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Abstract

Brain-computer interfaces (BCls) have emerged as a promising technology for
enhancing human-computer interaction, enabling direct control of external
devices using brain signals. Among the various signal acquisition methods,
electroencephalography (EEG) has gained significant attention due to its non-
invasive nature, portability, and high temporal resolution. This research article
provides a comprehensive review of the advancements in EEG-based mental
task classification, a critical component of BCI systems. It explores the
fundamental principles, signal processing techniques, classification algorithms,
and emerging trends in this field. The review covers the entire pipeline, from
EEG signal acquisition and preprocessing to feature extraction, dimensionality
reduction, and machine learning-based classification methods. Additionally, it
discusses the challenges and limitations associated with EEG-based mental task
classification, as well as future research directions to enhance the performance
and applicability of BCI systems.
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Introduction

Brain-computer interfaces (BCIs) represent a groundbreaking technological
advancement facilitating direct interaction between the human brain and external
devices, as eclucidated by Wolpaw et al. (2002). These interfaces circumvent
conventional routes of muscle control and peripheral nervous system function by
harnessing brain signals, thereby offering individuals with severe motor impairments
the opportunity to regain agency over diverse devices and assistive technologies, as
highlighted by Lebedev and Nicolelis (2006) [1]. The advent of BCIs holds immense
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promise in enhancing the quality of life for persons with disabilities, enabling them to
accomplish tasks previously beyond their reach. Moreover, BCls also hold potential
for enhancing the capabilities of able-bodied individuals across various domains,
including gaming, entertainment, and augmented reality, as noted by Vourvopoulos
and Liarokapis (2014). By seamlessly integrating neural activity with external
systems, BCIs pave the way for novel applications and improved human-machine
interactions, heralding a transformative era in technology and human-computer
interfaces [2].

Electroencephalography (EEG) stands out prominently among the diverse signal
acquisition techniques utilized in Brain-Computer Interface (BCI) systems. This
method has garnered considerable attention owing to several key advantages,
including its non-invasive nature, portability, and high temporal resolution, which
make it particularly well-suited for real-time brain activity monitoring and analysis
[3]. The fundamental principle of EEG revolves around the measurement of the brain's
electrical activity. This is achieved by placing electrodes strategically on the scalp,
which then detect and record the electrical signals generated by the synchronized
firing of neurons in response to various cognitive tasks or external stimuli [4]. By
capturing these electrical signals, EEG enables researchers and practitioners to gain
insights into the neural processes underlying cognitive functions, such as attention,
memory, and perception, thus facilitating the development of BCI systems capable of
interpreting and translating brain activity into meaningful commands or actions.
Furthermore, the non-invasiveness of EEG renders it safe and suitable for use across
diverse populations, including clinical patients and healthy individuals, making it a
versatile tool for both research and practical applications in fields ranging from
neuroscience and psychology to assistive technology and human-computer interaction

[].
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One of the critical components of EEG-based BCI systems is mental task
classification, which involves decoding the user's intent or cognitive state from the
recorded brain signals. This process involves various stages, including signal
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preprocessing, feature extraction, dimensionality reduction, and machine learning-
based classification algorithms [6]. The accurate classification of mental tasks is
essential for enabling reliable and efficient control of external devices, ultimately
improving the usability and effectiveness of BCI systems [7].

This research article aims to provide a comprehensive review of the advancements in
EEG-based mental task classification. It will explore the fundamental principles,
signal processing techniques, classification algorithms, and emerging trends in this
field. The review will cover the entire pipeline, from EEG signal acquisition and
preprocessing to feature extraction, dimensionality reduction, and machine learning-
based classification methods [8]. Additionally, it will discuss the challenges and
limitations associated with EEG-based mental task classification, as well as future
research directions to enhance the performance and applicability of BCI systems.

