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Abstract

Emotion recognition through electroencephalography (EEG) has
become a vital area of research, offering significant applications
in psychology, human-computer interaction, and affective
computing. However, the effectiveness of EEG-based emotion
recognition systems is often compromised by data scarcity,
characterized by limited sample sizes and variability in emotional
expressions across individuals. This review examines the
challenges posed by data scarcity in EEG studies, highlighting its
impact on model performance, generalizability, and research
credibility. We explore various techniques aimed at addressing
these challenges, including data augmentation, synthetic data
generation through Generative Adversarial Networks (GANs),
transfer learning, cross-dataset validation, and collaborative data
sharing. Recent advancements in deep learning, novel signal
processing methods, and the integration of multimodal approaches
and artificial intelligence are also discussed, showcasing their
potential to enhance emotion recognition capabilities. The review
emphasizes the need for larger, more diverse datasets and
interdisciplinary collaboration to advance the field. By addressing
data scarcity and embracing innovative methodologies, the future
of EEG-based emotion recognition holds promising avenues for
improved mental health assessments and enhanced user
experiences across various applications.
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1. Introduction

Emotion recognition plays an important role in
several areas, like psychological research, human-
computer interaction, and affective computing.
Among the different modalities for emotion detection,
electroencephalography  (EEG) has  garnered
significant interest owing to its capacity to catch the
underlying neural correlates of emotional states with
high temporal resolution [1], [2]. EEG-based emotion
recognition systems are more likely to enhance user
experiences in applications ranging from gaming to
mental  health  assessments. However, the
effectiveness of these systems is often hampered by
one critical issue: data scarcity.
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Data scarcity in EEG research arises from several
factors, including limited sample sizes, variability in
individual responses, and the challenges associated
with data collection in emotional studies [3], [4].
Small datasets can lead to overfitting, poor
generalization, and unreliable model performance,
limiting the efficacy of emotion recognition systems
[5]- The inherent variability of EEG signals, impacted
by elements like age, gender, and individual emotional
experiences, highlights the significant barrier posed by
the lack of diverse and adequately sized datasets in
achieving robust and reliable emotional assessments

[6].

To overcome the issues raised by data scarcity,
scientists ~ have  begun  exploring  various
methodologies, including data  augmentation
techniques, synthetic data generation, and transfer
learning approaches. Data augmentation, for example,
offers a way to artificially enhance existing datasets
by creating variations that simulate real-world
conditions [7]. Similarly, machine learning techniques
like Generative Adversarial Networks (GANSs) present
promising avenues for generating synthetic EEG data
to supplement small datasets [8], [9]. Transfer learning
enables models that have been trained on extensive
and varied datasets to be adapted for particular tasks,
thereby enhancing their performance in situations with
limited data [10], [11].

Despite these advancements, the issue of data
scarcity remains underexplored within the area of
EEG-based emotion recognition. This review aims to
synthesize existing research on data scarcity, highlight
the challenges associated with limited datasets, and
discuss potential strategies for mitigating these issues.
This paper presents a thorough overview of the state-
of-the-art research, aiming to provide insights into
advancing EEG-based emotion recognition systems
toward greater reliability and accuracy.



IJCSNS International Journal of Computer Science and Network Security, VOL.25 No.4, April 2025 239

The structure of this paper organized as: Section 2
gives an in-depth overview of EEG technology and its
applications in emotion recognition, highlighting the

methodologies commonly utilized in this area of study.

Section 3 presents an overview of the challenges
created by data scarcity specifically within EEG
studies, detailing its causes and effects on emotion
recognition performance. In Section 4, we explore the
challenges posed by limited datasets, including
overfitting and the difficulty in achieving
generalizability across diverse populations. Section 5
reviews current strategies employed to address data
scarcity, including data augmentation, synthetic data
generation methods, and transfer learning techniques.
In Section 6, we highlight key case studies that
exemplify the successful implementation of these
methodologies in EEG emotion recognition research.
Section 7 discusses future directions for research,
suggesting potential avenues for improving data
acquisition and model robustness. Section 8 concludes
with a summary of findings and their implications for
the advancement of EEG-based emotion recognition
systems.

2. Background

EEG is defined as a non-invasive method for
measuring electrical activity shown in the brain. This
method records voltage fluctuations caused by ionic
currents in neurons, offering a continuous monitoring
of neural activity. This featural representation of brain
signals is particularly valuable in emotion recognition,
as specific EEG patterns correlate with various
emotional states [1], [2].

