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ABSTRACT

Brain Computer Interface (BClI), sometimes called a Brain Machine interface (BMI), is a
direct communication link between the brain's electrical activity and an external device, most
commonly a computer or robotic limb, bypassing traditional neuromuscular routes. BClIs are
often  directed at researching, mapping, assisting, augmenting, or repairing
human cognitive or sensory-motor functions. They are often conceptualized as a human-
machine interface that skips the intermediary of moving body parts although they also raise

the  possibility oferasing the distinction between brain and  machine.

Brain-Computer Interface (BCI) technology has emerged as a revolutionary approach for
controlling neuroprosthetic devices, offering a new lease of functional independence to
individuals with severe motor impairments. Sophisticated signal processing and machine
learning algorithms decode these signals into precise control commands, facilitating intuitive
and responsive prosthetic movement.

Current research focuses on enhancing the accuracy, reliability, and usability of BCI-
controlled neuroprosthetics. Innovations in high-resolution signal acquisition, noise reduction,
and real-time processing are critical to improving system performance. Integrating sensory
feedback mechanisms, such as haptic feedback, is a promising area of development, aimed at
providing users with real-time information about the prosthetic's interaction with the
environment. This feedback is crucial for tasks requiring fine motor control and can
significantly enhance the user experience by making the control of the prosthetic arm more
natural and intuitive.

Personalization and adaptability of BCI systems are also key research areas, with adaptive
algorithms that learn and adjust to the user’s unique neural patterns over time. The
development of wireless and wearable BCI devices aims to increase mobility and ease of use,
making these systems more practical for everyday applications. Additionally, interdisciplinary
collaboration among neuroscientists, engineers, and clinicians is essential to advance the field,
along with addressing ethical and regulatory considerations related to data privacy, user
consent, and long-term impacts.

This Thesis presents a 2-loop architecture of brain-actuated position control system of a robot
arm, realized with a Takagi-Sugeno type fuzzy speed modulator placed in the outer loop and a
traditional speed-controller placed in the inner loop.
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Chapter 1 provides a detailed review on the Brain-Computer Interface (BCI) technology. It
begins with a classification BCI-based controllers, and gradually explores different types of
standard BCI system along with their control policies. The different modules of a closed-loop
BCI are discussed in brief with their current state-of-the-art approaches. It also provides an
outline of the electroencephalography (EEG)-based brain signals commonly used in closed-
loop BClI-based robot control tasks.

Chapter 2 provides a 2-loop position control scheme is proposed here with an outer loop for
position control of the motor and the inner loop for speed-setting of a robotic limb. Three
distinct models of brain-actuated speed-setting with possible control policies and stability
analysis are presented. The analysis reveals that Takagi—Sugeno type fuzzy control yields the
best results. Additionally, cognitive load is also reduced significantly as the user needs to
generate error-related potential once only to identify the position of the targeted object he
needs to translate. Traditional BCI-based position control schemes utilize acquired motor
imagery signals of the subject for motor actuation and error-related potential signals to detect
positional overshoots. The positional overshoot results in steady-state positional error. Current
BCI research attempts to reduce steady-state errors at the cost of high cognitive load of the
subjects. The motivation here is to reduce the steady-state positional error without enhancing
cognitive load of the subjects.

Chapter 3 provides the designing of Brain-Actuated Speed Modulator along with the
corresponding Simulink Models and plots. Finally, Chapter 4 ends with a brief conclusion
along with future scope and innovations.

The future scope of BCl-based neuroprosthetic control is vast, with the potential to
significantly enhance the quality of life for individuals with disabilities. By continuing to
refine the technology and addressing current challenges, BCls can offer more precise,
intuitive, and accessible solutions for neuroprosthetic control, paving the way for broader

adoption and improved outcomes in clinical and everyday settings.



LITERATURE SURVEY

A Brain-Computer Interface (BCl) is a technology that allows direct communication
between the brain and an external device. BCls are often aimed at assisting, augmenting, or
repairing human cognitive or sensory-motor functions. They have various applications,
including medical, military, gaming, and other fields.

BCI was historically envisioned as a potential technology for augmenting/replacing existing
neural rehabilitations or serving assistive devices controlled directly by the brain (Vidal,
1973; Birbaumer et al., 1999; Alcaide-Aguirre et al., 2017; Shahriari et al., 2019). The first
systematic attempt to implement an electroencephalogram (EEG)-based BCI was made by J.
J. Vidal in 1973, who recorded the evoked electrical activity of the cerebral cortex from the
intact skull using EEG (Vidal, 1973), a non-invasive technique first studied in humans
invented by Berger (1929). Another early endeavour to establish direct communication
between a computer and the brain of people with severe motor impairments had utilized
P300, an event related brain potential (Farwell and Donchin, 1988). As an alternative to
conventional therapeutic rehabilitation for motor impairments, BCI technology helps to
artificially augment or re-excite synaptic plasticity in affected neural circuits. By exploiting
undamaged cognitive and emotional functions, BCI aims at re-establishing the link between
the brain and an impaired peripheral site (Vansteensel et al., 2016). However, the research
applications of BCI technology evolved significantly over the years, including brain
fingerprinting for lie detection (Farwell et al., 2014), detecting drowsiness for improving
human working performances (Arico et al., 2016; Wei et al., 2018), estimating reaction time
(Wu et al., 2017b), controlling virtual reality (Vourvopoulos et al., 2019), quadcopters
(LaFleur et al., 2013) and video games (Singh et al., 2020), and driving humanoid robots
(Choi and Jo, 2013; Spataro et al., 2017).

Key Components of a Brain-Computer Interface (BCI) System

1. Signal Acquisition:-

o Electroencephalography (EEG):-Measures electrical activity on the scalp.

« Electrocorticography (ECoG):-Measures electrical activity from the cortical
surface.

e Functional Magnetic Resonance Imaging (fMRI):-Measures brain activity
by detecting changes associated with blood flow.

Xi



Near-Infrared Spectroscopy (NIRS):-Measures brain activity by monitoring
blood oxygenation levels.

Intracortical Neurons:-Measures activity directly from neurons via
implanted electrodes.

2. Signal Processing:-

Preprocessing:-Removing noise and artifacts from the signals.

Feature Extraction:-ldentifying relevant patterns or features in the brain
signals.

Feature Translation:-Converting the extracted features into commands that
can be understood by the external device.

3. Application Interface:-

Output Device:-Could be a computer cursor, a robotic limb, a wheelchair, or
other devices that the BCI system controls.

Feedback Mechanism:-Provides real-time feedback to the user to adjust and
improve control.

Applications of BCls

1. Medical Applications:-

Neuroprosthetics:-Restoring function for individuals with paralysis or limb
loss.

Communication Devices:-Helping individuals with severe motor disabilities
to communicate.

Rehabilitation:-Assisting in the rehabilitation of stroke patients.

2. Non-Medical Applications:-

Gaming and Entertainment:-Enhancing immersive experiences.

Smart Home Control:-Allowing individuals to control home appliances
using their thoughts.

Education and Training:-Enhancing learning experiences through brain-
based feedback.

3. Research:-

Understanding brain function and the neural basis of cognition and behaviour.
Investigating neurological and psychiatric conditions.

Xii



BCI in Neuroprosthetics

Neuroprosthetics is an area of neuroscience concerned with neural prostheses i.e. using
artificial devices to replace the function of impaired nervous systems and brain-related
problems ,sensory or other organs (bladder, diaphragm, etc).As of December 2010, cochlear
implants had been implanted as neuroprosthetic devices in some 736,900 people worldwide.
Other neuroprosthetic devices aim to restore vision, including retinal implants. The first

neuroprosthetic device, however, was the pacemaker.

The terms are sometimes used interchangeably. Neuroprosthetics and BCIs seek to achieve
the same aims, such as restoring sight, hearing, movement, ability to communicate, and
even cognitive function. Both use similar experimental methods and surgical techniques.
Position control of a neuroprosthetic limb involves using brain signals to precisely control the
movements and positioning of a prosthetic limb. This requires several components working
together seamlessly: signal acquisition from the brain, signal processing, translation into

commands, and control of the prosthetic limb.

Components and Process

1. Signal Acquisition:-
o Electroencephalography (EEG):-Non-invasive method using electrodes

placed on the scalp to measure brain activity.

e Intracortical Electrodes:-Invasive method where electrodes are implanted
directly into the brain to capture neuronal activity with high precision.

2. Signal Processing:-

e Preprocessing:-Filtering out noise and artifacts from the raw brain signals to
ensure clean data.

o [Feature Extraction:-Identifying and extracting relevant features from the
brain signals that correlate with intended movements.

o Pattern Recognition:-Using machine learning algorithms to classify these
features and predict the user’s intended movement.
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3. Command Translation:-

e Translating the processed brain signals into specific commands that the
neuroprosthetic limb can understand. This involves mapping the brain activity
patterns to corresponding movements of the limb (e.g., hand grasp, arm lift).

4. Control Algorithms:-

e Proportional-Derivative (PD) Control:-A control strategy where the
position of the prosthetic limb is adjusted based on the difference between the
desired position and the current position.

o Adaptive Control:-Adjusts control parameters in real-time based on feedback
to improve performance.

e« Machine Learning-Based Control:- Utilizes learning algorithms to
continuously improve the accuracy of the limb's movements based on user
feedback.

5. Feedback Mechanism:-
o Visual Feedback:-The user observes the limb's movements and adjusts their

thoughts accordingly.

e Sensory Feedback:- Advanced systems may include sensors on the prosthetic
limb to provide tactile feedback to the user, improving control and
intuitiveness.

Neuroprosthethic Artificial Limb

A neuroprosthetic artificial limb is an advanced prosthetic device that is controlled by brain
signals, enabling individuals with limb loss or paralysis to perform movements and tasks with
a high degree of precision and naturalness. This involves a complex integration of

neuroscience, bioengineering, robotics, and signal processing technologies.

Key Components of Neuroprosthetic Artificial Limb
1. Brain-Computer Interface (BCI) System:-

« Signal Acquisition:-Methods such as EEG, ECoG, or implanted electrodes
capture neural signals.

« Signal Processing:- Extracts meaningful features from the raw brain signals.

e« Command Translation:-Converts neural signals into control commands for
the prosthetic limb.
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2. Prosthetic Limb Hardware:-

e Actuators and Motors:-Provide movement and control for the artificial limb.

o Sensors:-Measure force, position, and sometimes temperature, providing
feedback to the user.

o Materials:-Lightweight, durable materials to construct the limb for ease of
use and comfort.

3. Control Algorithms:-

e Proportional-Derivative (PD) Control:-Ensures smooth and accurate
movements.

o Adaptive Control:-Adjusts control parameters in real-time based on
feedback.

e Machine Learning Algorithms:-Continuously improve control accuracy
based on user interactions.

4. Feedback Systems:-

e Visual Feedback:-User monitors limb movements visually.
o Haptic Feedback:-Sensors on the limb provide tactile sensations to the user.
o Auditory Feedback:-Sound cues to indicate successful movement or action.

Steps in Position Control of a Neuroprosthetic Limb
1. Calibration:-

e The system is calibrated with the user by having them perform specific
movements while the brain signals are recorded. This helps in creating a
model that maps brain activity to limb movements.

2. Real-Time Signal Acquisition and Processing:-

e Brain signals are continuously acquired and processed in real-time to extract
relevant features and predict intended movements.

3. Command Generation and Execution:-

e The processed signals are translated into control commands that are sent to the
prosthetic limb's actuators, causing the limb to move accordingly.
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4. Feedback and Adjustment:-

e The system provides feedback to the user, who can then adjust their mental
strategies to improve control. This feedback loop is crucial for fine-tuning the
movements and achieving precise control.

Functional Workflow

1. Signal Acquisition and Preprocessing:-

« Brain signals are captured through non-invasive (e.g., EEG) or invasive (e.g.,
intracortical electrodes) methods.

« Noise and artifacts are filtered out to obtain clean signals.
2. Feature Extraction and Pattern Recognition:-

o Relevant features (e.g., specific brainwave patterns) are extracted from the
processed signals.

e Machine learning algorithms classify these patterns to predict the user’s
intended movements.

3. Command Generation:-

o Classified patterns are translated into specific commands that the prosthetic
limb can execute.

o Commands are sent to the prosthetic limb’s actuators to perform the intended
movements.

4. Movement Execution and Feedback:-

e The prosthetic limb moves according to the received commands.

o Feedback from the limb’s sensors (e.g., force, position) is sent back to the
user, allowing them to make adjustments.

Applications
1. Restoring Mobility:-

o Enables individuals with amputations or paralysis to regain the ability to
perform daily tasks, such as grasping objects, walking, or typing.

2. Rehabilitation:-

e Used in therapeutic settings to help patients recover motor functions after
neurological injuries, such as stroke.
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3. Research and Development:-

e Enhances understanding of neural control of movement and aids in the
development of more advanced neuroprosthetic technologies.

Challenges and Solutions
1. Signal Quality and Stability:-

o Challenge:-Neural signals can be noisy and unstable over time.

o Solution:-Use advanced signal processing techniques and adaptive algorithms
to maintain signal quality.

2. Latency:-

o Challenge:-Delays between brain signal generation and limb movement can
hinder natural control.

e Solution:-Optimize hardware and software to minimize latency.
3. User Training and Adaptation:-

e Challenge:-Users need time to learn how to control the prosthetic limb
effectively.

e Solution:-Develop intuitive interfaces and provide comprehensive training
programs.

4. Invasiveness and Safety:-

« Challenge:-Invasive methods (e.g. implanted electrodes) pose surgical risks.

o Solution:-Develop less invasive methods and enhance safety protocols for
invasive procedures.

5. Ethical and Privacy Concerns:-

o Challenge:-Protecting user data and ensuring ethical use of neuroprosthetic
technologies.

e Solution:-Implement robust data protection measures and ethical guidelines.

Future Directions
1. Improved Non-Invasive Interfaces:-

e Development of more effective non-invasive methods for capturing brain
signals, such as advanced EEG caps.
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2. Integration with Advanced Al:-

o Leveraging artificial intelligence to improve the accuracy and adaptability of
neuroprosthetic limbs.

3. Enhanced Sensory Feedback:-

o Developing more sophisticated haptic feedback systems to provide users with
a more natural sense of touch and proprioception.

4. Miniaturization and Portability:-
e Making neuroprosthetic systems more compact and portable for everyday use.
5. Long-Term Stability and Biocompatibility:-

e Ensuring that implanted components are stable and biocompatible over long
periods.

BCls hold tremendous potential for transforming many aspects of human life, from medical
care to daily living activities, and continuous advancements in technology and research are
driving this field forward. Neuroprosthetic artificial limbs represent a significant advancement
in prosthetic technology, offering individuals with limb loss or paralysis the potential to
regain functional independence. By addressing various challenges discussed above and
continuously improving the technology, the position control of neuroprosthetic limbs can
significantly enhance the quality of life for individuals with limb loss or paralysis. Continuous
improvements in neuroscience, bioengineering, and Al are driving this field forward,

promising even more sophisticated and user-friendly solutions in the future.

