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Abstract

Brain-Computer Interfaces aim at decoding neural commands from neurological

signals and translate them into machine commands for manipulating digital devices.

It provides a way of bypassing affected neural pathways in people with movement

impairments. A growing body of literature on non-invasive Brain-Computer

Interfaces for motor recovery and restoration highlights the need for improving

the machine learning methods that decode neural activity from EEG signals. The

low accuracy in decoding movements of the same limb, less biological plausibility,

lack of interpretability, high prediction latency, low degree of freedom are some of

the significant drawbacks in existing machine learning models used in restorative

Brain-Computer Interfaces.

This thesis proposes a Brain-Inspired Spiking Neural Network (BI-SNN) model

for incremental learning of spike sequences from stochastic data streams as a

promising step towards developing intelligent machines for Brain-Computer Inter-

faces. The proposed BI-SNN is a generic SNN architecture that can be applied

for the predictive modelling of spatio-temporal data streams. Here it was applied

to construct an interpretable neural decoder which can incrementally learn spike

sequences from Electroencephalography signals. The thesis suggests that the

proposed Spiking Neural Network approach results in a better neural decoder

compared to the traditional machine learning approaches used by restorative BCIs

in multiple aspects. The thesis proposes two spike-based learning algorithms that
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extended the generic NeuCube SNN framework to address seven research questions.

A series of experiments were performed to address these research questions and to

benchmark the model performance with multiple machine learning models.

In the first study, the thesis demonstrates the feasibility of proposed eSPAN-

Net learning algorithm to learn complex spike sequences from stochastic data

streams. As an evolving model, the eSPANNet does not require certain predefined

parameters related to network architecture, such as the number of neurons in

the hidden layer, as it evolves neurons if needed. In the second study, the thesis

presents a theoretical framework, algorithmic pipeline and associated software for

representing and extraction of deep knowledge from Spiking Neural Networks for

enhancing the interpretability of SNN. In the third study, the thesis integrates

the proposed learning algorithms with the generic NeuCube SNN framework for

constructing a novel Brain-Inspired Brain-Computer Interface.

The thesis revealed that the integration of eSPANNet with the NeuCube

SNN architecture could gain a higher accuracy than the standalone sensor-space

eSPANNet architecture. The study benchmarked the performance of the proposed

learning algorithms and showed a statistically significant improvement in prediction

accuracy than several machine learning methods. The thesis has shown the

feasibility of extracting neural information that contributes to controlling a wide

range of motor parameters such as muscle activity and joint kinematics from

Electroencephalography using the proposed BI-SNN in healthy people.

In conclusion, this approach has shown the potential to construct an inter-

pretable neural decoder which can incrementally learn to predict complex move-

ments in real-time from Electroencephalography. This study is one of the first

attempts to examine the feasibility of finding neural correlates of muscle activity

and kinematics from Electroencephalography using a brain-inspired computational

paradigm.
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Chapter 1

Introduction

“Artificial intelligence is the science of making machines do things

that would require intelligence if done by men”

Marvin Minsky - A co-founder of the field of Artificial Intelligence,

one of the leading contributors of early neural networks, and the

theories of human and machine cognition

Chapter Overview

This thesis presents a Brain-Inspired Spiking Neural Network model for construct-

ing an interpretable neural decoder for Brain-Computer Interfaces for incremental

learning of spike sequences extracted from Electroencephalography signals. The

thesis argues that the proposed Spiking Neural Network approach results in a

better neural decoder compared to the traditional machine learning approaches

for non-invasive Brain-Computer Interfaces. This chapter introduces the research

problem, background, motivation and rationale of the research. The chapter then

describes the aim and objectives of the thesis and the research questions addressed

by the thesis. Then, a brief overview of the research is described. Finally, the

29
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primary outcomes, contributions and outputs of the research delivered by this

thesis are presented at the end of this chapter.
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1.1 Motivation

Neurological signals such as Electroencephalography (EEG), Electrocorticography

(ECoG), and functional Magnetic Resonance Imaging (fMRI) indicate the neural

responses of the brain’s neural network that elicit in response to sensory, motor

or cognitive events. Brain-Computer Interfaces (BCI) aim at decoding the neural

activity from neurological signals and translate it into machine commands for

manipulating digital devices. Development of accurate, efficient and effective

neural decoders that are capable of decoding continuous sensory, motor and

cognitive events from neurological signals is a fundamental problem in developing

Brain-Computer Interface systems.

The statistics from the World Health Organization show that every six seconds,

someone in the world becomes physically disabled due to a stroke (The Internet

Stroke Center, n.d.). Every year, there are about 9000 new stroke cases in New

Zealand, and about 60000 New Zealanders live with the consequences of stroke

(Stroke Foundation NZ, n.d.). About ten million people on the earth suffer from

the consequences of limb amputation (WHO, 2017). Many are disabled and need

support for carrying out the activity in their daily living.

