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Abstract: Brain–Computer Interfaces (BCIs) hold immense promise for restoring communication, enhancing motor 
function, and augmenting human capabilities. However, the widespread adoption and reliable performance of BCIs in 
real-world environments are significantly hampered by challenges inherent in neural signal acquisition. Traditional 
electroencephalography (EEG) systems, while non-invasive and portable, are highly susceptible to various forms of noise, 
including physiological artifacts (e.g., ocular, muscular, cardiac) and environmental interference. These contaminations 
severely degrade signal quality, compromise decoding accuracy, and limit the robustness of BCI applications outside 
controlled laboratory settings. This paper addresses the critical problem of neural signal degradation by proposing the 
Neuroba Adaptive Multimodal Signal Acquisition Architecture (NAMSAA). NAMSAA is a novel conceptual framework 
designed to dynamically integrate and fuse data from multiple physiological sensors, including EEG, electromyography 
(EMG), electrooculography (EOG), and optionally functional near-infrared spectroscopy (fNIRS). The architecture 
comprises five internal modules: Neural Signal Collection, Multimodal Sensor Fusion, Adaptive Signal Validation, 
Real-Time Noise Suppression, and Signal Standardization and Output. By leveraging adaptive signal processing techniques, 
context-aware acquisition, and quality-based prioritization, NAMSAA aims to significantly improve the signal-to-noise 
ratio, enhance artifact resilience, and standardize neural data for downstream processing. This framework is expected to 
contribute to the development of more robust, reliable, and user-adaptive BCIs, paving the way for their practical 
deployment in diverse real-world scenarios. While NAMSAA presents a comprehensive solution, its practical 
implementation faces limitations related to hardware constraints, computational demands, and ethical considerations. Future 
work will focus on AI-driven signal acquisition, neural foundation models, and edge computing to further advance 
self-adaptive acquisition systems and large-scale neural networks within the broader Neuroba NCTS Framework. 
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I. INTRODUCTION 
The field of Brain–Computer Interfaces (BCIs) has 
witnessed remarkable advancements over the past few 
decades, transitioning from theoretical concepts to 
tangible applications that promise to revolutionize 
human-computer interaction, neurorehabilitation, and 
assistive technologies [1]. BCIs establish a direct 
communication pathway between the brain and an 
external device, bypassing conventional neuromuscular 
pathways [2]. This capability offers unprecedented 
opportunities for individuals with severe motor 
disabilities to control prosthetic limbs, communicate 
through thought, or interact with their environment [3]. 
Beyond assistive applications, BCIs are also explored for 
cognitive enhancement, neurofeedback, and gaming, 
indicating their broad potential across various domains 
[4]. 
 

A. Evolution of Brain–Computer Interfaces 
The journey of BCIs began with pioneering work in the 
1970s, demonstrating the ability of animals to control 
external devices using neural activity [5]. Early human 
BCIs primarily relied on invasive techniques, such as 
electrocorticography (ECoG) or intracortical electrode 
arrays, which offered high signal fidelity but carried 
inherent risks associated with surgical implantation [6]. 
The advent of non-invasive methods, particularly 
electroencephalography (EEG), significantly broadened 
the accessibility and applicability of BCIs [7]. EEG-based 
BCIs detect electrical activity from the scalp, offering a 
safe, portable, and relatively inexpensive means of 
monitoring brain function [8]. This shift has propelled 
BCI research into new frontiers, enabling the 
development of systems for motor imagery, P300-speller 
paradigms, and steady-state visually evoked potentials 
(SSVEP) [9]. 
 

B. Importance of Neural Signal Acquisition 
At the core of any functional BCI system lies the accurate 
and reliable acquisition of neural signals. The quality of 
these signals directly impacts the performance, 
robustness, and ultimately, the clinical and practical utility 
of the BCI [10]. High-fidelity neural data are crucial for 
precise decoding of user intent, enabling seamless control 
and interaction. Conversely, poor signal quality can lead 
to misinterpretations, delayed responses, and user 
frustration, hindering the widespread adoption of BCI 
technology [11]. Therefore, optimizing neural signal 

acquisition is not merely a technical detail but a 
foundational requirement for advancing the entire BCI 
field. 
 

C. Current Challenges in Real-World BCI 
Systems 
Despite significant progress, deploying BCIs in 
real-world, unconstrained environments presents 
formidable challenges. Laboratory-based BCI systems 
often operate under highly controlled conditions, 
minimizing external interference and subject movement 
[12]. However, real-world scenarios are characterized by 
dynamic environments, subject variability, and the 
presence of numerous artifacts that contaminate neural 
signals [13]. These challenges are particularly pronounced 
for non-invasive EEG systems, which are highly 
susceptible to various sources of noise. 
 

1. Signal Quality Limitations 

The primary limitation of current EEG-based BCIs in 
real-world settings is the inherent variability and 
degradation of signal quality. The electrical potentials 
generated by the brain are minuscule (on the order of 
microvolts) and must traverse several layers of tissue 
(brain, cerebrospinal fluid, skull, scalp) before being 
detected by electrodes on the scalp [14]. This attenuation, 
coupled with the high impedance at the skin-electrode 
interface, makes EEG signals inherently weak and 
vulnerable to interference [15]. 
 

2. Noise and Motion Artifacts 

Real-world environments are replete with sources of noise 
that can severely corrupt EEG signals. These include:  
 

•​ Physiological Artifacts: These originate from the 
body itself and are often orders of magnitude 
larger than the neural signals of interest. Common 
physiological artifacts include ocular artifacts 
(e.g., blinks, eye movements, EOG), muscular 
artifacts (e.g., facial muscle contractions, 
chewing, EMG), and cardiac artifacts (e.g., 
heartbeat, ECG) [16], [17]. 

•​ Environmental Noise: Electrical interference 
from power lines, electronic devices, and other 
ambient electromagnetic fields can introduce 
significant noise into EEG recordings [18]. 

•​ Motion Artifacts: Head movements, electrode 
displacement, and cable sway can generate large 
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amplitude artifacts that mimic or obscure neural 
activity, posing a major hurdle for mobile and 
wearable BCI applications [19], [20]. 

 

These artifacts not only reduce the signal-to-noise ratio 
(SNR) but can also be misclassified as genuine brain 
activity, leading to erroneous BCI control and diminished 
performance [21]. 
 

D. Motivation for Multimodal Signal 
Acquisition 
The limitations of single-modality EEG systems in 
real-world scenarios underscore the urgent need for more 
robust signal acquisition strategies. Multimodal sensing, 
which involves combining data from different 
physiological sensors, offers a promising solution [22]. 
By integrating complementary information from various 
modalities, it is possible to enhance the overall signal 
quality, improve artifact detection and removal, and 
provide a more comprehensive understanding of the user's 
physiological and cognitive state [23]. For instance, EMG 
signals can help identify and mitigate muscle artifacts in 
EEG, while EOG can aid in correcting ocular artifacts 
[24]. Furthermore, modalities like functional near-infrared 
spectroscopy (fNIRS) can provide hemodynamic 
information that complements the electrophysiological 
data from EEG, offering a richer picture of brain activity 
[25]. 
 

E. Research Objectives 
This paper aims to address the aforementioned challenges 
by pursuing the following objectives: 
 

1​ To critically review the current state-of-the-art in 
EEG signal acquisition, artifact removal 
techniques, and multimodal neural sensing for 
BCI applications. 

2​ To identify the key limitations and research gaps 
that hinder the robust performance of BCIs in 
real-world environments. 

3​ To propose a novel conceptual framework, the 
Neuroba Adaptive Multimodal Signal Acquisition 
Architecture (NAMSAA), designed to enhance 
signal quality and artifact resilience through 
dynamic sensor fusion and adaptive processing. 

4​ To mathematically formulate key components of 
NAMSAA, including signal-to-noise ratio 
estimation, weighted sensor fusion, and adaptive 
filtering. 

5​ To outline an implementation roadmap and 
discuss the potential applications, challenges, and 
ethical considerations associated with NAMSAA. 

6​ To establish the foundational role of NAMSAA 
within Layer 01 (SIGNAL) of the broader 
Neuroba NCTS Framework, elucidating its 
responsibilities and interface with downstream 
processing layers. 

 

F. Main Contributions of This Paper 
This paper makes several significant contributions to the 
field of BCI research and engineering: 
 

•​ Novel Conceptual Architecture: Introduction of 
NAMSAA, a comprehensive adaptive multimodal 
signal acquisition architecture specifically 
designed for robust real-world BCI operation. 

•​ Modular Framework: Detailed description of 
NAMSAA's five internal modules, outlining their 
purpose, inputs, outputs, processing pipelines, 
advantages, and limitations. 

•​ Mathematical Formulations: Provision of 
mathematical models for critical aspects of 
multimodal signal processing, including sensor 
fusion, adaptive filtering, and signal quality 
assessment. 

•​ Integration with NCTS: Elucidation of 
NAMSAA's role as Layer 01 (SIGNAL) within 
the Neuroba NCTS Framework, emphasizing its 
interface with Layer 02 (DECODE) and its 
contribution to data standardization and quality 
requirements. 

•​ Roadmap for Implementation: A practical 
roadmap for the development and deployment of 
NAMSAA, including laboratory validation, pilot 
testing, and scalable neurotechnology 
deployment. 

 

This paper serves as a foundational document for the 
Neuroba NCTS Research Series, laying the groundwork 
for subsequent papers that will delve into decoding, 
transmission, interpretation, and connection layers of the 
NCTS framework. 
 

II. LITERATURE REVIEW 
The development of robust Brain–Computer Interfaces 
(BCIs) hinges on the ability to acquire high-quality neural 
signals and effectively process them to extract meaningful 
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information. This section provides a comprehensive 
review of existing research pertinent to EEG signal 
acquisition, multimodal neural sensing, and adaptive 
signal processing, highlighting key advancements, current 
limitations, and identified research gaps. 
 

A. EEG Signal Acquisition 
Electroencephalography (EEG) remains the most widely 
used non-invasive technique for BCI applications due to 
its high temporal resolution, portability, and relatively low 
cost [26]. However, the quality of EEG signals is highly 
dependent on the acquisition hardware, electrode type, 
and recording environment. 
 

