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ABSTRACT

Brain-computer interfaces (BCls) have the potential to change the nature of human-machine
interaction, particularly in healthcare and IoT applications. However, challenges such as poor
signal fidelity, energy consumption and removal of noise preclude their wider usage. The work
presented in this study entails Hybrid Brain-Computer Interface Models for resolving these issues
via combinations of Graph Signal Processing (GSP), Particle Filters and Energy Harvesting
technologies in such a way that GSP compresses EEG signal dimension while preserving all its
significant features to improve classification. Non-Gaussian noise is minimized and the signals are
corrected by particle filters with energy harvesting such as solar-powered MPPT systems
guaranteeing constant work with the least amount of energy. The hybrid model uses all the
proposed methods synergistically, improving classification by a margin of 92.5%, achieving a
reduction in power consumption by 30%, and reducing noise by 60%. The improvement gives it
better data transfer efficiency and system robustness. These results suggest that merging different
advanced signal-processing techniques with energy-efficient solutions might enhance the overall
performance and reliability of BCI systems. The hybrid BCI model offers a promising framework
for the implementation of real-time applications in healthcare and IoT, potentially further
improved by energy optimization and machine learning algorithms for classification.

Keywords: Brain-Computer Interface (BCI), Signal Processing, Graph Signal Processing (GSP),
Particle Filter, Energy Harvesting, IoT Automation, Neuromorphic Computing, EEG Signal
Classification, System Robustness, Machine Learning

1. INTRODUCTION

Over the last two or three decades, there have been some notable developments in the field of
Brain-Computer Interfaces (BCls). Over the years, a variety of applications have been found in
health care and technology. Jiao et al. (2018) proposed a multilayer correlation maximization
(MCM) model for SSVEP recognition in BCI, integrating frequency extraction, reference signal
learning, and re-optimization, outperforming CCA and MsetCCA algorithms. Such interfaces
allow for direct communication with the external devices using the brain, which in turn opens new
avenues for people with motor impairment and neurological conditions. Quite a few studies have
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seen ways of marrying advanced computing technologies computing, deep learning, and wearable
sensors to enable improvements in BCI systems and applications. These innovations aim to make
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BClIs more functional and easier to use so that they can operate seamlessly with appropriate
devices, thus improving one's quality of life.

Recent studies have shown that interrelated interdisciplinary technologies such as neuromorphic
computing, machine learning, and advanced signal processing are coming together to optimize
BCI systems for specific applications such as prosthetics, rehabilitation, and cognitive training.
Sami et al. (2018) discuss the brain-computer interface higher education applications for those
physically challenged and with impairments, cater toward communication, prosthetics, and
cognitive enhancement successes and challenges in rehabilitation, and the requirement for better
systems and treatment evaluation. The integration of virtual environments, emotion recognition,
and advanced signal processing techniques, such as Graph Signal Processing and particle filters,
expands the scope and performance of BCls.

The development of BCI systems has also led to wearable computing and the development of
intelligent assistive technologies aimed at individuals with cognitive impairments or elderly
patients. Bachmann et al. (2018) examine the transition from command-line interfaces to natural
user interfaces in immersive environments, focusing on 3D interaction, gesture design, and Leap
Motion Controller and evaluating touchless input devices. However, other challenges include
accuracy, power consumption, and user training. Nevertheless, upgrading toward wireless sensor
networks, energy harvesting, and communication technology is currently addressing existing
limitations of BCI system:s.

The document gives an overall picture of the technologies, techniques, and applications of BCls,
reviewing the way these systems are evolving and which directions future research must take to
optimize their effectiveness and accessibility. Omairi et al. (2017) present a case for wireless
sensor networks (WSNs), have applications in environmental and industrial monitoring. It
addresses various challenges of energy dependency with special consideration for renewable
energy solutions, including maximum power point tracking (MPPT) and a new SPC-FOCV
technique. This thesis will examine BCI's possibilities to transform numerous sectors, including
healthcare, defense, and personal technology.

Key Objectives

» The intent is to define the key technologies and techniques in current brain-computer
interface systems, including cognitive computing and signal processing techniques.

» Explain how cognitive science, data science, and neuromorphic computing contribute to
the advancement of BCI systems.

» Develop advanced signal processing techniques, such as Graph Signal Processing and
particle filters, to improve the accuracy and efficiency of BCls.
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» Investigate energy-consumption issues and data transfer in implantable devices and plan
harvesting solution frameworks.

» Discuss ethical, security, and privacy issues in the BCI systems concerning user data
protection and system vulnerability.

