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Article Info Abstract
Brain-Computer Interfaces (BCls) have emerged as transformative tools in assistive

technology, enabling direct communication between the brain and external devices
for individuals with severe physical disabilities. By translating neural activity into
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1. Introduction

Neurological disorders and injuries—such as amyotrophic lateral sclerosis (ALS), spinal cord injury, stroke, and Parkinson’s
disease—can severely impair voluntary movement and communication, leading to profoundloss of independence.
Traditional assistive technologies (AT), such as wheelchairs, prosthetics, and speech-generating devices, often rely on residual
motor function, which may not be available to all users. Brain-Computer Interfaces (BCIs) offer a paradigm shift by enabling
direct, non-muscular control of external devices through the interpretation of brain signals123.

BCIs arenot only reshaping the landscape of rehabilitation and assistive technology but also catalyzing advances in
neuroscience, artificial intelligence, and human-computer interaction. Their integration with AT systems is expanding the
possibilities for personalized, adaptive, and high-performance solutions for people with disabilities245.

2. Fundamentals of Brain-Computer Interfaces

2.1. Definition and Principle

A Brain-Computer Interfaceis a system that measures central nervous system (CNS) activity—typically
via electroencephalography (EEG), -electrocorticography (ECoG), or intracortical electrodes—and translates it into
commands for external devices38. This direct communication bypasses traditional motor pathways, enabling users to interact
with computers, wheelchairs, prosthetics, or communication aids using only their thoughts135.

2.2. BCI System Architecture

A typical BCI system comprises several key modules:

e Signal Acquisition: Captures brain activity using non-invasive (EEG), semi-invasive (ECoG), or invasive (intracortical)
Sensors.

e Signal Processing: Preprocesses (filters, denoises), extracts features, and classifies neural signals to identify user intentions.

e Device Control Interface: Converts classified intentions into actionable commands for assistive devices.

e Feedback Module: Provides real-time feedback to the user, enabling learning and adaptation.
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3. Signal Acquisition and Processing

3.1. Signal Acquisition Modalities

e EEG (Electroencephalography): Non-invasive,
widely used in clinical and research settings. Portable,
cost-effective, but susceptible to noise and limited spatial
resolution.

e ECoG (Electrocorticography): Semi-invasive, offers
higher spatial and temporal resolution, used in some
clinical applications.

e Intracortical Electrodes: Highly invasive, implanted
directly into the brain, providing the highest signal
fidelity and control bandwidth, but with surgical risks.

3.2. Signal Processing Pipeline

e Preprocessing: Removal of artifacts (e.g., eye blinks,
muscle activity) and noise wusing filtering and
independent component analysis.

e Feature Extraction: Identification of relevant signal
features (e.g., frequency bands, event-related potentials,
spatial patterns).

e Classification: Machine learning algorithms (e.g.,
SVM, LDA, deep learning) map extracted features to
specific user intentions (e.g., left/right movement,
selection).

e Command Generation: Translates classified intentions
into device-specific commands.

4. BCI Control Paradigms for Assistive Technologies

4.1. Motor Imagery (MI) Paradigm

Users imagine specific movements (e.g., left or right hand),
producing distinct EEG patterns (u and f rhythms) that can
be detected and classified. MI-based BCls are widely used
for controlling wheelchairs, prosthetic limbs, and computer
cursors, especially for users with motor impairments5.

4.2. Steady-State Visual Evoked Potentials (SSVEP)
Users focus on visual stimuli flickering at specific
frequencies, eliciting corresponding brain responses.
SSVEP-based BClIs enable high-speed selection and control,
often used for spellers and communication aids5.

4.3. P300 Event-Related Potentials

The P300 is an EEG response to infrequent, task-relevant
stimuli. P300-based BClIs are effective for communication
systems, allowing users to select letters or options by
attending to flashing targetsS5.

4.4. Auditory and Hybrid Paradigms

Auditory BCIs use sound cues, suitable for users with visual
impairments or in low-light environments. Hybrid BCls
combine multiple modalities (e.g., EEG + EOG) to improve
accuracy, robustness, and user comfort25.

5. Integration with Assistive Technologies

5.1. Wheelchair Control

BCIs enable users with severe paralysis to control powered
wheelchairs by decoding motor intentions or attention-based
signals. Hybrid systems (e.g., EEG + eye movement) have
demonstrated improved accuracy and usability, allowing for
complex navigation and manipulation tasks5.

5.2. Prosthetic and Robotic Limb Control
Intracortical and ECoG-based BCIs can provide multi-
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degree-of-freedom control over robotic arms or prosthetic
limbs, restoring basic manipulation and even tactile feedback
in some cases4.

5.3. Communication Aids

BCI spellers and text entry systems use P300, SSVEP, or MI
paradigms to enable users to communicate by selecting letters
or words on a screen. These systems are crucial for
individuals with locked-in syndrome or advanced ALSS.

5.4. Environmental Control

BClIs can be integrated with smart home systems, enabling
users to control lights, appliances, and other devices,
enhancing independence and quality of life14.