In particular, EEG is often employed in emotion
recognition through different paradigms. For instance,
participants can be exposed to emotional stimuli such
as videos, images, or sounds while their EEG signals
are recorded. These signals are then analyzed using
various signal processing and machine learning
techniques to classify emotional states [12], [13].
Commonly used features in EEG analysis include
spectral power, event-related potentials (ERPs), and
connectivity measures. These features help model the
complex relationships between brain activity and
emotions, promoting the advancement of effective
emotion recognition systems.

One of the fundamental benefits of EEG in
emotion recognition is its high temporal resolution [5].

However, EEG is also susceptible to artifacts and has
relatively low spatial resolution in comparison to other
neuroimaging methods, which can complicate data
analysis. Unlike other modalities, like functional
magnetic resonance imaging (fMRI), EEG signals can
produce immediate feedback regarding changes in
emotional states, making them an effective tool for
dynamic emotional assessments. Additionally, EEG
equipment can be relatively portable and cost-
effective, making it accessible for diverse research
settings, including clinical applications and consumer
products [14].

However, despite its strengths, EEG-based
emotion recognition faces significant obstacles,
particularly concerning data scarcity. Many studies are
conducted with small sample sizes due to practical
constraints, such as participant availability and the
complexity of data collection protocols [3], [4]. This
limited data often results in models that generalize
poorly, as the training datasets do not encompass the
variability present in broader populations. Moreover,
the inherent variability in EEG signals, stemming
from individual differences in physiology and
emotional responses, poses additional challenges,
making it difficult to establish reliable patterns across
diverse groups [6].

To combat these challenges, researchers have
developed various methodologies aimed at enhancing
dataset size and quality. These methods are often more
computationally efficient than acquiring new data but
less likely to fully capture the complexity of everyday
life of emotional responses. As an example, data
augmentation techniques involve creating synthetic
data by introducing variations to existing EEG signals,
such as adding noise or applying transformations [7].
Furthermore, the application of synthetic data
generation methods, particularly using innovations
like GANSs, has appeared as a promising avenue for
enriching limited datasets [15], [16]. These strategies
are essential for developing models that can accurately
classify emotions and maintain robustness across
different conditions.

In summary, while EEG offers valuable insights
into emotional processes with its unique advantages,
the challenges posed by data scarcity significantly
hinder the advancement of effective emotion
recognition systems. Addressing these challenges
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through innovative methodologies will be crucial for
future studies and real applications in the area.

3. Overview of Data Scarcity

Data scarcity poses an important challenge in
EEG-based emotion recognition research, impacting
the development and performance of emotion
recognition algorithms. Data scarcity refers to the lack
of sufficient and diverse datasets that accurately
represent the varying emotional responses of
individuals. This limitation can stem from several
interconnected factors, including sample size,
variability in individual responses, and the complexity
of collecting high-quality EEG data.

Many studies on EEG-based emotion recognition
are conducted with relatively few participants, often
ranging from 20 to 50 individuals. This small sample
size may be due to logistical constraints, such as
limited access to participants and the time-consuming
nature of EEG experiments. For example, Dataset for
Emotion Analysis using Physiological Signals (DEAP)
dataset [17], a widely used resource, has only 32
participants. Limited access to participants and the
intricate nature of EEG experiments that require
substantial time and effort for both setup and data
collection [3], [4]. Consequently, the resulting datasets
often lack the statistical power necessary to train
robust emotion recognition models.

Moreover, individual emotional experiences can
vary significantly owing to factors like age, gender,
cultural background, and personal history. This
variability —complicates the development of
generalizable models, making it difficult to capture
representative patterns across diverse populations [6].
Collecting high-quality EEG data also involves
specific challenges, such as controlling environmental
noise, ensuring the proper placement of electrodes,
and minimizing artifacts caused by movements or
external stimuli. These technical difficulties may lead
to the loss or exclusion of valuable data, further
exacerbating data scarcity [5]. Additionally, ethical
considerations regarding participant consent and data
privacy can hinder extensive data collection efforts in
clinical populations.

