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Abstract

Electroencephalography (EEG) hyperscanning refers to simultaneous

EEG recordings from multiple subjects. This scenario has become

popular for studying group performances by social science activists

to investigate human competing or collaborative actions. However,

the use of EEG hyperscanning had not become practical in brain-

computer interfacing (BCI) prior to this research.

In this thesis, we investigate the use of EEG hyperscanning for two

BCI scenarios; one where the BCI tasks are performed in an uncon-

trolled environment in which the brain is naturally engaged in multi-

task activities, and the objective is to enhance the BCI training accu-

racy. The other one is to assess how well a subject’s brain can follow

another brain. The latter scenario can be useful in brain rehabilita-

tion, i.e., after stroke, or for investigating brain plasticity where new

motor region substitutes the inactive zone.

For the first scenario, a new formulation for common spatial patterns

for EEG hyperscanning (namely hyperCSP) has been proposed. It

learns a rotating matrix to best derive the desired (common between

multiple subjects) motor task and remove all the undesired (uncom-

mon between the subjects) ones caused by the uncontrolled environ-

ment. It has been demonstrated that in an uncontrolled environment,

learning from two subjects can significantly enhance the motor clas-

sification rates, achieving a best classification accuracy of 0:82 using

an SVM classifier.

For the second scenario, the concept of adaptive cooperative network-

ing has been exploited to investigate the collaboration or similarity



in function between multiple brains. A brain functional connectivity-

informed single task diffusion adaptation has been used for this pur-

pose, achieving the lowest error compared to competing methods. In

this scenario, the EEG sensors for each subject are considered as the

agents of a connected network, that cooperate to achieve a desired

task prescribed by a second subject. The outcome of this achieve-

ment can boost brain rehabilitation process where the collaboration

or difference between a healthy and a subject under rehabilitation is

investigated.

Finally, given that the brain can be considered as a connected network,

a prolonged physical task can be classified by assessing the variation

in such network through cooperative networking using diffusion adap-

tation. In this study, the 3-D body movements are segmented and 1-D

orthogonal vectors, in this case Bessel functions, are allocated to the

segments. These orthogonal vectors are used as the targets for clas-

sification of the brain tasks, obtaining a best inter-subject validation

accuracy of 0:83 under a non-ideal situation. The outcome of this

research paves the path for the use of BCI with no feedback (forward

BCI) for developing brain-driven cybernetic devices.

The research in this thesis is concluded by suggesting combination of

hyperCSP and other proposed methods for obtaining inclusive BCI

systems and a pipeline for real-time applications.

Each chapter of this thesis is followed by extensive sets of experiments

and involves in-house data recordings (some made publicly available).
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Chapter 1

Introduction

Latest advances and improvements in neurorehabilitation techniques for patients

with complete, partial, or chronic neurological injuries are not yet able to re-

store or improve damaged neural pathways, even more in the presence of brain

plasticity. In these cases, where more traditional therapies are not enough, brain-

computer interfaces (BCI), which are systems that allow people to interact with

the outside world through the identi�cation and classi�cation of neural activities,

have shown positive results as an alternative neurorehabilitative approach [1].

This approach can help restore the lost motor function, heal the damaged brain,

and reduce the neurological de�cits.

1.1 Brain Physiology and Motor Activity

The human brain is composed of billions of interconnected neurons that form a

complex network, and is considered the most complex evolutionary biological sys-

tem. This organ, together with the spinal cord, constitute the major components

of the central nervous system (CNS), which is the main part of the human ner-

vous system responsible for integrating and processing the sensory information,

and coordinating the body responses based on this information.

In the CNS, the brain processes the sensory inputs as stimulus and generates

neural signals as responses to these stimulus through the interaction of neurons via

synapses, where neurotransmitters are released to propagate the signals. Then,
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the spinal cord transmits these neural signals between the brain and the rest of

the body.

Figure 1.1: Diagram of a neuron representing its three main parts.

These neurons transmit electrical impulses, which are fundamental in all brain

functions, and are formed of three main parts: the cell body, the axon, and the

dendrites, as shown in Fig. 1.1. The cell body is the central part of the neuron

that contains the nucleus, which stores the cell's genetic information. The axon

and dendrites are thin prolongations of the neuron, where the axon transmits the

electrical impulse from the neuron to other neurons, and the dendrites is used

to receive the electrical impulse from other neurons. These two parts allow for

the communication within the neural network. Therefore, neurons form networks

that underlie all brain functions, and these networks are organised in speci�c

ways within di�erent brain regions, allowing the specialised functionality of each

region.

Generally, the brain can be divided in three main parts: the cerebellum, lo-

cated at the back of the brain and in charge of motor coordination, balance,

and precision of movements; the brainstem, which connects the brain with the

spinal cord and regulates many involuntary responses and vital functions, such

as heartbeat and breathing; and the cerebrum, located at the uppermost region

and responsible for higher cognitive functions, such as sensory perception, cog-

nition, motor control, and decision-making. The cerebrum is divided into two

hemispheres, left and right, each controlling the opposite side of the body. Each

hemisphere is specialised in di�erent functions and they can further be divided
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into four main lobes: frontal, parietal, temporal, and occipital [2]. The frontal

lobe is involved in decision-making, problem-solving, planning, voluntary move-

ment and speech production, and in the control of emotions, social behaviour and

personality. The parietal lobe processes sensory information from the body, such

as touch, and contributes to the spatial orientation and perfection. The temporal

lobe is involved in the processing of auditory information, and it is also crucial

in memory formation and retrieval. Finally, the occipital lobe is mainly respon-

sible for the processing of visual information. The cerebrum is also composed of

other additional key components: the basal ganglia, a group of structures deep

within the cerebrum involved in movement control and coordination; the white

matter, which is the inner tissue of the cerebrum and connects di�erent parts of

the cortex and links the cortex and other brain regions and the spinal cord; the

corpus callosum, a band of nerves that connect the left and right hemispheres,

allowing for communication between them; and the cerebral cortex, which is the

outer layer of the cerebrum and is involved in higher brain functions.

The cerebral cortex can further be divided into functional areas, referred to

as brain regions, that correspond to speci�c sensations. During mental tasks,

including motor execution, these brain regions engage in continuous communica-

tion to re�ne and execute the desired task. Some of the main cortex regions of

interest in BCIs are [3]:

ˆ Primary Motor Cortex: located in the frontal lobe, it is primarily respon-

sible for executing voluntary motor commands. It contains the motor ho-

munculus, which is a topographical map of the body where di�erent parts

of the cortex correspond to di�erent muscle groups in the body.

ˆ Supplementary Motor Area: located in the medial aspect of the frontal lobe,

it is responsible for complex movements and the coordination of two-handed

movements. This cortex area is associated with the initiation of movements

that are internally guided rather than as a reaction to external stimuli.

ˆ Primary Visual Cortex: located in the occipital lobe, it is responsible for

the processing of visual stimuli.
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ˆ Primary Auditory Cortex: located in the temporal lobe, it is responsible

for the processing of auditory stimuli.

A summary of di�erent parts of the brain can be found in Fig. 1.2.

Figure 1.2: Visual representation of the di�erent parts of the brain.