Table 1: Comparison of EEG Signal Preprocessing Techniques
Technique Description Advantages Limitations
Band-pass Retains signals Removes low May remove useful
Filtering within a specific and high- information outside
frequency range frequency noise | the selected
frequency band
Notch Attenuates specific Effectively Can distort the
Filtering frequencies (e.g., removes signal if not applied
50/60 Hz power line | narrowband carefully
noise) noise
Common Spatial filtering Enhances Requires labeled
Spatial technique that separability of data for training
Patterns maximizes the classes
(CSP) variance between
two classes
Background:

Brain-Computer Interfaces (BCIs): Brain-computer interfaces (BCls) represent a
groundbreaking technology facilitating direct interaction between the human brain
and external devices, circumventing conventional channels reliant on muscle control
and the peripheral nervous system . These interfaces employ diverse signal acquisition
techniques including electroencephalography (EEG), functional magnetic resonance
imaging (fMRI), magnetoencephalography (MEG), and near-infrared spectroscopy
(NIRS) to capture and decipher brain activity patterns [9]. EEG, for instance, records
electrical activity via electrodes placed on the scalp, while fMRI detects changes in
blood oxygenation levels to infer neural activity. MEG measures magnetic fields
generated by neural currents, offering high temporal resolution, and NIRS gauges
hemodynamic responses by monitoring changes in blood oxygenation, providing a
non-invasive approach. These diverse methodologies collectively enable BCls to
decode brain signals with varying degrees of spatial and temporal resolution, fostering
applications ranging from assistive technology for individuals with disabilities to
cognitive enhancement tools in research settings [10].
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Moreover, the versatility of BCIs extends beyond medical and research domains,
infiltrating fields such as gaming, communication, and neurofeedback training. In
gaming, BClIs offer immersive experiences by allowing players to control characters
or interact with virtual environments using brain signals, ushering in a new era of
gameplay interaction and accessibility. Communication applications leverage BClIs to
enable individuals with severe motor impairments to communicate more effectively,
enhancing their quality of life and autonomy. Additionally, neurofeedback training
employs BCls to provide real-time feedback on brain activity, aiding in self-regulation
and mental performance enhancement. However, despite their transformative
potential, BCIs face challenges related to signal accuracy, reliability, and privacy
concerns, necessitating ongoing research and development efforts to unlock their full
capabilities and ensure their ethical and safe integration into society.

EEG-Based Mental Task Classification: EEG-based mental task classification plays
a pivotal role in the development and optimization of Brain-Computer Interface (BCI)
systems, which aim to translate brain activity into actionable commands or insights.
This complex process encompasses multiple stages, each with its distinct challenges
and methodologies. Initially, raw EEG signals undergo rigorous preprocessing to
remove noise, artifacts, and baseline fluctuations, ensuring the integrity and reliability
of the data. Subsequently, feature extraction techniques are employed to capture
relevant information from the preprocessed signals, such as spectral power, event-
related potentials, or spatial patterns indicative of specific mental states or tasks.
Dimensionality reduction methods are then applied to mitigate the curse of
dimensionality and enhance computational efficiency by selecting or transforming
features while preserving their discriminative power. Finally, machine learning
algorithms, ranging from classical classifiers to advanced deep learning architectures,
are deployed to learn the mapping between extracted features and the intended mental
tasks, facilitating accurate and real-time classification. These algorithms are trained
on annotated EEG data, leveraging supervised or semi-supervised learning paradigms
to optimize performance and adapt to individual variability in brain signals.

The success of EEG-based mental task classification hinges on the synergy between
signal processing techniques and machine learning algorithms, with ongoing research
efforts focused on enhancing classification accuracy, robustness, and adaptability
across diverse user populations and application scenarios [11]. Moreover, the
development of user-friendly BCI systems relies on continuous advancements in
hardware technology, enabling seamless integration of EEG sensors into everyday
devices and ensuring comfort, portability, and accessibility for end-users. By
overcoming technical challenges and addressing user-specific requirements, EEG-
based mental task classification holds immense potential to revolutionize human-
computer interaction paradigms, empowering individuals with disabilities, enhancing
neurofeedback training, and unlocking novel insights into brain function and
cognition.