Xviii



1.1

CHAPTER 1

REVIEW ON BRAIN COMPUTER INTERFACE

Introduction

Human brain comprises several trillions of neurons connected in tandem and parallel to
serve as the basic infrastructure of knowledge/information processing. Although the
complete picture of brain functionality remained a mystery to this date, there remains
evidence of local processing of signals pertaining to perception, memory and learning,
and motor control and coordination by specific regions/lobes of the brain. It is noted that
neurons engaged in processing different cognitive tasks had evolutions over several
decades to specialize themselves in handling the selected tasks. For instance, neurons
responsible for processing olfactory signals usually have long axonal lengths to carry
messages to the olfactory bulbs from the receptor end [1]. In contrast, the neurons
participating in memory tasks are relatively small in length to carry messages for storing
in the Long-Term Memory (LTM) from the Working Memory (WM) [2]. The motor
cortex in the human brain takes the responsibility to generate the necessary commands
for voluntary actuation and/or control of the motor actions intended by the subject. The
Parietal lobe also has an important role in planning the intended motor action. In fact,
there exists coordination between the Parietal lobe and the motor cortex to plan and
execute a motor task [3]. In the present research, we emphasize greatly the decoding of
motor actions. Such decoding is needed to execute the intended motor task by an
artificial robotic limb. Several strategies of BCI-based motor control are available in the
literature. We would discuss them in detail in a subsequent section. Capturing the motor
planning and motor execution requires brain-signal acquisition equipment. Different
modalities of brain signal/image acquisition techniques are available in the literature. A
few of these that deserve mentioning include electroencephalography (EEG), functional

Magnetic Resonance Imaging (f-MRI), Positron Emission Tomography (PET),



functional Near Infrared Spectroscopy (f-NIRS) and Electrocorticography (ECOG). EEG
is preferred to other brain signal/image acquisition devices for its excellent temporal
response, portability, and low cost, and above all its non-invasive characteristics. In this
thesis, we would restrict ourselves to examining the response of BCI-driven motor

activations using the EEG modality.

1.2 What is Brain-Computer Interfacing (BCI)?

Brain-Computer Interfacing (BCI) refers to interfacing the human/animal brain with a
computer, bypassing the muscular pathways of communication, to understand and
decode brain activity by the computer. The primary contribution of this technology lies
in the field of rehabilitation and mainly focuses on controlling robotic prostheses with
mental commands. However, there are other valuable contributions also, such as the
development of a BCl-based virtual keyboard [4][5], wheelchair control [6][7], BC1-
based gaming [8][9], etc. The use of BCI in rehabilitation was designed to enhance the
quality of life for individuals experiencing various conditions, including complete or
partial paralysis, motor difficulties associated with locked in syndrome, cerebral palsy

Amyotrophic Lateral Sclerosis (ALS), amputations, and cranium trauma.

== Stimulus
~ON
f XE Types of Stimulus:

Visual, Audio, Olfactory, Tactile
(touch)

Brain

Types of Response
Brain signals (Example: EEG)
Brain images (Example: f-NIRs)

.
i 1. The computer generates stimuli to
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BCI systems are of 2 common types: Open-loop systems and Closed-loop systems. In an
open-loop BCI, the subject either by being stimulated externally or by mentally imagined
cognitive tasks releases certain brain signals, which are used up by the associated system as
open-loop control signals/commands. These open-loop control signals/commands may
activate a relay or a switch to perform the desired task. In the open-loop system, the

external state of the controlled agent does not influence the current brain state of the

subject.

Control Commands for
Brain Pattern Auxiliary
Decoder Controller

<_ : EAx‘l;nmal

Feedback (Robot Arm)

Figure 1.2: Schematic Diagram of a Closed-loop BCI system

In a closed-loop BCI, a feedback measure of the targeted action is generated by suitable
sensors to offer necessary feedback to the subject to assist him in moderating his decisions
to release necessary brain-actuated commands in the next time slot. Hence the control action
of the human subject is influenced by the present state of the external device. As an
example, a subject controlling a robotic arm receives visual feedback about the position of
the end-effector in a closed-loop system. Such feedback establishes a both-way
communication between the human and the external agent, which is proven to be highly
useful to treat severe neurological disorders like depression, epilepsy, Parkinson's disease,
and obsessive-compulsive disorder (OCD) by stimulating a part of the brain based on
feedback.

Apart from medical use, the neuro-feedback signal has also got widespread usage in
robotic prosthesis control as it enables the human subject to determine how well he/she can
control the robot and reach the desired target and participate in the task interactively. It also
enables them to take corrective action in case an error occurs. The additional information in

terms of the feedback signal has the capability to alter the brain state of the human subject to
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achieve the desired performance. A schematic overview of a general closed-loop system is

given in Figure 1.2.

Literature shows that various types of feedback have been used to provide additional
information about the external agent to the operating subject. Such feedback includes visual
feedback, vibrotactile feedback, electrical or magnetic stimulation, and optogenetic and
sonogenetic feedback. Among them, visual feedback is the simplest yet powerful form of
feedback, hence the current thesis considers visual feedback for designing the closed-loop
Brain-machine Interface. The visual feedback is incorporated into the system through
different modalities like P300, SSVEP, and ErrP brain patterns, which are utilized here to

design the brain-actuated controller to actuate the robot arm with the user intent.
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Figure 1.3: Different signals used in BCI along with their waveform shape and origin.



1.3 Types of BCI

Brain-Computer Interfaces (BCls) can be classified based on several criteria, including the
type of signal acquisition method, the application, the direction of communication
(input/output), and the level of invasiveness.

Here are the main types of BCls:

1.3.1 Based on Signal Acquisition Method

1.

Electroencephalography (EEG):-

e Non-invasive: Uses electrodes placed on the scalp to measure electrical activity
of the brain.
e Applications: Communication aids, gaming, neurofeedback, rehabilitation.

Magnetoencephalography (MEG):-

e Non-invasive: Measures magnetic fields produced by neural activity.
o Applications: Research applications, some clinical uses.

Functional Magnetic Resonance Imaging (fMRI):-

« Non-invasive: Measures brain activity by detecting changes in blood flow.
o Applications: Research, some clinical applications, understanding brain
functions.
Near-Infrared Spectroscopy (NIRS):-
e Non-invasive: Uses infrared light to measure brain activity by monitoring

blood oxygenation.
« Applications: Research, brain-computer communication.

Electrocorticography (ECoG):-

o Partially invasive: Electrodes are placed on the surface of the brain, under the
skull.

o Applications: Medical research, epilepsy monitoring, advanced
neuroprosthetics.
Intracortical Neuron Recording:-
e Invasive: Electrodes are implanted directly into the brain tissue to record
neuronal activity.
o Applications: Advanced neuroprosthetics, deep brain research



1.3.2 Based on Application

1. Communication BCls:-

e Enables individuals with severe motor impairments to communicate by
translating brain signals into text or speech.

o Examples: P300 speller, motor imagery-based communication systems.
2. Control BCls:-

o Allows users to control external devices such as computers, wheelchairs, or
robotic arms.

o Examples: EEG-based cursor control, robotic limb control.
3. Therapeutic BCls:-

e Used for rehabilitation purposes, particularly for stroke or spinal cord injury
recovery.

« Examples: BCls for motor rehabilitation, neurofeedback systems.
4. Entertainment BCls:-

« Used in gaming and virtual reality to enhance user experience.
o Examples: BCl-controlled video games, VR environments.

5. Research BCls:-

o Employed in neuroscience and psychology research to understand brain
function and cognition.

o Examples: BCls used in cognitive neuroscience studies, brain mapping.

1.3.3 Based on Direction of Communication

1. Active BCls:-

e Require active, conscious effort from the user to generate brain signals.
o Examples: Motor imagery BCls, P300-based BCls.

2. Reactive BCls:-

« Respond to specific stimuli without requiring active user effort, relying on
brain's automatic responses.



o Examples: Steady-state visual evoked potentials (SSVEP) BCls, auditory
evoked potentials.

3. Passive BCls:-

e Monitor brain activity without any direct intent to control, often used for
assessing cognitive or emotional states.

« Examples: BCls for monitoring workload or attention, affective computing.

1.3.4 Based on Level of Invasiveness
1. Non-Invasive BCIs:-

o No surgery required, electrodes placed on the scalp or use external devices.
« Examples: EEG, MEG, NIRS.

2. Partially Invasive BCls:-

e Requires minor surgery, electrodes placed on the surface of the brain but not
penetrating brain tissue.
e Examples: Electrocorticography (ECoG).

3. Invasive BCls:-

e Requires surgery to implant electrodes directly into brain tissue.
o Examples: Intracortical neuron recording, deep brain stimulation (DBS).

1.4 Examples of specific BCI technologies and their applications
1. EEG-Based BCls:-

e Motor Imagery BCI: Users imagine specific movements to control devices.
Used in rehabilitation and control of prosthetic limbs.

e P300 Speller: Utilizes the P300 wave, an event-related potential elicited in the
brain's parietal lobe, to help users select letters or commands. Used for
communication by individuals with severe motor disabilities.

e SSVEP BCI: Based on brain's response to visual stimuli flickering at different
frequencies. Used for controlling computer interfaces and devices.

2. MEG-Based BCls:-
e Primarily used in research due to its high spatial resolution in mapping brain

activity. Useful in understanding complex neural networks and brain
functions.
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3. fMRI-Based BCls:-

o Applied in neurofeedback and research to understand brain activity patterns
associated with specific tasks or stimuli. Limited use in real-time applications
due to the size and cost of the equipment.

4. NIRS-Based BCls:-

e Used for communication and control applications, especially where portability
is important. Offers a compromise between non-invasiveness and signal
quality.

5. ECoG-Based BCls:-

e Provides higher signal quality than non-invasive methods and is used in
clinical settings for monitoring and controlling epileptic seizures, as well as in
advanced neuroprosthetics.

6. Intracortical BCls:-

o Offers the highest signal fidelity and used in cutting-edge neuroprosthetic
applications, allowing for precise control of robotic limbs. These BCls have
been successfully used in research projects to help paralyzed individuals
control robotic arms with high precision.

Commonly used Signals in EEG-BCI System

There exist quite a few brain signals which are used to design different BCl-based systems,
among them Motor Imagery (MI) signal, P300, ErrP, and Steady-state visual Evoked
potentials are widely used in EEG-based BCI systems for their high detection accuracy
through EEG. Figure 1.3 provides a ready reference of the commonly used BCI signals and
their origin and shape.

A details description of the signals is given below.

Motor Imagery Signal

When a person undertakes imagination about the movement of his voluntarily controllable
body parts/organs, such as upper and lower limbs, jaws, etc., the process is referred to as
motor imagination, and the imagined item is often called motor imagery (MI). On the
other hand, when a person executes the movement of his voluntarily controllable organs,

the process is referred to as motor execution (ME). It is apparent from the BCI literature
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[10] that during both motor imagination and execution phases, the human brain releases a
specialized Event-Related Potential (ERP), which primarily has two main temporal
segments. The first component, called Event-Related De-Synchronization (ERD), which
lies in the Rolandic Mu band (8-12 Hz) and beta band (13-19 Hz) appears on-screen as a
waveform of gradually diminishing amplitude. The ERD originates in the Parietal lobe
during motor imagination with a peak at the P; electrode and also from the Motor Cortex
region during the motor execution phase with a peak at C; electrode.

The second segment, called Event Related Synchronization (ERS) signal, which appears in
the beta band (13-18 HZ), originates from the motor cortex (Parietal lobe) and is released
after motor execution (imagination) is stopped. The ERS signal exhibits a gradually
increasing power until the previous power level that appeared before the occurrence of
ERD is restored. The ERD-ERS together looks like a v-type of signal with a peak at the left
motor cortex for the Right-Hand Motor Imagery or Execution (RHMI or RHME) and a
peak at the Right Motor Cortex for the Left-Hand Motor Imagery or Execution (LHME).
This is due to the inherent contra-lateral connection between our brain and the body. In
most of the BCI literature that employs ERD/ERS signals, MI/ME are undertaken for open-
loop control of an external device, such as a robotic car [11][12][13], artificial robotic link
[14], and the like. In recent times, researchers have shown keen interest to develop closed-
loop position control applications for a robot arm by employing one additional signal along
with ERD/ERS.

Figure 1.4: Figure showing multiple traces of motor-imagery brain signal with the
dotted lines. The grand average is marked with a solid line.
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1.5.2

ErrP Signal

In a BCl-based robotic device control application, the additional signal used in
conjunction with ERD/ERS is Error-Related Potential (ErrP) and P300. The ErrP
signal is used to detect the occurrence of a positional overshoot around a given target
position. The subjects are expected to liberate ErrP signal when they observe any
person or a robotic device committing any error or they themselves commit any
error. The signal can be thought of as the response of the brain to an erroneous
action.

The ErrP brain signal is characterized by the occurrence of Error Related negativity
followed by Error Related Positivity (Pe). ERN [15] is a sharp negative going peak
that is generated around 50-100ms after the subject observes/commits any error. On
the other hand, Error Related Positivity is a positive going peak that appears right
after the ERN [16].

300 300 ;
Time (ms) O ®o

Figure 1.5: Figure showing multiple trials of Error Related Potential (ErrP) brain
patterns in dotted lines. The grand average of the trials is shown with the solid line.

The Pe can be further categorized into two components: frontocentral and
centroparietal.
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1.5.3

The frontocentral Pe, which is associated with the P3a, emerges immediately
following the ERN (error-related negativity). On the other hand, the late Pe occurs in
the centroparietal region and has a latency of 200-400 ms after the error. This late Pe
component appears to be linked to the P3b [17]. Figure 1.5 shows the multiple traces

of the ErrP signal and their grand average.

P300 Signal

Another important signal used in BCI is the oddball signal which is commonly known
as P300. Such brain signal is generated as a response to odd, rare, or infrequent
stimuli [18]. When a subject recognizes any rare or odd stimulus, a positive going
peak after approximately 300ms of onset of the stimulus is generated over the
parietal, central, and frontal regions of the brain and mainly distributed over the "z"

lines of electrodes i.e., Pz, C;, and F.

30F
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Figure 1.6: Figure showing P300 brain patterns in the dotted lines. The grand

average of (the trials is marked with a solid line).
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Figure 1.7: Figure showing SSVEP brain patterns in the dotted lines. The grand average
of the trials is marked with a solid line.

However, the signal amplitude is highest in the P; electrode and gradually attenuates with
the distance over the scalp. The latency of the P300 signal usually varies between 250-
750ms. The P300 signal, which usually responds to an oddball stimulus, here has been
utilised to check the possible overshoot of the end-effector of a robot arm around a given

target position. A typical P300 waveform is presented in Figure 1.6.

1.5.4 Steady-State Visual Evoked Potential

The third important class of signal is Steady-state visual evoked potential. Such a signal is
generated as a response of the brain to repetitive visual stimuli. It is observed that a subject
when perceives repetitive visual stimuli or gazes at flickering sources (such as flickering
LED), a particular brain pattern modulated by the fundamental source frequency is generated
in the primary visual cortex of the brain, which is popularly known as SSVEP. SSVEP along
with the source frequency also contains the harmonics of the source frequency, however,
their amplitude is relatively low. The frequency of the visual source stimulus ranges between
3.5Hz - 75Hz. The SSVEP signal has been extensively used in BCI for its high recognition
rate and high information transfer rate. Another major advantage of using SSVEP is the
minimum subject preparation time compared to the other modalities such as MI, ErrP, etc.

SSVEP signal (in response to 6.5Hz flickering frequency) of multiple subjects is presented in
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Figure 1.7. It is evident from the figure that the signal has the highest amplitude near 6.5Hz

frequency which is the frequency of the source stimulus.
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Figure 1.8: Types of brain signals used in BCI.

1.6 Closed-Loop Position Control Using Ml signals

The most advanced BCI systems use “closed-loop” strategies in which the implanted devices
have in-built read-response mechanisms and embedded algorithms that automatically adjust
simulation-related factors to match the patient's needs. These devices sense the composition
of the patient and stimulate signals only when required, thereby reducing the side-effects
during treatment. This can help conserve power and thus minimize battery replacement

surgeries. These systems profoundly impact the clinical pathways of patients with complex
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nervous system diseases. This strategy has been used for mobility assistance—for example,
for wheelchair control or rehabilitation purposes, such as for controlling an electrical

stimulator.