The visual and auditory cortex are highly involved in the development of

BCIs since the majority of the currently developed BCIs are designed so the

user receives feedback from the device or action performed. This is done so the

user can understand how well they are controlling the BCI, they can adjust their

mental strategy accordingly, and it is also easier for the system to recognise the

neural activity that represents the user's desired task.

1.2 Brain-computer Interfaces

Traditionally, BCIs have been developed mainly for medical purposes, either as

a rehabilitation tool or an assistive technology, such as through the development

of neuroimaging-based prostheses [4], and have shown promising results in the
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recovery of motor disorders, like stroke or spinal cord injuries, and the recog-

nition, monitoring and improvement of cognitive diseases, such as Alzheimer's

or Parkinson's [5{7]. However, thanks to the development of cheaper and more

accessible high resolution non-invasive brain signal recording systems [8], and the

improvement of advanced signal processing and machine learning techniques for

biomedical signals in the last decade [9], BCIs have also started to be implemented

in other �elds for non-medical applications, such as in arts [10] and games [11].

We can divide BCIs in two types: passive and active BCIs. Passive BCIs are

considered systems which deduce the user's cognitive or emotional state without

the need for any intentional control. On the other hand, we can de�ne active

BCIs as systems that interpret the user's intentional brain activity associated

with a speci�c task with the purpose of controlling an external device.

Some types of BCIs can be considered as passive or active interchangeably.

Passive BCIs tend to be associated with systems focused on emotion recogni-

tion [12,13], detection of stress or fatigue [14], and monitoring of cognitive work-

load [15]. Active BCIs are more commonly associated with systems related to

error-related potential (ErrP), detecting brain responses to errors and unexpected

events and commonly used to help �ne-tune other BCIs by correcting their mis-

takes through a feedback mechanism; auditory evoked potential (AEP) and visual

evoked potential (VEP), making use of brain's responses to auditory stimuli and

visual impulses respectively; motor imagery (MI) and imagery speech (IS), which

involves the mental execution of motor movements or imagined words and gener-

ate unique patterns in the brain associated with the tasks performed or imagined;

and spellers, relying on the recognition of patterns in the brain responses associ-

ated with choosing speci�c letters or symbols, and can be used to help the user

communicate [16{18].

1.2.1 Neuroimaging Techniques in BCI

The synchronised activity of neurons in the di�erent regions of the brain can be

detected by di�erent neuroimaging techniques. Therefore, di�erent neuroimaging

systems can be used for the acquisition of brain signals for the development of

BCIs, which can be divided into invasive and non-invasive methods. Under in-
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vasive methods, the most common is electrocorticography (ECoG). On the other

hand, under non-invasive methods, we can �nd functional near infrared spec-

troscopy (fNIRS), magnetoencephalography (MEG), functional magnetic reso-

nance imaging (fMRI), and electroencephalography (EEG).

Although all these neuroimaging techniques can be used for the development

of any of the previously mentioned passive and active BCIs, EEG is the most

popular method for non-invasive BCIs, especially active BCIs, due to its low

cost, high accessibility, high temporal resolution, and high portability [19].

1.2.2 Electroencephalography

The brain is composed of neurons that communicate through electrical impulses.

These neurons use electrochemical processes, generating a small electrical charge,

to generate and transmit signals across di�erent brain regions. When a group

of neurons generate electrical charge or signals simultaneously, they generate

electromagnetic �elds in the brain. These �elds are mostly concentrated near the

surface in the cerebral cortex, and this ultimately creates an electrical activity

that can be detected externally.

EEG is able to capture this surface-level electrical activity using electrodes

placed on the scalp to detect the brain's electrical 
uctuations caused by the

underlying neural activity, and therefore recording the brain's activity patterns

using a more secure non-invasive technique. Even so, the recording of these signals

from the scalp surface and not directly from the cerebral cortex, where they

originate, means that the recorded signals are obtained after travelling through

various brain anatomical layers. These layers are the cerebral cortex, where

the brain signals are generated; the cerebrospinal 
uid, which is a 
uid layer

surrounding the brain that slightly attenuates the signals as they pass through;

the meninges, which are three protective membranes surrounding the brain; the

skull, which is the bone layer that signi�cantly attenuates the signal due to its

low conductivity; and the scalp and skin, which are the outermost layers and can

provide additional resistance and introduce noise from muscle and other non-brain

sources to the recorded signal.

All these layers, especially the skull and scalp, distort the EEG signal, reducing
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its amplitude and quality, and limiting the EEG spatial resolution. Furthermore,

signals from di�erent brain regions are distorted and might be mixed while passing

through the di�erent layers, which might result in the signals recorded at the scalp

containing overlapping information from multiple sources, making it challenging

to precisely localise the di�erent sources, which is known as volume conduction.

The recorded brain activity di�ers depending on the brain region where it

originates as well as the frequency of the electrical activity, generating distinct

EEG patterns, which allows us to analyse how the brain functions and to obtain

information from di�erent cognitive and physiological states. Therefore, we can

say that these electrical signals fall within di�erent frequency bands. Although

these frequency ranges are not exact, each approximate range is associated with

di�erent states of consciousness, cognitive processes, and brain functions, and

may be linked to speci�c brain regions.

The main brain frequency bands are:

ˆ Delta (0.5-4 Hz): have a high amplitude and are most prominent during

deep relaxing and restorative stages of sleep.

ˆ Theta (4-8 Hz): associated with light sleep and creative states. It is also

linked to deep state of meditation and the subconscious mind.

ˆ Alpha (8-13 Hz): associated with a relaxed, wakeful state, and is more

prominent with eyes closed, when the mind is at rest but not asleep. Normal

alpha elicits around the brain occipital region.

ˆ Mu (8-10 Hz): part of the alpha frequency band. It is generated during the

performance of voluntary motor imagery or actual movement. Contrary to

the alpha rhythm, which is suppressed with eyes open, this rhythm does

not change independently of the state of the eyes. Mu rhythm elicits within

the brain motor area.

ˆ Beta (14-30 Hz): associated with active, alert states, cognitive processing

and active concentration. Beta elicits around the brain frontal region.

ˆ Gamma (30-100 Hz): associated with higher-order cognitive functions, such

as perception, consciousness, attention, and neural synchronisation across
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di�erent brain regions.

These frequencies are lower during both, childhood and old ages.

Due to their characteristics, the mu and beta rhythms are highly relevant and

frequently used in the development of motor-related BCI.

Through the study of these frequency bands and their associated brain regions,

we can better understand how di�erent neural circuits contribute to speci�c men-

tal states and behaviours, and study the dynamic interactions between di�erent

brain regions during speci�c mental tasks.

1.2.3 EEG-based BCIs

BCIs can use di�erent EEG manifestations or patterns to decode the user in-

tentions. Although multiple features can be used, the most commonly used in

traditional BCI systems are the following seven:

ˆ Event related synchronisation/desynchronisation (ERS/ERD) [20]: it re-


ects changes in the power of certain EEG waveforms, such as alpha, beta,

and mu rhythms. In these systems, ERD re
ects cortical activation dur-

ing tasks executions, such as in MI applications, while ERS is a post-task

phenomenon that indicates the return of the sensory-motor cortex to its

resting state. These EEG patterns are highly relevant especially to motor

BCIs used in neurorehabilitation.