Signal Preprocessing: In EEG-based mental task classification, signal preprocessing
plays a pivotal role in optimizing the quality of recorded brain signals. This
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preprocessing stage is critical for mitigating artifacts and noise that may obscure the
underlying neural activity, thus facilitating more accurate analysis and classification.
Various techniques are employed in signal preprocessing to achieve this goal. One
common approach is band-pass filtering, which selectively attenuates frequencies
outside a specified range, thereby focusing on the relevant EEG frequency bands
associated with cognitive tasks. Additionally, notch filtering is utilized to eliminate
specific frequency components, such as power line interference, that can corrupt the
EEG signals [12]. Spatial filtering methods, such as common spatial patterns (CSP),
are also commonly employed in preprocessing. CSP operates by identifying spatial
patterns in EEG data that maximize the difference in spectral power between different
mental states or tasks, enabling effective feature extraction for subsequent
classification algorithms. By employing these preprocessing techniques, researchers
can enhance the signal-to-noise ratio of EEG data, thereby improving the accuracy
and reliability of mental task classification systems. The integration of these methods
into the preprocessing pipeline contributes significantly to advancing the field of
EEG-based cognitive neuroscience and its applications in brain-computer interface
technology, neurofeedback, and clinical diagnosis.

Table 2: Overview of Feature Extraction Methods for EEG-Based Mental Task
Classification

Feature Feature Examples Description
Domain
Time-Domain Mean, Variance, Captures statistical properties of
Kurtosis, Hjorth the EEG signal
Parameters
Frequency- Power Spectral Represents the distribution of
Domain Density, Band Powers | signal power across different
frequencies
Time- Wavelet Transform Provides time-frequency
Frequency representation of the signal
Domain

Feature Extraction: Feature extraction in the context of electroencephalography
(EEQG) analysis involves the extraction of significant and pertinent information from
EEG signals that have been preprocessed to enhance their quality and relevance . This
process is crucial for tasks such as mental task classification using EEG data. Various
methodologies have been developed and utilized for feature extraction in this domain,
encompassing different domains such as time, frequency, and time-frequency. Time-
domain features, which include statistical parameters like mean, variance, and
kurtosis, offer insights into the temporal characteristics of EEG signals, capturing
aspects of their amplitude and distribution over time . Frequency-domain features,
such as power spectral density and band powers, focus on the spectral content of EEG
signals, providing information about the frequency distribution and intensity of neural
oscillations within specific frequency bands. Time-frequency domain features, which
involve techniques like wavelet transform, allow for the analysis of both temporal and
spectral characteristics simultaneously, enabling the identification of transient events
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and dynamic changes in EEG signals across different frequency bands over time. By
employing a combination of these feature extraction methods, researchers can
effectively capture the multidimensional nature of EEG data and extract
discriminative features essential for tasks such as mental state classification and
cognitive function assessment [13].

Dimensionality Reduction: The selection of appropriate features from EEG data is
crucial for ensuring the effectiveness of classification algorithms. Feature selection
methods such as mutual information, correlation-based feature selection, and wrapper
methods are often utilized to identify the most discriminative features while reducing
redundancy and noise (Ince et al., 2009). Additionally, the choice of classifier
significantly impacts the classification performance. Commonly employed classifiers
for EEG data include support vector machines (SVM), k-nearest neighbors (KNN),
and artificial neural networks (ANN), each with its own advantages and limitations
[14]. Therefore, a comprehensive approach integrating dimensionality reduction,
feature selection, and classifier optimization is essential for accurate and efficient
EEG-based classification tasks.
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Classification Algorithms: The utilization of machine learning-based classification
algorithms is paramount. These algorithms serve the essential function of mapping the
features extracted from EEG signals to specific cognitive states or mental tasks,
thereby enabling the interpretation and categorization of brain activity . A diverse
array of classification algorithms has been employed for this purpose, ranging from
linear classifiers such as linear discriminant analysis and support vector machines to
more complex nonlinear classifiers like artificial neural networks and gaussian
processes [15]. Furthermore, ensemble methods such as random forests and boosting
techniques have also been explored to enhance classification accuracy and robustness.
Each of these algorithmic approaches offers distinct advantages and trade-offs,