Data scarcity has detrimental effects on the
performance of emotion recognition methods,
commonly resulting in a decrease in classification

accuracy compared to models trained on larger
datasets [18]. One prominent risk associated with
limited datasets is overfitting, in which a model
normally trained on a small amount of data may learn
to memorize specific patterns rather than generalize to
new, unseen data. This results in poor performance
when applied to practical scenarios, yielding high
accuracy on training datasets but significantly reduced
accuracy in real-world applications [7]. This
undermines the credibility of emotion recognition
systems.

Furthermore, generalizability  is often
compromised due to data scarcity. Models trained on
limited and homogeneous data are less likely to
perform well on diverse populations or under varying
emotional contexts. Such limitations restrict the
applicability of findings across different settings,
including clinical applications for mental health
assessments [1], [2]. The consequences of data
scarcity extend to research credibility, as studies with
insufficiently rich datasets risk generating findings
that cannot be reliably replicated, hindering progress
in the field and leading to skepticism regarding
proposed methodologies [3], [4].

In conclusion, data scarcity presents a
multifaceted challenge in EEG-based emotion
recognition research. Understanding the causes and
impacts of limited datasets is crucial for developing
targeted strategies to address these issues, such as
employing advanced methodologies for data
augmentation, synthesis, and enhancement of data
diversity.

4. Challenges of Data Scarcity

The challenges posed by data scarcity in EEG-
based emotion recognition are multifaceted and
significantly impact model performance and
generalizability. One prominent risk associated with
limited datasets is overfitting, where the model learns
to memorize specific patterns in the training data, such
as noise or artifacts, rather than generalizing to the
underlying neural correlates of emotion. This results
in high accuracy on the training set but poor
performance on unseen data. This issue is particularly
pronounced in EEG datasets with small sample sizes,
where the risk of fitting the model to idiosyncratic
features is heightened. As a result, such models often
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exhibit high accuracy on training datasets but fail to
perform adequately with new and unseen data, leading
to unreliable emotion recognition in real-world
scenarios [10], [11].

Additionally, the lack of diversity and
representativeness in small datasets can lead to biased
models that perform poorly on individuals from
underrepresented demographic groups, like older
adults or individuals from different cultural
backgrounds to name a few. The variability inherent
to emotional experiences, which is shaped by factors
like cultural background, age, gender, and individual
psychological traits, means that emotional expressions
and corresponding neural activities can vary widely
among individuals. When emotion recognition
systems are trained on homogenous datasets, they
struggle to accurately detect and interpret emotions
from users who do not conform to the learned patterns.
Consequently, these systems may inadvertently
reinforce biases that appear in the training data,
resulting in ineffective or inaccurate predictions for
underrepresented groups [3], [4].

Moreover, limited datasets hamper the
robustness of findings within the research community.
Insufficient data can hinder the development of
models that can be reliably validated, leading to a
proliferation of research with findings that may not be
replicable. This inconsistency can erode scientific
trust in the efficacy of proposed methodologies and
models, causing skepticism among researchers and
practitioners [5]. The inability to reproduce results
threatens the advancement of the field and can result
in stagnation as researchers grapple with the
implications of their findings.

Another significant challenge related to data
scarcity is the difficulty in developing effective feature
extraction methods. With limited data, the
effectiveness of feature selection techniques becomes
critical. However, using simplistic feature extraction
methods on small datasets may lead to insufficient
extraction of relevant information, further
complicating the training process for emotion
recognition models. Such limitations can lead to a
cycle of poor model performance that undermines the
potential benefits of EEG as a modality for emotion
recognition [12], [13].

In summary, the challenges stemming from data
scarcity in EEG-based emotion recognition

encompass issues of overfitting, generalizability,
research credibility, and effective feature extraction.
Overcoming these challenges is essential for
developing robust and reliable emotion recognition
systems that can effectively interpret the emotional
states of individuals in diverse contexts.

5. Techniques to Address Data Scarcity

As data scarcity poses major issues in EEG-based
emotion recognition research, various methods have
been proposed to boost the robustness and reliability
of emotion recognition models. This section discusses
five main techniques: data augmentation, synthetic
data generation, transfer learning, cross-dataset
validation, and collaborative data sharing.

A. Data Augmentation

Data augmentation in many computer science
fields involves artificially expanding existing datasets
through transformation techniques which are noise
addition and geometric transformation. In the context
of EEG signals, researchers apply several
augmentation strategies tailored to the characteristics
of EEG data.