ˆ Readiness potential (RP) [21]: it precedes voluntary movements and re
ects

the planning and intention for a movement. This signal activity can also

be detected during imagery movement, even when no physical movement

occurs, so it is commonly used in BCIs designed for users with severe motor

impairments.

ˆ Event-related potentials (ERPs) [22]: Although other components could be

used, the P300 is particularly commonly used in BCIs. The P300 wave

is a positive de
ection which occurs approximately 300 milliseconds after

an infrequent or signi�cant stimulus, and it can be divided into two sub-

components, P3a and P3b. P3a is associated with the attention to the
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novel stimuli while P3b is linked with the decision-making processes. These

features are highly reliable, making the P300-based BCIs ideal for non-

motor applications such as spellers.

ˆ Mismatch negativity (MMN) [23]: also based on ERPs, this feature re
ects

the brain automatic detection of deviations from an expected pattern in

auditory stimuli. This response occurs within 100-250 milliseconds after

a deviation instant making it a rapid and unconscious mechanism. This

feature is commonly used for the development of BCIs that can adapt to

environmental changes and support users with impaired attention, enabling

responsive and intuitive interfaces.

ˆ Steady-state visually evoked potentials (SSVEPs) [24]: these responses are

triggered by 
ickering visual stimuli at speci�c frequencies, with the brain

responding at the same frequencies. They are commonly used in applica-

tions that require high-speed communication, such as VEP-based BCIs.

ˆ Slow cortical potentials (SCPs) [25]: they represent gradual shifts in cor-

tical activity, which is commonly linked to arousal or attention cognitive

states. These manifestations are particularly useful in neurofeedback and

neurorehabilitation BCIs, where the user learns to modulate their brain

activity to improve their focus or regain motor control.

ˆ Error-related potential (ErrP) [26]: this manifestation occurs from the an-

terior cingulate cortex when the brain detects a mismatch between an in-

tended action and the resulting outcome. These brain responses are partic-

ularly useful in the implementation of error-correction mechanisms in BCIs

that enhance system responsiveness.

The use of any of these responses depends on the paradigm used during record-

ing of the brain signals as well as the �nal desired application of the system. In

some BCI scenarios a combination of these responses may be utilised.
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1.2.4 Pros and Cons of using EEG for BCI

EEG-based BCI was introduced in 1973, by J. Vidal [27]. Since then, other

neuroimaging techniques, including fMRI, MEG, and fNIRS, have been used in

various BCI paradigms.

ECoG, the predominant invasive EEG recording, has been proven to provide

a better spatial resolution and a higher quality signals for BCI, allowing for a

more precise identi�cation of neural activity. However, this method requires

the patient to undergo a surgery for electrode implantation, which has its own

associated risks. Therefore, this technique is mainly only used for clinical or

therapeutic applications where the bene�ts highly outweigh the risks, such as for

epilepsy treatment or in cases of motor impairment [28].

On the other hand, non-invasive neuroimaging techniques are considered more

practical and secure, while providing an acceptable signal quality. This makes

these techniques ideal for a wide range of BCI applications. Out of the most

popular non-invasive techniques, fMRI has the higher spatial resolution, which

allows for the imaging and monitoring of the whole brain, including deep brain

structures. However, it has a low temporal resolution, which limits its use in real-

time BCI applications. MEG, on the other hand, although it o�ers a lower spatial

resolution than fMRI, has a better temporal resolution. However, the fMRI and

MEG recording systems are considerably more expensive than EEG or fNIRS.

This, together with the development of wireless and more cost-e�ective EEG and

fNRIS recording systems, makes the use of EEG and fNRIS more appropriate.

Even so, EEG and fNRIS also have their own disadvantages. Although fNIRS

o�ers a high spatial resolution and is less susceptible to electrical noise and arti-

facts, it has a very low depth of penetration, which is only few millimeter. This

limits its suitability for general BCI use. In contrast, EEG o�ers a high temporal

resolution (in the order of milliseconds), making it ideal for these applications.

Nevertheless, EEG has a low spatial resolution and a low signal-to-noise ratio

(SNR). Still, EEG is the established neuroimaging technique for non-invasive

BCI at the moment.
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1.2.5 EEG-based BCI Limitations

Regardless of the increased research in BCIs in recent years, several challenges

remain for the feasible implementation of these systems outside of laboratory

experiments, particularly in uncontrolled environments. Some of the main chal-

lenges in BCIs are the subject dependency of the system, the SNR in EEGs,

and the complexity of accurately identifying highly similar, or continuous motor

tasks [29]. These challenges are further exacerbated in uncontrolled environments

through the presence of additional sources of noise and environment variability,

such as 
uctuating lighting conditions, background stimuli, and the subject's

brain natural tendency to multitask, all of which can degrade signal quality and

system reliability.

Recent advancements in deep learning have considerably improved the per-

formance of BCIs [30,31], especially through deep learning architectures such as

transformers [32, 33], and autoencoders [34, 35]. However, these methods often

require large amounts of data, making them resource-intensive and di�cult to

scale in practical applications.

To mitigate some of these limitations, transfer learning approaches have been

proposed [36], which aim to reduce training data requirements by adapting mod-

els across subjects or domains. Even so, all these approaches still have high

computational demands, often requiring advanced computational resources and

extensive training time, limiting their feasibility in clinical or resource-constrained

environments. Furthermore, these methods are predominantly evaluated under

controlled laboratory settings with common motor tasks, such as hand or leg

movements, which makes comparisons across studies easier, but limits their gen-

eralisation to more complex, prolonged, or overlapping motor tasks, often present

in more realistic settings [37].

As discussed previously, several methods have been developed for the identi-

�cation and classi�cation of these neural activities for BCIs, such as RP, VEPs,

or ERS/ERD among others. These methods however, have di�culty in precisely

and e�ectively distinguishing motor tasks that have highly similar neural activity,

such as �ne movements. Although some advances in the decoding of �ne move-

ments has been done, [38,39], especially with the development and improvement
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of deep neural networks [40], an accurate classi�cation using low computational

cost systems still remains a research challenge for BCI systems.

Existing methods also fail in identi�cation of prolonged or continuous move-

ments, since most of them rely on the prediction and classi�cation of the start

of a task, or the spontaneous execution of the task, but not on the prolonged

and continuous execution of that. Furthermore, feedback BCI methods require

the presence of some audio, visual or haptic feedback for the correct recognition

of the mental task, which increases the di�culty of implementing these BCIs in

real-world scenarios.

Altogether, these limitations highlight the need for the development of more

robust preprocessing, feature extraction and classi�cation strategies that can fa-

cilitate the reliable implementation of BCIs in more realistic, uncontrolled, and

varying environments with minimal computational resources.

The communications between brain regions are expected to convey important

information for the development of e�ective BCIs that can better mimic natural

movements and responses even in the absence of direct feedback. Therefore, for a

non-feedback BCI, these communications can be translated into actions, whether

they are desired or prescribed movements. In this context, cooperative learning

over networks o�ers a promising solution.