Figure 2
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depending on factors such as the complexity of the data, the size of the dataset, and
the desired level of interpretability. The selection of an appropriate classification
algorithm hinges on careful consideration of these factors, as well as rigorous
evaluation through cross-validation and other performance metrics to ensure optimal
performance in EEG-based mental task classification tasks.

Challenges and Limitations: EEG-based mental task classification presents several
significant challenges and limitations within the realm of neuroscientific research and
brain-computer interface (BCI) development. One of the primary obstacles is the
inherently low signal-to-noise ratio inherent in EEG recordings, which can be
influenced by various environmental and biological factors, leading to difficulties in
accurately detecting and interpreting neural activity. Furthermore, the non-stationarity
of brain signals poses a significant challenge, as neural activity can vary over time due
to factors such as fatigue, arousal level, and cognitive engagement, making it
challenging to develop robust and reliable classification algorithms. Moreover, high
inter-subject and intra-subject variability in EEG signals further complicates the
classification process, as individuals may exhibit unique neural patterns and responses
to different mental tasks. The complexity of cognitive processes adds another layer of
difficulty, as mental tasks often involve multiple cognitive functions and neural
networks, making it challenging to isolate and classify specific mental states
accurately [16]. In addition to these inherent challenges, technical issues such as the
curse of dimensionality, where the number of features exceeds the available data
samples, can lead to overfitting and poor generalization performance in classification
models. Furthermore, limited training data availability can hinder the development of
robust and generalizable classifiers, particularly in scenarios where collecting labeled
EEG data is time-consuming and expensive. Addressing these challenges requires the
development of advanced signal processing techniques, feature extraction methods,
and machine learning algorithms tailored to EEG data, along with the incorporation
of domain knowledge from neuroscience to improve the interpretability and reliability
of mental task classification systems. Additionally, collaborative efforts between
researchers across multiple disciplines, including neuroscience, engineering, and
computer science, are essential to overcome these challenges and advance the field of
EEG-based mental task classification towards real-world applications such as
neurofeedback therapy, brain-controlled interfaces, and cognitive workload
monitoring [17].

Methodology:

EEG Signal Acquisition and Preprocessing: In the domain of EEG signal acquisition
and preprocessing for mental task classification, a multifaceted approach is essential
to ensure accurate and reliable results. Firstly, electrode placement plays a pivotal role
in capturing neural activity effectively. Strategic positioning of electrodes based on
standardized international systems such as the 10-20 or 10-10 system ensures
consistent data collection across studies, enabling comparability and reproducibility.
Additionally, factors like the number of electrodes and their spatial distribution
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influence the spatial resolution and coverage of brain activity, thereby impacting the
classification performance.

Sampling rate, another critical aspect, determines the temporal resolution of EEG
signals. Higher sampling rates facilitate the capture of fast transient neural events with
greater fidelity, which is particularly crucial for discriminating between mental tasks
characterized by rapid changes in brain dynamics. However, the choice of sampling
rate should strike a balance between temporal precision and data storage requirements,
considering practical constraints. Moreover, effective preprocessing techniques are
indispensable for enhancing the signal quality and extracting relevant features for
classification. Filtering methods such as band-pass filtering help attenuate noise
outside the frequency range of interest, thereby enhancing the signal-to-noise ratio.
Notch filtering is employed to eliminate specific frequency components, such as
power line interference, which can contaminate EEG recordings. Spatial filtering
techniques like common spatial patterns aim to enhance the discriminative power of
EEG features by extracting spatial patterns that maximize the difference between
different mental tasks while minimizing inter-subject and intra-subject variability.