1. Wearable EEG Systems 

The demand for BCIs in real-world settings has spurred 
the development of wearable EEG systems. These 
systems are designed to be compact, lightweight, and 
often wireless, allowing for long-term monitoring and use 
outside of clinical or laboratory environments [27], [28]. 
Recent advancements have focused on miniaturization, 
improved battery life, and enhanced comfort for 
prolonged wear [29]. However, the trade-off for 
portability often comes at the expense of signal quality, as 
these devices are more susceptible to motion artifacts and 
environmental noise [30]. 
 

2. Dry vs. Wet Electrodes 

Traditional EEG systems typically employ ​
wet electrodes, which require conductive gel to establish a 
low-impedance connection with the scalp [31]. While wet 
electrodes offer superior signal quality, they are often 
uncomfortable, require skin preparation, and dry out over 
time, making them unsuitable for long-term or real-world 
applications [32]. Consequently, there has been significant 
interest in dry electrodes, which do not require gel and 
can be integrated into wearable devices more easily [33]. 
While dry electrodes offer convenience, they typically 
suffer from higher impedance, leading to lower 
signal-to-noise ratios and increased susceptibility to 
motion artifacts [34], [35]. Hybrid electrodes, combining 
aspects of both wet and dry technologies, are also 
emerging as a compromise to balance comfort and signal 
quality [36]. 
 

B. EEG Artifact Removal 
Artifacts are non-brain-related signals that contaminate 
EEG recordings, significantly hindering the interpretation 
of neural activity and the performance of BCI systems. 
Effective artifact removal is therefore a critical step in 
EEG signal processing [37]. Artifacts can be broadly 
categorized into physiological (e.g., ocular, muscular, 
cardiac) and non-physiological (e.g., environmental, 
motion) [38]. 
 

1. Ocular Artifacts (EOG) 

Eye blinks and movements generate large electrical 
potentials (electrooculogram, EOG) that propagate across 
the scalp and can be several orders of magnitude larger 
than cortical EEG signals [39]. Common methods for 
EOG artifact removal include independent component 
analysis (ICA) [40], regression-based techniques [41], and 
wavelet-based approaches [42]. Recent advancements 
also include deep learning models that can automatically 
detect and remove ocular artifacts [43]. 
 

2. Muscular Artifacts (EMG) 

Muscle contractions, particularly from facial and neck 
muscles, produce electromyogram (EMG) signals that can 
contaminate EEG recordings, especially in 
high-frequency bands [44]. Removing EMG artifacts is 
challenging due to their broadband nature and spatial 
overlap with brain activity. Techniques such as ICA, 
principal component analysis (PCA) [45], and adaptive 
filtering [46] are commonly employed. The integration of 
surface EMG sensors can provide a direct measure of 
muscle activity, aiding in the more accurate removal of 
these artifacts from EEG [47]. 
 

3. Cardiac Artifacts (ECG) 

The electrical activity of the heart (electrocardiogram, 
ECG) can also be picked up by EEG electrodes, 
particularly those near major blood vessels [48]. ECG 
artifacts are typically characterized by their rhythmic 
nature and can be removed using methods like template 
subtraction, ICA, or adaptive filtering [49]. 
 

C. Multimodal Neural Sensing 
The inherent limitations of single-modality EEG have led 
to increasing interest in multimodal neural sensing, where 
data from different physiological modalities are combined 
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to provide a more comprehensive and robust 
understanding of brain activity [50]. 
 

1. EEG + EMG Integration 

Integrating EEG with EMG is particularly beneficial for 
motor-related BCI applications and for improving artifact 
removal. EMG signals can serve as a direct indicator of 
muscle activity, allowing for more precise identification 
and suppression of muscular artifacts in EEG [51]. 
Furthermore, the combination can provide richer 
information for decoding motor intent, especially in 
hybrid BCI systems [52]. 
 

2. EEG + EOG Integration 

Similar to EMG, EOG signals can be explicitly recorded 
to facilitate the removal of ocular artifacts from EEG. By 
simultaneously acquiring EOG, regression models can be 
trained to subtract the ocular components from the EEG, 
leading to cleaner neural signals [53]. This integration is 
crucial for BCIs operating in dynamic environments 
where eye movements are frequent and unavoidable. 
 

3. EEG + fNIRS Integration 

Functional near-infrared spectroscopy (fNIRS) measures 
changes in blood oxygenation levels, providing a 
hemodynamic correlate of neural activity [54]. Unlike 
EEG, fNIRS is less susceptible to electrical artifacts and 
motion, making it a valuable complementary modality 
[55]. The fusion of EEG and fNIRS offers a powerful 
approach to overcome the limitations of each modality: 
EEG provides high temporal resolution, while fNIRS 
offers better spatial localization and robustness to artifacts 
[56], [57]. Various fusion strategies have been proposed, 
including feature-level fusion, decision-level fusion, and 
model-level fusion, to leverage the complementary 
strengths of both signals [58], [59]. Recent research has 
explored deep learning frameworks for multimodal 
EEG-fNIRS fusion, demonstrating improved 
classification performance in BCI tasks [60], [61]. 
 

D. Signal Quality Assessment 
Accurate assessment of signal quality is paramount for 
reliable BCI operation, especially in real-world settings 
where signal contamination is prevalent. Metrics such as 
signal-to-noise ratio (SNR), correlation with known 
artifacts, and spectral power analysis are commonly used 
to quantify signal quality [62]. Adaptive algorithms that 

continuously monitor and assess signal quality can 
dynamically adjust acquisition parameters or processing 
strategies to maintain optimal BCI performance [63]. 
 

E. Adaptive Signal Processing 
Adaptive signal processing techniques are crucial for 
handling the non-stationary and dynamic nature of neural 
signals and artifacts in real-world environments. These 
methods can adjust their parameters over time to optimize 
performance based on the characteristics of the incoming 
data [64]. Examples include adaptive filters (e.g., Least 
Mean Squares, Recursive Least Squares) for noise 
cancellation [65], and adaptive beamforming techniques 
for source separation [66]. The integration of machine 
learning and deep learning into adaptive signal processing 
has further enhanced the ability to learn and adapt to 
complex artifact patterns and brain dynamics [67]. 
 

F. Research Gaps 
Despite significant advancements, several research gaps 
remain that hinder the development of truly robust and 
adaptive real-world BCI systems: 
 

•​ Dynamic Multimodal Fusion: While 
multimodal sensing is gaining traction, a 
comprehensive and dynamically adaptive 
framework that intelligently fuses diverse sensor 
data based on real-time signal quality and 
contextual information is still lacking. Most 
existing fusion approaches are static or rely on 
pre-defined weights [68]. 

•​ Context-Aware Artifact Suppression: Current 
artifact removal techniques often operate in 
isolation or with limited consideration of the 
user's current activity or environmental context. A 
more intelligent, context-aware approach is 
needed to selectively apply and optimize artifact 
suppression strategies [69]. 

•​ Standardization of Multimodal Data: The lack 
of standardized protocols for acquiring, 
processing, and integrating multimodal neural 
data makes it challenging to compare results 
across studies and develop universally applicable 
BCI solutions [70]. 

•​ Scalability and Computational Efficiency: 
Real-time processing of high-dimensional 
multimodal data, especially on wearable or edge 
devices, demands computationally efficient 
algorithms and architectures [71]. 
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•​ Closed-Loop Adaptive Acquisition: The 

concept of a closed-loop system where signal 
quality feedback directly influences and adapts 
the acquisition parameters in real-time is an 
emerging area that requires further exploration 
[72]. 

 

These gaps highlight the need for a novel architectural 
framework that can address these challenges 
systematically, leading to more reliable and user-adaptive 
BCI systems. The proposed Neuroba Adaptive 
Multimodal Signal Acquisition Architecture (NAMSAA) 
aims to fill these critical voids. 
 

III. PROBLEM STATEMENT 
The pervasive challenge in the widespread adoption and 
reliable operation of Brain–Computer Interfaces (BCIs) in 
real-world environments stems from the inherent fragility 
and susceptibility of neural signals to various forms of 
degradation and contamination. While laboratory-based 
BCI systems can achieve impressive performance under 
controlled conditions, their efficacy diminishes 
significantly when deployed in dynamic, unconstrained 
settings. This section delineates the core problems that 
necessitate a novel approach to neural signal acquisition. 
 

A. Neural Signal Degradation 
Electroencephalography (EEG) signals, which represent 
the aggregated electrical activity of neuronal populations, 
are inherently weak, typically ranging from microvolts to 
tens of microvolts [73]. These faint signals must traverse 
multiple biological layers including brain tissue, 
cerebrospinal fluid, skull, and scalp before reaching the 
surface electrodes [74]. This journey results in significant 
attenuation and spatial smearing of the neural 
information. Consequently, the raw EEG signals recorded 
from the scalp are often characterized by a low 
signal-to-noise ratio (SNR), making it difficult to discern 
genuine brain activity from background noise [75]. This 
fundamental degradation limits the precision and 
reliability of downstream BCI decoding algorithms. 
 

B. Environmental Noise 
Real-world environments are replete with sources of 
electromagnetic interference that can severely corrupt 
EEG recordings. Common culprits include power line 
noise (50/60 Hz), electromagnetic fields generated by 

electronic devices (e.g., computers, mobile phones), and 
radio frequency interference [76]. Unlike controlled 
laboratory settings where shielding and sophisticated 
grounding techniques can mitigate these issues, 
real-world scenarios often lack such controlled 
conditions. This environmental noise can manifest as 
broadband interference or specific frequency components, 
masking neural activity and introducing spurious patterns 
that can be misinterpreted by BCI systems [77]. 
 

C. Motion Artifacts 
One of the most significant impediments to real-world 
BCI deployment is the presence of motion artifacts. Any 
movement of the user's head, body, or even subtle facial 
muscle contractions can induce large-amplitude electrical 
potentials at the electrode-skin interface [78]. These 
artifacts can be orders of magnitude larger than the 
underlying neural signals, completely obscuring them. 
Sources of motion artifacts include electrode 
displacement, cable sway, head movements, and muscle 
activity (e.g., chewing, speaking, blinking) [79]. For 
mobile and wearable BCI systems, which are designed for 
active users, mitigating motion artifacts is particularly 
challenging and critical for maintaining signal integrity 
[80]. 
 

D. Subject Variability 
Human brains are remarkably diverse, and neural 
responses to identical stimuli or tasks can vary 
significantly across individuals [81]. Factors such as skull 
thickness, scalp conductivity, age, cognitive state, and 
even emotional state can influence EEG signal 
characteristics [82]. Furthermore, within the same 
individual, neural patterns can change over time due to 
fatigue, learning, or changes in attention. This inherent 
subject variability and non-stationarity of brain signals 
pose a considerable challenge for developing generalized 
BCI models that perform consistently across a diverse 
user population and over extended periods [83]. Current 
BCI systems often require extensive calibration for each 
user, which is impractical for widespread real-world 
adoption. 
 