Previous studies [41{46] have demonstrated that cooperative learning, par-

ticularly by means of di�usion adaptation (DA) [47], is well-suited for modelling

the dynamic propagation of neural information across brain regions. This method

can e�ectively capture the distributed and cooperative nature of brain activity,

allowing the system to integrate and leverage the communication 
ow between

brain regions during the execution of cognitive processes. By incorporating these

interactions, DA enhances the decoding of motor intentions and cognitive states,

leading to improved accuracy and robustness in BCIs.

Although other distributed signal processing strategies, such as graph theory-

based signal processing methods [48], have been successfully applied to model

neural interactions, these approaches typically require extensive signal prepro-

cessing, and often rely on a �xed graph topology or require global knowledge

of the network [49, 50], limiting their adaptability to dynamic and noisy EEG

environments, and their suitability for robust, real-world BCIs.

12
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In contrast, DA operates in a fully distributed and adaptive manner, enabling

real-time updates with minimal data and computational resources. Additionally,

it does not require heavy preprocessing for a considerably good performance.

These features make DA particularly well-suited for real-time and real-world BCI

implementations.

In this thesis, for the �rst time, we develop novel approaches for the identi�ca-

tion and classi�cation of neural activities through the use of EEG hyperscanning

and cooperative learning over networks to improve the BCIs performance while

reducing their subject dependency.

1.3 Motivation

As discussed earlier, due to the time-variant psycho-neurophysiological and neu-

roanatomical factors present in individuals' brain waves, EEGs can su�er short

and long-term signal variations within and across subjects. This requires each

BCI to be trained for each individual for high performance. This can be tedious

and time consuming, especially in situations where the same system might need

to be used by several people in a short time frame, such as in game applications

or for rehabilitation. These signal variations tend to be aggravated in some pa-

tients, such as stroke patients, where the brain rhythms that contain the motor

states might be diminished or the brain source localisation of the motor move-

ment might be misplaced, creating further challenges on the ability of the BCI

to recognise a motor movement.

On the other hand, most recent BCI studies still tend to rely on the use

of brain waves recorded in ideal scenarios where the experiment is undertaken

in a controlled environment and the subjects are asked to fully concentrate on

a single motor-related task. This also poses some additional challenges in the

implementation of these systems in a more realistic scenario, where the brain is

inherently engaged in multiple tasks.

To help overcome these challenges, we propose the use of hyperscanning [51].

EEG-based hyperscanning, also known as EEG multi-brain recordings, has great

potential in BCI systems used for monitoring mental and physical rehabilitation.

The hyperscanning technique involves the recording of brain activity from mul-

13
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tiple brains simultaneously, which allows us to study not only the neural connec-

tions of a speci�c individual, but also how these neural connections change when

interacting with other individuals [52]. An example of an EEG hyperscanning

recording setting can be seen in Fig. 1.3.

Figure 1.3: A representation of an EEG hyperscanning recording with two sub-
jects involved.

So far, most hyperscanning studies have focused on the study of social inter-

actions between individuals [53], where they analyse how the participants' inter-

and intra-brain connections change depending on the tasks they perform. These

have provided some insights on how the information in the human brain is pro-

cessed while in a social setting [54]. All these studies show that interpersonal

coordination of action includes mutual synchronisation of neural dynamics, 
ow

of information between brains, and causal e�ects of one brain upon another.

Thanks to this synchronisation of neural dynamics, the information 
ow between

brains can be measured and infused into a cooperative learning network strategy,

such as DA [47], where the set of electrodes is considered as the distributed net-

work, for the better recognition of a desired motor task from the synchronised

brain waves.

Furthermore, as discussed in [55], given the results obtained after the use

of hyperscanning in other social settings, the development of an e�ective EEG

hyperscanning-based BCI for motor neurorehabilitation group therapy could im-

prove the accuracy and speed of the rehabilitation process. This could reduce

the training error and time in multi-task scenarios, opening a new and promising

14
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direction for the development of data-e�cient and adaptive BCIs in changing en-

vironmental and task conditions. However, this has not been explored in depth

yet due to the technical challenges involved in the setting of an EEG hyperscan-

ning motor task recording scenario. The two main technical challenges can be

summarised as: 1) the di�culties associated with setting a motor rehabilitation

scenario for hyperscanning, and 2) the complexity of analysing the EEG hyper-

scanning signals for motor tasks recognition.

Although the development of new wireless and easy to synchronise EEG

recording devices in the last few years has helped with the �rst challenge, the

second challenge still remains, with not much research exploring this possibility.

This could be due to the lack of publicly available EEG hyperscanning data.

Therefore, here, it is intended to overcome the previously mentioned challenges

in the development of an EEG hyperscanning-based BCI for motor tasks, through

the following actions:

ˆ The recording and release of a public dataset containing EEG hyperscanning

motor task data to encourage further research on this relatively new research

�eld.

ˆ The development of a novel �ltering technique that synchronises the two

EEG recordings to best extract the common task and avoid the undesired

ones.

ˆ The development of novel approaches for the analysis of motor-related tasks

EEG hyperscanning BCI scenarios through the use of a cooperative learning

strategy.

ˆ The development of a novel technique for the recognition of prolonged motor

movements to improve the system's performance for highly similar motor

tasks.

1.4 Thesis Layout and Key Contributions

In this thesis some key new developments are presented in the �eld of EEG

hyperscanning-based BCI through a cooperative learning strategy over distributed
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networks. These developments are e�ective and practical methodologies for sev-

eral applications, with some discussed throughout this thesis. The key contribu-

tions are as follows:

Chapter 2: First, the DA strategy over distributed networks is reviewed. In

addition, some application examples to model simulated data are presented. The

performance of the system is evaluated and compared for non-cooperative and

cooperative strategies.

Chapter 3: An overview of the recording process for an EEG motor task hy-

perscanning setting is presented and evaluated. The recorded EEG hyperscanning

data is described, and its limitations discussed. Explanation on how to access

the public dataset is also provided.

Chapter 4: A novel EEG hyperscanning analysis technique is introduced and

evaluated. This technique is based on a brain connectivity-informed DA model

and can be used as a new rehabilitation platform where the state of the patient

under rehabilitation is analysed based on how well the patient is able to follow

the tasks performed by the healthy subject.

Chapter 5: A novel approach for the recognition of prolonged motor move-

ment and highly complex �ne movements, where the system can learn a move-

ment without requiring any audio, visual or haptic feedback, is presented. A DA

strategy is used to model the interface between the brain neural activities and

the corresponding gesture dynamics. The method is evaluated using real EEG

multi-task data and compared against well-established deep learning models for

the recognition of complex �ne movements.

Chapter 6: A new �ltering technique is proposed by reformulating the well-

known common spatial patterns (CSP) method for hyperscanning data during the

performance of collaborative tasks. This is highly e�ective for the development of

a BCI in an uncontrolled environment. An overview of CSP is provided and the

method is evaluated and the proposed hyperCSP compared against the traditional

CSP.

Chapter 7: The thesis is concluded by summarising the results, and discussing

possible future work.
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1.5 Conclusions

The motivation for this research, together with an overview of the thesis contri-

butions, has been presented in this chapter.

This chapter outlined the need for more robust and adaptive BCI systems, par-

ticularly for motor neurorehabilitation in real-world, uncontrolled environments.