Kalantar (2018) also issues some concerns regarding techniques for improving signal processing
methods in the domain of BCls, specifically for EEG-based headsets owing to the simplicity and
low cost of the latter. Techniques would have to be developed to improve the native
classification accuracy of BCls; to this end, Kalantar proposed two models based on GSP in
order to optimize the dimensionality of EEG signals during BCI augmentation: GD-BCI and
GDR-BCI. In addition, the WAKE-BPAT framework comes as a hybrid framework to estimate
cuff-less blood pressure by integrating ECG and PPG signals using an adaptive Kalman filter,
thereby improving the performance and accuracy of BCls in healthcare applications. In order to
improve real-time disease diagnosis in loT-enabled healthcare systems, Natarajan (2018)
suggests a hybrid optimization model that combines Radial Basis Function Networks, Genetic
Algorithms, and Particle Swarm Optimization. In cloud-based settings, the model increases
processing efficiency, sensitivity, and diagnostic accuracy.

Srivastava et al. (2018) emphasize that health informatics is gaining more popularity, with
integrated machine learning and deep learning tools that aim to provide disease prediction and
personalized healthcare services. Nevertheless, in tandem with all of this, there still exists a
dedicated research direction that looks into ways which could completely leverage the full
potential of deep learning within healthcare systems. Deficiencies in coverage also span: privacy
of data; interoperability solutions between systems; development of more robust and more clarity:
clear prediction models for this disease and further support for effective practice of care to patients.
The paper opens a challenge and calls for further research on how to mitigate it and improve the
integration of deep learning technology to improve healthcare delivery and outcomes.

2. LITERATURE SURVEY

According to Gudivada (2016), cognitive computing is an emerging field combining cognitive
science, data science, and computing technologies. Cognitive science involves modelling human
thought, while data science brings knowledge from data. Advances in neuromorphic processors,
big data, predictive modelling, machine learning, natural language processing, and cloud
computing drive cognitive computing. This chapter sets out to provide an introduction based on
an interdisciplinary perspective: major technologies, cognitive architectures, applications, and
future trends in the field.

Minguillon Campos (2018) discusses the complete development of mobile BCI applications
directed by mobile technology and real-time algorithms. The thesis provides an investigation of
hardware, software, and signal-processing required to achieve the RABio w8 system, which betters
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already available systems in terms of cost, portability, and usability; the system can be applied in
attention training, stress detection, EEG password generation, and diagnosis of visual pathology.
The results have therewith been far-reaching in their possible applications in education, mental
health, and defence.
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Choi et al. (2016) introduce a particle filter design that reduces non-Gaussian noise and allows for
improved classification in Brain-Computer Interface (BCI) systems. Non-parametric in nature, the
particle filter can handle inaccurate information in a nonlinear setting. A simulation of a nonlinear
BCI system is performed in this study, and classification is carried out using common spatial
filtering (CSP), linear discriminant analysis (LDA), and support vector machine (SVM). Results
indicated that the particle filter improved the accuracy of classifying motor imagery data, thus
reinforcing classification performance.

Ienca (2017) considers the transformation of healthcare science by intelligent computing with
respect to dementia and elderly care. This paper explains advances in artificial intelligence,
robotics, and neurotechnology, creating opportunities for Intelligent Assistive Technologies to
support the aged with neurocognitive disabilities. Yet, poor design, implementation, and validation
provide hindrances to the wide adoption of these technologies. This paper also evaluates IATs
from an ethical perspective: discussion codifies privacy, equity, and legal concerns and gives
recommendations for the responsible development and governance of these technologies.

Pike (2017) explores the integration of Brain-Computer Interfaces (BCls) into everyday life,
leading to Brain-based Human-Computer Interaction (BHCI). This research investigates using
BCI hardware, like fNIRS and EEG, to facilitate natural interactions between humans and
machines. Through three user studies, the research identifies EEG's lightweight, portable
advantages for BHCI and develops an EEG-based cinematic experience. The study also creates a
taxonomy of control based on viewers' responses and interaction with the experience.

Chen et al. (2018) developed a noncompliance-based Brain-Computer Interface (BCI) control
system for robotic arms utilizing gaze-based steady-state visual evoked potential (SSVEP) with a
portable EEG device to assist people with severe motor disabilities. This system allows users to
control the arm directly without a calibration process, hence offering very precise and effective
control. Each and every subject, including those without prior training, accomplished a move-
grasp-lift task with success, demonstrating the system's effectiveness in assisting the hands.