E. Hardware Constraints 
The pursuit of portability and wearability in BCI systems 
often necessitates compromises in hardware design. 
Miniaturized, wireless EEG devices typically have fewer 
electrodes, lower sampling rates, and less sophisticated 
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analog-to-digital conversion compared to 
laboratory-grade systems [84]. These hardware 
constraints can limit the spatial resolution, spectral 
bandwidth, and overall fidelity of the acquired signals. 
Additionally, power consumption, battery life, and 
computational resources on edge devices impose further 
limitations on the complexity of signal processing 
algorithms that can be implemented in real-time [85]. 
Balancing the need for portability with the demand for 
high-quality signal acquisition remains a significant 
engineering challenge. 
 

F. Scalability Challenges 
The current paradigm of BCI development often involves 
bespoke systems tailored for specific applications or user 
groups. Scaling these solutions for large-scale deployment 
in diverse real-world settings is fraught with challenges. 
The heterogeneity of user needs, environmental 
conditions, and application requirements demands a 
flexible and adaptive signal acquisition framework [86]. 
Furthermore, the manual calibration and maintenance 
often required by existing BCI systems do not scale well 
for a large user base. A truly scalable BCI ecosystem 
requires robust, self-calibrating, and universally 
applicable signal acquisition solutions that can seamlessly 
integrate into various neurotechnology platforms [87]. 
 

These interconnected problems collectively limit the 
robustness, reliability, and widespread applicability of 
current BCI systems. Addressing these challenges 
requires a paradigm shift from single-modality, static 
acquisition methods to a dynamic, multimodal, and 
adaptive approach that can intelligently manage signal 
quality in complex real-world environments. The Neuroba 
Adaptive Multimodal Signal Acquisition Architecture 
(NAMSAA) is proposed as a comprehensive solution to 
these critical issues. 
 

IV. PROPOSED FRAMEWORK 
To address the multifaceted challenges of neural signal 
degradation, environmental noise, motion artifacts, and 
subject variability in real-world BCI applications, we 
propose the Neuroba Adaptive Multimodal Signal 
Acquisition Architecture (NAMSAA). NAMSAA is a 
novel conceptual framework designed to optimize signal 
quality and enhance the robustness of BCI systems 
through dynamic integration and adaptive processing of 
multimodal physiological data. This architecture is 
specifically engineered to operate as Layer 01 (SIGNAL) 

within the broader Neuroba NCTS Framework, providing 
standardized, high-fidelity neural inputs for downstream 
decoding and interpretation. 
 

NAMSAA is structured around five interconnected 
internal modules, each responsible for a distinct stage of 
the adaptive multimodal signal acquisition pipeline. These 
modules work in concert to ensure optimal signal integrity 
and prepare the data for subsequent BCI operations. 
 

 

A. Module 1: Neural Signal Collection 

Purpose: The primary purpose of this module is the 
initial acquisition of raw physiological signals from 
various sensing modalities. It focuses on capturing a 
broad spectrum of neural and physiological data that can 
provide complementary information about brain activity 
and potential artifacts. 
 

Inputs: 

•​ Raw Electroencephalography (EEG) data from 
multiple channels (e.g., scalp electrodes). 

•​ Raw Electromyography (EMG) data (e.g., from 
facial muscles, neck muscles). 

•​ Raw Electrooculography (EOG) data (e.g., from 
periorbital electrodes). 

•​ Optional: Raw functional Near-Infrared 
Spectroscopy (fNIRS) data (e.g., from cortical 
regions). 

•​ Ancillary data: Accelerometer data (for head 
movement), gyroscope data, ambient noise levels 
(from integrated microphones), and skin 
impedance measurements. 

 

Outputs: 

•​ Synchronized streams of raw, time-stamped 
physiological data from all active sensors. 

•​ Metadata associated with each stream (e.g., 
sampling rate, channel labels, sensor type, 
impedance values). 

 

Processing Pipeline: 

7​ Sensor Initialization and Calibration: Upon 
system startup, all connected sensors are 
initialized. This includes checking sensor 
connectivity, performing basic self-tests, and, for 
EEG, measuring initial electrode-skin impedance.  
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8​ Continuous Data Acquisition: Raw analog 

signals from each sensor are continuously 
sampled at appropriate rates (e.g., 250-1000 Hz 
for EEG/EMG/EOG, 10 Hz for fNIRS) and 
digitized using high-resolution Analog-to-Digital 
Converters (ADCs).  

9​ Time Synchronization: A critical component is 
the precise time-stamping and synchronization of 
all incoming data streams. This ensures that 
events and signals across different modalities can 
be accurately correlated. Hardware-level 
synchronization mechanisms (e.g., shared clock 
signals) are preferred, complemented by 
software-based alignment algorithms.  

10​ Initial Filtering (Anti-aliasing): Basic analog 
anti-aliasing filters are applied at the hardware 
level to prevent aliasing artifacts before 
digitization. 

 

Advantages: 

•​ Comprehensive Data Capture: Acquires a rich 
dataset from multiple modalities, providing a 
holistic view of physiological activity.  

•​ Foundation for Fusion: Provides the raw, 
synchronized inputs necessary for subsequent 
multimodal fusion and artifact management.  

•​ Flexibility: Supports various sensor 
configurations, allowing for adaptability to 
different BCI applications and user needs. 

 

Limitations: 

•​ Raw Data Volume: Generates a large volume of 
raw data, requiring efficient storage and 
transmission.  

•​ Vulnerability to Noise: The raw signals are still 
highly susceptible to noise and artifacts at this 
stage, necessitating further processing.  

•​ Hardware Dependency: Performance is heavily 
reliant on the quality and synchronization 
capabilities of the underlying sensor hardware. 

 

B. Module 2: Multimodal Sensor Fusion 
Purpose: This module is responsible for intelligently 
combining the synchronized raw data streams from 
various physiological sensors. Its goal is to leverage the 
complementary strengths of each modality to create a 
more robust and informative representation of neural and 
physiological states than any single modality could 
provide alone. 
 

Inputs: 

•​ Synchronized raw physiological data streams 
from Module 1 (EEG, EMG, EOG, fNIRS, 
ancillary data). 

•​ Real-time signal quality metrics from Module 3 
(Adaptive Signal Validation). 

 

Outputs: 

•​ Fused multimodal data representation. 
•​ Initial estimates of artifact presence and type. 
•​ Dynamically adjusted sensor weights. 

 

Processing Pipeline: 

11​ Feature Extraction (Initial): Basic features 
relevant to each modality are extracted. For EEG, 
this might include spectral power in different 
frequency bands. For EMG/EOG, amplitude and 
frequency characteristics. For fNIRS, changes in 
oxy- and deoxyhemoglobin concentrations.  

12​ Signal Quality-Based Weighting: This is a core 
adaptive component. Based on real-time signal 
quality metrics (e.g., SNR, impedance, artifact 
levels) provided by Module 3, dynamic weights 
are assigned to each sensor stream. Sensors with 
higher quality or lower artifact contamination are 
given greater influence in the fusion process.  

13​ Fusion Algorithms: Various fusion strategies can 
be employed, ranging from early fusion 
(concatenating raw data or features) to 
intermediate fusion (combining features at a 
higher level of abstraction) [88]. Techniques may 
include:  

◦​ Weighted Averaging: Simple linear 
combination of signals/features based on 
their assigned weights.  

◦​ Canonical Correlation Analysis (CCA): 
Identifies linear combinations of 
variables from two datasets that are 
maximally correlated [89].  

◦​ Independent Component Analysis 
(ICA): Separates mixed signals into 
statistically independent components, 
useful for separating brain activity from 
artifacts [90].  

◦​ Deep Learning-based Fusion: Neural 
networks can learn complex, non-linear 
relationships between multimodal inputs, 
providing highly adaptive fusion [91]. 

14​ Artifact Pre-identification: During fusion, initial 
patterns indicative of common artifacts (e.g., 
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large EOG spikes, high-frequency EMG bursts) 
are identified and flagged. This pre-identification 
guides subsequent noise suppression. 

 

Advantages: 

•​ Enhanced Robustness: Combines 
complementary information, making the overall 
signal representation more resilient to noise or 
temporary loss in a single modality.  

•​ Improved Information Content: Provides a 
richer dataset for downstream processing, 
potentially leading to more accurate decoding.  

•​ Adaptive Weighting: Dynamically adjusts the 
influence of each sensor based on its real-time 
reliability, optimizing data utilization. 

 

Limitations: 

•​ Computational Complexity: Fusion algorithms, 
especially deep learning-based ones, can be 
computationally intensive, posing challenges for 
real-time processing on edge devices.  

•​ Synchronization Sensitivity: Requires highly 
accurate time synchronization between 
modalities; even small misalignments can 
degrade fusion performance.  

•​ Optimal Fusion Strategy: Determining the 
optimal fusion strategy for different BCI 
paradigms and environmental conditions remains 
an active research area. 

 

C. Module 3: Adaptive Signal Validation 

Purpose: This module continuously monitors the quality 
and integrity of the acquired and fused signals in 
real-time. Its primary function is to provide feedback to 
Module 2 (Multimodal Sensor Fusion) and Module 4 
(Real-Time Noise Suppression) to enable adaptive 
adjustments and ensure that only reliable data are 
propagated through the system. 
 

Inputs: 

•​ Raw physiological data streams from Module 1. 
•​ Fused multimodal data representation from 

Module 2. 
•​ Ancillary data (accelerometer, gyroscope, 

impedance) from Module 1. 
 

Outputs: 

•​ Real-time signal quality metrics (e.g., SNR, 
artifact scores, impedance levels). 

•​ Confidence scores for different segments of the 
data. 

•​ Flags for detected artifacts and their probable 
sources. 

•​ Feedback signals for adaptive weighting in 
Module 2 and parameter adjustment in Module 4. 

 

Processing Pipeline: 

15​ Signal-to-Noise Ratio (SNR) Estimation: 
Continuously estimates the SNR for each channel 
and modality, using methods such as power 
spectral density analysis or correlation with 
reference signals [92].  