Common techniques include adding noise to the
original signals, applying temporal transformations
such as time-stretching and pitch-shifting, and
creating variations through spatial mix-up by blending
EEG signals from different subjects while retaining
their emotional labels [7]. As an example, one study
introduced new features through incorporating
Gaussian noise with varying standard deviations into
the original EEG features and employed multiple deep
learning methods to assess the impact [19]. Another
study demonstrated that augmenting noise to a
conditional denoising diffusion probabilistic model
can yield synthetic EEG samples that resemble real
samples while remaining distinct [20], [21]. This plays
a role in significantly improved model performance in
classifying emotional states, effectively mitigating
overfitting while ensuring the models could generalize
better to unseen data [5]. Data augmentation
significantly enhances the learning process of models
focused on emotion recognition by increasing both the
variability and quantity of training data.
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Several  research  focusses on  geometric
transformations to yield augmented EEG. For example,
one study proposed the application of rotational
distortions, akin to affine/rotational distortions in
images, for the generation of augmented EEG data
[22]. Another research proposed three strategies for
producing artificial EEG samples using pertinent
combinations and distortions of the original samples
[23].

All previously mentioned methods indicated that
the issue of data scarcity was mitigated, resulting in
enhanced classifier performance [24]. Additional data
augmentation techniques encompass sliding window,
sampling, Fourier transform, and segmentation
recombination [7]. While effective in increasing
dataset size, it is crucial to ensure that the
transformations do not introduce unrealistic artifacts
or distort the underlying EEG patterns.

B. Synthetic Data Generation

Synthetic data generation, particularly through
techniques such as GANs, has become a useful
approach to address data scarcity [8], [9], giving the
potential to create more realistic data than simple
augmentation techniques, but requiring careful
training and validation to avoid generating unrealistic
or misleading patterns. GANs consist of two neural
networks, namely (i) a generator that produces
synthetic samples and (ii)) a discriminator that
differentiate between real and unreal data. In the
context of EEG, GANs can learn the distribution of
existing datasets and generate new EEG signals that
resemble the statistical properties of the original data

(8], [9], [14].

In particular, a conditional variant of the
Wasserstein ~ Generative  Adversarial ~ Network
(WGAN) was employed to enhance EEG data for
emotion recognition task in [25]. The researchers
experimented with various sizes of augmented data
and determined that doubling the data resulted in
outstanding performance in comparison to other sizes.
An SVM classifier trained on the augmented dataset
demonstrated an improvement of 2.97% for the used
dataset. In different research the use of a conditional
Boundary Equilibrium GAN (cBEGAN) was
proposed to yield artificial differential entropy
features from eye movement data, original EEG data,
and their concatenations for multi-modal emotion
recognition task. The fundamental benefit of the

proposed GAN is its notable stability and rapid
convergence speed [26]. In addition, three methods
were introduced in [24] to augment EEG training data
aimed at improving the efficacy of emotion
recognition methods: conditional Wasserstein GAN,
selective variational autoencoder, and selective
WGAN. Support Vector Machines and deep neural
networks were trained on both original and augmented
training datasets. Using augmented training datasets
resulted in improve the performance of EEG-based
emotion recognition.

Recent studies highlight the effectiveness of
using GANs in producing synthetic EEG data to
enhance emotion recognition performance. For
example, a study showed that models performed
significantly better when combining real and GAN-
generated data during training compared to those
trained only on real data, indicating the potential of
GAN:S to enrich training datasets and improve model
robustness [3], [4], [10], [11]. By creating realistic
synthetic examples, GANs enable researchers to
experiment with a wider range of emotional scenarios,
particularly when original datasets may lack specific

emotional contexts.
Despite significant efforts, research on data
augmentation for emotion recognition remains

incomplete. For instance, a human can readily
determine if an augmented dataset, such as one
containing images of cats, retains resemblance to the
original class; however, this is not the case for
augmented signals. The measurement of quality and
diversity in augmented samples, as well as the
synthesis of high-quality and diverse augmented
samples, warrants further investigation.

C. Transfer Learning

Transfer learning typically uses pre-trained
models derived from extensive and varied datasets,
adapting them for specific tasks characterized by
limited data availability. This technique allows
researchers to leverage the feature representations
learned from numerous examples, enhancing the
initial conditions of training on smaller datasets,
which often yields better performance [10], [11].

