods applied.

challenges and opportunities for improvement. Addressing
these challenges will require interdisciplinary collaboration
and continued innovation to unlock the full potential of BCIs
for enhancing human-computer interaction and improving the
lives of individuals with neurological disabilities.

VIII. DISCUSSION AND CONCLUSION
This survey examined the application of Transformer archi-
tectures for electroencephalography (EEG)-based Brain-
Computer Interfaces (BCIs), focusing on the challenge of
data scarcity. We explored how effective Transformers are in
classifying EEG signals, particularly noting their emphasis
on long-range dependencies (multi-head attention) and stable
training (layer normalization).

Attention mechanism-based models have emerged as a sig-
nificant advancement, effectively handling high-dimensional,
non-stationary EEG data by dynamically prioritizing rele-
vant input aspects. These models have shown promise in
enhancingMI EEG signal decoding, evenwith small datasets.
However, there are opportunities for improvement, especially
in addressing computational challenges and enhancing model
generalization across different subjects and tasks.

Our investigation centered on how data augmentation and
transfer learning were utilized as key strategies to mitigate
the challenges arising from limited EEG datasets. Data
augmentation expanded datasets, providing the model with a
broader learning base and mitigating overfitting. By infusing
the training data with a wider range of signal features,
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data augmentation allowed the Transformer model to better
capture the complex temporal patterns inherent in EEG data.

Transfer learning further strengthened the Transformer’s
performance by leveraging pre-trained models from domains
such as vision and applying their learned knowledge to
the EEG classification task. This cross-domain knowledge
sharing allowed the Transformermodel to perform better with
limited training data, ultimately enhancing its accuracy in
EEG signal classification.

Throughout this survey, several open challenges and
future directions have been identified. Key areas for future
research include addressing data scarcity through innovative
augmentation techniques, improving model generalization,
optimizing computational efficiency, enhancing interpretabil-
ity and personalization, and leveraging multimodal data
integration.

In conclusion, this survey positions Transformer-based
models as a promising avenue for advancing EEG-based BCI
technology, potentially improving the lives of individuals
with neurological disabilities and broadening BCI applica-
tions. The continuous evolution of this field underscores
the importance of interdisciplinary collaboration, particularly
involving fields such as neuroscience, data science, and
engineering, and innovative solutions to fully leverage the
potential of Transformer-based models in EEG-BCI systems.
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