16​ Artifact Detection and Classification: Utilizes 
machine learning classifiers (e.g., SVM, neural 
networks) or rule-based algorithms to detect and 
classify various types of artifacts (ocular, 
muscular, motion, environmental) based on their 
characteristic features in both time and frequency 
domains [93]. Ancillary data from accelerometers 
can be crucial for identifying motion artifacts 
[94].  

17​ Impedance Monitoring: For EEG, continuous 
monitoring of electrode-skin impedance provides 
a direct measure of contact quality. High 
impedance indicates poor contact and potentially 
noisy signals [95].  

18​ Confidence Scoring: Assigns a confidence score 
to segments of the data, reflecting the estimated 
reliability of the neural information. This score 
can be a composite of SNR, artifact levels, and 
impedance.  

19​ Feedback Generation: Generates feedback 
signals to Module 2 for dynamic sensor weighting 
(e.g., down-weighting a noisy EEG channel) and 
to Module 4 for selecting and tuning appropriate 
noise suppression algorithms. 

 

Advantages: 

•​ Proactive Quality Management: Enables 
real-time assessment and management of signal 
quality, preventing degraded data from corrupting 
downstream processes.  

•​ Adaptive Control: Provides critical feedback for 
dynamic adjustment of fusion and noise 
suppression strategies.  

•​ Improved Reliability: Enhances the overall 
reliability of the BCI system by ensuring data 
integrity. 
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Limitations: 

•​ Computational Overhead: Real-time signal 
quality assessment can add significant 
computational load.  

•​ Accuracy of Detection: The accuracy of artifact 
detection and classification algorithms can vary, 
especially with novel or complex artifact patterns.  

•​ Thresholding Challenges: Defining optimal 
thresholds for signal quality metrics and 
confidence scores can be challenging and 
application-dependent. 

 

D. Module 4: Real-Time Noise Suppression 

Purpose: This module is dedicated to actively 
suppressing identified noise and artifacts from the fused 
multimodal signal. It employs a suite of adaptive 
algorithms that are dynamically selected and tuned based 
on the feedback received from Module 3 (Adaptive Signal 
Validation). 
 

Inputs: 

•​ Fused multimodal data representation from 
Module 2. 

•​ Artifact flags and classifications from Module 3. 
•​ Feedback on signal quality and recommended 

suppression strategies from Module 3. 
 

Outputs: 

•​ Cleaned, artifact-suppressed multimodal neural 
signals. 

•​ Residual artifact estimates. 
 

Processing Pipeline: 

20​ Adaptive Algorithm Selection: Based on the 
type and severity of detected artifacts (from 
Module 3), the system dynamically selects the 
most appropriate noise suppression algorithms. 
For example, if EOG artifacts are dominant, 
regression-based EOG correction might be 
prioritized. If motion artifacts are high, a 
motion-aware ICA or adaptive filtering technique 
might be employed.  

21​ Parameter Tuning: The parameters of the 
selected algorithms are adaptively tuned in 
real-time to optimize artifact removal without 
distorting underlying neural activity. This tuning 
can be guided by signal quality metrics (e.g., 

minimizing artifact power while preserving SNR 
of neural bands).  

22​ Noise Suppression Techniques: A diverse 
toolkit of techniques is available:  

◦​ Adaptive Filtering: Algorithms like 
Least Mean Squares (LMS) or Recursive 
Least Squares (RLS) can adaptively 
estimate and subtract noise components 
[96].  

◦​ Blind Source Separation (BSS): 
Techniques such as ICA or Second Order 
Blind Identification (SOBI) are effective 
in separating independent sources, 
including artifacts, from brain signals 
[97].  

◦​ Wavelet Denoising: Decomposes signals 
into different frequency components, 
allowing for thresholding or removal of 
artifact-dominated wavelet coefficients 
[98].  

◦​ Regression-based Methods: Utilizes 
reference channels (e.g., EOG, EMG) to 
model and subtract artifact components 
from EEG [99].  

◦​ Deep Learning-based Denoising: 
Convolutional Neural Networks (CNNs) 
or Recurrent Neural Networks (RNNs) 
can learn to map noisy signals to clean 
signals, offering powerful non-linear 
denoising capabilities [100], [101]. 

23​ Residual Artifact Estimation: After 
suppression, the module estimates any remaining 
artifact components to provide a measure of the 
effectiveness of the denoising process. 

 

Advantages: 

•​ Targeted Artifact Removal: Dynamically selects 
and tunes algorithms for specific artifact types, 
leading to more effective and less distortive 
suppression.  

•​ Real-Time Adaptability: Adjusts to changing 
noise conditions and artifact patterns in dynamic 
environments.  

•​ Improved Signal Purity: Delivers significantly 
cleaner neural signals for downstream processing. 

 

Limitations: 

•​ Risk of Neural Signal Distortion: Aggressive 
artifact removal can inadvertently remove or 
distort genuine neural activity.  
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•​ Computational Demands: Many advanced 

denoising algorithms are computationally 
intensive, requiring optimized implementations 
for real-time operation.  

•​ Generalization: Algorithms trained on specific 
artifact types may not generalize well to novel or 
unseen artifact patterns. 

 

E. Module 5: Signal Standardization and 
Output 
Purpose: The final module in NAMSAA is responsible 
for standardizing the cleaned multimodal neural signals 
and preparing them for output to downstream BCI 
components (e.g., decoding algorithms, control 
interfaces). This ensures that the data are in a consistent, 
interpretable, and readily usable format. 
 

Inputs: 

•​ Cleaned, artifact-suppressed multimodal neural 
signals from Module 4. 

•​ Confidence scores and residual artifact estimates 
from Module 3 and 4. 

•​ Metadata from Module 1. 
 

Outputs: 

•​ Standardized, high-fidelity multimodal neural 
data stream. 

•​ Associated metadata, including signal quality 
indicators and artifact flags. 

•​ Formatted data packets suitable for transmission 
to Layer 02 (DECODE) of the NCTS Framework. 

 

Processing Pipeline: 

24​ Feature Engineering (Final): Further feature 
extraction or transformation may occur here, 
tailored to the requirements of the subsequent 
decoding layer. This could include spectral band 
power features, event-related potentials (ERPs), 
or connectivity measures.  

25​ Data Normalization and Scaling: Signals are 
normalized and scaled to a consistent range, 
which is crucial for the stability and performance 
of machine learning-based decoding algorithms.  

26​ Data Formatting: The processed neural data are 
formatted into standardized packets or structures. 
This includes ensuring consistent data types, 
channel ordering, and time-stamping.  

27​ Metadata Integration: All relevant metadata, 
including original sensor information, processing 
history, signal quality metrics, and artifact flags, 
are integrated with the neural data. This provides 
crucial context for downstream interpretation and 
debugging.  

28​ Output Interface: The standardized data stream 
is made available through a defined interface, 
ready for consumption by Layer 02 (DECODE) 
of the Neuroba NCTS Framework. This interface 
ensures seamless data flow and interoperability. 

 

Advantages: 

•​ Interoperability: Provides standardized data, 
facilitating integration with diverse BCI decoding 
algorithms and applications.  

•​ Reduced Downstream Complexity: Offloads 
complex signal processing tasks from the 
decoding layer, allowing it to focus solely on 
neural pattern recognition.  

•​ Enhanced Interpretability: Rich metadata and 
quality indicators improve the interpretability and 
reliability of the output data. 

 

Limitations: 

•​ Potential for Information Loss: Excessive 
standardization or feature reduction could 
inadvertently discard subtle but important neural 
information.  

•​ Dependency on Downstream Requirements: 
The specific output format and feature 
engineering might need to be adapted based on 
the requirements of the decoding layer, requiring 
flexible configuration. 

 

V. SYSTEM ARCHITECTURE 
The Neuroba Adaptive Multimodal Signal Acquisition 
Architecture (NAMSAA) is realized through a 
sophisticated system architecture that integrates various 
sensing subsystems, intelligent processing engines, and a 
robust output layer. This section details the key 
components of the NAMSAA system, providing a 
comprehensive overview of its structural and functional 
elements. 
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A. EEG Subsystem 
The Electroencephalography (EEG) Subsystem forms the 
core of NAMSAA's neural signal acquisition. It is 
responsible for capturing the electrical activity of the 
brain from the scalp. 
 

•​ Components: This subsystem comprises an array 
of EEG electrodes (both wet and dry/hybrid 
options), high-impedance amplifiers, 
analog-to-digital converters (ADCs), and a 
wireless transmission module.  

•​ Functionality: It acquires raw EEG signals, 
amplifies them, digitizes them, and transmits 
them to the central processing unit. The system 
supports a variable number of channels (e.g., 
16-64 channels) to balance spatial resolution with 
portability.  

•​ Key Features: Low-noise amplification, high 
sampling rate (up to 1000 Hz), wide dynamic 
range, and robust artifact rejection at the 
hardware level. 

 

B. EMG Subsystem 
The Electromyography (EMG) Subsystem is integrated to 
capture muscle activity, primarily for artifact detection 
and, in some applications, for decoding motor intent. 
 

•​ Components: Surface EMG electrodes placed on 
relevant muscle groups (e.g., facial, neck, 
forearm), differential amplifiers, ADCs, and a 
synchronized data output.  

•​ Functionality: Records electrical potentials 
generated by muscle fibers. These signals are 
crucial for identifying and mitigating muscular 
artifacts in EEG and can also provide 
complementary information for motor control 
BCIs.  

•​ Key Features: High common-mode rejection 
ratio (CMRR) to minimize noise, adjustable gain, 
and precise synchronization with the EEG 
subsystem. 

 

C. EOG Subsystem 
The Electrooculography (EOG) Subsystem is dedicated to 
capturing eye movements and blinks, which are 
significant sources of artifacts in EEG. 
 

•​ Components: Electrodes placed around the eyes 
(e.g., above and below one eye, and lateral to 
each eye), amplifiers, and ADCs.  

•​ Functionality: Records the electrical potential 
difference between the front and back of the eye. 
This data is used to accurately detect and quantify 
ocular artifacts, enabling their effective removal 
from EEG signals.  

•​ Key Features: High sensitivity to slow potential 
changes associated with eye movements, and 
robust signal acquisition even with subtle eye 
activity. 

 

D. Optional fNIRS Subsystem 
For applications requiring deeper cortical activity 
monitoring or enhanced robustness to electrical noise, an 
optional functional Near-Infrared Spectroscopy (fNIRS) 
Subsystem can be integrated. 
 

•​ Components: Near-infrared light sources (LEDs 
or lasers) and detectors placed on the scalp, 
typically arranged in optode pairs.  