In particular, a study implemented transfer
learning for EEG emotion recognition through
choosing data in a more dynamic way that is
appropriate for transfer learning and excluding data
that could result in negative transfer [27]. Another
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recent study employed a multi-branch convolutional
neural network model applying a cross-attention
mechanism in order to extract relevant features from
multimodal data in more automated way and to fuse
feature maps from several sources for emotion
recognition task [28]. Results show that by fine-tuning
a convolutional neural network pretrained on a larger
dataset emotion classification accuracy and F1 scores
improved when compared to models trained from
scratch on limited datasets [6], [29]. This approach not
only saves time and resources by reducing the data
required for effective training but also addresses the
issue of overfitting by introducing generalized
knowledge about the features relevant to the task.

Despite the existence of enormous publicly
available EEG-based cognitive research datasets, like
Brain-Computer Interface (BCI), DEAP dataset [17],
PhysioNet EEG Motor Movement/Imagery Dataset
[31] and SJITU Emotion EEG Dataset (SEED) [30],
significant scarcity persists, which adversely affects
model performance and training efficiency in
recognition tasks [32]. These datasets possess the
ability to mitigate issues associated with data scarcity
by employing transfer learning based on domain
knowledge from source tasks to high performance in
appropriate tasks [33]. There is an absence of effective
pre-trained models for research using EEG data in
contrast to research using image data due to their
significant differences in formats. Consequently,
creating pre-trained models with available EEG
datasets could successfully address such gap as well
as establishing a robust fundamental for emotion
recognition tasks in building through EEG data and
transfer learning.

D. Cross-Dataset Validation

Cross-dataset validation is a methodology where
models are validated using data from different datasets,
thereby testing their ability to generalize beyond the
training set. In particular, this approach is useful in the
area of EEG emotion recognition, in which individual
differences in EEG patterns can influence model
performance [12], [13].

Utilizing publicly available datasets for
validation allows researchers to assess the robustness
of their models across various populations and
conditions. Recent studies that employed cross-dataset
validation reported more reliable findings,
demonstrating that models developed from one dataset

could effectively classify emotions in another,
emphasizing their generalizability [34], [35]. This
practice encourages researchers to promote its
adoption, as it can lead to more efficient and reliable
research conclusions in the field.

E. Collaborative Data Sharing

Enhancing collaboration within the research
community to establish large, publicly accessible EEG
databases can mitigate the challenges of data scarcity
[3], [4]. By sharing data across institutions and
research networks, researchers can benefit from
pooled resources, allowing for more comprehensive
studies that incorporate diverse populations and
emotional expressions [36], [37], [38].

Initiatives aimed at creating standardized
protocols for data collection and labeling are crucial
for promoting data sharing, ensuring that datasets are
usable and relevant to various research objectives.
Research communities that actively share their
datasets not only foster innovation but also allow for
the replication of studies and validation of findings
across multiple contexts, ultimately accelerating the
advancement of EEG-based emotion recognition
technologies [14], [15], [16].

To sum up, several strategies including data
augmentation, synthetic data generation, transfer
learning, cross-dataset validation, and collaborative
data sharing, serve as effective strategies for
addressing data scarcity in EEG-based emotion
recognition. Implementing these approaches is critical
for enhancing model robustness, improving
generalizability, and establishing reliable emotion
recognition systems that can function effectively
across diverse populations and emotional contexts.

Increasing the quantity and diversity of training
data enables researchers to develop models that are
more accurate and reliable, thereby better capturing
the complexities of human emotional responses.
These methodologies promote innovation and
advance the field by overcoming the challenge of data
scarcity, resulting in more effective applications of
EEG-based emotion recognition in real-world
scenarios.
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6. Recent Advances

Latest research in EEG-based emotion
recognition utilizes recent advances in signal
processing, machine learning and data acquisition
methods to enhance performance, robustness, and
applicability across diverse real-world scenario. This
section outlines latest updates in the field, focusing on
deep learning techniques, innovative signal processing
methods, multimodal approaches, and the
incorporation of artificial intelligence.