A closed-loop BCI system usually involves a control paradigm, measurement, processing,
prediction, and feedback from the application as shown in Figure 1.9. These functions help
understand or modulate the user's mental condition or intention. The system uses these data
to execute some predefined functions to interact with the environment by seeing, hearing, or
sensing the action. An external device provides communication and neurofeedback, which
enables the user to determine how well they can control the device. Closed-loop BCI can
signal to the brain (e.g., through feedback via electrical/magnetic stimulation, and
optogenetic and sonogenetic techniques) to correct the action or obtain additional

information about it.
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Figure 1.9: The closed-loop system based on brain stimulation with feedback

The control paradigm is the input provided by the BCI user to generate brain signals related
to their intent. The user generates this input via mental tasks, including the kinematical/visual
imagining of the physical movement of a body part, or by concentrating on a specific object
to generate a P300 wave. Some BCI systems (e.g., affective BCI) do not require the users'

intentions. Still, they function by identifying the emotional and mental statuses of the user,
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and can be active, reactive, or passive. In any case, these generated signals must be
measured via invasive or non-invasive techniques. Invasive techniques, including ECoG,
microelectrode arrays, and single microelectrodes, can detect signals from the brain's surface
and produce high-quality signals. However, these techniques require risky implantation

surgeries.

Therefore, BCI research commonly uses non-invasive methods to detect signals (e.g.,
magnetoencephalography and functional-magnetic resonance imaging). EEG is the most
popular and preferred technique in this regard (Nicolas-Alonso and Gomez-Gil, 2012) as it is
economical and portable, and can even be measured by using wireless devices. The most
popular closed-loop BCI is the one based on motor imagery, where the disabled can receive a
piece of additional sensory information from the BCI device. This BCI-based control system
of closed-loop brain stimulation can help sense the effect of a stimulus and adjust this
stimulation in response to the observed effect. The closed-loop BCI can be used to create

synaptic plasticity through spike-triggered stimulation.

In closed-loop position control applications, we often come across a feedback signal for
automatic detection of zero positional error with respect to a desired step input of the
angular position command. The ErrP used in the present context, often referred to as
observational ErrP, is elicited from the medial frontal region with a negative deflection of
approximately 250 ms after the subject observes a machine (or a person) to commit errors.
Here, committing an error refers to crossing the desired angular position/set-point of the
position-control experiment. ErrP, in general, is a reliable feedback signal. However, its
magnitude is diminished in subjects with spinal cord injury and schizophrenic disorders
[19][20]. ErrP amplitude and latency also suffers from inter-subject and inter-trial
variability. Lastly, ErrP is best elicited with discrete events. Here, the robot motion is
continuous which makes the ErrP signal less suited to being used as feedback marker.
Because of the above limitations of ErrP, we prefer to use P300, which is released
approximately 300 ms from the onset of positional zero-crossing errors, experienced by the

subject.
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Figure 1.10: BCl-based complete position control scheme in 2D workspace.

The position of a robot’s end-effecter in 3D space is shown in below Figure 1.10. The robot
arm used here has 6-degrees of freedom (DOF) with the maximum reach of 580 mm in any
arbitrary direction. The frame assignments for all the joints along with the directions of
positive angular motions are shown in Figure 1.11.

The current work uses only the first three links, L1, L2, and L3, of the robot arm. Figure 1.12
illustrates the complete position control scheme. Three different brain signals, including
SSVEP, ERD/ERS, and P300 are employed here to control the position of the robot arm in its
workspace.
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Figure 1.11: BCl-based position control of a robot arm in 3D workspace.

Figure 1.12: Complete closed-loop system of BCl-based position control of a robot arm in
3-D space.

Link 1
F4, F3, C4, Feaoe k C/CC/NM
C3.P4.P3 | Extraction :
: : ~/-4 Link2
Classi?ication C/CC/NM
./_1. H
Link 3 IC/CC/NM
Visual MI| Decoders |
¥ v
feedbac—k&‘ 4 Displace Link 1
e L ntil error M9tor
Driver
Y Logic
b
Feature Error
—3| Extraction Classifiar | FroTNG
Fz, Cz, Pz

Error

17



The advent of inverse kinematics lies in the reduction of the cognitive load of the subject, as
he/she simply plans to move the end-effecter towards the goal. Naturally, the BCI end-users,
who usually are expected to be patients suffering from motor neuron diseases, would have a
user-friendly rehabilitative aid that can be controlled with minimum effort.

1.7 Generic Approach of Designing a Closed-loop BCI Framework

Researchers realized that even though the current state of the external agent (e.g., position of
the end-effector of a robot arm) is used as a feedback signal to the human operator to increase
the accuracy and quality of the performance, still the result was not satisfactory. The main
reason behind this was the stochastic nature of the human brain which causes the EEG signal
to vary significantly over the sessions during the neural activity task and even within the
same session. Such variability of EEG signals degrades the system's performance. Another
reason is the researcher's inability to perfectly understand the biological underpinnings of any
specific neural activity, hence decoding the brain signal with high accuracy is still a
challenging task. Among the other reason, researchers have found that it is still not feasible
for a human subject to perfectly control the brain rhythms to accomplish a complex task.
Even if some of the subjects are able to control his/her brain activity in the desired manner
but accomplishing a complex task using a limited number of BCI commands imposes a high
cognitive load on them.

Hence, in order to achieve reliable and superior performance, the design of the Brain-
Computer Interface (BCI)/ Brain-Machine Interface (BMI) system must contain an auxiliary
controller which is introduced inside the control loop 10 mitigate the gap between desired
performance and the actual performance. When placed in the forward path of the loop, the
auxiliary controller takes the cognitive commands of the subject as the input and optimizes it
by following a control strategy to puck a suitable control signal. The control signal actuates
the external agent (e.g. motors of the robot joints) in such a way that the desired performance
is achieved. Such auxiliary controllers enable the subject to perform complex tasks relatively
easily without any mental fatigue. Such controllers are also responsible for ensuring the
stability of the causing system and maintaining certain input-output constraints, when
necessary, such tasks are not achievable without the auxiliary controller. The auxiliary

controller also reduces the dependency of the system exclusively on the BCI decoding
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performance hence increasing the system accuracy independent of BCI decoding

performance.

It is apparent from the above discussion that the auxiliary controller has now become an in.
dispensable part of designing the modern BCI/BMI system. Although the controller is
generally placed in the forward loop, there are many examples where the auxiliary controller
is placed in the feedback path. When placed in the feedback path,  the controller receives
the state information from the external agent to be controlled and optimizes it to actuate an
encoder that creates the suitable stimulation signal based on the feedback (e.g.
proprioceptive tactile feedback [21][22]) it receives from the auxiliary controller. The
stimulation signal is used to stimulate a part of the human body (Cortical areas of the human
brain [23][24], back of the human body [25]) to achieve better performance.

Now, the BCI system can be designed according to any of the generalized frameworks

(GFMW) discussed below.

1. Framework 1: This framework is an open-loop system where the brain commands
are directly applied to the external agent and the operating subject receives no
feedback from the agent. This framework includes a neural interface that translates the
cognitive commands to the control command of the robot through a series of steps like
pre-processing, feature extraction, feature selection, and classification. The framework

is represented in Figure 1.13

2. Framework 2: Such types of frameworks include a visual feedback path from the
robot to the human subject. The human generates the control command based on the
real-time visual feedback he/she receives from the robot or any external agent. As an
example, for a position control application, the subject observes the present position
of the end-effecter and mentally determines how much it should be moved to reach

the target position. The framework is shown in Figure. 1.14.

3. Framework 3: This framework introduces an encoder in the feedback path to convert
the current state information of the robot or an external agent into a vibrotactile or
electrical stimulation to stimulate a body part like skin or brain. The electrical

stimulation generated by the encoder provides the necessary feedback information to
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the user to generate a suitable control signal for the agent. The scheme is shown in

Figure. 1.15.

4. Framework 4: Such frameworks incorporate an auxiliary controller inside the control
loop either in the forward path or ill feedback poll), The schematic diagram is
presented in Figure. 1.16 consider the auxiliary controller forward path. As evident
from the figure the auxiliary controller here receives the high-level brain command
from the participating subject through the neural interface and modulates them to
generate low level control commands to actuate the robot or any external agent
present in the loop. The current thesis adopts this framework for designing the closed-

loop system.
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Figure 1.13: Schematic representation of Closed-loop BCI Framework 1
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Figure 1.14: Schematic representation of Closed-loop BCI Framework 2
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Figure 1.16: Schematic representation of Closed-loop BCI Framework 4

1.8 Modules of Closed-Loop Brain-Computer Interface System

The closed-loop BCI framework adopted in this thesis essentially contains two major
components, a neural interface, and an auxiliary controller. These two components arc
cascaded with the human brain to achieve robust and superior performance. Here a brief

description of each of them is presented below.
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1.8.1 Neural Interface

The neural interface is responsible for decoding high-level human intention into low-level
control commands that can be applied to the external device or an auxiliary controller. As
discussed earlier, the interface decodes the human intention through a sequence of processing
steps i.e. Pre-processing or Artifact Removal, Feature Extraction, Feature Selection, and

Classification. Each of the sub-components is described below.

A. Pre-processing

The raw EEG signal acquired from the brain contains noise and artifacts arising due to
unwanted muscle movement, eye blinking, power line noise, and other environmental noises.
The pre-processing step helps to eliminate the noise using some filtering techniques. Such
steps are also important to extract the desired frequency sub-band (which contains the highest
amount of information about a cognitive task) from the original EEG signal.

Fast-Fourier transform (FFT) is a widely used method to extract the relevant frequency sub-
band from the EEG signal [26]. FFT provides an alternative representation of the time-
domain signal in the frequency domain using Discrete Fourier Transform (DFT). It allows us
to visualize the separate frequency contents present in the signal. A noisy signal is first
converted to a frequency domain signal using DFT and then the inverse DFT(IDFT) is
applied to get back the signal in the original domain. While reconstructing, the IDFT
eliminates the co-efficient belonging to the undesired frequency components, hence the
reconstructed time domain signal is free of noise. Sometimes another variant of FFT
popularly known as the Short-time Fourier transform (STFT) is also used to handle the non-

stationary nature of EEG signals whose frequency components vary with time [27].

Digital filters are also one of the widely used pre-processing methods in EEG signal
processing. The digital filters are designed in such a way that when a signal passes through
the filter it retains the desired frequency band of the signal and attenuates the other frequency
components. The allowable frequency band is known as the passband and the attenuated

frequency band is known as the stopband. The boundary frequency between the passband and
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stopband is known as the cut-off frequency. Based on the nature of the passband and
stopband the filter can be termed a High-pass, Low-pass, and Band-pass filter [28]

Both the Finite Impulse Response (FIR) and Infinite Impulse response filters are used in the
BCI experiment. The FIR filters are non-recursive in nature and always provide a stable
response however its computational efficiency is less than IIR filters which are recursive in
nature and requires less amount of memory enabling them to be used in real-time BCI
system. Different IIR filters like the Butterworth filter, Chebyshev filter, and Elliptic 1IR
filter are commonly used in BC1[29].

Blind source separation or BSS is also an effective technique to separate the desired source
signal from a mixture of multiple signals 30]. Such a technique is used to eliminate muscle
and ocular artifacts from the EEG signal. Another two commonly used techniques are
Independent component analysis (ICA) and Principal Component Analysis (PCA). The ICA
attempts to solve the BSS problem by representing the set of random variables (EEG
observation) as a linear combination of statistically independent components [31]. On the
contrary PCA attempts to find the directions (principal components) in the data that capture
the maximum variance [32].

Apart from the spectral filtering techniques discussed above, spatial filtering techniques
are also very popular in the BCI domain as they help to obtain more localized signals and to
reduce the effect of far signal sources. One such spatial filtering technique is Common
average referencing (CAR) where the average value of all the electrodes is subtracted from
every electrode to reduce the effect of distant signal sources [33]. Laplacian filter on the
other hand subtracts the weighted average of the surrounding electrodes from an individual

electrode, and the weights are determined based on the distance between the electrodes [33].

B. Feature Extraction

Once the pre-processing phase is over, the brain patterns are subjected to further processing
for extracting the hidden features which are not self-revealing in the raw EEG signal. The
feature extraction method attempts to find the features that characterize the brain pattern and
helps to distinguish between two different classes of brain patterns. There exists a number of
feature extraction methods in the BCI literature, among them time domain feature extractors
like Hjorth parameters [34], Adaptive Auto-regressive parameters [35], time-frequency

domain feature extractors like Wavelet Transform [36], frequency domain feature extractors
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like Canonical Correlation analysis [37], spatial domain feature extractors like Common-
spatial pattern [38], Empirical mode decomposition [39] are mostly used in BCI
experiments.

Here, we discuss four major feature extraction methods relevant to four major categories of

brain signals (MI, P300, ErrP, and SSVEP).

Common Spatial Pattern:

The Common Spatial Pattern (CSP) [40] technique aims to generate spatial filters that
maximize the variance of EEG signals for one class while minimizing it for the other class
simultaneously, and vice versa. This approach facilitates the decoding of the user's intended
actions in the subsequent phase of a Brain Computer Interface (BCI) system.

From a mathematical perspective, definition involves determining the coefficients of the

spatial filter, denoted as 'w," to the following objective function.

() WTE{E|W w! Cw
w)= : = -
wlE]Egw  wlCyw

(1.1)

where; For a given class i, Ei represents the trial matrix of N x Q dimension; N denotes the
number of EEG electrodes and Q denotes the time samples corresponding to each electrode.
Ci denotes the covariance matrix of class i. It is apparent from the above equation that
maximizing the objective function is nothing but the maximization of the signal variance of
class 1 and the minimization of the signal variation of class 2. On the other hand,
minimizing the objective function leads to the minimization of class 1 variance and
maximization of class 2 variance. Hence, the problem has been formulated as an
optimization problem to obtain the optimal filter coefficients. The optimization problem is
subjected to the following constraints w'C,w=1 while extremizing w'C;w Mathematically,

the above expression can be represented in terms of the Lagrange multiplier as below;

L(4mw)=wWTCiw = A (W' Caw — 1) (1.2)

Here, the spatial filters are found to be the eigenvectors of C,C1. However, we consider the

eigenvectors associated with both the extreme (highest and lowest) eigenvalues. Once the
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filter coefficients are obtained, the variance of the filtered signal is calculated, and the

logarithm of the variance is taken as the CSP features.

Regularised Common Spatial Pattern: In recent years a common trend is to modify the
objective function of the CSP by introducing custom terms to achieve a specific solution [38].
One such term is the "penalty term" that penalizes the filter which violates the constraints
associated with the formulation of the objective function. The penalty term is generally
introduced in the denominator of the objective function. The penalty term is generally
introduced in the denominator of the objective function. After introducing the penalty term,
the objective function takes the following form

chlw

Oreg :wTCZ w+BS(w)

(1.3)

here S(w) = w'Mw is quadratic penalty term and B is the parameter of regularization. Like the
classical CSP method described above, the optimization of the modified objective function

can also be represented in terms of the Lagrange multiplier as below;

L(A,W) :WTCIW‘“A,(WT(Cz‘{'BM)W" 1) (1.4)

The spatial filters are obtained as the eigenvectors of the matrix (C, + pM) C1t. However,
unlike the classical CSP methods, the minimization of the objective function is not desirable
here as it leads to the maximization of the penalty term. Hence the objective function is re-
formulated here as below;

wTCzw

wl'Cy w+BS(w) (1.5)

OReg =

C. Feature Selection

It is observed that the feature extraction method sometimes generates complex and high-
dimensional features from the original raw EEG data. However, it is not necessary that all the
features generated by the feature extractor will be relevant for identifying the targeted mental

state. Hence, a subset of features having the highest importance with respect to the targeted
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mental state must be judiciously selected from the original feature pool. Such a procedure is
known as feature selection. The feature selection process has multiple benefits in the BCI
application.

First, it helps to extract the most relevant features and discard the redundant features. Relevant
features have high inter-class variance and low intra-class variance.

Second, the feature extraction method reduces the dimension of the feature which has a
positive effect on the classifier's performance. As the number of features gets reduced the
classifier needs to adjust only fewer number of parameters and also reduces the chance of
overfitting especially when the number of training samples is small.

Third, fewer number of features speed up the classification process, which is highly required
for real-time BCI applications.