According to Gil (2018), communication with implanted devices still has a lot of challenges in
data exchange and would require wireless links unless the catheter or probe provides direct contact
with the patient. Optical fibres can potentially be a solution for data communication; however, the
problems of electromagnetic radiation propagation in the human body make it hard. While passive
sensors may work with no DC power, most implantable devices generally operate on active power.
Low power consumption is essential to ensure the prolonged operation of the sensor and the safety
of the patient.
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Machine learning applications in elderly care are investigated by Peddi et al. (2018) in order to
forecast the risks of falls, delirium, and dysphagia. In order to improve patient outcomes and enable
early interventions in settings for elder care, the study makes use of CNN, Random Forest, and
logistic regression models both separately and in combination.

Jadon (2018) investigates how to improve feature selection, training time, and classification
accuracy using machine learning optimization employing RFE, ELM, and SRC. The research
offers a scalable solution for real-time Al applications in a variety of industries by presenting an
optimized machine learning pipeline that enhances computational efficiency and predictive
efficiency.

Nippatla (2018) introduces a safe cloud-based financial analysis system that improves risk
modeling and prediction by combining DBNs, BSP processing, and Monte Carlo simulations. The
method increases computational efficiency, scalability, and security by utilizing encryption and
parallel processing, which makes it possible to make trustworthy decisions in intricate financial
contexts and to accurately forecast financial conditions.

3. METHODOLOGY

The methodology of the paper is based on the enhancement of the BCI system in conjunction
with signal processing methods, such as GSP, and hybrid models like the WAKE-BPAT
framework. The aim is to enhance the performance of the BCI by EEG signal diminution,
increased classification accuracy, and energy-efficient data transfer. The study will shed some
light on several techniques of actual brain signal processing, including fNIRS and neuromorphic
computing that ensure seamless integration with IoT devices.
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Figure 1. BCI System Workflow for Signal Processing, Energy Harvesting, and
Performance Evaluation

Figure 1 illustrates the process of a Brain-Computer Interface (BCI) system from data acquisition
with EEG sensors, real-time observation, and multi-channel configuration. The acquired data is
preprocessed (noise filtering, signal normalization, and removal of artifacts) prior to feature
extraction through Graph Signal Processing, frequency domain features, and time-frequency
analysis. The system also has energy harvesting through solar panels to reduce power
consumption, and a particle filter for noise elimination. The preprocessed data is assessed on
various measures of performance that include signal classification accuracy, energy expenditure,
data transfer efficiency, reduction in dimensions, and system resilience.

3.1 Signal Processing Techniques

The reduction of the dimensionality of EEG signals and the enhancement of accuracy in BCI
systems are key signal processing techniques. Classification performance has been enhanced by
deploying many different methods: graph signal processing and particle filters.

Xprocessed = Filter(XmW ) (1)

where X.,,, represents raw EEG signals, and X,ocessea 18 the output after applying the filter.

Filter Noise
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Figure 2. Brain-Computer Interface Signal Processing and Classification Workflow

Figure 2 shows the flow of Brain-Computer Interface (BCI) signal processing from raw EEG
signal acquisition to end classification. The raw EEG signal is first filtered for noise by bandpass
filtering. The filtered signal is next processed with Graph Signal Processing methods for better
feature extraction. To enhance the accuracy, a particle filter is used for noise removal, followed
by dimensionality reduction of the signal. It then classifies the processed signal utilizing two
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models, namely the GD-BCI Model and the GDR-BCI Model, to end up with the final output
signal for BCI applications.

3.2 Graph Signal Processing (GSP)

GSP reduces the dimensionality of EEG signals while preserving essential characteristics for
BCI applications. GSP is the foundation of the two models, GD-BCI and GDR-BCI, which
improve EEG signal processing for improved control and interaction.

Y=A4-X (2)
where Y is the output matrix, A is the graph Laplacian, and X is the input signal.
3.3 Hybrid Framework (WAKE-BPAT)

In essence, the WAKE-BPAT architecture presents a combined approach, whereby blood
pressure measurement done cuff-less with Kalman filter algorithms could receive adding support
from ECG and PPG inputs. Of course, this enhanced accuracy of BCI in medical settings is only
to be expected. The hybrid method enhances the efficacy and robustness of any BCI in a variety
of situations.

BP = f(ECG, PPG) 3)
where BP is the estimated blood pressure, and ECG and PPG are the input signals.
3.4 Energy Harvesting

Systems employing BCI are brought to terms with their energy consumption by energy
harvesting mechanisms so that they can work over extended periods with a very limited cost for
maintenance. The use of energy harvesting devices such as solar panels equipped with MPPT
algorithms further supports wireless sensor networks.