It also highlighted the potential of group therapy, introducing EEG hyperscan-

ning as a promising approach to enhance neurorehabilitation through the analysis

of shared neural dynamics.

The main neuroimaging techniques were reviewed, with EEG identi�ed as

the most suitable due to its non-invasiveness, high portability, low cost, and high

temporal resolution, despite its inherent signal variability and sensitivity to noise.

The main challenges associated with the development of EEG hyperscanning-

based BCIs were also discussed. To overcome these challenges, this thesis proposes

the development of novel cooperative analysis methods based on hyperscanning

and DA. These methods aim to model and exploit intra- and inter-subject neural

communication through distributed cooperative learning strategies to improve

BCI reliability and performance.

The following chapter provides a comprehensive review on the DA strategy

along with other cooperative learning strategies, evaluating their suitability to

the proposed EEG hyperscanning scenario. The DA formulation introduced in

Chapter 2 serves as the foundation for the EEG analysis methods presented in

Chapters 4 and 5 of this thesis.
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Chapter 2

Cooperative Networks

Traditional EEG analysis systems often do not take into consideration the topo-

logical relationship among electrodes re
ecting the brain network dynamics. As

a result, most of these methods present limitations in the e�ective study of the

neural activity patterns generated by the distributed synaptic currents. Such

methods fail to capture the complex spatial and network-level interactions be-

tween di�erent brain regions. To overcome these limitations, an analysis method

based on the cooperative network theory that incorporates di�usion adaptation

(DA) [47,56] is introduced.

2.1 Cooperative Learning

Cooperative networks refer to distributed adaptive systems (or networks) where

multiple agents, also referred to as nodes, work together to achieve a common

goal by solving an estimation or optimisation problem.

In this system, each agent has access to local information and all the agents

collaborate and exchange information with their one-hop neighbours in the net-

work in order to solve the global common target. This allows the system to

solve the problem more e�ciently compared to a centralised system with a single

agent [57]. Fig. 2.1 shows an example of such network, where an agentk is

connected to all the agents within its neighbourhood, represented byNk . Node

k is able to communicate with all the connected agents.
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2. Cooperative Networks

Figure 2.1: An example of a distributed adaptive network, where an agentk is
connected to its neighbours within the neighbourhoodNk . Agent k is represented
in blue, the other agents are represented in grey, the connected agents are depicted
by black lines, and the neighbourhoodNk is depicted by a red dashed line.

Therefore, each nodek of a multi-agent distributed network in Nk is interested

in estimating an unknown parameter vectorw . Each nodek has access todk;i , a

scalar that represents the desired target, and a local measurement 1� M regression

vector u k;i at each time instant i . The parameters of each node are assumed to

be related tow through the linear regression model:

dk;i = u k;i w o + 
 k;i (2.1)

where
 k;i is the measurement noise of nodek at time instant i , and w o represents

the estimated optimum value ofw , that can be estimated for each nodek by

minimising the cost function:

Jk(w ) = Ejdk;i � u k;i wj2 (2.2)

whereE is the statistical expectation operator. Furthermore, the global cost func-

tion of the system can be obtained through the aggregation of the cost functions

of each nodek, and can be represented as:

J (w )global =
N kX

k=1

Ejdk;i � u k;i wj2 (2.3)
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In these systems, the agents are able to adapt their behaviour based on the in-

formation they receive from their neighbours, allowing the network to dynamically

adapt to the changes in the environment. The exchange or 
ow of information

between the agents is constrained by the network topology and any restrictions or

communication limitations between the agents. Therefore, the learning abilities

of the agents directly in
uence the performance of the system.

2.2 Distributed Learning Strategies

Although di�erent distributed learning strategies have been introduced to min-

imise the cost function in (2.3), three main strategies have shown a higher suitabil-

ity in signal processing: incremental [58,59], consensus [60,61], and DA [62,63],

with DA showing the best results by better exploiting the network topology and

guaranteeing convergence [57,64]. These strategies are discussed below.

For easier and meaningful comparison between the three strategies as well as

the non-cooperation strategy later in this thesis, we de�ne the strategies using

the following stochastic gradient algorithm used for centralised implementation

as the starting point [59,63]:

w i = w i � 1 � �
N kX

k=1

r wJk(w i � 1) i � 0 (2.4)

wherer wJk represents the gradient vector ofJk(w i � 1) with respect to the complex-

conjugate transposition ofw i � 1, and � is the updating time step.

2.2.1 Incremental Strategies

Incremental strategies involve the sequential processing of the information across

the nodes, with each node obtaining a local estimation of the desired target and

providing this information to the next node in the sequence. The local estimation

is obtained based on the local information the node has access to as well as

the local estimation of the target obtained and received by the preceding node.

Therefore, a cyclic trajectory needs to be decided based on the network topology

in order to determine the sequence in which the nodes will be processed, as shown
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in Fig. 2.2.

Figure 2.2: Given the network from Fig. 2.1, a cyclic path is de�ned so all
the nodes are covered for the incremental strategy. The nodes are numbered
representing the sequential order, from node 1 to nodeN . Information exchanged
received or sent from nodek is depicted in blue, while information exchanged
between the other nodes is depicted in purple. The diagram at the right illustrates
the incremental strategy calculations performed by agentk.

In this strategy, given N nodes in the network, at each time instanti , the

centralised implementation (2.4) is divided intoN successive incremental steps,

with each step performed locally by one of the nodes [57,59]:

8
>>>>>>>>>>><

>>>>>>>>>>>:

w 1;i = w i � 1 �
�

Nk
r wJ1(w i � 1)

w 2;i = w 1;i �
�

Nk
r wJ2(w 1;i )

w 3;i = w 2;i �
�

Nk
r wJ3(w 2;i )

... =
...

w N;i � w i = w N � 1;i �
�

Nk
r wJN (w N � 1;i )

(2.5)

Here,Nk represents the network and total number of nodes. The last iteration

of the cyclic sequence at time instanti , where we obtainw N;i , coincides withw i

as in Eq. (2.4). Therefore, in this implementation the information travels from

one agent to the next one until all the sequential nodes are covered during each
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time instant i . Then, all the steps in Eq. (2.5) are repeated for each time instant,

and it can be summarised as [57,59]:

w k;i = w k� 1;i �
�

Nk
r wJk(w k� 1;i ) (2.6)

where the �rst term, w k� 1;i , on the right-hand side refers to the cooperation while

the second term assists with the decentralisation of the system.

Although this implementation o�ers a distributed solution to the cost func-

tion, it presents several limitations and disadvantages compared to other strate-

gies. Due to its sequential dependency, the information from several nodes cannot

be processed in parallel, contrary to the consensus or DA strategies, which could

create possible bottlenecks on the information 
ow. At the same time, it limits

the scalability and adaptability of the system to similar scenarios with di�erent

number of nodes, such as when used for the development of an analysis method

for EEGs. In this scenario, once the system is developed for a speci�c number of

nodes, or electrodes, it will be di�cult for the system to be adapted to new EEGs

recorded with a di�erent number of electrodes, which shows the limit adaptabil-

ity to changes in the network topology. Furthermore, if one of the nodes of the

sequence fails, it will a�ect all the posterior nodes.