There exist quite a few feature selection methods that are extensively used in BCI applications.
Among them, Wrapper based methods like linear regressor [41], evolutionary algorithms [42],
genetic algorithm [43], filter-based methods like Principal Component Analysis [44][45][32],
maximal mutual information [46], embedded methods like SWLDA [47], metaheuristic
algorithms like Particle Swarm Optimization [48], Ant colony optimization [49] are very
popular. Apart from the above methods, mMRMR [50], and Relief [51] are also used as the
feature selection tool in EEG-based BCI. Feature selection methods from each of the three
major categories are discussed in detail in this thesis.

Principal Component Analysis:

PCA aims to reduce the dimensionality of the original dataset while preserving the most
important information captured by the principal component, which arc the directions in the data

space that maximize the variance.

Let us consider X € R™P to be the EEG feature set of a single trial arising from n EEG channels.
and having p number of features. PCA first normalizes the data by subtracting the mean(m) of
each feature (mean is computed by averaging the feature values across all channels:
m=mg,mo....mp) from each channel. The normalized data matrix is then utilized to compute the

covariance matrix. For the normalized matrix X, the covariance matrix X is calculated as X =

nl)?Ti’ Next, the covariance matrix passes through the eigen decomposition method which
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reveals the eigenvalues(ii,A2

.......

Ap) and eigenvectors(Vi,Vz, ...VVp) of the matrix. Next the
eigenvectors are sorted in descending order according to their corresponding eigenvalue.This
ensures that the principal components are ranked by the amount of variance they explain Now.
we select the d principal components by taking the first d eigenvectors to create a projection
matrix S. The original normalized EEG data matrix R is now projected onto the S to obtain the
matrix P € R™® with reduced dimension, where each row corresponds to a transformed data
point and each column represents a principal component score.

D. Classification

Classification is the last component of the neural interface. A properly designed classifier
helps to distinguish between different mental states corresponding to the different mental
intentions of the subject. Once the feature vector consisting of the discriminative features of
an EEG trial is obtained, the classifier categorizes the feature vector and assigns a pre-
defined class label to it. The categorized signal coming from the output of a classifier is used
as an input to the auxiliary controller. In the case of traditional BCI control where the
auxiliary controller is absent, the output of the classifier is directly used to actuate the
external device such as motors of robot joints.

The classifiers learn through the instances to categorize the different cognitive states;
hence the classifiers are trained with the available data generated during the training phase
where the subjects are instructed to perform a given mental task whose class labels are
known as apriori. The EEG signal acquired from the scalp of the subject while performing
the tasks is processed to obtain the feature vector of that specific class label, which is
utilized to train the classifier. Once the training process is over, the trained classifiers are
employed in the real-time system for testing their performance. The BCI system employs
various classifiers for different applications,

For the robot control application, some of the widely used traditional classifiers are given
below.

Discriminant analysis is a classification technique that falls under the category of generative
modelling methods. In this approach, the goal is to estimate the density of EEG feature vector
x within each class Ci based on the given class label. By incorporating the prior probability
(unconditioned probability) of classes, we can calculate the posterior probability of c; using

Bayes formula.
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Linear-discriminant Analysis (LDA) classifier is the simplest form of discriminative classifier
widely used for classifying motor imagery, P300, ErrP, and other brain signals [52][53]. The
main assumption of the LDA is the equal covariance matrix of all classes, hence it presumes
that the classes are linearly separable. It attempts to find the optimal direction in which the
classes are best separable [54]. The advantage of the LDA is its low complexity and ability to
handle multicollinearity.

For a given feature vector x and class labels Ci where i= 1,2,3...n the discriminant function of

the LDA is given below;

A 1
D(x) = =3 (x— o) TZ " (x — a7 + log(m)
(1.6)

where X is the covariance matrix, p, and nik is the mean and prior probability of class ci. The
LDA finds the class label ci (for a given test vector) that maximizes the discriminant function.
It should be noted that while formulating the discriminant function the LDA drops the quadratic
terms and considers only linear terms.
Another important class of classifier is Quadratic Discriminant Analysis (QDA) which is an
extension of previously described LDA[55]. Unlike the LDA, the QDA assumes a different
covariance matrix for each class. It attempts to maximize a discriminant function that is
quadratic in nature. The discriminant function is very similar to that of LDA but also includes
the quadratic terms that were previously discarded in the LDA formulation. The discriminant

function is given below;

1 _
D(X) = _—(X—ufi)rzc ](X—uﬁ)r +10g(7[€i)
: ' (17)

the notation of the equation remains the same as LDA but with an exception, the covariance
matrix Xc;j is now class dependent. Like the LDA, QDA also tries to find the class label c; for
which the discriminant function gets maximized. In some recent literature, QDA is found to
be used as a classifier to classify different cognitive states [56][57].

In LDA and QDA class density is assumed to be Gaussian in nature, but based on Baye's
rule, there is another important classifier called Naive Bayes classifier which assumes the input

features governing the class densities are independent, hence the class density can be obtained
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by simply multiplying the marginal densities of each input features [58]. Such an assumption of
conditional independence helps to simplify the calculation and increases the classification
speed. The Naive Bayes classifier is well suited for real-time EEG classification applications,
hence has been widely used in BCI domain [59][60].

Sometimes it is found that due to the complex nature of EEG data, it becomes almost
impossible to distinguish between two different classes of data using "Hard" margins, i.e. it is
impossible to construct a decision boundary for which all the feature points belong to a class
label will be on the one side of the boundary and feature points belong to another class label
will be on another side of the boundary. Such situations are tackled by introducing the "soft"
margin which allows a small number of feature points to lie on the wrong side of the boundary
but with an aim to increase the generalization capability of the classifier. Support Vector
Machine (SVM) is one of the very popular classifiers which attempts to maximize this soft

margin/hyperplane by minimizing the classification errors [61][62].

Let's say we have EEG feature vectors xi, where i ranges from | to N, representing the training
set X. Our objective is to create an ideal hyperplane g(x) = w’x + wyx that accurately
Classifies the training sectors into two linearly separable classes, wiand wo. In the equation,

w represents the direction of the hyperplane, and wo represents its position. To achieve this
Support Vector Machines (SVM) aim to find the hyperplane direction that maximizes the

mar, gin between both classes, ensuring a clear separation. The distance of a particular point

lg ()|
Iwll

from hyperplane g(x) can be expressed as z = . Now, w and wpg can be scaled so that the

value g(x) is +1 in the case of w1, and -l in the case of wz. Hence, the task reduces the problem

of computing parameters w and wo to minimize the objective function

(@, ) = 5]l0]

(1.8)

subject to the constraint yi(w'xi+wo)>1 for i=1,2,3..N

The above optimization problem is solved using the method of Karush-Kuhn-Tucker(KKT)
conditions. The vector parameter o of the optimal solution comes out to be a linear

combination of the number of feature vectors corresponding to non-zero Lagrange
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multipliers. These vectors are known as Support Vectors. In case the feature points are not
linearly separable, a nonlinear mapping function popularly known as the kernel function is
used to map the feature points in a higher dimensional space. Once the above mapping is
done, the SVM attempts to find an optimal hyperplane that linearly separates the feature
points in that higher dimension. Literature shows the widespread usage of this classifier for
classifying various brain patterns [63][64][65].

Another important classifier for brain signal classification is k-NN [66]. k-NN is a
classifier that maps the feature vector to class labels by storing k-feature points that are
nearest to the test feature point under consideration and then it calculates the Euclidian
distance of the test feature point from all other feature points. The most probable classes
get the nomination from previously selected k-nearest neighbours and the class which gets
the most nomination is selected as the class of that particular test feature point. k is a very
important parameter of the k-NN classifier as the local density of data is controlled by it
and of course, it is much smaller than the training sample size [62].

Apart from the statistical classifiers, Artificial Neural Network is also used as classifier in
the BCI task. The ANN is completely data-driven, hence doesn't depend on the probability
distribution of the data [67]. The ANN attempts to learn the mapping between feature vectors
and class labels by adapting the connection weights between the artificial neurons. It uses
EEG feature vectors with known class labels along with a learning rule to update the
connection weight [68][69].

However, due to the low signal-to-noise ratio and non-stationarity of the EEG signals, the
classification performance is not optimal. Hence, a recent trend is seen where the parameters
of the classifier model are updated continuously to tackle the above drawbacks and increase
the classification accuracy [70]. A very popular approach called transfer learning is also used
to deal with the problem of less data, it enables the classifier trained in one BCI domain and
session to be used in another BCI domain [71][72][73]. There exist many other techniques to

increase classification accuracy like merging the feature extraction, feature selection, and

classification process is one of them [70].
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Parameter adaptation is done using both supervised and unsupervised learning [74], i.e. with
or without having prior knowledge about the class of the data. although most of the adaptive
classifiers are designed using supervised learning [75][76][77]. In motor imagery-based BClI,
adaptive LDA and QDA were used to classify the MI signals [78][79][80][81][82][83]. An
adaptive probabilistic neural network was also used to classify different classes of Ml
patterns, such models assume a distribution model of feature sets of each class and update it
with the new incoming feature vector [84]. Likewise, an altered non-linear Bayesian
classifier employed unsupervised or semi-supervised learning methods, where a subset of the
incoming trials was labelled. This adaptation incorporated extended Kalman filtering to
monitor the fluctuations in the parameters of the class distribution alongside auto-regressive
(AR) features [85].

Another important class of classifiers is Convolutional Neural Networks, which is
popularly known as CNN. A convolutional neural network is a type of neural network that
follows a forward propagation approach, where information moves unidirectionally from the
input through the hidden layers to the output. It is characterized by the presence of at least
one convolutional layer [86][87]. The convolutional layer employs a convolutional operator
that transforms the input signal into an output signal through (Eq.1.9). For a given trial of
EEG data x; with N number of samples, the convolutional filter gi having size L, transforms

the input x; into output y;

L-1
y(n) =Y gixn_i¥n=0.12,..N-1
i=0 (L9

Although the above equation is given for 1-D signal input, but the idea can be safely
extended for multidimensional input. Hence, CNN can be used for multichannel EEG inputs
also.

In a general framework of CNN, non-linearities and pooling layers are introduced after the
convolutional layer. Such layers combine the relevant local data coming from the
convolutional layer output into a solitary value, usually by utilizing an average or maximum
operation. Typically, in standard ConvNet architectures, multiple layers consisting of

convolution, and nonlinearity (and pooling) are sequentially stacked, followed by additional
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layers, commonly fully connected, which function as a classification layer [88]. It is worth
noting that certain architectures employ solely convolutional layers for classification. The
model parameters in these architectures consist of the weights assigned to all the convolution

filters, as well as the weights associated with the fully connected layers.

Parameters of the network are trained through supervised learning with the aim to minimize

the cost function of the following generic form

W= argnz{n}% ZJ()'I'- D,.(xi)) +R(w)

’ (1.10)
The training data above is represented as [xi,yi] for i ranging from 1 to the total number of
samples. The prediction function Dy, associated with the ConvNet, is used to predict the
labels for the input data xi. The loss function J is used to measure the discrepancy between
the true class of EEG trials x; and the predicted class. Additionally, R represents a
regularization function that helps in controlling the parameters of the ConvNct. Stochastic
gradient descent and its variants are widely used for optimizing deep ConvNcts due to the
specific form of global loss, Which the average loss over individual samples. Moreover, the
feedforward architecture of Dy enables the computation of gradients at any layer using the
chain rule. This efficient Computation is accomplished through the back-propagation
algorithm [89].

In the BCI domain, CNN is being extensively used to identify and distinguish between
different mental commands (brain patterns) due to their superior ability to learn the most
discriminating features present in that specific brain pattern [90]. Although there exist quite
a few papers that use CNN to detect various brain patterns like Motor Imagery, SSVEP,

P300, etc., here we will discuss some of the landmark papers for each category of brain

signal.
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The initial exploration of CNN for P300-BCI (Brain-Computer Interface) was conducted
by Cecotti et al. in their pioneering paper [91]. Their CNN architecture consisted of two
convolutional layers, where one layer was designed to learn spatial filters and the other layer
to learn temporal filters. These layers were followed by a fully connected layer. In addition to
this, the researchers also investigated the use of ensembles comprising multiple CNNs with
similar architectures. In another instance, Manor R et al. [92] used CNN with one spatial
convolutional layer along with two other temporal convolutional layers to detect the presence
of P300 generated in the context of Rapid Serial Visual Presentation. The network also
employed two dense fully connected layers at the end for the classification purpose.

The CNN is also extensively used in deciphering motor imagery signals in BCI. Tabar Y R
et al. [93] used CNN in conjunction with Deep Belief network (DBN) to classify motor
imagery signals. Schirrmeister et al [94] investigated different CNN architectures including
shallow CNN, deep CNN, hybrid shallow+deep CNN, and residual NN. The shallow CNN
consisted of one temporal convolution, one spatial convolution, squaring, mean pooling, and
a softmax layer. The deep CNN involved a temporal convolution, a spatial convolution,
followed by three layers of standard convolution, and a softmax layer. The hybrid
shallow+deep CNN combined the architectures of shallow and deep CNNs by concatenating
them. The residual NN consisted of a temporal convolution, a spatial convolution, 34 residual
layers, and a softmax layer. Both the deep and shallow CNN architectures outperformed
FBCSP significantly in their performance, however, the hybrid and residual CNN failed to do
that. Another paper [95] used CNN to classify multiple brain patterns like Motor Imagery
(MI), P300, ErrP, etc. They used a compact structure of CNN with few layers and

parameters.
1.8.2 Auxiliary Controller

Performance requirements of different BCI applications cannot be met only with human efforts
because of the subject's inability to perform complex tasks (such as complex trajectory
generation for the robots, avoiding obstacles during the robot movement, proper grasping of
objects using robot gripper, etc) using limited number of BCl commands. It also imposes a

high cognitive load on the participating subjects. Hence an additional controller is needed to
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take care of the low-level tasks. Such controllers are termed auxiliary controllers. The auxiliary
controller receives the human command from the neural interface and modulates it to actuate a
robot arm or an external device to achieve any specific task. The main role of the auxiliary
controller is to provide high-precision control, which usually is difficult to achieve by human
agents.

Different control strategies based on the requirements of the BCI application are adopted for
designing the auxiliary controller. Here, we will briefly discuss three major strategies used

predominantly in the Brain-controlled robot application.

A. PID Controller

Proportional-Integral-Derivative (PID) controller is a traditional and one of the simple
control strategies which have got widespread application in various domains like robotics,
process industry, the aerospace industry, etc. Such controllers are also implemented in
closed-loop BCI for their easy realization technique [96][97] The control signal u(t) can be
represented by Eq. (1.11)

u(t) = Kpe(t) +K/ dt—l-Kdﬁ

dt (1.11)

where e(t) is the error signal that arises due to the mismatch between the actual and desired
value. Kp,Kj, and Kgq are the proportional constant, derivative constant, and integral constant
respectively. It is evident from (1.11) that the control signal u(t) is a function of the error
signal, rate of the error, and integral of the error. The objective is to optimize the values of
Kp,Ki, and Kq to obtain the desired control signal which can actuate the external agent to get
the desired performance. The proportional gain helps to obtain a fast response time, and the
integral constant helps to get a zero steady-state error while the derivative constant yields a
reduced overshoot by predicting the rate of change of error in advance.

Many studies have used PID controllers in the closed-loop BCI for various applications like

robot control, regulating the vibrotactile feedback, generating proprioceptive feedback from

the robot, etc[96][97][98][99].
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B. Shared Controller

The utilization of a shared controller in a Brain-Computer Interface (BCI)-based robot
manipulation task offers inherent advantages. It serves to enhance the accuracy of task
completion by the robot while simultaneously reducing cognitive fatigue experienced by the
human operator through a reduction of subject involvement in repetitive tasks. The primary
objective of the shared controller is to optimize the capabilities of both the human and robot
agents within the system by breaking down the task into smaller sub-tasks and assigning
them to the most suitable agent (either human or robot) based on their specific strengths.
High-level decision-making subtasks are entrusted to the human agent, while lower-level
tasks like local navigation and object grasping are autonomously performed by the robot
agent using its onboard sensors like RGB(D) camera, ultrasonic sensors, etc. This approach
ensures that human intervention is only required when uncertainties arise in the decision-

making process.