Table 3: Performance Comparison of Classification Algorithms for EEG-Based
Mental Task Classification

Algorithm Accuracy | Robustness | Computational
Efficiency

Linear Discriminant Analysis | 75-85 Moderate | High

(LDA)

Support Vector Machines 80-90 High Moderate

(SVM)

Artificial Neural Networks 85-95 Moderate | Low

(ANN)

Random Forests 90-95 High Moderate

Feature Extraction: A diverse array of feature extraction methods are employed to
discern patterns indicative of cognitive states. Time-domain features, such as mean,
variance, and kurtosis, offer insights into the statistical properties of EEG signals over
discrete time intervals. These metrics serve to quantify the amplitude and distribution
characteristics, enabling discrimination between different mental states. Frequency-
domain features delve into the spectral composition of EEG signals, encompassing
metrics like power spectral density and band powers [18]. These features dissect the
signal's frequency components, shedding light on the oscillatory dynamics underlying
cognitive processes. Furthermore, time-frequency domain features, facilitated by
techniques like wavelet transform, provide a nuanced perspective by capturing both
temporal and spectral information simultaneously. The selection of relevant features
constitutes a pivotal aspect of model development, where methods like feature
selection algorithms or domain expertise are leveraged to identify discriminative
features while mitigating dimensionality concerns. However, this process necessitates
a delicate balance between feature richness and classification performance, as an
excessive feature set may lead to overfitting or computational overhead, while an
insufficient set may compromise the model's discriminatory capacity. Thus,
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navigating the trade-offs between feature dimensionality and classification efficacy
emerges as a critical consideration in EEG-based mental task classification endeavors.

Dimensionality Reduction: Dimensionality reduction techniques play a crucial role
in streamlining and optimizing the feature space for improved computational
efficiency and better interpretability of data patterns. Principal Component Analysis
(PCA) and Linear Discriminant Analysis (LDA) stand out as prominent methods in
this domain. PCA aims to transform the original features into a new set of orthogonal
components, known as principal components, which capture the maximum variance
in the data. By retaining only a subset of these components that explain the majority
of the variance, PCA effectively reduces the dimensionality of the dataset while
preserving most of its essential information. On the other hand, LDA focuses on
finding the linear combinations of features that best discriminate between classes in a
supervised manner. By maximizing the ratio of between-class variance to within-class
variance, LDA identifies the directions that best separate different classes, thus
facilitating classification tasks. However, both techniques come with their own set of
advantages and limitations. PCA is particularly useful for exploratory data analysis
and feature visualization but may not always preserve class discrimination
information optimally. LDA, being a supervised method, often yields better separation
between classes but requires labeled data and assumes linear separability, which might
not hold true for complex datasets. The choice between PCA and LDA ultimately
depends on the specific objectives of the analysis and the nature of the data.
Understanding the nuances of these techniques is crucial for effectively leveraging
them to enhance classification performance and gain valuable insights from high-
dimensional datasets.

Classification Algorithms: In the domain of EEG-based mental task classification, a
diverse array of machine learning algorithms are utilized to effectively discriminate
between different cognitive states. Among these algorithms, linear classifiers such as
linear discriminant analysis (LDA) and support vector machines (SVM) are
commonly employed due to their simplicity and interpretability. LDA, for instance,
seeks to find the optimal linear combination of features that maximizes class
separation, making it suitable for scenarios with well-separated classes. SVM, on the
other hand, aims to find the hyperplane that maximizes the margin between different
classes, making it robust to outliers and effective in high-dimensional feature spaces.
However, these linear classifiers may struggle with non-linearly separable data,
leading to limited classification performance.

To address the challenges posed by non-linearity, nonlinear classifiers like artificial
neural networks (ANN) and Gaussian processes (GP) are often utilized. ANNS,
inspired by the biological structure of the brain, excel at learning complex mappings
between input and output spaces, making them highly adaptable to diverse EEG
patterns. GP, on the other hand, are probabilistic models capable of capturing
uncertainty in predictions, which can be beneficial in scenarios with limited labeled
data or noisy observations. Nevertheless, the complexity and interpretability of these
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models can be a drawback, especially when a clear understanding of the decision-
making process is required.