•​ Functionality: Measures changes in 
oxyhemoglobin (HbO) and deoxyhemoglobin 
(HHb) concentrations in cortical tissue, providing 
an indirect measure of neural activity through 
neurovascular coupling.  

•​ Key Features: Non-invasive, relatively 
insensitive to electrical artifacts, provides good 
spatial localization, and complements EEG by 
offering hemodynamic information. 

 

E. Synchronization Engine 
Central to the multimodal nature of NAMSAA is the 
Synchronization Engine, which ensures precise temporal 
alignment of all acquired data streams. 
 

•​ Components: A high-precision master clock, 
hardware-level trigger mechanisms, and 
software-based alignment algorithms.  

•​ Functionality: All sensor subsystems are 
synchronized to a common clock, and data 
packets are time-stamped with microsecond 
precision. This engine also handles potential 
clock drifts and re-aligns data streams if 
necessary.  

•​ Key Features: Sub-millisecond synchronization 
accuracy, robust to transient signal loss, and 
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provides a unified timeline for all physiological 
data. 

 

F. Adaptive Fusion Engine 
This engine embodies the core intelligence of NAMSAA, 
dynamically combining and weighting the multimodal 
sensor data. 
 

•​ Components: Real-time signal quality 
assessment modules, adaptive weighting 
algorithms, and a suite of fusion algorithms (e.g., 
CCA, ICA, deep learning models).  

•​ Functionality: Continuously evaluates the 
quality of each incoming data stream (from 
Module 3 feedback). Based on these quality 
metrics, it dynamically assigns weights to each 
modality, prioritizing reliable signals. It then 
applies selected fusion algorithms to integrate the 
weighted data into a coherent multimodal 
representation.  

•​ Key Features: Dynamic weighting based on 
real-time signal quality, support for various fusion 
strategies, and continuous adaptation to changing 
environmental and physiological conditions. 

 

G. Quality Monitoring Engine 
The Quality Monitoring Engine is responsible for the 
continuous, real-time assessment of signal integrity across 
all stages of acquisition and processing. 
 

•​ Components: SNR estimators, artifact detection 
classifiers (e.g., trained machine learning models 
for EOG, EMG, motion artifact detection), 
impedance monitoring circuits, and confidence 
scoring algorithms.  

•​ Functionality: Provides continuous feedback to 
the Adaptive Fusion Engine and the Noise 
Suppression Engine regarding the presence, type, 
and severity of artifacts, as well as overall signal 
quality. It generates confidence scores for data 
segments.  

•​ Key Features: Multi-parametric signal quality 
assessment, rapid artifact identification, and 
proactive feedback mechanisms. 

 

H. Output Layer 

The Output Layer serves as the interface between 
NAMSAA and downstream BCI components, ensuring 
that processed data is delivered in a standardized and 
usable format. 
 

•​ Components: Data formatting modules, feature 
engineering pipelines, and a high-bandwidth 
communication interface (e.g., TCP/IP, LSL - Lab 
Streaming Layer).  

•​ Functionality: Takes the cleaned, fused 
multimodal signals, applies any final feature 
engineering or normalization, and packages them 
into standardized data streams. It also integrates 
metadata, signal quality indicators, and artifact 
flags.  

•​ Key Features: Standardized data protocols, 
configurable output formats, and low-latency data 
transmission to Layer 02 (DECODE) of the 
NCTS Framework. 

 

VI. MATHEMATICAL 
FORMULATION 
This section provides the mathematical underpinnings for 
key processes within the Neuroba Adaptive Multimodal 
Signal Acquisition Architecture (NAMSAA), particularly 
focusing on signal quality assessment, sensor fusion, and 
adaptive noise suppression. These formulations are 
critical for the quantitative analysis and implementation 
of the proposed framework. 
 

A. Signal-to-Noise Ratio (SNR) 
Signal-to-Noise Ratio (SNR) is a fundamental metric for 
quantifying the quality of a signal. In the context of EEG, 
it represents the ratio of signal power to noise power. A 
higher SNR indicates a cleaner signal with less 
contamination. 
 

Given a recorded signal $x(t)$, which is composed of a 
true neural signal $s(t)$ and additive noise $n(t)$, such 
that $x(t) = s(t) + n(t)$. 
 

The power of a signal $P$ over a time interval $T$ is 
typically defined as: 
 

$$ P = \frac{1}{T} \int_{0}^{T} |x(t)|^2 dt $$ 
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In practice, for discrete signals, the average power can be 
estimated as: 
 

$$ P = \frac{1}{N} \sum_{i=1}^{N} x_i^2 $$ 
 

where $N$ is the number of samples. 
 

The SNR is then defined as: 
 

$$ SNR = \frac{P_s}{P_n} $$ 
 

where $P_s$ is the power of the neural signal and $P_n$ 
is the power of the noise. Often, SNR is expressed in 
decibels (dB): 
 

$$ SNR_{dB} = 10 \log_{10} \left( \frac{P_s}{P_n} 
\right) $$ 
 

Estimating $P_s$ and $P_n$ in real-time is challenging as 
$s(t)$ and $n(t)$ are not directly observable. NAMSAA 
employs adaptive methods, such as spectral analysis (e.g., 
identifying noise peaks at 50/60 Hz or broadband muscle 
activity) and correlation with reference artifact channels 
(EOG, EMG, accelerometer), to estimate $P_n$. The total 
power $P_x$ can be easily computed, and then $P_s$ can 
be approximated as $P_x - P_n$ under the assumption of 
uncorrelated signal and noise. 
 

B. Weighted Sensor Fusion 
NAMSAA's Multimodal Sensor Fusion module 
dynamically combines signals from $M$ different 
modalities. Let $S_m(t)$ denote the signal vector from 
modality $m$ at time $t$. The goal is to produce a fused 
signal $S_{fused}(t)$ that optimally represents the 
underlying neural activity. 
 

Each modality $m$ is assigned a dynamic weight 
$w_m(t)$, which is determined by its real-time signal 
quality (e.g., SNR, artifact level) as assessed by Module 
3. The weights are normalized such that 
$\sum_{m=1}^{M} w_m(t) = 1$. 
 

A simple weighted linear fusion can be expressed as: 
 

$$ S_{fused}(t) = \sum_{m=1}^{M} w_m(t) S_m(t) $$ 
 

For feature-level fusion, let $F_m(t)$ be the feature 
vector extracted from modality $m$. The fused feature 

vector $F_{fused}(t)$ can be obtained by concatenating 
or combining weighted features: 
 

$$ F_{fused}(t) = [w_1(t) F_1(t), w_2(t) F_2(t), \dots, 
w_M(t) F_M(t)] $$ 
 

More advanced fusion techniques, such as Canonical 
Correlation Analysis (CCA) or deep learning models, 
learn non-linear mappings and optimal projections for 
fusion. For instance, CCA seeks to find linear 
transformations $a_1$ and $a_2$ for two modalities 
$X_1$ and $X_2$ such that the correlation between 
$a_1^T X_1$ and $a_2^T X_2$ is maximized. This can 
be extended to multiple modalities. 
 

The dynamic weights $w_m(t)$ are derived from a 
confidence score $C_m(t)$ for each modality, which is 
inversely proportional to the estimated noise power or 
artifact presence: 
 

$$ C_m(t) = f(SNR_m(t), ArtifactScore_m(t), 
Impedance_m(t), \dots) $$ 
 

Then, the weights can be calculated using a softmax-like 
function to ensure normalization and emphasize higher 
confidence modalities: 
 

$$ w_m(t) = \frac{e^{C_m(t)}}{\sum_{k=1}^{M} 
e^{C_k(t)}} $$ 
 

C. Adaptive Filtering 
Adaptive filtering is a cornerstone of NAMSAA's 
Real-Time Noise Suppression module. It allows for the 
dynamic removal of noise components whose 
characteristics may change over time. A common 
adaptive filter is the Least Mean Squares (LMS) 
algorithm. 
 

Consider an adaptive noise canceller where $d(n)$ is the 
primary input (noisy EEG signal) and $x(n)$ is the 
reference input (e.g., EOG or EMG signal, or a noise 
estimate). The adaptive filter aims to estimate the noise 
component $n'(n)$ from $x(n)$ and subtract it from 
$d(n)$ to obtain a clean signal $y(n)$. 
 

Let $w(n)$ be the filter weight vector at iteration $n$. 
The output of the adaptive filter is: 
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$$ y'(n) = w^T(n) x(n) $$ 
 

The error signal $e(n)$ is the difference between the 
primary input and the filter output: 
 

$$ e(n) = d(n) - y'(n) $$ 
 

The LMS algorithm updates the filter weights to minimize 
the mean square error $E[e^2(n)]$:  
 

$$ w(n+1) = w(n) + 2\mu e(n) x(n) $$ 
 

where $\mu$ is the step size, controlling the convergence 
rate and stability of the algorithm. In NAMSAA, $\mu$ 
can be adaptively adjusted based on the estimated noise 
characteristics and signal quality feedback from Module 
3. 
 

For multichannel EEG, adaptive spatial filters like 
Common Spatial Patterns (CSP) or Source Power 
Localization (SPL) can be extended with adaptive 
weighting to focus on brain sources while suppressing 
artifacts. For instance, an adaptive spatial filter $W(t)$ 
can be applied to the multichannel EEG data $X(t)$ to 
obtain source signals $S(t) = W(t)X(t)$, where $W(t)$ is 
dynamically updated based on artifact presence. 
 

D. Confidence Scoring 
Confidence scoring in NAMSAA provides a quantitative 
measure of the reliability of the processed neural data. It 
is a composite metric derived from various signal quality 
indicators. 
 

Let $Q_1, Q_2, \dots, Q_K$ be $K$ different signal 
quality metrics (e.g., SNR, artifact power, impedance, 
coherence). Each metric is normalized to a score between 
0 and 1, where 1 indicates optimal quality. 
 

The overall confidence score $C_{overall}(t)$ for a given 
time segment can be calculated as a weighted average of 
these normalized metrics: 
 

$$ C_{overall}(t) = \sum_{k=1}^{K} \alpha_k Q_k(t) $$ 
 

where $\alpha_k$ are weighting coefficients that reflect 
the importance of each quality metric, with 
$\sum_{k=1}^{K} \alpha_k = 1$. These weights 

$\alpha_k$ can also be adaptively adjusted based on the 
BCI application and current environmental context. 
 

