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Abstract—Brain—Computer Interface (BCI) technology
represents a critical convergence of neuroscience and
engineering, enabling direct communication between the
human brain and external devices. Since its
conceptualization by Jacques Vidal in 1973, BCIs have
evolved into sophisticated systems with applications
spanning neuroprosthetics, rehabilitation,
communication, gaming, education, and mental health.
This review consolidates contemporary literature to
examine the fundamental architecture of BCI systems,
including signal acquisition, signal processing, and
application layers. Current advances in non-invasive and
invasive  techniques, emerging  signal-processing
methodologies, and real-world implementations are
discussed alongside ethical, safety, and accessibility
challenges. The article concludes by outlining future
directions necessary for the responsible and scalable
integration of BCIs into healthcare and society.
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I. INTRODUCTION

Brain—Computer Interfaces (BCIs) enable direct
interaction between neural activity and external
devices, bypassing conventional neuromuscular
pathways. This paradigm has transformative
implications, particularly for individuals with severe
motor and communication impairments. Early
experimental work laid the foundation for modern
BClIs, which now leverage advances in biomedical
engineering, artificial intelligence, and materials
science. This review synthesizes recent research to
present a structured overview of BCI technology, its
components, applications, and future potential.

II. OVERVIEW OF BRAIN-COMPUTER
INTERFACES

BClIs operate by acquiring neural signals, processing
them to extract meaningful patterns, and translating
those patterns into executable commands. These
systems may be invasive or non-invasive, each
presenting trade-offs in terms of signal fidelity,
safety, and usability. The overarching objective is to
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achieve reliable, real-time communication between
the brain and external systems.

III. FUNDAMENTAL COMPONENTS OF BCI
SYSTEMS

A typical BCI system comprises three core modules:
1. Signal Acquisition: Neural signals are
captured using electroencephalography

(EEQG), functional near-infrared
spectroscopy (fNIRS),
magnetoencephalography  (MEG), or
electrocorticography (ECoG). Each
technique  differs in  invasiveness,

resolution, and clinical applicability.

2. Signal Processing: Acquired signals
undergo preprocessing, feature extraction,
and classification using techniques such as
Independent Component Analysis (ICA),
wavelet transformations, support vector
machines (SVMs), and neural networks.

3. Application Layer: Processed signals are
converted into commands controlling
external devices such as robotic limbs,

assistive

computer interfaces, or

communication systems.
IV. SIGNAL ACQUISITION TECHNIQUES

A. Electroencephalography (EEG)

EEG is the most widely used non-invasive BCI
modality due to its high temporal resolution,
portability, and cost-effectiveness. However,
susceptibility to noise and limited spatial resolution
remain challenges.

B. Functional Near-Infrared Spectroscopy (fNIRS)
fNIRS measures cerebral blood oxygenation,
offering superior spatial resolution compared to EEG
but lower temporal resolution, limiting its real-time
applications.

C. Magnetoencephalography (MEG)
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MEG provides high temporal and spatial resolution
by recording magnetic fields generated by neuronal
activity. Its high cost and infrastructural requirements
restrict its use to advanced research settings.

D. Electrocorticography (ECoG)

ECoG involves invasive electrode placement on the
cortical surface, delivering high-quality signals
suitable for clinical applications despite surgical
risks.

V. SIGNAL PROCESSING TECHNIQUES

A. Independent Component Analysis (ICA)
ICA separates neural signals from noise, enhancing
interpretability and reliability.

B. Wavelet Transformations

Wavelet analysis decomposes EEG signals into
frequency components, facilitating the identification
of task-specific neural patterns.

C. Support Vector Machines (SVMs)
SVMs classify neural patterns with high robustness,
particularly in high-dimensional datasets.

D. Neural Networks

Deep learning models, including convolutional
neural networks (CNNs), enable adaptive learning
and improved classification accuracy.

VI. APPLICATIONS OF BCI TECHNOLOGY

1. Neuroprosthetics: Restoration of motor
function through brain-controlled prosthetic
devices.

2. Communication Systems: Assistive
communication for individuals with ALS
and locked-in syndrome.

3. Gaming and Virtual Reality: Thought-
driven interaction enhancing immersive
experiences.

4. Education: Cognitive state monitoring for
personalized learning.

5. Mental Health: Neurofeedback-based
interventions for stress, anxiety, and
depression.

6. Sleep Medicine: Analysis and treatment of
sleep disorders through neural monitoring.

VII. CHALLENGES AND FUTURE
DIRECTIONS
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Key challenges include data privacy, system security,
ethical governance, signal reliability, and user
accessibility. Addressing these constraints requires
interdisciplinary collaboration, regulatory oversight,
and continued technological innovation.

VIII. CONCLUSION

BCI technology holds substantial promise for
redefining  human—machine interaction  and
improving quality of life for individuals with
disabilities. Continued research, ethical frameworks,
and scalable design strategies are essential to realize
its full potential. As innovation accelerates, BCIs are
poised to become integral to future healthcare and
human—computer ecosystems.
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