6. Recent Advances in BCI Hardware and Algorithms

6.1. Novel Implants and Materials

e Synchron’s Stentrode: An endovascular implant placed
via the jugular vein near the motor cortex, enabling
wireless, real-time control of digital devices. It has been
successfully implanted in patients with paralysis,
demonstrating robust performance and safety4.

e Blackrock Neurotech: Intracortical devices enabling
control of prosthetics, digital devices, and restoration of
tactile feedback4.

e Inbrain Nanoelectronics’ Graphene Chip: Offers
higher signal strength and biocompatibility, with
potential for both recording and stimulating brain
activity, tested in human surgery for Parkinson’s
disease4.

6.2. Adaptive and Hybrid BCIs

Hybrid BCIs combine EEG with other biosignals (e.g., EOG,
EMG) or integrate multiple control paradigms to enhance
accuracy, reduce cognitive load, and provide more flexible
control options25. Adaptive algorithms use machine learning
to personalize signal decoding, adjust to user fatigue, and
improve long-term usability.

6.3. Artificial Intelligence Integration

Al and deep learning models are increasingly used for feature
extraction, classification, and adaptive control, enabling
more robust and user-friendly BCIs. Al-driven closed-loop
systems can provide real-time feedback, optimize training
protocols, and adapt to changing brain states, improving
performance and user experiences.

7. Performance Evaluation and User Experience

7.1. Accuracy and Speed

Performance is typically measured by classification accuracy,
command selection speed (bits per minute), and false
positive/negative rates. Hybrid and adaptive BCIs have
demonstrated significant improvements in both accuracy and
speed, making them viable for daily use25.

7.2. Robustness and Reliability
Robustness to noise, artifacts, and changing user states is
critical for real-world deployment. Self-adaptive systems and
multi-modal signal fusion enhance reliability, reducing the
need for frequent recalibration?2.

7.3. User Training and Cognitive Load
Efficient training protocols, intuitive interfaces, and real-time
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feedback are essential for user adoption. Modern BCls aim to
minimize cognitive effort and accelerate user mastery
through personalized training and ergonomic design2.

7.4. Long-Term Usability

Long-term studies highlight the importance of comfort, ease
of use, and minimal maintenance. Advances in electrode
design (e.g., dry electrodes, aesthetic helmets) and wireless
systems are making BCIs more practical for everyday life2.

8. Challenges and Limitations

8.1. Signal Quality and Noise

Non-invasive BCIs (EEG-based) are susceptible to noise and
have limited spatial resolution, affecting accuracy and control
bandwidth. Invasive methods offer better signal quality but
entail surgical risks and long-term biocompatibility
concerns34.

8.2. Individual Variability

BCI performance varies widely among users due to
differences in brain physiology, cognitive state, and learning
ability. Adaptive algorithms and personalized calibration are
needed to address this variability25.

8.3. Cognitive Fatigue and Attention

Sustained BCI use can lead to cognitive fatigue, reducing
performance over time. Systems that adapt to user state and
provide engaging feedback can mitigate these effects2.

8.4. Integration and Standardization

Lack of standard protocols and interoperability between
devices and software platforms hampers widespread
adoption. Ongoing efforts aim to develop shared models and
standards for BCI-assisted technologies2.

8.5. Ethical and Privacy Considerations

BCIs raise important ethical questions regarding user
autonomy, consent, data security, and potential misuse.
Transparent design, user control, and robust privacy
safeguards are essential for responsible deployment5.

9. Future Directions

9.1. Bidirectional and High-Performance BCIs

Emerging research focuses on bidirectional BCIs capable of
both decoding brain signals and delivering sensory feedback
to the user, enabling more natural and intuitive controlS5.

9.2. Closed-Loop and Self-Adaptive Systems

Closed-loop BClIs that adjust parameters in real time based
on user performance and brain state are expected to enhance
robustness, usability, and rehabilitation outcomes5.

9.3. Al-Driven Personalization

Advanced Al and machine learning will enable fully
personalized BCIs that learn and adapt to individual users,
reducing training time and maximizing performances5.

9.4. Integration with Consumer Devices

BCIs are moving beyond clinical and research settings into
consumer electronics, enabling new forms of interaction with
smartphones, computers, and smart home devices?7.
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9.5. Interdisciplinary Collaboration

Progress in BCl-assisted technologies depends on
collaboration across neuroscience, engineering, computer
science, medicine, and ethics, ensuring that solutions are safe,
effective, and user-centered5.

10. Conclusion

Brain-Computer Interfaces represent a revolution in assistive
technology, offering direct, non-muscular control of external
devices for individuals with severe disabilities. Advances in
signal acquisition, processing algorithms, hardware design,
and Al integration have made BCIs more accurate, robust,
and user-friendly than ever before. While challenges remain
in terms of signal quality, user variability, standardization,
and ethics, ongoing research and interdisciplinary
collaboration are rapidly advancing the field. The future of
BClIs lies in bidirectional, adaptive, and personalized systems
that empower users to regain independence and enhance their
quality of life.
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