Alternatively, a machine learning classifier (e.g., a 
Support Vector Machine or a Neural Network) can be 
trained on a dataset of labeled good/bad quality segments 
to output a probabilistic confidence score based on the 
input quality metrics. 
 

E. Signal Quality Metrics 
Beyond SNR, several other metrics are crucial for 
comprehensive signal quality assessment: 
 

•​ Power Spectral Density (PSD): Analyzing the 
PSD of EEG signals can reveal the presence of 
noise at specific frequencies (e.g., 50/60 Hz line 
noise, high-frequency EMG).  

•​ Kurtosis and Skewness: These statistical 
measures can indicate the non-Gaussian nature of 
signals, often associated with transient artifacts 
like eye blinks or muscle spikes.  

•​ Correlation with Artifact Channels: High 
correlation between an EEG channel and a 
dedicated EOG or EMG channel indicates 
significant artifact contamination.  

•​ Channel Variance: Abnormally high or low 
variance in a channel can indicate poor electrode 
contact or a dead channel.  

•​ Electrode-Skin Impedance: Directly measured 
impedance values provide a real-time indication 
of electrode contact quality. High impedance 
leads to signal attenuation and increased noise 
pick-up. 

 

F. Data Synchronization Models 
Precise synchronization of multimodal data is critical. Let 
$T_{master}$ be the master clock time. Each sensor $m$ 
records data with its local timestamp $t_m$. The 
synchronization model aims to map $t_m$ to 
$T_{master}$. 
 

For hardware-synchronized systems, a common trigger 
signal can be used to align data streams. If hardware 
synchronization is not perfect, or for post-hoc alignment, 
software-based models are employed. 
 

A common approach is to use a linear regression model to 
correct for clock drift and offset: 
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$$ T_{master} = a_m t_m + b_m + \epsilon $$ 
 

where $a_m$ is the scaling factor for clock drift, $b_m$ 
is the offset, and $\epsilon$ is the residual error. These 
parameters can be estimated using known common events 
(e.g., external triggers, shared physiological events like 
heartbeats) present in all modalities. 
 

For more complex, non-linear drifts, dynamic time 
warping (DTW) or advanced Kalman filtering techniques 
can be used to align non-stationary time series data from 
different modalities. 
 

VII. ADAPTIVE MULTIMODAL 
ACQUISITION MODEL 
The Neuroba Adaptive Multimodal Signal Acquisition 
Architecture (NAMSAA) is underpinned by a conceptual 
model that emphasizes dynamic, context-aware, and 
quality-driven signal acquisition. This model represents a 
significant theoretical advancement over traditional static, 
single-modality EEG systems, particularly for real-world 
BCI applications. The core tenets of this adaptive model 
are dynamic sensor weighting, context-aware acquisition, 
quality-based prioritization, and adaptive feedback loops. 
 

A. Dynamic Sensor Weighting 
Traditional BCI systems often treat all EEG channels 
equally or apply fixed weights. In contrast, NAMSAA 
employs a dynamic sensor weighting mechanism. The 
contribution of each sensor (e.g., individual EEG 
electrodes, EMG, EOG, fNIRS) to the fused signal is 
continuously adjusted in real-time based on its current 
signal quality and relevance to the task. If an EEG 
channel becomes noisy due to motion artifacts or poor 
contact, its weight is reduced, and complementary 
modalities (e.g., fNIRS for cortical activity, or other 
cleaner EEG channels) are given higher prominence. This 
ensures that the system always prioritizes the most 
reliable and informative data available at any given 
moment. 
 

Theoretical Advantages: 

•​ Robustness to Localized Noise: A single noisy 
electrode or modality does not compromise the 
entire system, as its influence is dynamically 
down-weighted.  

•​ Optimized Information Flow: Ensures that the 
most reliable information contributes maximally 
to the BCI's input, leading to higher decoding 
accuracy.  

•​ Graceful Degradation: The system can continue 
to operate effectively even if some sensors 
experience temporary or permanent degradation, 
by relying more heavily on other available 
modalities. 

 

B. Context-Aware Acquisition 
NAMSAA's model integrates contextual information to 
inform its acquisition and processing strategies. This 
context can include the user's activity (e.g., resting, 
walking, speaking), environmental conditions (e.g., noise 
levels, light intensity), and the specific BCI task being 
performed. For example, during speech, EMG artifacts 
from facial muscles are expected, and the system can 
proactively apply more aggressive EMG suppression 
techniques. During periods of high head movement 
(detected by accelerometers), the system might prioritize 
fNIRS data or robust EEG channels less affected by 
motion. 
 

Theoretical Advantages: 

•​ Intelligent Resource Allocation: Optimizes 
computational resources by applying specific 
processing strategies only when relevant to the 
current context.  

•​ Reduced False Positives/Negatives: By 
understanding the context, the system can better 
distinguish between genuine neural activity and 
context-dependent artifacts.  

•​ Personalized Adaptation: Allows for more 
personalized and user-adaptive BCI operation, as 
the system can learn and adapt to individual user 
behaviors and environmental interactions. 

 

C. Quality-Based Prioritization 
At its core, the NAMSAA model prioritizes signal quality. 
Every decision, from sensor weighting to algorithm 
selection, is driven by real-time assessments of data 
integrity. If the quality of a primary neural signal (e.g., 
EEG) drops below a certain threshold, the system can 
dynamically shift its reliance to secondary or 
complementary modalities (e.g., fNIRS) or activate more 
aggressive artifact suppression. This prioritization ensures 
that the BCI system always operates with the highest 
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possible data fidelity, minimizing errors and maximizing 
user performance. 
 

Theoretical Advantages: 

•​ Maximized BCI Performance: By consistently 
using the highest quality data, the system can 
achieve and maintain optimal decoding accuracy.  

•​ Enhanced User Experience: Reduces frustration 
caused by unreliable BCI control due to poor 
signal quality.  

•​ Proactive Problem Solving: The system can 
proactively identify and mitigate signal 
degradation before it significantly impacts BCI 
operation. 

 

D. Adaptive Feedback Loops 
The entire NAMSAA model operates on a principle of 
continuous adaptive feedback. Information from the 
Adaptive Signal Validation module (Module 3) is fed 
back to the Multimodal Sensor Fusion (Module 2) and 
Real-Time Noise Suppression (Module 4) modules. This 
closed-loop mechanism allows the system to learn from 
its own performance and environmental changes, 
continuously refining its acquisition and processing 
strategies. For instance, if a particular noise suppression 
technique proves ineffective in a given context, the 
feedback loop can trigger the selection of an alternative 
algorithm or adjust its parameters. 
 

Theoretical Advantages: 

•​ Self-Optimization: The system can self-optimize 
its performance in dynamic and unpredictable 
real-world environments.  

•​ Resilience to Novel Artifacts: By continuously 
adapting, the system can potentially handle novel 
or previously unseen artifact patterns more 
effectively.  

•​ Long-Term Stability: Ensures the long-term 
stability and reliability of BCI operation by 
continuously adjusting to physiological and 
environmental changes. 

 

E. Theoretical Advantages over Traditional 
EEG-Only Systems 
The adaptive multimodal acquisition model of NAMSAA 
offers several significant theoretical advantages over 
traditional EEG-only systems, particularly for real-world 
applications: 

 

29​ Superior Artifact Resilience: By leveraging 
complementary modalities (EMG, EOG, fNIRS) 
and dynamic suppression techniques, NAMSAA 
can achieve significantly higher resilience to 
physiological and motion artifacts than EEG-only 
systems [102]. 

30​ Enhanced Signal-to-Noise Ratio (SNR): The 
intelligent fusion and adaptive filtering 
mechanisms work synergistically to boost the 
effective SNR of the neural signals, leading to 
cleaner data for decoding [103]. 

31​ Improved Robustness in Dynamic 
Environments: The context-aware and adaptive 
nature of NAMSAA allows it to maintain 
performance in varied and unpredictable 
real-world settings, unlike static EEG systems 
that degrade rapidly outside controlled labs [104]. 

32​ Richer Neural Information: The integration of 
fNIRS provides hemodynamic information that 
complements EEG's electrophysiological data, 
offering a more comprehensive picture of brain 
activity and potentially improving decoding 
accuracy for certain tasks [105]. 

33​ Reduced Calibration Burden: While some 
initial calibration may be needed, the adaptive 
nature of NAMSAA aims to reduce the need for 
frequent and extensive recalibration, making 
BCIs more user-friendly and scalable [106]. 

34​ Greater User Adaptability: The system can 
adapt to individual user differences and changes 
in their physiological state over time, leading to a 
more personalized and effective BCI experience 
[107]. 

 

In summary, the adaptive multimodal acquisition model 
of NAMSAA represents a paradigm shift towards 
intelligent, self-optimizing neural signal acquisition, 
crucial for unlocking the full potential of BCIs in 
real-world applications. 
 

VIII. IMPLEMENTATION 
ROADMAP 
The successful realization of the Neuroba Adaptive 
Multimodal Signal Acquisition Architecture (NAMSAA) 
requires a structured implementation roadmap, 
progressing from foundational laboratory validation to 
scalable real-world deployment. This section outlines the 
key phases, technical requirements, and milestones for 
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bringing NAMSAA from a conceptual framework to a 
functional neurotechnology platform. 
 

A. Phase 1: Laboratory Validation 
This initial phase focuses on proving the core concepts 
and individual modules of NAMSAA in a controlled 
laboratory environment. 
 

•​ Milestones: 
◦​ Module-level Prototyping: Develop and 

test individual modules (Neural Signal 
Collection, Multimodal Sensor Fusion, 
Adaptive Signal Validation, Real-Time 
Noise Suppression, Signal 
Standardization and Output) using 
off-the-shelf hardware and simulated 
data.  

◦​ Multimodal Data Acquisition System 
Development: Integrate commercial or 
custom EEG, EMG, EOG, and fNIRS 
hardware into a synchronized data 
acquisition platform.  

◦​ Basic Fusion and Artifact Removal 
Algorithm Implementation: Implement 
initial versions of weighted sensor fusion 
and adaptive filtering algorithms.  

◦​ Benchmarking with Standard 
Datasets: Validate the performance of 
artifact removal and signal quality 
enhancement using publicly available 
EEG/multimodal datasets with known 
artifact profiles.  

◦​ Pilot Human Subject Studies 
(Controlled): Conduct small-scale 
studies with healthy volunteers in a 
controlled lab setting to evaluate the 
initial performance of NAMSAA in 
reducing artifacts and improving SNR 
during simple BCI tasks (e.g., motor 
imagery, P300) under induced artifacts 
(e.g., controlled eye blinks, jaw 
clenches). 