Therefore, due to the incremental strategy characteristics, this implementa-

tion is best suited for applications where data arrives sequentially, when resources

are limited, or when the data needs to be processed in a step-by-step manner.

Even so, in applications related to the processing of physiological signals, this

strategy has been used successfully for the sequential or real-time processing of

EEG signals, such as in the development of adaptive �lters [65].

2.2.2 Consensus Strategies

In a consensus strategy, multiple nodes of a distributed network work together to

reach a common estimate of the unknown parameterw that minimises the cost

function from (2.3) while only having access to local information, as shown in

Fig. 2.3.

In this strategy, the �rst term on the right-hand side of Eq. (2.6) is re-

placed by a convex combination of the information available to each node from
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Figure 2.3: An example of a distributed adaptive network, where an agentk is
connected to its neighbours. Agentk is represented in blue, the connected nodes
to agent k are represented in red, and the other nodes are represented in grey. All
the connected agents are depicted by a black line, except for agents connected to
agentk, which are depicted by a red line. Information exchanged between nodek
and its connected nodes is depicted in blue. The diagram at the right illustrates
the consensus strategy calculations performed by agentk, which is connected to
nodes 2, 6, 7, and 9, depicted as nodesl2; l6; l7; l9.

its neighbours. On the other hand, the secondw k� 1;i term is replaced byw k;i � 1.

Therefore, the consensus strategy for each nodek is given by [57,60]:

w k;i =
X

l2 N k

al;k w l;i � 1 � � kr wJk(w k;i � 1) (2.7)

where � k is the agent-dependent step-size, andal;k are non-negative scalar com-

bination coe�cients that satis�es the condition:

al;k � 0;
N kX

l=1

al;k = 1; and al;k = 0; if l =2 Nk (2.8)

and represents the weight assigned by nodek to the information received from

each nodel in its neighbourhood.

Therefore, in this implementation each agentk performs two steps at each

time instant i . In the �rst step, each agent aggregates all the estimates of its

neighbours. In the second step, the agent updates its information by its local

gradient vector.
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This implementation has been used successfully in applications where data is

distributed across multiple sensors, and centralised processing is either impracti-

cal or undesirable [66{68]. It has also shown good results in distributed processing

scenarios where the network can a�ord the communication overhead necessary to

reach the common solution. With respect to physiological signal processing ap-

plications, this strategy has been used in multiple scenarios, such as for eye blink

artifact removal [69].

Even so, this application also presents a number of disadvantages and limita-

tions. As explained before, this strategy presents the termw k;i � 1 on the second

step of its implementation, and a convex combination of the estimates on the

�rst step. It has been shown that this asymmetry between the cooperation and

the decentralisation terms can lead to an unstable growth over the network, es-

pecially in scenarios that require a continuous adaptation and learning of the

system [47,57,64]. This instability due to the asymmetry issue can be solved by

DA strategies, and are therefore considered the best solution for applications that

involve adaptation and learning over networks.

2.2.3 Di�usion Adaptation Strategies

In the DA strategy, self-organised networks are formed of a set of nodes, where

each node of the network communicates with its one-hop neighbours sharing their

intermediate parameters in order to achieve a common target, as shown in Fig.

2.4.

Although several variations have been formulated to solve the DA strategy for

cooperative adaptive distributed networks, two well-established main variations

remain the predominant solutions: combine-then-adapt (CTA) and adapt-then-

combine (ATC). These two solutions to the strategy can be applied equivalently

to the same scenarios.

2.2.3.1 Combine-then-Adapt Di�usion Strategy

For the CTA variation, the same convex combination used in the consensus strat-

egy is used for both, the cooperation and decentralisation terms of the formula-

tion. This way, the two terms are symmetric, overcoming the asymmetry concerns
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Figure 2.4: An example of a distributed adaptive network, where an agentk
is connected to its neighbours. Agentk is represented in blue, the connected
nodes to agentk are represented in red while the other nodes are represented in
grey. All the connected agents are depicted by a black line, except for agents
connected to agentk, which are depicted by a red line. Information exchanged
between nodek and its connected nodes is depicted in blue. The diagram at the
top right illustrates the CTA strategy calculations performed by agentk, which
is connected to nodes 2, 6, 7, and 9, depicted as nodesl2; l6; l7; l9. The ATC
strategy is illustrated at the bottom right.

from the consensus strategy. Given all this, CTA can be formulated as [47]:

w k;i =
X

l2 N k

al;k w l;i � 1 � � kr wJk(
X

l2 N k

al;k w l;i � 1) (2.9)

where each nodek performs two subsequent steps, combination and adaptation.

This way, at each time instant i , each nodek combines all the estimatesw l;i � 1

from its neighboursl to obtain its own intermediate estimatew k;i � 1. Then, this

estimate is used subsequently to approximate nodek gradient vector and obtain

the �nal estimate of nodek, w k;i .

Therefore, and as shown in Fig. 2.4, this formulation can be divided into

two equations, where the �rst equation, representing the combination, is used to

evaluate the convex combination term into an intermediate state variable ( k;i � 1),

and then used to obtain the gradient update, as in:
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8
><

>:

 k;i � 1 =
X

l2 N k

al;k w l;i � 1

w k;i =  k;i � 1 � � kr wJk( k;i � 1)
(2.10)

As for the consensus strategy,al;k is the combination weight that represents

the information received from each nodel by nodek and satis�es the same con-

dition as for the consensus strategy, de�ned in Eq. (2.8).

2.2.3.2 Adapt-then-Combine Di�usion Strategy

As explained previously, the CTA and ATC di�usion strategies can be used com-

parably in the same scenario since they are fundamentally similar and the only

di�erence between them is the order in which the combination and adaptation

steps are performed.

While in CTA we saw that the �nal estimate w k;i is obtained during the

adaptation step, in ATC it is obtained in the combination step, as shown in

Fig. 2.4. Therefore, in ATC, at each time instanti , each agentk obtains the

intermediate estimate  k;i using w k;i � 1 and the approximate gradient vector.

Then, the agent k combines all the intermediate estimates of its neighbours to

obtain the updated w k;i .

The ATC DA strategy can be written as [47]:

8
<

:
 k;i = w k;i � 1 � � kr wJk(w k;i � 1)

w k;i =
P

l2 N k
al;k  l;i

(2.11)

Although both variations can be used indistinctly in similar scenarios, ATC

tends to be preferred in most cases over CTA [47,57,62]. This is due to the order

of the adaptation and combination steps. Performing the adaptation step �rst

allows the system to obtain a faster convergence and a better adaptation to local

conditions, which can be translated into a more e�cient handling of asynchronous

updates of the system. This is particularly relevant in scenarios that present a

highly dynamic and noisy environment, such as for the modelling of biological

networks [70], or for the modelling of social networks [71].
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2.3 Single Task and Multitask Distributed Net-

works

Cooperative learning strategies can be applied to distributed networks where

there is only one common objective or target [72{74], known as single task net-

work applications, as well as to scenarios where the network has more than one

objective or target [44,75,76], known as multitask network applications.