Typically. shared control methods employed in BCI applications can be classified into two
main types: sequential shared control and all-time shared control [100]. In the case of
sequential shared control, the task is shared between the autonomous controller and the
human subject in a sequential manner. Initially, the human subject provides high-level
commands, such as the desired destination to reach and the autonomous controller then
executes the task while ensuring specific conditions are met. In the other type of control
method human operator and the shared controller continuously shares the task and the
decision is generated at each instant by combining the decisions of the human and the shared

controller.

C. Model Predictive Controller

Model Predictive Control (MPC) is a control strategy that utilizes a predictive model of the
system's behaviour to optimize control actions over a future time horizon [101]. First, a
mathematical model of the system's dynamics is developed from the experimental data to
describe the dynamic behaviour of the system. Based on the present state and control input of
the system, the model predicts the behaviour of the system over a specified time. An objective
function with certain input-output constraints is optimized to obtain the optimal control input.
Once the control input is applied to the system, the state or the system gets updated, which

becomes the present the prediction model.
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Such Model-based predictive controllers are currently being used to design the auxiliary
controller in closed-loop BCI for their superior performance in terms of precision and
accuracy [102][103][104][105].

1.9 State-of-the-art BCl-based Control Schemes

The BCI has become an emerging field in the last ten years, hence there exists a large
number of literatures in this domain. However, here we provide a review of recent BCI
works which focus on the design of closed-loop BCI systems from the control-theoretic
perspective and are relevant to the main theme of the present thesis.

In 2016 Meng et al. [106] developed a novel approach to cursor control (and also position
control of an end-effecter) using two sequential steps. The first step utilizes the left/right
MI for cursor control in the x-direction on a horizontal plane. In the second phase, the
authors employed both hand-movement together to control the movement of the cursor
(end-effecter) in the y-direction of the horizontal plane. Next, they arranged to hover over
the target object using Mu-power. The position of the cursor/end-effecter is displayed as a
feedback signal to the user for necessary corrective actions in subsequent steps.

Meng et al. [107] in their other work, proposed an interesting approach to controlling the
position of a cursor on a computer screen. They employed overt spatial attention (OSA) to
control the movement of a cursor on the left/right side of the screen depending on the
subject's alertness towards the left/right ends of the screen. After the cursor hits the
left/right bar of the screen, it would have a change of colour to signify success. Once the
cursor control in the horizontal direction is over, the user utilizes OSA to control the
movement of the cursor in the up-down direction. A third strategy to control the motion of
the cursor in a virtual plane perpendicular to the screen is to employ a left/right motor
imagery signal to move the cursor outward/inward on the plane. An alternative strategy is
to control the left/right and up/down movement of the cursor by motor imagery and motion
in the perpendicular plane by OSA control.
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BCI System

Figure 1.17: Schematic diagram of BCI-based control strategy proposed by Tariq et al

Liu et al. [108] proposed a novel scheme where left-arm motor imagery is utilized to lift the
robotic limbs and right-hand motor imagery to move down the limbs. Additionally, they
utilized inverse kinematics to determine the angular positions of the joints of the 6 degrees
of freedom manipulator. Lastly, they employed a novel neural-net-based position controller,

that optimizes a given control objective to reduce to optimize the angular velocity and

?

High Leve] Decision
LHMI/RHM] )

\—
\

Obstacle 2

\voidance

Robot

Controller

Actuator | Motor
for Motor Command

Motor

angular acceleration of each joint. The scheme is presented in Figure 1.18

LHMI
Decoding

Control command

y

RHMI
Decoding

,/Inverse kinematics

to move up

Control command

y

Motor
Link

L

to find joint angles

Inverse kinematics

Trans.
Bridge
Ckt

A 4

to move down to find joint angles
€ Driver 1 [« Ogg- t:ti):twrozto
i Driver 2 [« Og;» t(a:li)x?tv?luto L.

Figure 1.18: Schematic diagram of BCl-based control strategy proposed by Liu et al.
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Tang et al. [109] proposed an interesting technique to control the movement of an end-
effecter in a plane parallel to the plane of a camera mounted on the moving robotic arm.

They introduced an on-off type control strategy by utilizing the following principle.

o I. The left/Right movement of the end-effecter on the coronal plane (parallel
to the plane of the camera) is done by left/right-hand motor imagery.

o 2. The motion of the cnd-cffcctor is stopped when the camera detects the
object of intent on the coronal plane.

Another work by Zhang et al. [7] proposes the following strategy to mentally control a robot

arm using a custom-designed neural interface.

I. The subject selects the objects using SSVEP.

2. The subject uses motor imagery to control the robot arm.

3. There are 6 types if movements involved in grasping control: left, right, up, down, open
and close.

4.By image analysis, the robot determines the displacement in left, right, up, down,
opening and closure of end-effecter.

5. Additionally, the robot plans the same movement patterns of the end-effecter.

6. Now, the probability of the end-effecter to grasp object due to up, down, left, right etc.
movement are compared from the visual inspection data both by the Kinect sensor and
the subject. A data fusion algorithm is run to obtain the optimized constraints.

The work undertaken by Xu et al. [110] deals with switched mode dual control strategy where
BCl-based control is employed at an early stage to position a robot end-effecter close enough
to a targeted object. After the end-effecter reaches the neighbourhood of the target position, the
manual to automatic camera-based position control is switched on. In the BCI-based control
paradigm, the subject employs left-hand motor imagery and right-hand motor imagery to
control the motion of the end-effector at 45° around the targeted position of the end-effecter. In
other words, the LHMI and RHMI are transformed into velocity vectors at an angle of +45°or -
45° respectively with respect to a reference line in the plane of motion of the end-effecter. The
end-effecter is moved in a zig-zag path toward the pre-defined target. Once the end-effecter

comes within close vicinity of the target object, the switch over to automatic control using
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vision-based movement planning is instigated. Under this scheme, a camera mounted at the
corner of the robot-work table is turned on to capture the image of the object, localize it by
image preprocessing and segmentation, and a control strategy is developed to bring the gripper
towards the target object. Figure 1.19 provides a schematic overview of the overall system

involving the camera, robot arm, the subject, and the distributed control strategy.

Sorbello et al. [111] proposed an interesting scheme of shared control to control the position of
the end-effecter. First, the subject selects the on-screen navigational commands, (such as move
horizontal, vertical, left, right, gripper open/close, and the like by using P300 signals. A camera
mounted on the top of the robot is used to determine the direction of navigation of the end-
effector intelligently. In case the direction indicated by the camera matches with the one
selected by the subject using P300, the action is selected, but not executed. Before execution of
the command, a second step of confirmation is obtained by the bio-feedback. The "biofeedback
module™ inputs 3 parameters: Attention, Focus, and Intent, and evaluates a metric as the
weighted sum of the above 3 parameters. In case the weighted sum crosses a pre-defined
threshold, the action chosen by the subject is executed. If the weighted sum goes below the
threshold, the action selected by the subject is abandoned.
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Figure 1.19: Schematic diagram of BCl-based control strategy proposed by Xu et al.
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Wang et al. [112] presented an interesting approach to object selection through a camera
using SSVEP. The scheme employs a camera mounted on top of a robot arm to explore the
objects within the field of view, which are transferred to a computer monitor for selecting the
target object using SSVEP. Here for each object, a bounding box is developed. These
bounding boxes flicker at different frequencies to represent the identity of the individual
objects. A subject intending of selecting a specific object focuses on the item and the
flickering frequency is picked up by the subject through SSVEP. Once the object is selected,
the navigation of the robot arm is automated by a camera-based position control system, The
distance of the object from the camera is calibrated using the size of the object. The smaller
the size, the closer the object with the robot arm.

Lillio et al. [113] proposed a novel strategy for shared control to develop a BCl-controlled
assistive manipulator. Here the entire task of controlling the manipulator is partitioned into
two components: i) BCl-based human interaction and ii) Intelligent autonomous action. In the
BCl-based human interface, the subject selects three items in sequence: i) Object selection, ii)
Robotic Action selection, iii) Action execution. Selections are done using P300. The BCI
modality of the subject is now complete, and the control policy now is transferred to robot
automation. In the automated phases, a Kinect-based camera is used for object recognition
and mouth recognition. This information is passed to the waypoint generator which generates
a reference trajectory to be followed by the robot. A task priority-based inverse kinematics
algorithm is employed which takes care of the obstacles present in the environment and
communicates with a low-level robot joint velocity controller. The joint velocity controls the
torque of each joint of the robot and manipulates it towards the desired direction.

Batzianoulis ct al. [113] proposed an interesting approach for shared control by utilizing the
ErrP signal and Inverse reinforcement learning (IRL) paradigm. Herc the subject has its own
choice of trajectory planning of a robot, for instance, obstacle avoidance and trajectory
Planning toward the fixed target. Each time the robot reaches an obstacle before reaching the
destination the subject releases an ErrP signal. The decoded ErrP signal is used to move away
the robot from the obstacle without violating the planned trajectory of the robot. An IRL
algorithm is employed to change the trajectory following the user's preferred trajectory of

motion.

Duan et al. [114] in a recent paper presented a novel scheme for shared control with a hybrid
BCI system. They employed a camera-based capturing of robots' movement. The camera

back-plane and the human retinal backplane are parallel. So, the information extracted by
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the camera is the same as could be obtained by the subject, if he attempted to see the robot
by his naked eyes. The computer screen displaying camera view about the robot's trajectory
of motion includes provisions for generating navigational commands for the robot using
SSVEP. Navigational commands include turn right/turn left/grasping etc. After the SSVEP-
driven commands are issued to the robotic device, the robot gets aware of the task it has to
do with. Next, motor imagination is carried out to turn the motor clockwise/counter-
clockwise. The switching from SSVEP to Ml is performed by thresholding of a parameter.
Yuan et al. [114] developed a novel approach for BCI-based navigational planning of a
mobile robot. A camera mounted on top of a mobile robot is used to capture scenes including
obstacles present in the environment. The camera output is visible to a subject through a
computer screen. The camera front plane and the computer screen are placed in parallel, so
the subject has the same impact due to the onscreen video, rather than watching the robot
motion directly. A SSVEP based selection of robotic actions is included in the front panel of
the computer. The control decisions are taken by the subject are communicated to the robot
wirelessly, to perform the required task. The control decision includes avoid obstacles and

move towards the targeted goal.

Zeng et al. [115] provide a novel approach to BCI and camera-based object positioning and
gripping. The camera back-plane is kept in parallel with the plane containing several objects
around the robot arm. Naturally, the image acquired, when displayed on the computer screen,
all objects seen by the camera take specific positions/coordinates on the screen. A second
camera is mounted on the screen to develop the gaze-detection system. The gaze detection
system determines the direction of the gaze of the user to select one of several objects in the
local neighbourhood of the robot. Later the subject controls the speed of the robot by repeated
ERD/ERS and the direction of the movement of the robot using gaze control. When the
gripper reaches above the object, the gripper vertically gets down to the object and grips it,
and takes its precise position.

Tidoni et al. [116] proposed a faster and easier way to navigate a walking bipedal
humanoid robot by combining SSVEP brain signals and audio-visual feedback from the robot.
The task was to |. Navigate a humanoid robot towards a target object, 2. Pick the object 3.
Place the object in the desired location. Participating subjects used their SSVEP signal to
navigate the robot in the desired direction (left, right, forward, backward and stop movement)
and also to select the desired object to be picked and desired location where the object to be

placed. A camera is placed on the robot's head which captures the live feed of the robot's local
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environment and transmits the feed to a remote computer. The feed of the camera is visible to
the user through a computer. Now the subject mentally issues navigational commands to the
robot by observing the robot's movement on the computer screen. While navigating the robot
through mental commands, the subject receives the footstep sound of the robot synchronous
to the actual robot movement. It was observed that subject could navigate the robot with the
increasing speed and accuracy while they receive audio and visual feedback from the robot
through footstep sound and camera respectively. The authors also placed mirror near the
robot, through which the robot itself became visible to the subject. Such placement of the
mirror enhanced the accuracy of operation.

Fransicso et al. [117] introduced a novel approach for EEG-BCI based on-off control of
home appliances. In the said scheme, the subject selects control commands on a computer
screen to communicate his/her desire to activate external devices (such as a light, fan, AC, TV
and the like). The automatic selection of control commands is performed using P300 brain
signal. Once a control command is selected, it is transformed into a speech signal by a text-to-
speech translator. A Google Assistant is activated, once the speech is generated with a
codeword used to activate Google Assistant. The rest of the communication is actuated by
Google Assistant. For example, if the message needs to be communicated to a subject by
phone, a phone call to the recipient may be initiated. In case the speech needs to be
communicated to the speaker, the voice message is sent to the subscriber by phone. In case a
TV or an AC needs to switched ON/OFF, an IR device is activated to be used as a remote
controller through a Wi-Fi device to switch ON/OFF the TV/AC or similar devices.

Mao et al. [118] proposed a novel strategy for brain-robot interaction by fusing human and
machine intelligence. They attempted to develop an intelligent system to navigate a mobile
humanoid robot in a fixed workspace through BCI-based control commands. The workspace
is captured by a camera mounted on the head of the robot. The captured frames about the
local neighbourhood of the robot is mapped onto a computer screen. The motivation here is to
make the robot move along a user-intended path. This is done by generating two brain signals
P300 and SSVEP in sequence. To make the problem simplified, let us assume the robot is
desired to move to a fixed object position. This is realized by liberating P300 through flashing
the desired object on the screen. However, in case, a trajectory of the robot is required, the
first object the robot needs to reach is commanded by generating P300 (by flashing the
selected object on screen) and the motion of the robot therefrom is controlled by generating
SSVEP by gazing at a flickering source. Such movement of robot from one location to the
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other is needed in many applications like transportation, assembling in factory automation,
and fire extinguishing at several places. The schematic diagram of the control strategy is

given in Figure 1.20

Mengfan et al. [119] extended their previous work by judiciously selecting the 2-step motion
commands of a robot using N200 and P300 signals. The first step involves the selection of
forward motion, while the latter involves one of the three possible motions like continuous,
discrete or stepwise. In both cases, they utilize N200 followed by P300 signals for command
generation. The classification accuracy is here increased by 2 parallel classifiers: SVM and
FDA and the classifier decision is communicated to the robot when the response of the

classifiers is matched.
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Figure 1.20: Schematic diagram of the BCI strategy proposed by Mao et al.

The robotic neural prosthesis is an effective way to restore the function of disabled or
amputated limbs but poses a restriction on the subject to receive somatosensory feedback.
Such drawback is overcome by reanimating the original limb of the subject instead of using a
robotic prosthesis. A novel strategy following the above protocol is proposed by Liu et al.

[120], where they used a custom-designed low power, miniaturized, tactile force sensor, and
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an electro goniometer to encode tactile and proprioceptive feedback signals respectively from
the re-animated limb. The subject wears the sensors which encode the feedback signal from
the limb and transfers it to a bidirectional invasive brain-machine interface (BMI) which in
turn generates a frequency/pulse-modulated stimulation to actuate a specific brain region.
The BMI interface was designed using SOC technology, which integrates a neural activity
recorder, electrical stimulator, analog-to-digital converter, ultra-wideband transceivers, and a
digital signal processor for suitable stimulus signal generation.

As an improvised method of post-stroke rehabilitation, Romero-Laiseca et al. [121] proposed
a novel brain-machine interface where the participating subjects perform pedaling imagery to
trigger a motorized exercise bike which is highly effective for gait and lower-limb
rehabilitation. The system is beneficial for post-stroke patients who cannot voluntarily actuate
a movement but now become able to do it using the proposed brain-machine interface. They
focused on minimizing the computational cost of the system using a few strategies which
includes the use of i) Fast Fourier Transform(FFT) followed by inverse FFV for the pre-
processing of EEG signal, ii) Riemannian geometry based feature extraction, iii) pairwise
feature proximity for feature selection and using low-cost LDA classifier for pedaling motor
imagery classification, The highest accuracy achieved by the two post-stroke patients was as
high as 41.67 % and 91.7% although the average accuracy achieved by them were bit low.
Significant improvement in the actuating time shows the efficacy of the system for its longer

use.