•​ Technical Requirements: High-fidelity data 
acquisition hardware, robust time synchronization 
mechanisms, development of signal processing 
libraries (e.g., Python with MNE-Python, 
EEGLAB), and a flexible experimental control 
software. 

 

B. Phase 2: Pilot Real-World Testing 
Building upon successful laboratory validation, Phase 2 
extends testing to more realistic, yet still supervised, 
real-world environments. 
 

•​ Milestones: 
◦​ Wearable Prototype Development: 

Design and fabricate a compact, wearable 
prototype of NAMSAA, integrating 
dry/hybrid electrodes and miniaturized 
electronics.  

◦​ Advanced Adaptive Algorithm 
Integration: Implement and optimize 
advanced adaptive fusion (e.g., deep 
learning-based) and noise suppression 
algorithms for real-time operation on 
embedded systems.  

◦​ Context-Aware Module Development: 
Integrate accelerometer/gyroscope data 
and environmental sensors to enable 
context-aware adaptation.  

◦​ Pilot User Studies (Semi-Controlled): 
Conduct studies with target user 
populations (e.g., individuals with motor 
impairments) in semi-controlled 
real-world settings (e.g., home 
environment, rehabilitation clinic) during 
daily activities. Evaluate BCI 
performance, user experience, and system 
robustness under varying artifact 
conditions.  

◦​ Feedback Loop Optimization: Refine 
the adaptive feedback loops based on 
real-world performance data, optimizing 
parameters for dynamic sensor weighting 
and algorithm selection. 

•​ Technical Requirements: Low-power embedded 
processing units (e.g., FPGAs, specialized AI 
accelerators), optimized real-time operating 
systems, robust wireless communication 
protocols, and user-friendly data logging and 
visualization tools. 

 

C. Phase 3: Scalable Neurotechnology 
Deployment 
The final phase focuses on transitioning NAMSAA into a 
scalable, robust, and user-ready neurotechnology platform 
for widespread deployment. 
 

•​ Milestones: 
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◦​ Industrial Design and Manufacturing: 

Develop a consumer-grade, aesthetically 
pleasing, and comfortable wearable 
device based on NAMSAA principles, 
suitable for mass production.  

◦​ Cloud Integration and Data 
Management: Establish secure cloud 
infrastructure for data storage, remote 
monitoring, and model updates. 
Implement robust data privacy and 
security protocols.  

◦​ User-Centric Application 
Development: Develop intuitive BCI 
applications (e.g., assistive 
communication apps, neurofeedback 
games) that leverage NAMSAA's 
high-quality signal output.  

◦​ Large-Scale Field Trials: Conduct 
extensive field trials with a diverse user 
population across various real-world 
scenarios to gather large-scale 
performance data and user feedback.  

◦​ Regulatory Approval and 
Certification: Obtain necessary 
regulatory approvals (e.g., FDA, CE 
Mark) for medical or consumer 
applications.  

◦​ Continuous Improvement and 
Updates: Establish a framework for 
continuous software updates, algorithm 
improvements, and hardware iterations 
based on user feedback and emerging 
research. 

•​ Technical Requirements: Scalable cloud 
computing infrastructure, robust cybersecurity 
measures, user interface/user experience (UI/UX) 
design expertise, and compliance with medical 
device regulations. 

 

This roadmap emphasizes an iterative development 
process, with each phase building upon the successes and 
lessons learned from the preceding one, ultimately leading 
to the deployment of highly robust and adaptive 
real-world BCI systems powered by NAMSAA. 
 

IX. APPLICATIONS 
The enhanced signal quality and robustness provided by 
the Neuroba Adaptive Multimodal Signal Acquisition 
Architecture (NAMSAA) open up a wide array of 
potential applications for Brain–Computer Interfaces 

(BCIs) across various domains. By mitigating the 
challenges of real-world noise and artifacts, NAMSAA 
can enable more reliable and effective neurotechnology 
solutions. 
 

A. Assistive Communication 
For individuals with severe motor impairments (e.g., due 
to ALS, locked-in syndrome, spinal cord injury), BCIs 
offer a vital pathway for communication. NAMSAA's 
ability to maintain high signal integrity in dynamic 
environments can significantly improve the reliability of 
BCI-based spellers, allowing users to communicate more 
effectively and with less frustration in their daily lives, 
outside of clinical settings [108]. This includes 
applications for text entry, speech synthesis, and 
environmental control. 
 

B. Neurorehabilitation 
BCIs are increasingly used in neurorehabilitation to 
promote motor recovery after stroke or other neurological 
injuries. By providing real-time feedback on brain activity 
related to motor intent, BCIs can facilitate neuroplasticity. 
NAMSAA can enhance the efficacy of these rehabilitation 
paradigms by ensuring consistent and high-quality neural 
feedback, even during active movement or in varied 
rehabilitation environments [109]. This could lead to 
more engaging and effective therapy sessions, 
accelerating recovery. 
 

C. Cognitive Monitoring 
Continuous monitoring of cognitive states (e.g., attention, 
workload, fatigue, engagement) has applications in 
education, professional training, and human-machine 
teaming. NAMSAA's robust signal acquisition 
capabilities enable reliable cognitive state assessment in 
naturalistic settings, such as during driving, operating 
complex machinery, or studying [110]. This can lead to 
adaptive interfaces that adjust to the user's cognitive state, 
optimizing performance and safety. 
 

D. Human-AI Interaction 
As Artificial Intelligence (AI) becomes more integrated 
into daily life, BCIs can provide a direct channel for 
human intent and feedback to AI systems. NAMSAA can 
facilitate more intuitive and seamless human-AI 
interaction by providing clean neural signals that reflect 
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user preferences, cognitive commands, or emotional states 
[111]. This could lead to truly adaptive AI companions, 
intelligent assistants, or control systems that respond 
directly to thought. 
 

E. Mental Health Assessment 
EEG biomarkers are being explored for the diagnosis and 
monitoring of various mental health conditions, including 
depression, anxiety, and ADHD. NAMSAA's ability to 
acquire high-quality EEG signals in ambulatory settings 
can enable long-term, passive monitoring of neural 
activity patterns associated with mental health, potentially 
leading to earlier detection, personalized interventions, 
and objective treatment efficacy assessment [112]. 
 

F. Neurotechnology Platforms 
NAMSAA serves as a foundational component for 
next-generation neurotechnology platforms. By providing 
a standardized, high-fidelity neural data stream, it can 
power a diverse ecosystem of BCI applications, research 
tools, and consumer neuro-devices. This includes 
platforms for neurofeedback, virtual reality (VR) and 
augmented reality (AR) integration, and advanced 
human-computer interfaces [113]. 
 

G. Future Neural Communication Systems 
Ultimately, NAMSAA contributes to the long-term vision 
of advanced neural communication systems. By 
perfecting the ​
critical first layer of signal acquisition, NAMSAA lays 
the groundwork for more sophisticated decoding, 
transmission, interpretation, and connection layers within 
the Neuroba NCTS Framework, moving closer to 
seamless brain-to-device and brain-to-brain 
communication. 
 

X. CHALLENGES AND 
LIMITATIONS 
While the Neuroba Adaptive Multimodal Signal 
Acquisition Architecture (NAMSAA) offers a promising 
solution for robust real-world BCI, its implementation and 
widespread adoption are not without significant 
challenges and inherent limitations. Addressing these 
aspects is crucial for a realistic and ethical development 
trajectory. 

 

A. Hardware Constraints 
Developing a truly wearable, comfortable, and 
high-performance multimodal acquisition system presents 
substantial hardware engineering challenges. 
Miniaturization of sensors, amplifiers, and processing 
units must be achieved without compromising signal 
quality. Battery life remains a critical concern for 
long-term monitoring, and the integration of multiple 
sensor types (EEG, EMG, EOG, fNIRS) into a single, 
seamless form factor requires innovative design and 
material science advancements [114]. Furthermore, the 
reliability and longevity of dry/hybrid electrodes in 
real-world conditions, particularly regarding skin contact 
and impedance stability, still require further improvement 
[115]. 
 

B. Computational Requirements 
The real-time processing of high-dimensional multimodal 
data, including feature extraction, dynamic fusion, 
adaptive filtering, and signal quality assessment, demands 
significant computational power. While advancements in 
edge computing and specialized AI accelerators (e.g., 
neuromorphic chips, GPUs) are promising, implementing 
complex deep learning-based fusion and denoising 
algorithms on low-power, wearable devices remains a 
formidable task [116]. Optimizing algorithms for 
efficiency without sacrificing performance is essential for 
practical deployment. 
 

C. Data Quality Issues 
Despite NAMSAA's adaptive nature, there will always be 
instances where signal quality is severely compromised, 
making reliable neural decoding impossible. Extreme 
motion, intense environmental noise, or prolonged poor 
electrode contact can lead to data segments that are 
irrecoverable [117]. The architecture must be designed to 
gracefully handle such situations, perhaps by indicating 
periods of low confidence or temporarily pausing BCI 
operation, rather than providing erroneous outputs. The 
challenge lies in accurately identifying these irrecoverable 
segments and communicating their unreliability to the 
user or downstream systems. 
 

D. Privacy Risks 
Neural data are inherently sensitive, containing 
information about an individual's cognitive states, 
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intentions, and potentially even personal thoughts. The 
continuous acquisition of such data by NAMSAA raises 
significant privacy concerns [118]. Robust encryption, 
secure data storage, anonymization techniques, and strict 
access controls are paramount. Users must have clear 
control over their neural data, including who can access it, 
for what purpose, and for how long. Developing 
transparent and user-friendly privacy policies is critical 
for building trust and ensuring ethical deployment. 
 

E. Security Risks 
As BCIs become more integrated into daily life, they 
become potential targets for cyberattacks. Malicious 
actors could attempt to intercept neural data, inject 
spurious signals to manipulate BCI output, or compromise 
the integrity of the system [119]. NAMSAA, as a 
foundational signal acquisition layer, must incorporate 
robust cybersecurity measures from its inception, 
including secure boot processes, firmware authentication, 
secure communication protocols, and continuous 
vulnerability monitoring. The consequences of a 
compromised BCI system, particularly in critical 
applications like neurorehabilitation or assistive 
communication, could be severe. 
 