2.3.1 Single Task Applications

In a single task DA strategy, as described in previous sections, each nodek of

a multi-agent distributed network neighbourhoodNk is interested in estimat-

ing an unknown vector of parametersw from the collected local measurements

f dk;i ; u k;i g at each time instant i . We consider the least-mean square error (LMS)

problem, where each agentk observes realisations of zero-mean wide-sense jointly

stationary data. This is achieved through estimation of the global parameterw

that minimises the cost function in (2.3). Using the DA ATC strategy, Eq. (2.11)

can be reformulated as [62,63]:

8
<

:
 k;i = w k;i � 1 � � ku T

k;i [dk;i � u k;i w k;i � 1]

w k;i =
P

l2 N k
al;k  l;i

(2.12)

whereu T
k;i represents the transpose ofu k;i .

The adaptation of this formulation has been used in multiple applications

[72{74,77,78], including for EEG analysis [46,56]. As an example, in the following

sub-section we describe how (2.12) could be reformulated to model and monitor

a crowd moving through a varying width environment.

2.3.1.1 Di�usion Adaptation for Crowd Motion Modelling

This sub-section is an expansion of our published work in [79].

The proposed system models crowd movement in a dynamic environment and

a distributed manner depending on the information the agents receive from each

other and the changes in the environment. This allows for tracking the agents
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(people), including people with disabilities, who share a connected network. The

environment may include well-de�ned constraints, such as walls and fences, ticket

control barriers, objects, or people moving in unpredictable directions. To per-

form this analysis, we use the concept of adaptive cooperative networks by means

of the di�usion adaptation mechanism [47,59] to model the crowd motion while

passing through geometrically varying areas.

In this work, the agents (or nodes representing people) share their position

coordinates and each agent communicates with other agents within its one-hop

neighbourhood. As long as an agent can detect the positions of the other nodes

(agents) in its neighbourhood, it adjusts its speed and distance with others and

the barriers while moving towards its destination (e.g., the exit gate in a metro

station). This helps in more accurately calculating and maintaining safe dis-

tances between the general public and people with disabilities as well as safe

social distances in pandemic situations. To achieve this, the movement speed,

the distance between the agents, and possibly their movement directions must

change (within allowed limits) with respect to the variations in the pathway ge-

ometry (e.g., width) and any obstacle preventing them in reaching their target.

This can be achieved simply by being aware of the nodes within a neighbourhood

and the geometrical constraints. In this scenario, people can make a compromise

between their distances and speeds, to keep themselves safe.

To model a crowd moving through a geometrically varying environment over

time, we introduce a mobility model of people, represented as nodes or agents of

a connected network, using the previously de�ned single task DA.

Consider the crowd as a collection of people distributed over a space< 2 with

a de�ned geometry. The collection of people, with the ability to communicate to

each other and share information, forms an adaptive network. They adapt their

movement to those of agents in the neighbourhood as well as geometrical/spatial

constraints while moving towards their target which, in this example, is at the end

of the prede�ned path (e.g., an exit door). This also helps the crowd members to

self-organise themselves based on the information exchanged within their one-hop

neighbours. Fig. 2.5 illustrates a group of agents, their neighbourhood, and an

exemplar of the surrounding environment.

The general objective of such a network is for each nodek to reach the location
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Figure 2.5: The network agents con�ned by two walls move in a geometrically
varying environment whereby their speeds and their proximities can change ac-
cordingly. The neighbourhood of agentk, which represents the agent with dis-
abilities in the network, is denoted byNk represented by the dashed line.

of the target in a fully distributed manner. The model presented here is therefore

a variation of the models studied in [73, 78], and [80]. This variation allows the

network to move towards a target smoothly through a prede�ned path while

avoiding possible obstacles. Consider a connected network ofN nodes where

each nodek wants to estimate an unknown parameterw from the collected local

measurementsf dk;i ; u k;i ; � k;i g for each nodek at time instant i . This forms

a global cost function as in Eq. (2.3). In this scenariou k;i represents a unit

direction regression vector pointing to the direction of the target. � k;i is the

location vector of nodek relative to a global coordinate system at each time

instant i , and, in this scenario,dk;i represents the scalar distance between the

location of the target and� k;i , and is given by the inner product:

dk;i = u k;i (w � � k;i ) (2.13)

To solve this optimisation problem, we apply the DA strategy given in Eq.

(2.12), where the nodes in nodek neighbourhood share their intermediate es-

timates f  l;i ; dk;i ; u k;i g after each iteration. Since the model is geometrically

bearing, it can be simpli�ed under reasonable approximations to [81]:
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8
<

:
 k;i = (1 � � k)w k;i � 1 + � kw k;i

w k;i =
P

l2 N k
al;k  l;i

(2.14)

In this application, similar to mobile networks, in the crowd movement sce-

nario, the relationship between the movement speed and two consecutive agent

locations is de�ned as:

� k;i +1 = � k;i + � i � v k;i +1 (2.15)

where � i is the time step (time di�erence between two consecutive states) and

v k;i +1 is the velocity vector of nodek in the next time instant i + 1. From now

on, we focus on estimating the velocity vector and the current position of each

agent k at each time instant i , denoted by� k;i .

In this model, there are two factors that in
uence the velocity vector of the

nodes. The �rst factor is the spatial constraint involved in identi�cation of the

location of nodek at each time instant i . In the model, we want the crowd to

navigate through a prede�ned path from a start point to the end point. In Fig.

2.5, we see how the distance between the two surrounding walls of the pathway

can change. The moving direction for the crowd (from left to right) is denoted by

an arrow. In such a scenario, while the safe social distancing is followed, in the

wider areas the people can walk normally and have moderate to large distances

between them. Nevertheless, in the narrower regions the subjects should move

faster while allowing a minimum, smaller (yet permitted) social distancing to

avoid a tra�c jam in narrow areas.

The objective of the model is to estimate the position of agent� k;i , while the

agent moves between the two walls and keeps its permissible distance limit from

other agents.

The second factor that in
uences the velocity vector of the nodes is the desire

of the agents to move in synchrony and avoid collisions by maintaining a safe

distance r between the nodes. As described in [81], this can be achieved by

updating the velocity vector as follows:

vb
k;i +1 = vg

k;i + 
 � k;i (2.16)

30



2. Cooperative Networks

where
 is a non-negative scalar and� k;i is given by:

� k;i =
1

jNk j � 1

X

l2 N k nf kg

�
k� l;i � � k;i k � r

�
u k;i

�
� l;i � � k;i

�
(2.17)

vg
k;i refers to a local estimate for the velocity of the centre of gravity of the

network and is obtained by the ATC di�usion strategy as:

8
<

:
 g

k;i = (1 � � v
k)vg

k;i � 1 + � v
kv k;i

vg
k;i =

P
l2 N k

av
l;k  g

l;i

(2.18)

where � v
k is a positive step size, andav

l;k are the combination weights from the

ATC strategy.

To model a more realistic crowd motion Eq. (2.15){(2.18) are modi�ed so the

speed of each nodek and the distance between the nodes can be scaled depending

on the width of the crowd pathway where nodek lands at time instant i and the

distances between individual nodes and the target (e�ectively for the narrow

regions).