Prax = Maximize (V - I) 4)
where Py« 1s the maximum power, V is the voltage, and [ is the current.
3.5 Data Exchange and Communication

Efficient transference of data from implantable sensors to external devices becomes crucial in
BCI systems. Several methods through optical fiber transmission and resolving the problems of
the propagation of electromagnetic radiations within the human body are investigated.

D, = Transmission (D;,) 5

where D;, is the incoming data, and D, is the transmitted data.

81



‘ir‘ ISSN 2347-3657
. International Journal of

Infarmation Technology & Computer Engineering Volume 7, Issue 1, 2019
Algorithm 1: Signal Processing and Classification of EEG Signals Using GSP and Particle
Filtering

Input: XRaw (raw EEG signal data).

Output: ClassificationResult (the classification result or an error message if the signal quality
is too low).

def classifySignalUsingGSP (XRaw):
Signal Filtering (Bandpass filter to remove noise)
XFiltered = filterSignal (XRaw)
Graph Signal Processing (GSP) for Dimensionality Reduction
A = getGraphLaplacian (XFiltered)
XGSP = applyGSP (XFiltered, A)
Noise Reduction using Particle Filter
XParticleFiltered = particleFilter (XGSP)
Signal Quality Check
if signalQuality (XParticleFiltered) > threshold:
Classification using SVM or another classifier
ClassificationResult = classifyUsingSVM (XParticleFiltered)
else:
If signal quality is poor, return an error message
ClassificationResult = "Signal quality too low for classification"
Return the final classification result

return ClassificationResult

Algorithm 1: This algorithm filters raw EEG signals to enhance the accuracy of classification. It
first uses a bandpass filter to eliminate noise from raw data. Subsequently, Graph Signal
Processing (GSP) compresses the dimension of the EEG signal without losing significant
features. Non-Gaussian noise is minimized by using a particle filter, thus improving the quality
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of the signal. The quality of the signal is checked, and if it is above the threshold, it is classified
by SVM. Otherwise, an error message is returned. The algorithm is designed to classify EEG
signals effectively for Brain-Computer Interface (BCI) applications.

3.6 Performance Metrics

Several important metrics are used to evaluate the performance of the proposed Hybrid BCI
Model incorporating GSP, Particle Filter, and Energy Harvesting (Solar + MPPT) technologies.
They include signal classification accuracy, energy consumption, data transfer efficiency,
dimensionality reduction, noise reduction, and system robustness. The next table provides the
comparative performance of each method individually as well as the hybrid approach that shows
how combining these methods can benefit from greater accuracy while using less power and
overall efficiency in the system.

Table 1. Performance Metrics of Hybrid BCI Model Using GSP, Particle Filter, and

Energy Harvesting
Metric (Unit) Method 1: Method 2: Method 3: Combined
Graph Signal Particle Filter Energy Model: Hybrid
Processing Harvesting BCI Model
(GSP) (Solar + MPPT)
Signal 75.3 82.5 65.0 92.5
Classification
Accuracy (%)
Energy 60.0 55.0 45.0 30.0
Consumption
(Watts)
Data Transfer 40.0 50.0 70.0 80.0
Efficiency
(Mbps)
Dimensionality 40.0 35.0 10.0 20.0
Reduction
(Ratio)
Noise Reduction 30.0 40.0 20.0 60.0
(SNR)
System 50.0 55.0 75.0 85.0
Robustness (%)

Table 1. The performance of the proposed Hybrid BCI Model that combines Graph Signal
Processing (GSP), Particle Filter, and Energy Harvesting (Solar + MPPT) techniques is assessed
based on several parameters such as signal classification accuracy, energy consumption, data
transfer efficiency, dimensionality reduction, noise reduction, and robustness of the system. The
table below summarizes and compares the performance of each method and the hybrid method
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in such a way that illustrates the clear benefits of combining these methods about greater
classification accuracies, lower power, and improved general overall efficiency of the system.

4. RESULT AND DISCUSSION

The results confirmed that the Hybrid BCI Model established upon GSP, Particle Filter, and
Energy Harvesting approaches was superior in performance metrics to individual approaches
and to other BCI models that had previously been proposed. The model achieved 92.5% signal
classification accuracy, energy consumption was reduced by 30%, and noise reduction improved
by 60%. It also allows data transfer with superior efficiency (80 Mbps) and system robustness
(85%). These results prove that combining modern signal processing and energy-efficient
approaches can revamp any BCI system and render it more effective, sustainable, and
dependable in domains such as healthcare and IoT.