F. Ethical Considerations 
The development and deployment of advanced 
neurotechnologies like NAMSAA raise a host of ethical 
questions. These include issues of agency and identity 
(e.g., who is responsible for BCI-mediated actions?), 
cognitive liberty (e.g., the right to mental privacy and 
freedom from neural manipulation), and equitable access 
to enhancing technologies [120], [121]. The ability to 
continuously monitor and potentially influence brain 
activity necessitates careful consideration of societal 
impact and the establishment of clear ethical guidelines 
and regulatory frameworks. NAMSAA's design must 
incorporate ethical principles by default, ensuring user 
autonomy and well-being. 
 

G. Regulatory Challenges 
Neurotechnologies, especially those with medical 
applications, face complex regulatory landscapes. 
Obtaining approvals from bodies like the FDA (U.S.) or 
CE Mark (Europe) requires rigorous testing, 
demonstration of safety and efficacy, and adherence to 
stringent quality management systems [122]. The 
multimodal and adaptive nature of NAMSAA may 

introduce additional complexities in the regulatory 
process, as existing frameworks might not fully 
encompass such integrated systems. Navigating these 
regulatory hurdles efficiently will be crucial for bringing 
NAMSAA-powered devices to market. 
 

XI. RELATIONSHIP TO THE 
NEUROBA NCTS FRAMEWORK 
The Neuroba Adaptive Multimodal Signal Acquisition 
Architecture (NAMSAA) is conceived as the foundational 
Layer 01: SIGNAL within the overarching Neuroba 
Neural Communication and Translation System (NCTS) 
Framework. The NCTS is a conceptual, layered 
architecture designed to facilitate seamless and robust 
communication between the brain and external systems, 
ultimately aiming for advanced neurotechnology 
platforms. NAMSAA's role is critical as it provides the 
high-fidelity, standardized neural input upon which all 
subsequent layers depend. 

 

A. Signal Acquisition Responsibilities 
As Layer 01, NAMSAA is solely responsible for the 
initial capture, preprocessing, and quality assurance of 
neural and physiological signals. Its primary 
responsibilities include: 
 

•​ Multimodal Data Collection: Acquiring raw 
data from EEG, EMG, EOG, fNIRS, and 
ancillary sensors. 

•​ Time Synchronization: Ensuring precise 
temporal alignment across all modalities. 

•​ Adaptive Artifact Management: Dynamically 
detecting, classifying, and suppressing 
physiological and environmental artifacts. 

•​ Signal Quality Monitoring: Continuously 
assessing and reporting the quality and reliability 
of the acquired signals. 

•​ Data Standardization: Transforming raw, noisy 
signals into a clean, standardized, and feature-rich 
representation suitable for downstream 
processing. 

 

NAMSAA acts as the ​
"sensory organ" of the NCTS, filtering out noise and 
extracting the essential neural information. 
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B. Interface with Layer 02 (DECODE) 
The output of NAMSAA (Layer 01) serves as the direct 
input to Layer 02 (DECODE). The interface between 
these two layers is crucial for the overall system 
performance. NAMSAA provides Layer 02 with: 
 

•​ Cleaned Multimodal Data: A high-fidelity, 
synchronized stream of neural and physiological 
data, free from major artifacts. 

•​ Confidence Scores: Quantitative metrics 
indicating the reliability of the data segments, 
allowing Layer 02 to weight its decoding 
decisions accordingly. 

•​ Contextual Metadata: Information about the 
user's state, environmental conditions, and the 
specific sensors used, which can inform 
context-aware decoding algorithms. 

 

By providing a standardized and reliable input, NAMSAA 
significantly reduces the complexity and computational 
burden on Layer 02, allowing it to focus entirely on the 
intricate task of translating neural patterns into 
meaningful commands or states. 
 

C. Data Standardization 
A key contribution of NAMSAA to the NCTS Framework 
is data standardization. By transforming diverse, raw 
sensor data into a unified format, NAMSAA ensures 
interoperability between different hardware platforms and 
decoding algorithms. This standardization is essential for 
building a scalable and modular neurotechnology 
ecosystem, where components from different vendors or 
research groups can seamlessly integrate. 
 

D. Signal Quality Requirements 
NAMSAA establishes the baseline signal quality 
requirements for the entire NCTS Framework. By 
defining rigorous metrics for SNR, artifact levels, and 
confidence scores, NAMSAA ensures that only data 
meeting a minimum quality threshold is propagated 
through the system. This proactive quality management 
prevents the amplification of errors in subsequent layers 
and guarantees a minimum level of reliability for the final 
BCI output. 
 

E. Downstream Processing Needs 
The design of NAMSAA is inherently driven by the needs 
of downstream processing layers. The specific features 
extracted, the fusion strategies employed, and the output 
format are all tailored to optimize the performance of 
Layer 02 (DECODE) and subsequent layers. This tight 
integration ensures that the NCTS Framework operates as 
a cohesive and efficient system, rather than a collection of 
isolated components. 
 

F. Frame NCTS as a Conceptual Architecture 
and Future Research Framework 
The Neuroba NCTS Framework, with NAMSAA as its 
foundational layer, is presented as a conceptual 
architecture and a roadmap for future research. It provides 
a structured approach to addressing the complex 
challenges of real-world BCI development. By defining 
clear layers, responsibilities, and interfaces, the NCTS 
Framework aims to foster collaboration, standardization, 
and accelerated progress in the field of neurotechnology. 
Future papers in the Neuroba NCTS Research Series will 
detail the subsequent layers, building upon the robust 
signal acquisition foundation established by NAMSAA. 
 

XII. FUTURE RESEARCH 
DIRECTIONS 
The development of the Neuroba Adaptive Multimodal 
Signal Acquisition Architecture (NAMSAA) highlights 
several promising avenues for future research, aimed at 
further enhancing the robustness, adaptability, and 
scalability of real-world BCI systems. 
 

A. AI-Driven Signal Acquisition 
Future research should explore the integration of 
advanced Artificial Intelligence (AI) directly into the 
signal acquisition hardware and early processing stages. 
This includes developing ultra-low-power neuromorphic 
chips capable of performing real-time artifact detection 
and adaptive filtering at the sensor level [123]. AI-driven 
acquisition could also involve predictive modeling, where 
the system anticipates artifacts based on contextual cues 
and proactively adjusts acquisition parameters to 
minimize their impact. 
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B. Neural Foundation Models 
The emergence of foundation models in AI presents a 
significant opportunity for BCI research. Future work 
should focus on developing large-scale, multimodal 
neural foundation models trained on vast datasets of 
diverse physiological signals [124]. These models could 
learn robust, generalized representations of neural 
activity, enabling more effective zero-shot or few-shot 
learning for artifact removal and signal fusion across 
different users and contexts, significantly reducing the 
need for individual calibration. 
 

C. Edge Computing for BCIs 
To realize truly wearable and autonomous BCI systems, 
further research is needed in edge computing. This 
involves optimizing complex fusion and denoising 
algorithms (e.g., deep neural networks) for deployment on 
resource-constrained edge devices [125]. Techniques such 
as model compression, quantization, and federated 
learning will be crucial for enabling sophisticated 
NAMSAA processing locally, minimizing latency, and 
preserving data privacy by reducing reliance on cloud 
computing. 
 

D. Self-Adaptive Acquisition Systems 
The ultimate goal is the development of fully 
self-adaptive acquisition systems that can autonomously 
learn and optimize their performance over time. Future 
research should investigate reinforcement learning and 
continuous learning paradigms that allow NAMSAA to 
adapt to slow physiological changes (e.g., electrode 
degradation, user fatigue) and novel environmental 
challenges without explicit human intervention [126]. 
This self-adaptation is essential for long-term, reliable 
BCI operation. 
 

E. Large-Scale Neural Networks 
As BCI technology scales, research must address the 
challenges of managing and analyzing data from 
large-scale neural networks, involving thousands or 
millions of users. This includes developing robust data 
infrastructure, standardized protocols for data sharing and 
analysis, and addressing the ethical and privacy 
implications of large-scale neural data collection [127]. 
NAMSAA's standardized output format will be critical for 
facilitating this large-scale integration. 
 

F. Future Brain–Computer Ecosystems 
NAMSAA is a foundational step towards future 
brain-computer ecosystems, where BCIs seamlessly 
integrate with other technologies (e.g., IoT, AR/VR, AI 
assistants). Future research should explore how 
NAMSAA can interface with these broader ecosystems, 
enabling novel applications such as brain-to-brain 
communication, collective neural intelligence, and deeply 
immersive neuro-interactive experiences [128]. 
 

XIII. CONCLUSION 
The transition of Brain–Computer Interfaces (BCIs) from 
controlled laboratory environments to dynamic, 
real-world applications is contingent upon overcoming the 
fundamental challenges of neural signal degradation, 
environmental noise, and motion artifacts. This paper has 
introduced the Neuroba Adaptive Multimodal Signal 
Acquisition Architecture (NAMSAA) as a 
comprehensive conceptual framework designed to address 
these critical issues. By dynamically integrating data from 
multiple physiological modalities (EEG, EMG, EOG, 
fNIRS) and employing adaptive, context-aware signal 
processing techniques, NAMSAA aims to significantly 
enhance the signal-to-noise ratio and artifact resilience of 
BCI systems. 
 

The proposed architecture, comprising five interconnected 
modules Neural Signal Collection, Multimodal Sensor 
Fusion, Adaptive Signal Validation, Real-Time Noise 
Suppression, and Signal Standardization and Output 
provides a structured approach to optimizing signal 
quality. The mathematical formulations presented for 
sensor fusion, adaptive filtering, and confidence scoring 
offer a quantitative basis for implementing and evaluating 
the framework. Furthermore, the delineation of 
NAMSAA's role as Layer 01 (SIGNAL) within the 
broader Neuroba NCTS Framework establishes its 
foundational importance for downstream decoding and 
interpretation tasks. 
 

The significance of NAMSAA lies in its potential to 
transform BCIs from fragile, context-dependent tools into 
robust, reliable, and user-adaptive neurotechnology 
platforms. The practical impact of this advancement spans 
numerous domains, including assistive communication, 
neurorehabilitation, cognitive monitoring, and human-AI 
interaction. While challenges related to hardware 
constraints, computational demands, and ethical 
considerations remain, the implementation roadmap and 
future research directions outlined in this paper provide a 
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clear path forward. Ultimately, NAMSAA represents a 
critical step towards realizing the full potential of 
brain-computer ecosystems, enabling seamless and 
intuitive interaction between the human mind and the 
digital world. 
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