One of the most significant trends in recent
research is applying deep learning techniques in EEG
emotion recognition, with Convolutional Neural
Networks (CNNs) and Recurrent Neural Networks
(RNNs) showing promise in automatically extracting
relevant features [36], [37], [38]. However, these
methods often demand considerable computational
resources and could be difficult to interpret. This
approach is increasingly utilized to automatically
extract relevant features from raw EEG data, thereby
enhancing classification  performance  without
extensive manual feature engineering [39], [40]. For
example, CNNs have been utilized to analyze time-
frequency representations of EEG signals, facilitating
the capture of spatial and temporal dynamics of neural
activity linked to various emotional states. In a recent
study, a hybrid CNN-RNN architecture showed
notable enhancements in emotion classification
accuracy relative to conventional machine learning
models, highlighting the capacity of deep learning to
increase the efficiency and effectiveness of EEG
analysis [41].

Complementing the rise of deep learning, novel
signal processing techniques have also contributed to
advances in emotion recognition. For instance,
methods such as empirical mode decomposition
(EMD), common spatial patterns (CSP) and
variational mode decomposition (VMD) have been
integrated with machine learning techniques to get
discriminative features from EEG signals. The VMD
has shown to be particularly effective in enhancing the
classification of motor imagery tasks, and its
adaptation for emotional states has yielded promising
results, particularly in distinguishing between positive
and negative emotions [42]. Moreover, recent
advancements in time-frequency analysis, such as
wavelet transforms and Short-Time Fourier
Transforms (STFT), have proven useful in capturing

the transient nature of emotions in real time, aligning
well with the dynamic features of EEG signals [43].

The integration of multimodal approaches
represents another major advancement in the field.
The integration of EEG data with additional
physiological signals, including facial expressions and
galvanic skin response, enables researchers to attain a
comprehensive understanding of emotional states.
Multimodal emotion recognition systems have
exhibited improved performance over unimodal
systems, as they can take advantage of the
complementary information provided by different
modalities [1], [2]. A recent study evidenced that an
integrated EEG and facial expression recognition
system yielded higher classification accuracy than
systems relying solely on EEG data.

Additionally, the involvement of artificial
intelligence (Al) technologies in EEG emotion
recognition is revolutionizing the field. Al algorithms,
particularly reinforcement learning and neuro-
symbolic Al, are being explored to develop systems
capable of adapting and improving their performance
based on real-time feedback [14]. For instance, a study
utilized different machine learning techniques for the
purpose of emotion recognition based on EEG data to
better optimize the parameters of emotion recognition
models dynamically, allowing for more adaptive
systems that can better accommodate individual
differences in emotional responses [44].

Finally, the emergence of wearable EEG devices
and advancements in BCI technologies are paving the
way for more accessible and real scenario applications
of EEG-based emotion recognition [3], [4]. Wearable
EEG systems enable continuous monitoring of brain
activity in everyday settings, allowing for the real-
time analysis of emotional states as they occur in
natural environments. This progress broadens the
potential applications of EEG emotion recognition,
ranging from mental health monitoring to
personalized user experiences in gaming and virtual
reality. However, these systems frequently exhibit
reduced signal quality and increased susceptibility to
noise compared to conventional EEG configurations.

In summary, latest development in EEG-based
emotion recognition are driven by innovative deep
learning models, novel signal processing methods,
multimodal approaches, Al integration, and the
development of wearable technologies. These
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advancements not only enhance classification
performance and generalizability but also open new
avenues for real-world applications, making EEG
emotion recognition a rapidly evolving and promising
field.

7. Future Directions

As the field of EEG-based emotion recognition
continues to evolve, several key areas warrant further
exploration to enhance the efficacy, applicability, and
generalizability of emotion detection systems. This
section discusses potential future directions, including
the demand for more diverse and larger datasets,
advancements in algorithmic approaches, integration
of emerging technologies, and ethical considerations.

One of the primary future directions involves the
establishment of larger, more diverse, and publicly
accessible EEG datasets, with a focus on including
participants from underrepresented demographic
groups and using standardized protocols for data
collection and labeling. Current research is often
limited by small sample sizes and variability within
training sets. Expanding datasets to include a broader
range of emotional expressions across various
demographics including age, gender, -cultural
background, and mental health statuses, can
significantly = improve the robustness and
generalizability of emotion recognition models [3], [4],
[29]. Collaborative efforts among researchers to create
standardized datasets and protocols for data collection
will be essential in achieving this goal, promoting
validation and reproducibility in the field.