In addition to standalone classifiers, ensemble methods such as random forests and
boosting algorithms are frequently employed to enhance classification performance.
Random forests leverage the power of multiple decision trees trained on bootstrap
samples of the data, thereby reducing overfitting and increasing robustness to noise.
Boosting algorithms, on the other hand, sequentially train weak learners, with each
subsequent learner focusing on the instances misclassified by the previous ones,
ultimately yielding strong predictive performance. Despite their effectiveness,
ensemble methods may be computationally intensive and prone to overfitting when
hyperparameters are not carefully tuned.

The selection of an appropriate classification algorithm relies on various factors
including the characteristics of the EEG dataset (e.g., dimensionality, noise level, class
distribution) and the specific requirements of the application (e.g., real-time
processing, interpretability, computational resources). Thus, a thorough understanding
of the strengths and weaknesses of each algorithm, coupled with careful consideration
of the application context, is essential for achieving optimal classification
performance in EEG-based mental task classification tasks.

Results and Discussion:

The comprehensive review of EEG-based mental task classification literature has
yielded valuable insights into the efficacy of different methodologies in classifying
mental tasks. Various classification algorithms have been assessed for their
performance in terms of accuracy, robustness, and computational efficiency. Among
these algorithms, machine learning techniques such as support vector machines,
neural networks, and decision trees have demonstrated promising results in accurately
classifying mental tasks. Additionally, feature extraction methods such as time-
domain, frequency-domain, and time-frequency analysis have been evaluated for their
ability to capture relevant information from EEG signals. Furthermore, dimensionality
reduction techniques like principal component analysis and independent component
analysis have shown potential in improving classification performance by reducing
the complexity of EEG data. Despite these advancements, several challenges and
limitations persist in the field. These include the low signal-to-noise ratio inherent in
EEG recordings, the non-stationarity of brain signals, and the high inter-subject and
intra-subject variability observed in cognitive processes. Addressing these challenges
requires the development of robust preprocessing techniques, advanced signal
processing algorithms, and the incorporation of multimodal data fusion approaches to
enhance the reliability and generalizability of EEG-based mental task classification
systems.

Moreover, the review underscores the complexity inherent in EEG-based mental task
classification, emphasizing the need for interdisciplinary collaboration between
neuroscience, signal processing, and machine learning domains. Strategies for
mitigating the impact of these challenges involve the exploration of novel feature
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extraction techniques that are robust to variations in EEG data, the development of
adaptive classification algorithms capable of accommodating dynamic changes in
brain activity, and the integration of advanced machine learning models with domain-
specific knowledge about cognitive processes. Additionally, the standardization of
experimental protocols and data sharing initiatives could facilitate the reproducibility
and comparability of results across studies. Overall, while significant progress has
been made in EEG-based mental task classification, continued research efforts are
necessary to overcome existing limitations and realize the full potential of this
technology in various applications, including brain-computer interfaces,
neurofeedback systems, and clinical diagnosis and treatment.

Several emerging trends and future research directions are poised to significantly
shape the field. One pivotal area of exploration lies in the integration of deep learning
techniques, which have shown promise in enhancing the accuracy and robustness of
EEG-based classification models [19]. Deep learning algorithms, such as
convolutional neural networks (CNNs) and recurrent neural networks (RNNs), offer
the potential to extract complex patterns and temporal dependencies from EEG
signals, thus improving the discriminative power of mental task classifiers.
Furthermore, transfer learning, a technique that leverages pre-trained models on large
datasets to bootstrap learning on smaller datasets, holds considerable potential for
enhancing the generalization capabilities of EEG classifiers across different tasks and
individuals. Another promising avenue of research involves the integration of multi-
modal approaches, wherein EEG data is combined with other neuroimaging
modalities (e.g., functional magnetic resonance imaging, fMRI) or peripheral
physiological signals (e.g., electrocardiography, ECG) to provide complementary
information and improve classification accuracy.