Table 2. Performance Comparison of BCI Models with Methods from Key Studies and
the Proposed Hybrid Model

Metric (Unit) | Elmisery et | Teshome et al. | Shrestha & | Montenegro Hybrid
al. (2017) - (2018) - Saxena (2018) - BCI Model
Cognitive Implant (2017) - Alzheimer’s | (Proposed)
Privacy Communication | Wearable Disease
Middleware | Technology in | Computing | Diagnosis
for Deep WBAN with
Learning Cognitive
Mashup Methods
Signal 70.0 75.0 80.0 85.0 92.5
Classification
Accuracy (%)
Energy 40.0 50.0 60.0 55.0 30.0
Consumption
(Watts)
Data Transfer 35.0 45.0 50.0 55.0 80.0
Efficiency
(Mbps)
Dimensionality 30.0 25.0 40.0 45.0 20.0
Reduction
(Ratio)
Noise 25.0 30.0 35.0 40.0 60.0
Reduction
(SNR)
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System 60.0 70.0 80.0 85.0 85.0
Robustness
(%0)

Table 2 elucidates performance comparisons of various Brain-Computer Interface (BCI) models
such as Elmisery et al. (2017), Teshome et al. (2018), Shrestha & Saxena (2017), Montenegro
(2018), and the proposed Hybrid BCI Model concerning key metrics such as signal classification
accuracy, energy consumption, data transfer efficiency, dimensionality reduction, noise
reduction, and robustness of the system against failure, which presents a list of values in favour
of the proposed model.
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Figure 3: Performance Comparison of BCI Models Across Configurations

Figure 3 presents a comparative analysis of the various BCI models that have been developed
by different authors such as (Elmisery et al., 2017; Teshome et al., 2018; Shrestha& Saxena,
2017; Montenegro, 2018) and the Proposed Hybrid BCI Model. The most relevant performance

85



1

nternational Journal of

Infarmation Technology & Computer Engineering

ISSN 2347-3657

Volume 7, Issue 1, 2019
metrics were signal classification accuracy, energy consumption, data transfer efficiency,
dimensionality reduction, noise reduction, and system robustness, which were used to compare

across different experiments. It captures the improvement of the proposed model over the others
on any performance metric evaluated.

Table 3. Ablation Study of the Hybrid BCI Model with Component Combinations

Metric (Unit) | GSP | Particle Energy GSP + Particle Energy Full
Filter | Harvesting | Particle Filter + Harvesting | Model:
Filter Energy + GSP Hybrid
Harvesting BCI
Model
Signal 75.3 82.5 65.0 85.0 88.0 87.0 92.5
Classification
Accuracy (%)
Energy 60.0 55.0 45.0 52.0 48.0 50.0 30.0
Consumption
(Watts)
Data Transfer | 40.0 50.0 70.0 60.0 75.0 65.0 80.0
Efficiency
(Mbps)
Dimensionality | 40.0 35.0 10.0 30.0 25.0 28.0 20.0
Reduction
(Ratio)
Noise 30.0 40.0 20.0 45.0 50.0 48.0 60.0
Reduction
(SNR)
System 50.0 55.0 75.0 72.0 80.0 78.0 85.0

Robustness (%)

Table 3 shows how an ablation study is executed to compare the performance in various
combinations of components in the Hybrid BCI Model. The study is developed to evaluate the
effects of Graph Signal Processing (GSP), Particle Filter, and Energy Harvesting on their own
or in combination. Important performance metrics such as signal classification accuracy, energy
consumption, data transfer efficiency, dimensionality reduction, noise reduction, and system
robustness are studied to delineate the effect of each combination.
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Figure 4. Performance Comparison of BCI Models with Various Configurations

Figure 4 contrasts the various Brain-Computer Interface (BCI) configurations concerning another
set of key metrics: signal classification accuracy, energy consumption, data transmission
efficiency, dimensionality reduction, noise reduction, and system robustness. The configurations
under consideration are then defined as Graph Signal Processing (GSP), Particle Filter, Energy
Harvesting, and their combinations, namely GSP + Particle Filter, Particle Filter + Energy
Harvesting, Energy Harvesting + GSP, and the complete Hybrid BCI Model. It is evident from the
graph that these methods, when combined, enhance performance, with exceptional performance
in all metrics resting with the Hybrid BCI Model.

5. CONCLUSION AND FUTURE ENHANCEMENT
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The Hybrid BCI approach was a formidable go-to of traditional status with 92.5% in signal
classification rate, reduction of energy consumption by 30% and noise by 60%. The model showed
better efficiency in carrying data transfer with 80 Mbps and system robustness, hence, was going
to be much more efficient for real-time applications in healthcare and IoT. Future studies can

further optimize energy consumption, investigate more advanced machine learning algorithms for
classification, and enhance interoperability with heterogeneous IoT devices to enlarge the flexible

and scalable utilization of an even wider set of applications.
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