Another efficient way of decoding the neural signals for the generation of suitable control
signals in a closed-loop BCI system is proposed by Dangie et al. [122]. The method is
particularly suitable for decoding the non-stationary brain signal in an online BCI task.
Instead of using a traditional Kalman filter-based decoder which uses batch estimation for
updating its parameters, here the researchers have proposed an adaptive version of the
Kalman filter which continuously updates its parameter through a stochastic gradient descent
algorithm. The proposed adaptive Kalman filter (AKF) updates the estimation of the state
matrix and observation matrix at each time step. The efficiency of the algorithm is validated
using the centre-out cursor movement task in a 2D virtual plane and the brain function is

mimicked using a simulated model of cortical neurons. The algorithm results in a faster
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learning process and increased success rate. The algorithm proves to be more robust to the
sudden disturbances than it's non-adaptive version.

Kyung-Huan Shim et al. [123] proposes a novel technique of brain-machine interface-
based robot reaching and grasping tasks using a custom-designed neural interface and a 3D
vision camera. The neural interface translates the human intention captured by the EEG
signal into robot commands using a novel convolutional neural network. The proposed CNN
uses a smaller receptive field of 3x3 dimension to extract the minimal difference between the
imagined movements of different parts of the same limb. The lower receptive field has the
advantage of increasing the spatial resolution of EEG feature vectors. The proposed CNN
also rules out the usage of any max-pooling layer that considers only the active features and
neglects other important features, which may cause the robot to follow any unwanted
command. The experiment consists of reaching and grasping an object with the mentally
guided robot arm and pouring a beverage from the grasped object. All the tasks are carried
out by five mentally imagined commands (Right/Left MI, twisting wrist imagery etc.). The
imagined commands decoded by the neural interface actuate the robot-end-effecter to reach
the correct region where the target object is located and then a 3D Kinect camera determines
the exact location of the target object using a YOLO object detection algorithm and guides
the robot end-effecter to grasp the target object. Results obtained in this study reveal that the
proposed CNN Yyields an online accuracy of 90% and also performs better than other CNN-

based decoding algorithms that use the maxpool in their architecture.

A similar approach of using a Model Predictive auxiliary controller in a Brain-machine
interface setup can be seen in a recent research paper by Fuizon He et al. [115]. They used a
model predictive controller for the safe operation of a brain commanded mobile robot. The
proposed controller modulates the control signal issued by the human operating subject to
provide a safe and collision-free trajectory for the mobile robot. It also overcomes the
shortcomings of the direct BCI control (without any auxiliary controller) that may lead to
poor performance due to i. longer response time, ii. no guaranteed safety and iii. the higher
number of control commands required to navigate the robot. The MPC uses a virtual model of
a mobile robot to estimate the system behaviour and generates a sequence of optimal control

signals by satisfying the safety constraints at each time instant. The scheme was tested in a
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virtual environment where the subject uses SSVEP brain signal to issue different navigational
commands which get optimized by the proposed model predictive controller. The accuracy of
the robot navigation task reached 100% without any incident of collision with the obstacles

and the task completion time was also reduced significantly.

The use of a model predictive controller in a BMI-based prosthesis control task (describe
above) requires the mathematical model of the system, which is often very complex in nature
due to the inclusion of a complex human brain model and other bio-physiological models in
the loop. Pan et al. [124] provided an interesting solution to it by designing a model-free
controller which is entirely data-driven and does not require an explicit system model.
However, the proposed controller was used in the feedback path of a closed-loop brain-
machine interface to generate a suitable control command to actuate a device that can
stimulate a specific brain region so that the subject can mentally guide the robot to achieve the
desired response (such as a specific trajectory). They considered a simulated model of the
cortical circuit for single-joint movement and used a model-free controller to generate
artificial sensory feedback to actuate the group of perceived position vector (PPV) neurons of
the cortical circuit to achieve their target firing rate which is required to control the robotic
prosthesis. The controller performance was compared with a model predictive controller and
the result shows that although the MPC controller shows slightly better performance but the

proposed model-free controller has a faster response.

Shared autonomy in a BCl-based robot manipulation task has the intrinsic advantage of
increasing the task accomplishment accuracy of the robot and also minimizing the cognitive
fatigue of the human operator by reducing the human involvement in repetitive tasks. A
generalized hierarchical structure for achieving suitable shared autonomy in a BCI system
was proposed by Akinola et al. [125]. The proposed hierarchical system is universal in
nature and hence can be adopted in any BCI-based robotic system. It aims to leverage the
fullest power of each agent (human and robot) present in the system by subdividing the task
into smaller sub-tasks and assigning those sub-tasks to the best agent (human/robot) for that
specific sub-task. The sub-tasks involving high-level decisions are carried out by the human

agent while the low-level tasks such as navigation in the local environment, and object
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grasping are carried out by the robot agent autonomously using its onboard sensors. It
ensures that human involvement is only required when uncertainty about a decision arises.
The performance of the system was evaluated in a home-like environment where a mobile
robot has to perform certain tasks like food delivery, table cleaning, etc. The robot receives
the higher-level navigational commands from the human subject through an SSVEP-based
neural interface and navigates to the target location using SLAM. A vision-based camera is
then actuated to identify the desired object in the target location and a suitable grasping
strategy is applied to grasp the desired object, The experiment achieved a task completion
accuracy of 96.2%.

The shared-control-based strategy adopts various modalities to convey the user intent to the
auxiliary controller. Among them, SSVEP is widely used for its high information transfer
rate and high detection accuracy. Flickering sources on the screen are used to evoke the
SSVEP in the subject's brain. In the vision-based strategy, SSVEP is often utilized by the
subject to provide the necessary navigational command to the robot by observing its
surrounding environment through a camera whose live video is presented on a screen. In all
the cases the camera feed and the SSVEP sources are represented separately. However, a
more interesting approach was proposed by Yang et al. [126] where they embedded the
flickering sources directly on the objects visible in the live camera feed. A stereo-vision
camera located in a fixed frame is utilized to capture the surrounding environment of a
Baxter robot and identifies the nearby objects through colour segmentation. Subjects having
the intent to select a particular object focus on the flickering source virtually embedded in it.
A decoder interface was designed to decode the response of the brain, which enables the
system to identify the target object. Once the object is identified, its location (after suitable
coordinate transformation is conveyed to a vision-based controller which guides the robot to
reach the target object. The controller is also responsible for avoiding collision with
obstacles by coordinating the self and task motion of the robot They also proposed a novel
adaptive algorithm to identify objects in different lighting conditions. Apan from the above
contribution they introduced the least mean square method in the co-ordinate calibration task
between robot and the camera. The experiment was validated using an object-picking task

where two subjects participated and achieved an accuracy of 100% and 80% respectively.

Generally, shared control methods used in BCI applications are broadly categorized into two

types i.e. sequential shared control and all-time shared control. In the first case, human the
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autonomous controller and the human subject share the task in sequential order. The human
subject delivers high-level commands such as the destination to reach and the autonomous
controller performs the above task with maintaining certain conditions. The main drawback
of such systems is the user's inability to intervene in the task while the autonomous
controller is executing the task, i.e. once the task is assigned to the auxiliary/autonomous
controller the user can no longer issue any further command until the controller becomes
free. Such phenomena reduce the sense of authority of the user. Deng et al. [100] proposed a
novel shared control scheme for the continuous sharing of tasks between humans and the
auxiliary controller in a virtual wheelchair control application. A Bayesian shared controller
was proposed to intelligently bine brain-actuated control and autonomous control introduced

by the auxiliary controller to generate an optimal steering command for the wheelchair.

Concluding, Chapter 1 aims to provide a detailed review the Brain-Computer Interface (BCI)
technology along with its different controller modules.
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2.1

CHAPTER 2

PROPOSED WORK

ABSTRACT: Chapter 2 provides an approach to design and develop a brain-actuated 2-loop
position control with an inner loop to control speed and an outer loop to control position of an
artificial robotic limb for neuro-motor rehabilitation. Three distinct models of brain-actuated
speed-setting with possible control policies and stability analysis are presented. The analysis
reveals that Takagi—Sugeno type fuzzy control yields the best results. Additionally, cognitive
load is also reduced significantly as the user needs to generate error-related potential once
only to identify the position of the targeted object he needs to translate. Traditional BCI-based
position control schemes utilize acquired motor imagery signals of the subject for motor
actuation and error-related potential signals to detect positional overshoots. The positional
overshoot results in steady-state positional error. Current BCI research attempts to reduce
steady-state errors at the cost of high cognitive load of the subjects. The motivation here is to

reduce the steady-state positional error without enhancing cognitive load of the subjects.

Introduction

Traditional brain-computer interface (BCl)-based position control schemes meant for neuro-
motor prosthetic applications highly rely on two specific brain signals, called motor imagery
(MI) and error-related potential (ErrP) [126][127]. While MI is used to initiate the movement
of an electromechanical motor associated with a robot arm, the ErrP is used to stop its motion.
So, MI-ErrP together acts as a simple on—off position control [128]. As on—off position
control suffers from positional overshoot, causing non-zero steady-state error, current BCI
research revolves around designing alternative modalities of position control schemes.
However, the primary hindrance in realizing alternative modality lies in the inability of
determining the amplitude of positional error from any well-known brain signals. For
instance, ErrP can be utilized to detect the occurrence of positional error only, but neither the
magnitude nor the sign of positional error can be detected from the occurrence of ErrP [129].
The paper makes an attempt to design different modalities of speed-setting based on the

measured value of the positional error signal to examine the most appropriate scheme. The
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choice of the appropriateness of the scheme is determined by two factors: stability margin of
the control system and the cognitive load of the subject. In fact, there exist varieties of
velocity modulation scheme in traditional 2-loop position control schemes [130]. However,
due to experimental constraints, these schemes are not directly applicable in the present work.
The paper proposes three alternative schemes of velocity modulation in BCI-induced position
control. Although the schemes have their own diversity, there still remains commonality in
utilizing the occurrence of the ErrP signal to identify the location of the target. The variation
in the brain actuated velocity-adaptation scheme arises due to the choice of the nonlinearity in
the positional error to speed mapping. The first scheme utilizes a proportional gain setting of
K (< 1) to the signed error to develop the speed-adaptation law. The second scheme sets the
current speed half of its last value and also asserts sign reversal, each time the robotic arm
crosses the target position. In other words, at each zero-crossing of positional error signal, the
speed is set half of its last value with a sign reversal. This scheme ensures that ultimately
speed is decaying toward zero before the link comes to a halt position. The third scheme
employs the well-known Takagi—Sugeno approach for fuzzy reasoning for automatic speed-
setting of the robotic arm [131]. The Takagi—Sugeno scheme considers error and its time-

derivative for speed-setting of the robotic arm.

An analysis of stability of the three velocity-adaptation strategies is undertaken here using
root locus technique. An insightful look into the root loci reveals that the Takagi—Sugeno
scheme of speed-setting yields the best performance with reference to stability margin.
Cognitive load in all the proposed schemes being uniformly low, the Takagi—Sugeno scheme

is given importance for its better stability.

Chapter 2 is classified into seven sections. In Section 2.1, an overview of the 2-loop position
control scheme for the neuro-prosthetic limb is given. Section 2.2 provides three alternative
strategies for speed-setting. Stability analysis of the proposed schemes using root locus
technique is examined in Section 2.3. Experimental details are presented in Section 2.4.
Performance analysis is given in Section 2.5. The list of concluding remarks is summarized in
Section 2.6.
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2.2 System Overview

Traditional BCI-schemes for position control of neuro-prosthetic limbs utilize on— off control
strategy, where MI signal is used to initiate motor-movement and the ErrP signal to switch off
the motor [126][127][128]. Such types of on-off position control schemes yield positional

overshoot, resulting in nonzero steady-state positional error.

Large positional overshoot is undesirable for the present application, concerning people with
neuro-motor diseases. The present research thus is targeted to reduce the positional overshoot.
There are several approaches in traditional control theory [130] to reduce positional
overshoots. The one chosen for the current application is velocity modulation of the end-
effecter of the robotic limb driving the artificial neuro prosthetic upper limb. A commonsense
reasoning reveals that for small overshoot, a small (negative) speed-setting of the end-effecter
is needed, so that the robotic limb reaches the target with reduced or no overshoot. The
negativity in speed-setting refers to speed reversal each time the robotic link crosses the target
position. The sign reversal and reduction in speed guarantees stabilization of the position
control system, which is examined in detail in the next section. Three different strategies for

velocity modulation are proposed here based on the philosophy narrated above.
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The first, probably the simplest, strategy deals with proportional gain setting of the velocity
modulator with signed positional error as the input. The proportional gain factor is kept below
one, so that the stability of the velocity adapter toward zero positional error is ascertained. The
second scheme of velocity modulation is concerned with both speed reversal at each zero-
crossings of positional error and also reduction of speed by a fixed factor, here chosen 2, with
respect to the last speed of the robotic link before the zero-crossing. The choice of the speed-
reduction factor by 2 is somewhat arbitrary, but the effect of such choice is interesting for

mathematical simplicity in designing the transfer function of the velocity modulator.

Both the above schemes have fixed gain setting of the velocity adapter. The third strategy
makes an attempt for variable gain of the speed modulator realized with rule-based system.
Again, there are several approaches of rule-based gain setting of the velocity modulator. The
well-known Takagi—Sugeno fuzzy reasoning technique is used here to select the variable DC
gain based on the measurement of error in all except the first error cycle [132][133]. The first
error cycle is used to identify the position of the target based on the occurrence of the ErrP
signal when the robotic limb has a fixed pre-defined trajectory of motion toward the target. The
user can observe the target and automatically select its position indirectly by the first
occurrence of the ErrP signal, when the robotic link crosses the visually examined target

position.

Figure 2.2 provides a schematic overview of the complete proposal for the 2-loop position
control. The scheme is meant for one-dimensional position control of a robotic arm over a
semi-circular are with a pre-defined start and variable stop position defined online by the end-
user. The variability in the stop position is needed to assist an end-user with neuro-motor
disability to select an object of his/her interest to be picked up by the robot arm. Like
traditional BCl-based position control, here too, MI and ErrP signals, respectively, are utilized
to switch on and off the motor associated with the robotic link. The motor is switched on when
the end-user wants to start moving the robotic link. On the other hand, ErrP is released by the
end-user when he/she finds the robotic link to cross the target position. The occurrence of the
ErrP thus determines the location of the target position, where the end-user wants the robotic
link to stop. However, because of inertia, the motor employed in the robot arm is sluggish and
thus turns by extra angle even after generation of stop command. So, the stop position cannot
correctly describe the location of the target mentally fixed by the subject. Here lies the

importance of the present work. The solution is presented next.
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The problem of correctly determining the location of the user-intended target position here is
performed by utilizing the onset of the ErrP signal. This is accomplished by allowing a
capacitor to charge up to a maximum voltage corresponding to the angular position of the
target at the onset of ErrP-release. The capacitor, which here is charged up through a rotary
reference potentiometer driven by the motor, is disconnected from the moving armature of the
potentiometer by a switch at the onset of the ErrP. Thus, the charged up voltage across the
capacitance represents the reference angular position of the robotic link. A buffer with high
input impedance is connected across the capacitance to avoid voltage-drooping. Thus, the
target position can be correctly determined automatically by the end-user using the ErrP signal.
The reference position once known, the control policy does not require end-user’s attention
further during the rest of the control task, thereby reducing the cognitive load of the

experimental subject.

The rest of the control task is similar to traditional regulatory-type control. In the present
realization, a 2-loop position control scheme is adopted with the outer loop used for setting the
speed of the robotic arm based on the positional error, and the inner loop to control the speed
using tacho-generator feedback [134]. Such 2-loop control policy enhances response-speed
without losing stability of the control system. The fundamental aspect of the proposed 2-loop
control policy that differs from its traditional counterpart lies in the design of the brain-
actuated speed controller (BASC) block. This block also is new to the domain of BCI research.
The BASC fixes the reference speed of the inner control loop by assessing the positional error.