In parallel, advancements in algorithmic
approaches remain crucial to address the complexities
inherent in EEG data. Beyond conventional deep
learning architectures, there is considerable potential
in exploring ensemble learning methods that combine
the strengths of multiple algorithms for more accurate
emotion classification. Integrating techniques such as
attention mechanisms and graph neural networks may
enhance extracting of relevant features from EEG
signals, leading to improved recognition of nuanced
emotional states [5], [14]. Additionally, further
investigation into interpretable machine learning will
be essential, allowing practitioners to comprehend and

rationalize the decision-making processes of emotion
recognition systems, so promoting adoption and trust.

The combination of innovative technologies like
virtual reality (VR), augmented reality (AR), and
wearable devices presents exciting opportunities for
real-time and context-aware emotion recognition
applications. Utilizing EEG in conjunction with VR or
AR environments can create immersive experiences
where emotional responses can be dynamically
monitored and adapted in real time. This not only
enhances user experiences in sectors such as gaming,
education, and mental health but also provides a richer
dataset reflecting real-world emotional responses [45],
[46], [47].

As the field advances, ethical considerations
must be paramount, including addressing issues of
data security, privacy, and the potential for misuse of
emotion recognition technology. Clear guidelines are
needed to ensure responsible development and
deployment. Issues surrounding data security, privacy,
and the potential misuse of EEG data must be
addressed proactively. Building evident ethical
guidelines for data collection, storage, and sharing will
ensure the protection of the rights of individuals and
foster greater public trust in EEG technologies.
Moreover, discussions regarding the implications of
using emotion recognition technologies in sensitive
environments, such as mental health assessments or
security settings, will be essential to navigate ethical
dilemmas [36], [37], [38].

Finally, interdisciplinary collaboration will be
essential in shaping the future of EEG-based emotion
recognition. Partnering with fields like psychology,
neuroscience, and behavioral science can yield deeper
insights into emotional processes and enhance the
contextual understanding necessary for developing
more sophisticated systems. Such collaborations will
facilitate  the integration of technological
advancements with human emotional experiences,
leading to innovations that are not only effective but
also empathetic [6].

To summarize, the future of EEG-based emotion
recognition holds immense potential, driven by
advancements in dataset diversity, algorithmic
complexity, technology integration, ethical awareness,
and interdisciplinary collaboration. By pursuing these
avenues, scientists can improve more accurate, robust,
and socially responsible emotion recognition systems
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that are better equipped to meet the challenges of a
rapidly changing world.

8. Conclusion

This review examines the significant challenge of
data scarcity in EEG-based emotion recognition,
emphasizing its effects on model performance and
generalizability, while discussing various strategies to
mitigate this challenge. The limitations arising from
small sample sizes, individual variability, and the
complexities of data collection significantly affect the
performance of emotion recognition models, raising
concerns regarding overfitting and generalizability
across diverse populations and emotional states.

To address these challenges, several techniques
have emerged as effective strategies. Data
augmentation, synthetic data generation utilizing
Generative Adversarial Networks, transfer learning,
cross-dataset validation, and collaborative data
sharing have all demonstrated considerable promise in
enhancing the quality and quantity of datasets. These
methodologies not only help to alleviate the issue of
data scarcity but also contribute to the overall
advancement of EEG-based emotion recognition,
leading to improved modeling of emotional states.

Recent advancements in the field, which are deep
learning techniques, novel signal processing methods,
multimodal approaches, and the integration of
artificial intelligence, are paving the way for future
innovations. These advances enable more accurate and
effective emotion recognition systems, allowing for
real-time applications in diverse contexts ranging
from commercial products to mental health
interventions.

Looking forward, important endeavors must
include the establishment of larger and more diverse
publicly accessible datasets, improvements in
algorithmic approaches, and a commitment to ethical
considerations in data collection and usage.
Interdisciplinary collaboration with fields such as
psychology and neuroscience will foster a deeper
understanding of emotional processes, enhancing the
improvement of empathetic and contextually aware
emotion recognition systems.

In conclusion, while the journey toward effective
EEG-based emotion recognition is challenged by data
scarcity, the field is ripe with opportunities for
continued research and technological advancements.
By pursuing the outlined strategies and fostering a
collaborative and ethical research environment, we
can unlock the potential of EEG technology to provide
deeper insights into human emotions, ultimately
enhancing various practical applications and
contributing to a more secure and understanding
digital world.
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