In order to predict (or estimate) the new speed and location for agentk,

we need to re-calculate the above parameters based on the closeness of the two

surrounding walls. In this simulation, we assume that the agents move inside a

region restricted by two walls, where the dimensions are approximated by the

chords of circles tangent to both walls at time instanti . The chord links the two

tangent points. The position of nodek is considered to be on the corresponding

chord (i.e., the chord wherek falls on). Fig. 2.6 clearly shows the concept. The

agents also maintain a minimum prede�ned safe distance from the walls.

To enable a more realistic scenario, we assume that the people often go as

slow as one step and as fast as three steps per second with approximately 0:6

to 1:2 m strides, respectively. This assumption is essential for setting the initial

and the baseline crowd speed. This means that the speed of nodek at time

instant i (vk;i ) can vary betweenvmin = 0:6 m/s and vmax = 3:6 m/s. This

gives an average speed ofvavg = 2:1 m/s and can be assumed �xed for all the

agents representing the general public. Agents representing the individuals with

disabilities are assumed to have half of the normal speed. Given their physical
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Figure 2.6: Using tangent circles to estimate the varying width of the space in< 2

at each instant for each agentk between the start and end points of the path with
coordinates (xk ; yk). The circle chord length (between the two tangent points)
that contains nodek best represents the width of the pathway.

condition, it is reasonable to assume that they always move at a slower speed

than individuals without disabilities. The same assumption could be made for

toddlers and older people if we were to include them as part of the simulated

crowd.

On the other hand, the minimum social distancer can also vary inversely

proportional to the speed (or according to the closeness of the walls) between a

lowest (e.g.,rmin = 1 m) and a highest (e.g.,rmax = 2 m) value. For people with

disabilities, the minimum social distance is higher than for those of the general

public given the same speed.

The objective of the new model is to allow the nodes to have a higher speed

and a reasonably lower distance between the nodes for the narrower regions (closer

walls) and vice versa. Based on this assumption, the e�ective social distance in

the neighbourhood of nodek at time instant i can be de�ned as:

r k;i =
vmax �

�
vk;i � t k;i � � k;i

kt k;i � � k;i k

�

vmax � vmin
(rmax � rmin ) + rmin (2.19)

wheret k;i in this case represents the target (or end point) location vector at each

time instant i .

This shows a linear (but negative) dependency between the social distancing

of agent k and its speed at time instant i . Therefore, as long as the speed is
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known by the agent, the social distance can be estimated instantly. Individuals

with disabilities are expected to have double the social distance compared to

individuals without disabilities.

To estimate the speed, we refer to Fig. 2.6. At each time instanti , agent k

falls on the chord of a circle linking the two tangent points between the walls and

the circle. This is an unique chord for each agent. The agent's speed is inversely

proportional to the corresponding chord length at that time.

Therefore, the chord length of nodek at time instant i , which is the main

parameter for geometrical adaptation, is calculated as:

L k;i =
�
(y2

k � y1
k)2 + ( x2

k � x1
k)2

� 1=2
(2.20)

where, in this scenario, (x1
k ; y1

k) and (x2
k ; y2

k) represent the coordinates of node

k at time instant i relative to the same global coordinate system. In the chord

equation, they represent the tangent points of the two walls and the circle, given

that all circles fall on the centre dashed line, as shown in Fig. 2.6. In this

equation, we drop the time indexi for simplicity.

Finally, we need to utilise the information about the maximum and mini-

mum widths of the pathway, which represent the maximum and minimum chord

lengths, respectively, to adjust the agent speed and, accordingly, social distance.

Given these two values ofLmin and Lmax , and associating them, respectively, to

vmax and vmin , the speed factorvc
k;i can be approximated to:

vc
k;i =

Lmax � L k;i

Lmax � Lmin
(vmax � vmin ) + vmin (2.21)

In practice, for large crowds, we may assume that there is no chord (path-

way width) of less than 1 m in width and no need for any concern about social

distancing for pathways of more than 10 m in width (chord length).

The new estimated speed is applied to the overall velocity vector of nodek

in order to scale and adjust the speed depending on the cross-section of the area

where the node is located at time instanti . To ensure that the system works if

the crowd interacts with an obstacle, the new velocity vector is set as follows:
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va
k;i +1 =

8
<

:

Ck;i
� t k;i � � k;i

kt k;i � � k;i k

�
(a)

� Ck;i
�

R
k� k;i � (pk;i � � )k � 1

�� � k;i � (pk;i � � )
k� k;i � (pk;i � � )k

�
(b)

(2.22)

where, in this case,R is the radius of the nodek neighbourhood,pk;i represents

the location vector in the coordinates (x; y) of the obstacle that nodek wants

to avoid at time instant i , and � is an adjustable coe�cient that allows the

node to maintain a safe distance from such an obstacle. In this example,Ck;i

is a coe�cient that regulates the speed of each nodek at each time instant i

depending on the path width.

When nodek does not face any static obstacle such as a barrier or walls,va
k;i +1

follows Eq. (2.22a) and moves towards the targett k;i . However, when nodek

detects an obstacle close to its location, it avoids the obstacle and moves in the

direction opposite to the obstacle, following Eq. (2.22b).

According to (2.14){(2.22), we propose the following mechanism by which

v k;i +1 can be set for nodek. This mechanism is a modi�cation and extension of

the one proposed in [73] and is de�ned by:

v k;i +1 = � (� va
k;i +1 ) + (1 � � )vg

k;i + 
 � k;i (2.23)

where, in this scenario,f �; �; 
 g are adjustable non-negative weighting coe�-

cients. Algorithm 1 summarises the methodology.
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Algorithm 1 Adaptive Cooperative Crowd Modelling using ATC

Require: � k;1, t k;i , L k;i

for i = 1 to NumberIterations do

for k = 1 to Nk do

Adaptation step:

if � k;i � pk;i then

va
k;i +1 = � Ck;i

�
R

k� k;i � (pk;i � � )k � 1
�� � k;i � (pk;i � � )

k� k;i � (pk;i � � )k

�

else

va
k;i +1 = Ck;i

� t k;i � � k;i

kt k;i � � k;i k

�

end if

� k;i = 1
jN k j� 1

P
l2 N k nf kg

�
k� l;i � � k;i k � r

�
u k;i

�
� l;i � � k;i

�

v k;i +1 = � (� va
k;i +1 ) + (1 � � )vg

k;i + 
 � k;i

 g
k;i = (1 � � v

k)vg
k;i � 1 + � v

kv k;i

Given v k;i +1 , we obtain the next location vector of nodek

� k;i +1 = � k;i + � i � v k;i +1

Combination step:

vg
k;i =

P
l2 N k

av
l;k  g

l;i

end for

end for

During each step of adaptation, people with disabilities can be advised on the

direction and speed of their movement based on an estimate of the angle between

the movement direction and the direction towards the destination. This can be

mathematically de�ned as:

� k;i = cos� 1

�
� k;i � � k;i � 1

k� k;i � � k;i � 1k
�

t k;i � � k;i

kt k;i � � k;i k

�
(2.24)

where �̀' refers to vector internal product andk�k refers to the Euclidean distance

between two location vectors. In this example,t k;i is the target (or desired end

point) of each nodek, � k;i � 1 is the previous position of nodek, and � k;i , represents

its current position. � k;i can be delivered to the subjects with disabilities (or to

their wheelchairs) to correct their directions where necessary.
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