Three different models of BASC are proposed, details of which are given in Section 2.4.
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Figure 2.2: Schematic diagram of the 2-loop position control system

2.3 MI/ErrP Classification

EEG signals are often found to be contaminated with muscle artifact and electrical noise
picked up from the external environment. Common Average Referencing (CAR) [135] is
employed here to filter the external noise that appears uniformly across all channels.
Additional filtering is undertaken by employing Band-Pass Filters (BPFs) of suitable pass-
bands to select signals of specific frequencies for selected cognitive tasks, planned for signal
acquisition from given channels [136] [137]. The filtered signals are processed for extraction
of certain features, which are fed to classifiers for classification of the targeted cognitive tasks,

here Ml and occurrence of error.

MI and ErrP Pre-Processing:

The MI signals that appear in Mu (8-12 Hz) and Beta (16-24 Hz) bands are passed through an
elliptical BPF filter of order 6 and pass-band: 8-24Hz. The choice of elliptical filters is
inspired by its sharp roll-off characteristics around the boundaries of the pass-band. The ErrP

signals are passed through a elliptical BPF of order 4 and pass-band: 0.1-10 Hz.
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2.4

24.1

MI/ErrP Feature Extraction:

Common Spatial Pattern (CSP) features have remarkable performance in MI classification
[138][139]. The past success of CSP prompted us to realize extraction of MI features using
CSP. Here CSP-Filter-Bank approach is employed following Fabien et al. [140] to extract Ml
features. Adaptive Auto-Regressive (AAR) parameters have also shown excellent performance
in ErrP classification [141]. This motivated us to select AAR parameters for ErrP classification.

Here 7" order AAR parameters are utilized for feeding to ErrP classifier for its classification.
MI/ErrP Decoding/Classification:

Linear Support Vector Machine (L-SVM) classifier is selected to classify both the MI and ErrP
signals. The choice of L-SVM is induced by its exceptional performance in Ml and ErrP

classification in the literature.

Modelling of the Proposed Brain-Actuated Speed Controller

In this chapter, three distinct models of BASC are proposed. The BASC is required to switch
over the control task from brain-inspired activation mode to automatic mode using the
reference potentiometer to the capacitor connection switch, activated by the ErrP signal [142].
After the BASC is activated, the zero-crossing in positional error is detected by additional
electronic hardware, such as a comparator circuit (referred to as zero-crossing error detector in

Figure 2.2. The three controller models proposed are presented below.

Brain-Actuated Proportional-Type Speed Modulation

In proportional-type speed control, the angular speed 6 is set proportional to signed positional
error (0r — Oc), where 0 and O, respectively, denote reference angular position and feedback

position of the motor shaft/armature of the control potentiometer.

Oc =K (6r — 0c) (2.1)
where K essentially needs to be less than 1 for stability. The stability for the above choice of K

is ensured for convergence of ¢ approaching zero, when error (6 — 0c) approaches zero. It is
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apparent from (2.1) that in Laplace (s) domain, the transfer function of the proportional-type

speed controller is given by

sOc(s)/(0r(s) — 0c(s)) =K (2.2)
Expression (2.2) takes care of automatic sign reversal of the speed for sign reversal of
positional error. It is important to note that proportional-type speed controller does not require
any zero-crossing detector, introduced in Figure 2.2, as (2.1) holds at zero-crossing and

nonzero values of error as well.

Zero-Crossing Sensitive Brain-Actuated Speed Modulation

The zero-crossing sensitive speed modulator sets the current speed of the robotic link at each
zero-crossing of error as half of the last speed before zero-crossing. The speed reversal also
takes place at each zero-crossing. Formally, the current speed Oc is half of its last speed ( 6c —
1).

0c=—(1/2) (6c—1) (2.3)

The formal approach to modelling (2.3) is presented graphically in Figure 2.3. In this figure, it
is assumed that each error cycle period, T is reduced by .

c@®)=fu®) —u@t—T)]-[u(t—T)—ut— 2T —9)]+[u(t— (2T —-95)) —u(t— (3T —-9))] — -+
[u(t— (nT — (n— 1)0)] (2.4)

Simplifying (2.4) we obtain (2.5),
cW=u®)—2u(t—T)+2u(t— 2T —-9)) —+u(t— (nT— (n—1)J)) (2.5)

Positional ErrP

error e(t)

N C Brain Actuated Speed Speed
yd + Modulator based on sign pee

- of error at zero crossing

77

Figure 2.3: Brain Actuated Speed Modulator Model
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Figure 2.4: Timing diagram of zero-crossing sensitive speed modulator

Velocity setting of the zero-crossing sensitive speed modulation can be expressed as:

V(t) = (Vo/2) fu@®) — u(t — T )]— (v/Dfut— T) — u(t — 2T + )] + = + (vo/2n )fu(t — (n — DT +
(n—2)0—u(t—nT+n—1)9)] (2.6)

where vo denotes the initial speed of the robotic link.
Taking Laplace transform of (2.5) and (2.6) we, respectively, obtain (2.7) and (2.8).
C(S) — (1/5) (1 — Ze—sT + 2e—s(2T—6) — 2e—s(3T—26) + o+ e—s(nT—(n—I)zS)) (2.7)
—(voy L 3 sty 3 asTwas — . o Lo (n-D)sT +m-2)0s
V (s) (S)(2 S toe +e ) (2.8)

Simplifying (2.7) and (2.8) by approximating e " = 1 — sT, and substituting T = 15,

Ce) =3 [5;] (2.9)
and
VO =2hhE @1

2.4.3 Takagi-Sugeno Fuzzy Model for Speed Adaptation

The Takagi—Sugeno (T-S)-type fuzzy controller is selected to handle the diversity of amplitude

and sign of error and its time-derivative to determine the speed of the robotic link at each zero-
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crossing of error. Sample rules used for T-S-type control involving fuzzy quantifiers: SMALL
POSITIVE, SMALL NEGATIVE, NEAR ZERO and the like to errors and error derivatives are

given below to compute the speed as a linear combiner of the said parameters.
Rule 1: If error (e) is Small Positive and error derivative (é) is Small Negative then speed is
(0.1 % (e) — 10 x (&)).

Rule 2: If error (e) is Large Positive and error derivative (é) is Small Negative then speed is
(0.5 x (e) — 100 x (¢€)).

Rule 3: If error (e) is Small Positive and error derivative ( é) is Large Negative then speed is
(0.1 x (e) — 10 x (é)).

Rule 4: If error (e) is Large Positive and error derivative (¢) is Small Positive then speed is (0.5
x (e) — 100 x (&)).

Rule 5: If error (e) is Small Positive and error derivative (¢é) is Small Positive then speed is (0.1
x (e) = 10 x (¢)).

Rule 6: If error (e) is Small Positive and error derivative (é) is Large Positive then speed is (0.1
x (e) = 10 x (¢)).

Rule 7: If error (e) is Large Positive and error derivative (é) is Large Negative then speed is
(0.5 x (e) — 100 x (€)).

Rule 8: If error (e) is Large Positive and error derivative (é) is Large Negative then speed is
(0.5 x (e) — 100 x (€)).

Rule 9: If error (e) is Small Negative and error derivative (é) is Small Negative then speed is
(0.1 x (e) — 10 x (é)).

Rule 10: If error (e) is Small Negative and error derivative (é) is Small Positive then speed is
(0.1 x (e) — 10 x ( &)).

Rule 11: If error (e) is Large Negative and error derivative (é) is Small Negative then speed is
(0.5 x (e) — 100 x (¢€)).

Rule 12: If error (e) is Near Zero and error derivative () is Small Negative then speed is (0.04
x (e) —0.01 x (é)).

The coefficients of the error and error time-derivatives in the above rules are selected
intuitively. It is apparent from the structure of the fuzzy rules that in Takagi— Sugeno-type
fuzzy adaptation, that the speed of the robotic controller is determined by the positional error
and its derivative [131]. Formally, let the current speed of the controller be #c(t) and the
positional error is given by (0r — 6¢). Then the Takagi— Sugeno response of the controller is
given by (2.11).

0c(t) = K1 Oc(t — 1) + Li(0:(t) — 0c(1)), (2.11)
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2.5

where K1 and L1 are gain constants of user’s choice.

On taking Laplace transform of (2.11), it is found that the ratio of speed and positional error is

given by
sOc(s)/(0r(s) — Oc(s)) = Lis/{1 — (K1e™°" ) + (La/s)} L1s/(K1Ts? + (1 — K1)sT + L1)

withe™sT=7 -7  (2.12)

It is apparent that the above transfer function is stable for all K1 < 1.

Analysis of Stability Margin of the Proposed Controllers

The BCl-based position control system may get stuck into limit cycles for possible range of
parameters of the velocity-adaptation unit. Limit cycles are small amplitude oscillations around
the equilibrium point of a control system. They are undesirable as stable limit cycles bring the
system at the verge of instability. An analysis of stability of the proposed BCI-based control
system thus is needed. Several approaches are available in the literature [143]. Root locus is
one such popular technique to analyse stability of the control system. Given the open-loop
transfer function G(s)H(s), where G(s) is the forward path gain and H(s) is the feedback factor,
one can determine the location of the roots of the characteristic equation: 1 + G(s)H (s) = 0 for
varying DC gain K = 0 toward infinity. It may be added that the DC gain K lies in the forward
path of the system, and large vale of K pushes the system toward instability. Determining
maximum DC gain to keep the system stable thus is an important issue in control system
design. Root locus technique provides a simple means to evaluate the theoretical maximum DC

gain above which the system becomes unstable.

In this paper, the stability analysis of the closed-loop system is performed by root locus
technique. Consequently, for each of the three proposals for speed modulation, the root locus
diagram is plotted, and stability analysis is performed in terms of maximum allowable DC gain
of the system. The maximum DC gain here is defined as the gain of the system at the crossover
points of the root locus plot with the jw axis. It is known that the system remains stable as long

as the roots of the characteristic equation lie within the left half of o + jw plane.
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The following parameters are used to construct the root loci. In Figure 2.2, the motor open-
loop transfer function is found as Gmotor(s) = 16.13/(s? + 61s + 303). The tacho-generator has a
gain of Ky =—1. The transfer function of the proportional type speed modulator is K. Transfer
function of the zero-crossing sensitive speed modulation based on positional error at each zero-
crossing obtained from (2.9) and (2.10) is C(s)/V(s) = (Vo/2) [s(s + 1)/(s®> + 6s + 8)], where Vo
is the initial speed of the robotic link. The transfer function of the Takagi—Sugeno fuzzy
controller can be expressed as Li/[1 + (Li/s) — K1 °T]. K1 and L1 are the multiplication factors
to error and error derivate, respectively, with K; < 1 and an unbounded Li. The choice of the
restrictive bound on Ki and boundlessness of L1 are determined by stability considerations of

the Takagi—Sugeno fuzzy velocity-adaptation rules.

Figure 2.5(a) provides the block diagram of the complete loop of the position control system,
where speed adaptation is performed by proportional gain setting. The corresponding root

locus diagram is given in Figure 2.5(b).

Figure 2.6(a) provides the block diagram of the complete loop of the position control system,
where speed adaptation is performed by reversing and reducing the speed on each zero-
crossing of the positional error. The corresponding root locus diagram of zero-crossing

sensitive speed modulation system is given in Figure 2.6(b).

Figure 2.7(a) provides the block diagram of the complete loop of the position control system,
where speed adaptation is performed by Takagi—Sugeno fuzzy rules [144].

The corresponding root locus diagram for two different choices of Kland L1 is given in Figure
2.7(b), (c)
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Figure 2.5: a) Block diagram of the proportional-type modulation system, b) Root locus for

proportional type speed modulation with K = 0.3

Experiments and Results

An experimental setup is developed in artificial intelligence lab, Department of Electronics and
Tele-Communication Engineering, Jadavpur University to undertake the experiment for BCI-
based position control for a 2-link robot arm developed in the laboratory and 6-link Jaco
humanoid robot arm, manufactured by Kinova. The 2-link robot arm includes two motors, one
for turning one link, and the other for displacing the second link. In the present experiment,
only the first link used for turning the robot is utilized (Figure 2.8(a)). The motivation here is
to move the end-effecter at the desired position (right pad, clockwise) from the start position
(left pad) in Figure 2.8(b)). The control parameters, including steady-state error, peak

overshoot and settling time are evaluated and reported later in a table.
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2.6.1
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Figure 2.6: (a) Block diagram of the zero-crossing sensitive speed modulation system, (b)
Root locus for zero-crossing sensitive speed modulation system with Vo = 2

A 6-link Jaco humanoid robot arm also is employed to serve the necessary position control task
using three links. Here, an experimental subject needs to move an object from a given start
position to a pre-defined terminal position in the robot’s workspace (Figure 2.9). The links are
here triggered in a random order as per user-requirement. To select individual link Steady-State

Visual Evoked Potential (SSVEP) is utilized. This is accomplished by the following means.

Preamble

Light emitting diodes (LEDSs) flickering at distinct frequencies are connected with the links of

given robot arm. When the user wants to select a particular link, he/she needs to look at the
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selected link. Naturally, the flickering frequency of the LED is picked up by the brain, and the

BCI-system comes to learn the right link the user wants to select for the present task [145].

Reference Speed

sLy ] 16.13 :
s+ L —Ki(1=sT)s V| (s+5.4)s+55.44)
i Motor

Feedback Speed

Tacho-Generator, K,

Takagi-Sugeno
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Figure 2.7: a) Block diagram of Takagi—Sugeno fuzzy speed modulation system, b) Root locus

for Takagi— Sugeno speed modulation with Ky = 0.1, L1 = 10, c) Root locus for Takagi—Sugeno
speed modulation with K; = 0.5, L1 =10
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Figure 2.8: (a) Lab-developed model of a 2-link robot arm, (b) Single-link position control

using motor My

Figure 2.9: Photograph of the experimental setup for 3-link Position Control

After the link selection by the SSVEP is undertaken, the user performs motor imagination
signal to make a link aware that the user wants the link to start moving in the intended
direction. The intended direction is here selected by right/left hand motor imagination. For
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clockwise motion of the link, the right-hand M1 is needed. For the counter clockwise movement
of the link, the left-hand M1 is needed. After a link is selected for motion and Ml is performed
to make the link moving, the subject has to continuously monitor whether the link crosses the
target position. Once the link attempts to cross the target position, the ErrP is released by the
brain. The target position in the present context is a point in 1-dimension, a straight line in 2-
dimension and a plane in 3-dimensional position control [126]. On detection of the ErrP, the
robot is commanded to stop the motion of the link. However, because of the inertia of motor,
the link by that time has advanced by an offset angle. To avoid this overshoot one approach is
to turn the link in reverse direction with lower speed. The turning of the link in reverse

direction is repeated till convergence of the algorithm.

Table 1: List of features extracted from the EEG signals

EEG Features No. of
signals features
MI Common spatial pattern (CSP) features 126

(obtained by filter-bank approach)
ErrP Adaptive auto regressive (AAR) parameter | 21
SSVEP [Power spectral density (PSD) 198
Auto regressive (AR) features 200

The control policy adapted then identifies the position of the target by the occurrence of the
ErrP and switches it to automatic human-free mode by traditional error-based position control
subsequently. Three different speed modulation techniques and hence control policies are

proposed. The analysis of the modalities is discussed in the last section.

2.6.2 Signal Processing

This paper emphasizes artifact removal, filtering and feature extraction from three distinct
types of EEG-waveforms: (I) SSVEP, (I1I) MI and (I1l) ErrP [146]. Artifacts due to eye-
blinking and muscle artifacts are removed by independent component analysis (ICA) [147].
Narrow band spatial filters with appropriate mid-frequency and bandwidth are used to filter
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the above signals. After filtering and artifact removal, specific signal features are extracted

from the said signals [148], [149]. The list of the features extracted is given in Table 1.