Moreover, technological advancements are poised to play a pivotal role in shaping the
future landscape of EEG-based mental task classification. High-density EEG systems,
characterized by an increased number of electrodes densely distributed across the
scalp, offer finer spatial resolution and richer information content compared to
conventional EEG setups. Additionally, the development of dry and wearable
electrodes represents a significant breakthrough, eliminating the need for conductive
gels and cumbersome setups, thus facilitating long-term monitoring and real-world
applications of EEG-based BCIs. Furthermore, the advent of cloud-based computing
resources enables scalable and efficient processing of large-scale EEG datasets,
facilitating the development and deployment of advanced machine learning models
for mental task classification. However, alongside these technological advancements,
it is imperative to address the ethical considerations and privacy concerns associated
with the widespread adoption of BCI technology. Safeguarding user privacy, ensuring
informed consent, and mitigating the risk of unauthorized access to sensitive brain
data are critical considerations that must be carefully addressed to foster responsible
and ethical use of EEG-based BCIs in research and clinical settings.

Conclusion:
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This comprehensive review has shed light on the significant advancements and
potential applications of EEG-based mental task classification within the realm of
brain-computer interface (BCI) technology. Through the analysis of various studies
and methodologies, it has become evident that EEG-based mental task classification
holds immense promise in revolutionizing several domains, including assistive
technologies for individuals with disabilities, gaming, entertainment, and augmented
reality.

The findings from this review underscore the importance of EEG-based mental task
classification in enabling direct communication and control between the human brain
and external devices. By decoding brain signals associated with different mental tasks,
such as motor imagery, attention, and emotion, EEG-based BClIs offer a non-invasive
and intuitive means of interaction for individuals with motor disabilities or
communication impairments. Moreover, the versatility of EEG-based BCls extends to
applications in gaming and entertainment, where users can engage in immersive
experiences through brain-controlled interfaces.

Despite the remarkable progress made in EEG-based mental task classification,
several challenges and limitations persist, necessitating further research and
development efforts. One of the primary challenges is the inherent noise and
variability in EEG signals, stemming from factors such as electrode placement,
subject-specific characteristics, and environmental conditions [20]. Addressing these
challenges requires advancements in signal processing techniques, including artifact
removal, denoising, and feature extraction, to enhance the robustness and reliability
of EEG-based classification systems. Furthermore, the effectiveness of EEG-based
mental task classification hinges on the selection and optimization of machine
learning algorithms for pattern recognition and classification. While conventional
approaches, such as support vector machines (SVMs) and linear discriminant analysis
(LDA), have demonstrated success in certain applications, there is growing interest in
exploring deep learning techniques, such as convolutional neural networks (CNNs)
and recurrent neural networks (RNNs), for improved performance. Additionally, the
integration of multi-modal data sources, such as EEG combined with functional near-
infrared spectroscopy (fNIRS) or electrooculography (EOG), holds promise for
enhancing the discriminative power and reliability of BCI systems.

Looking ahead, the future of EEG-based mental task classification appears promising,
driven by advancements in technology, interdisciplinary collaborations, and user-
centric design principles. Emerging technologies, such as wearable EEG devices with
improved spatial resolution and wireless connectivity, offer opportunities for more
seamless integration into daily life activities. Interdisciplinary collaborations between
neuroscientists, engineers, computer scientists, and healthcare professionals will be
essential for addressing complex challenges and translating research findings into
practical applications [21]. Moreover, a user-centric approach that prioritizes usability,
accessibility, and individual preferences will be crucial for the widespread adoption
of EEG-based BCIs. By incorporating feedback from end-users and stakeholders
throughout the design and development process, BCI systems can be tailored to meet
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the diverse needs and requirements of different user populations. Additionally,
initiatives aimed at promoting public awareness and education about BCI technology
can help reduce stigma and misconceptions surrounding brain-computer interfaces,
fostering acceptance and adoption.
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