2.6.3 Classification

Once the features extraction is over, the feature of the signal is fed to a classifier. The task of
the classifier is to classify each signal into true positive or false negative. Such classification
needs prior generation of training instances for each class and training the classifier with the
instances of the said two classes [150]. After classifier training is over, it can be done for
classification of unknown input instances. Any traditional supervised learning classifier can
be used to serve the present problem. We here used linear discriminant analysis (LDA)
classifier for the present 2-class classification problem for the three brain signals [151], [152].

Classification accuracies obtained during training and test phases are given in Table 2.

Table 2: Classification accuracy in the training and the test phase.

Brain signal |% Classification accuracy in

Training phase | Test phase
SSVEP 99.2 96.2
M 98.6 96.1
ErrP 98.4 96.3

2.6.4 Performance Analysis

The performance of the proposed BClI-based control system is examined here with respect to
the state-of-the-art research in the said domain. Table 3 provides the results of comparative
study in performance of the proposed and existing technique with reference to four different
metrics: percentage steady-state error, percentage peak overshoot, settling time and cognitive
load. The first three parameters reflect the control theoretic merits of individual schemes. The
last metric, called cognitive load, is a coinage from the BCI literature. Here, it represents the
attention the subject needs to pay for execution of the control task. In the existing BCI-based
control literature [128], the subject has to continuously monitor zero-crossings in positional

error, which incurs extra cognitive load to the subject. This has been avoided here by
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restricting ErrP detection once only to determine the target position of the robotic arm.
Subsequent zero-crossings are detected here automatically by additional hardware, thereby
reducing the cognitive load of the subject significantly.

It is apparent from Table 3 that the proposed Takagi—Sugeno-based fuzzy controller
outperforms existing BCl-based controllers and the proposed other two controllers in all
respects. The remaining two proposed controllers outperform existing ones with respect to all

four metrics.

2.6.5 Conclusions

Chapter 2 provides a scheme for BCl-based 2-loop controller design with an outer loop for
position control and speed-setting, and an inner loop for speed control of a robot arm. Three
different models for brain-actuated speed-setting are proposed and the stability analysis of the
models is performed using the well-known root locus technique. The results of stability
analysis envisage that the proposed Takagi—Sugeno model outperforms the existing and other
competitive models. In addition, control theoretic performance analysis undertaken over the
models confirms the exceptional performance of the Takagi—Sugeno model over the existing
and other two proposed models. Experiments have been undertaken over both healthy
subjects and patients with neuro-motor disability to study the performance of the proposed
system. It is noted that because of low cognitive load, patients with neuro-motor disability
could also execute the control task easily without difficulty.

Table 3: Comparative controller performance analysis

Technique used Performance metrics
Steady-state error | Peak overshoot | Settling time (ts) | Cognitive load
(ess)% (Mp)% sec

Only MI 7.73 5.4 35 High

MI + ErrP 2.10 4.9 31 High

MI speed-setting + | 0.20 4.2 24 Medium

ErrP +

Scheme | 0.18 3.8 22 Low

(proportional-type
speed modulation)

Scheme Il (zero- 0.04 1.1 12 Low
crossing sensitive
speed modulation)

Scheme 111 0.02 1.05 10 Low
(Takagi—Sugeno
fuzzy control)
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CHAPTER 3

SIMULATION AND RESULTS

The experiment includes 2 phases, called training and test phases. During the training phase,
the subject is trained to release MI (motor imagery), when he is asked to perform RHMI using
a PPT presentation. He is also trained to produce ErrP(error-related potential) during the
occurrence of zero-positional error for the first time. During the test phase, the subject
performs MI and ErrP based on her previous experience in a natural mode. During the
training phase we identified the best features-classifier combination for the best results of
classification accuracy. Here, for MI classification, we use Common Spatial Pattern (CSP)
features, and for ErrP classification we utilized Adaptive Auto-regressive (AAR) parameters.
The classifier in the present context is a Linear Discriminant Analysis (LDA) classifier. We
could use Support Vector Machine (SVM) classifier, but the LDA performance was

comparable with Linear SVM classifier. So, we have chosen LDA.

3.4 Design of the Brain-Actuated Speed Modulator

The brain-actuated speed modulator/controller asserts the linear speed of the motor to half of
its last value after each zero-crossing of the positional error signal and also reverses the
direction of motion of the robotic link. The first cycle of zero-crossing in positional error is
notified by the occurrence of ErrP, while the subsequent zero-crossing in positional error is
determined by additional hardware involving a comparator as shown in Figure. When the
positional error crosses sign from positive to negative, the comparator output changes from one
to zero, and vice-versa. Thus, for each one-to-zero change of the comparator output, the sign of
speed is positive, and for each change in comparator output from zero to one, the sign of speed
is negative. In both the cases, current speed is set to half the value it had before last zero-

crossing in error. The velocity and speed profiles are shown in Figure 3.1.
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Figure 3.1: Brain actuated speed modulator model
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Figure 3.2: An example of the speed modulation with respect to positional error

In Figure 3.2, we presumed that the positional error in its positive or negative half cycles is
reduced by 8. Presuming that the first half-cycle has a duration of T sec, the subsequent half
cycles will have duration T- 8, T-25, ..., and the like. The comparator output given in Figure

3.2 can be mathematically expressed as in Equation 3.1.

c(®) =[ul@®) —ut-D]—[ut—-T) —u(t — 2T = 8))] + [u(t - 2T - &) -
u(t — (3T —28)] +[u(t — 2T - 8)) —u(t — BT —28))] -
[u(t — (3T — 268)) — u(t — (4T — 38)]+.... +[u(t — (nT — (n — 1)8)]

=u(t) —2u(t—T)+2u(t— (2T - 68)) — 2u(t — 3T — 28)) + - .....
+u(t — (nT — (n—1)§)) (3.1)

It is also apparent from Figure 3.2 that the speed-profile v(t) generated by the brain-actuated
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controller is given by Equation 3.2, where Vg is the initial speed.

v(t) = [u(t) —u(t—-T)] - Yo [u(t —T)—u(t—2T + 9)]
[u(t —2T+6) — u(t —-3T +26)] — Yo [u(t — 3T +26) —u(t — 4T + 36)]
+ -+ ZV—n[u(t —(n—-DT+(n— 2)6) —u(t—nT+ (n—1)58)]

3Vo 3V0

= Du(t) - 2u(t - T) + ZLu(t — 2T + 8) —
3V, Vo
+—u(t—4T+36)— +ﬁu(t—(n—1)T

32
+ (- 2)8) (3.2)

Zu(t - 3T + 28)

Taking Laplace Transform of Equation 3.1, we obtain (3.3).

C(S) — l _ Ee—sT + Ee—s(ZT—8) _ ge—s(3T—26)+_ .
S S S S

o+ l e—s(nT—(n—l)é‘)
S

1 2 _ 2 _ 1 _ 1 _ 1 _
=(;+;e ZsTeé's+;e 4-sTe3¢$s+___)_2(;e sT_I_;e BSTeZSS_l_;e 5sTe4as+___)

(3.3)

Using the rules of summation of an infinite geometric series (with common ratio: |r|<1) from
Equation 3.3, we re-write (3.3) as (3.4).

1 2 e—ZSTeGS 2 e—ST
C(S) = l; + E(l _ e—25T8265>I - ; ll _ e—ZsTezﬂsl
e—ZsTe8s _ e—sT
=—+
S S( 1-— e—25T826s >

B 1 2 (e—sT)(e—sTeés _ 1)

. ;(e—sT)(esT _ e—sTezds)

=
| N

1, 2 esT-9Hq
; + ;esT(l_e—Z(sT—é‘s))

(3.4)

Approximating esT by 1 + sTin (3.4), we obtain (3.5).

70



1-s(T—-6)—1

C(s) = esT(1 — (1 + 2(sT — 6s))

1 2 (=s(T = &)

=S ST 6T =69

_1 [Z+sT]

= s l14sT

(3.5)

Taking Laplace Transform of (3.2) we obtain (3.6).

VO 3VO e—sT 3V0 e—ZsT+6s 3V0 e—3$T+26s

V(s) =—— + -
(s) 2s 4 s 8 s 16 S
+ % e—4sT+3¢S's _ E e—(n—l)sT+(n—2)é's
32 s T o2m s (3.6)

Using the rule of infinite geometric series summation with common ratio <1 in (3.6), we

obtain (3.7).
e—ZSTe6S _%e_s’r 1
1 _%e—ZSTeZ(SS 4s 1 _%e—ZSTeZSS

VO 3V0 %e—ZSTeﬁs _ e—sT
= — 4+ —
2s  4s 1 _%e—ZSTezas

1 _ -
_ Vo, 3V 3¢°0701

T 25 4s esT—2e~(T-20)s

v _ Vo 4 3V,
() = 2s 8s

(3.7)

Approximating e5T by 1 + sTin (3.7) we obtain (3.8):

1
Vo 3V, 2(1—5T+5S)—1
V(S)=2—+4— 1
T A +sT) — 7 (1~ (T - 28)s)

" 2s 8s[3 . 5 1
[3+75T —50s]
_VO VO 1+25(T_5)
2525|143 (ST - 26)
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_Vo_s(8-T)
"~ 25 (5T-268)s+3 (3.8)

Theoretically,6may take any real value in (0, T). For the sake of simplicity in analysis, let us
assume 6 = g Substituting § = g in (3.8), we obtain (3.9).

v _ VO Ts

) =35aTs 3

_Vo_ T

T2 (3+4Ts) (3.9)

Expression (3.5) and (3.9) involve only one model parameter T, which is any positive real
number. Choosing T=1 in (3.5) and (3.9), we obtain (3.10) and (3.11) respectively.

_1 (2+s)
C(S) - s (1+s) (3.10)
Vo 1
v(s) =2
2 (45+3) (3.11)

The transfer function of the brain-actuated controller based on the input-output shown in

Figure 3.3 is obtained as

Vo 1
_V(s) 2 (4s+3)
Gc(s) - C(S) - 1(2 + S)
s(1+s)
_Ve s(1+s)

With proper choice K, Ts, Ts' and K; in for practical motor and tacho-generator and also
setting controller gain K’ =1 in the inner loop for simplicity, we have the closed-loop gain for

the inner loop as Ginner(S).

16.13
Ginner (5) = (5+0.054)(s+5.4)(s+55.44)

(3.13)

The loop gain of the overall system now is obtained as G(s) = G¢(S). Ginner(S).

2.016(s+1)
0 (5+0.054)(s+0.75)(s+2)(s+5.4)(s+55.44)

G(s)=V (3.14)
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Figure 3.3: Root Locus plot of the proposed model

3.2 Matlab Simulink

Step (1):- Open Simulink Library

Step (2):- In search panel enter Transfer Function and select Transfer Function with initial
inputs option.

Step (3):- Enter the Coefficients of the transfer function according to the degree of equation.

s%+s

Here, the transfer function of a system is ———
4s°+11s+6

Then the numerator coefficients will be [1 1 0] and denominator coefficients will be [4 11 6 ]
for the above transfer function.

Step (4):- Choose Transfer function as defined in Step (3) for motor and integrator.
Step (5):- From search panel select ‘Sum’ which would represent summer for the system.
Step (6):- From search panel select ‘Gain’ and put Gain=1 and place it in the feedback path.

Step (7):- From search panel go to ‘Source’ and select ‘Step” and place it as an input to the
system.

Step (8):- From search panel go to ‘Sink’ and select ‘Scope’ to analyse the output response.
Step (9):- Connect all the blocks as shown in the Simulink.
Step (10):- Click on run.

Step (11):- Double click on the scope to see the response.
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3.3 Simulink Model

Step
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Step Parameters

Figure 3.5: Step Parameters
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3.4 Output Plots
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C. Scope:
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CHAPTER 4

CONCLUSION & FUTURE SCOPE

The main motivation of the present work is developing a new technique for 2-loop BCI-based
position control system has been proposed, where the inner loop takes care of speed control
and the outer loop takes care of position control. The subject utilizes motor imagery brain
signal to drive the robotic limb-motor at a fixed speed until he finds the limb crossing the
desired target position. The subject releases an ErrP brain signal, when the robotic limb
crosses the target position first time. The brain-computer interface system recognizes the
target position by identifying the location on the trajectory of the robot arm, at the instance
when ErrP is released by the subject. The position of the robot arm at the said instance
corresponds to zero-crossing in positional error. Depending on reaction-time of the subject in
releasing ErrP, the positional offset-error usually has a non-zero (variable) magnitude, which
needs corrections by the subsequent mode of automatic control. The important contribution of
the work is brain-actuated controller design and stability analysis of the overall system using
root locus technique. It is apparent from the root locus plot that the system is stable with large
stability margin (DC gain =4.03) for a proper upper bound on initial velocity= 2 units. The
merit of the proposed scheme lies in reduced cognitive load of the subject as he is set free

after releasing the ErrP at the first zero-crossing of positional error.

4.1 Future Directions and Innovations

Brain-Computer Interface (BCI) technology is a rapidly evolving field with significant
potential across various domains. The future scope of BCI research can be broadly

categorized into several key areas:-

1. Improvement in Signal Acquisition and Processing:-

o Non-invasive Techniques:- Enhancing the resolution and reliability of non-invasive
methods like EEG, MEG, and fNIRS.

o Invasive Techniques:- Developing safer and more effective invasive methods like
ECoG and intracortical recording.

« Signal Processing Algorithms:- Advancing machine learning and Al techniques for
more accurate and efficient signal decoding.

77



2. Neuroprosthetics and Rehabilitation:-

e Prosthetic Control:- Improving the control of prosthetic limbs through more intuitive
and responsive interfaces.

o Motor Rehabilitation:- Developing BCls for aiding recovery in stroke and spinal
cord injury patients.

o Sensory Feedback:- Integrating sensory feedback mechanisms to provide users with
a more natural experience.

3. Hybrid BCls:-

« Combining different signal acquisition methods (e.g., EEG and fNIRS) to enhance the
accuracy and reliability of BCls.

o Integration with other technologies such as eye-tracking and EMG to create more
versatile and robust systems.

4. Al and Machine Learning:-

e Leveraging advanced algorithms to improve signal processing, pattern recognition,
and adaptive control in BCIs.

« Enhancing user experience by making BCIls more intuitive and reducing training time.

5. Wearable and Portable BCls:-

e  Development of compact, user-friendly BCI devices that can be easily worn and
used in everyday environments.

«  Potential applications in consumer electronics, gaming, and smart home controls.

6. Neurofeedback and Cognitive Enhancement:-

e Using BClIs for neurofeedback to improve cognitive functions, manage stress, and
enhance mental performance.

o Potential applications in education, mental health, and professional training.

7. Improved Neural Interfaces:-

o Invasive Interfaces:- Innovating more biocompatible and durable invasive interfaces
that can provide stable, long-term recordings of neural activity.

e Non-invasive Interfaces:- Advancing non-invasive methods to approach the
performance of invasive systems while maintaining user comfort and safety.
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8. Ethical and Privacy Considerations:-

e Addressing ethical issues related to user consent, data privacy, and long-term effects
of BCI usage.

e Developing guidelines and regulations to ensure safe and responsible use of BCI
technologies.

The future scope of BCI research is vast and multidisciplinary, with significant potential to
revolutionize various aspects of human life. Advancements in this field will likely result in
more sophisticated, reliable, and accessible BCI technologies, offering profound benefits in
healthcare, communication, entertainment, and beyond. Addressing the challenges and ethical
considerations associated with BCIs will be crucial for the responsible and equitable
development of this transformative technology.

BCl-based position control of neuroprosthetic artificial arms is set to witness significant
advancements that will make these devices more accurate, intuitive, and accessible. The
integration of advanced signal processing, adaptive algorithms, sensory feedback, and
wearable technology will play crucial roles in enhancing the functionality and user experience
of neuroprosthetic arms. As research progresses, interdisciplinary collaboration and careful
consideration of ethical and regulatory issues will be vital in bringing these innovations to

those who need them.
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