BCI’s can be used to control digital devices through the users’ thoughts decoded

from neurological signals without direct physical contact with the device. Thus,

BCI enables manipulation of assistive devices such as exoskeletons, prosthetic

limbs, or wheelchairs through the mental commands of the user. It has previously

been shown that BCI is a promising intervention to improve motor recovery after

stroke (Taylor et al., 2015). BCI is a potential approach for improving the quality

of life of motor-impaired people.

Efforts have recently started to translate BCI-based rehabilitation technologies

from laboratory to real-world applications (Mak & Wolpaw, 2009; Reardon, 2016).
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Compared to the invasive neurological signals such as Electrocorticography and

Local Field Potentials, Electroencephalography monitors the neural activity of the

brain non-invasively, less expensively and under a minimal risk. Compared to other

non-invasive recording methods such as functional Magnetic Resonance Imaging,

EEG monitors the brain activity at a higher temporal resolution. Therefore,

EEG demonstrates a higher potential for implementing neural decoders for BCI

applications which suits for every-day life.

The human brain is organised according to different areas that are specialised

to perform specific tasks. The brain dynamics during a cognitive task, such as

grasping an object, is distributed across multiple areas of the brain in a spatio-

temporal manner, rather than being isolated to a specific brain area (Roland,

1984; Milner et al., 2007). To date, conventional electroencephalography-based

non-invasive BCI decoders have demonstrated the feasibility of decoding several

cognitive tasks by using the response of a specific brain area for an observed

stimulus. For instance, Movement Related Cortical Potentials (MRCP), which can

be observed from the motor cortex, have been used by BCI’s for neurorehabilitation

(I. Daly et al., 2018; Lisi et al., 2018; Jochumsen et al., 2015). The Error-related

Potentials (ErrP) which are likely to be generated in the Anterior Cingulate Cortex

and the Dorsolateral Prefrontal Cortex (Chavarriaga & Millán, 2010; Holroyd et

al., 2004; Hester et al., 2005) have been used for error correction and adaptation

in assistive BCI’s. Several studies have reported the feasibility of using ErrPs to

manipulate assistive robots (Perrin et al., 2010). Another example is the use of

evoked potentials such as the p300 EEG potentials recorded from the occipital

lobe in assistive BCI’s that aid communication for language-impaired people.

Neurological disorders such as stroke and spinal cord injury can result in

movement impairments, and Brain-Computer Interfaces can assist or restore those

affected motor functions. The goal of assistive BCIs such as wheelchairs and
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communication support devices controlled through BCI is to replace the lost

motor functions. The accurate multi-class classification that improves the degrees

of freedom of the assistive control and quick prediction are the main challenges

for assistive BCIs. On the other hand, restorative BCIs such as neuroprosthesis,

Functional Electric Stimulation and robotic exoskeletons controlled through BCI,

aims at recovering the affected movements. They facilitate motor re-learning by

strengthening the affected neural pathways and building alternative pathways by

inducing neuroplasticity of the brain (Bauer & Gharabaghi, 2017; Gharabaghi,

2016).

An integrated involvement of the mechanical elements of the limb and the asso-

ciated neural circuitry that is responsible for related sensory, motor and cognitive

functions, contribute to the execution of movements in animals. The feasibility

of revealing the complex brain dynamics that represent the underlying sensory,

motor and cognitive processes in the brain that generate complex functional

movements is challenging. It is even more challenging to develop methods to

effectively use such knowledge for predictive modelling of the dynamic behaviour

from neurological signals. However, if successfully harnessed, such computational

models will improve the state-of-the-art in restorative Brain-Computer Interfaces.

The computational models that can decode precise neuro-muscular relationships

from EEG signals will enhance the restorative BCI applied in neurorehabilitation

and prosthetic control. Several recent studies report the feasibility of extracting

neuro-muscular interactions from EEG signals during functional upper limb

movements (Pirondini et al., 2017; Yoshimura et al., 2017; Artoni et al., 2016).

These studies evidence the feasibility of extracting neural activity from EEG

signals useful to control and manipulate objects through non-invasive BCIs.

The traditional approach for constructing neural decoders for BCI’s consist of

several steps such as pre-processing the neurological signals, feature extraction
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and selection (Koprinska, 2009), predict neural activity through classification,

clustering or regression analysis and generating control commands to manipulate

the intended digital device through BCI. The common feature extraction methods

used in BCI are Power Spectrum Density analysis, Common Spatial Pattern

Analysis, Independent Component Analysis, Riemannian Geometry, EEG source

localisation-based methods, wavelet transformation (Vargic et al., 2015; Y.-H. Liu

et al., 2013; R. Upadhyay et al., 2013; Lan et al., 2010). Convolutional Neural

Networks, Support Vector Machine, Linear Discriminant Analysis, k-Nearest

Neighbour are commonly used to predict neural activity from the extracted features

(Trofimov et al., 2012; Y. Zhang, Liu et al., 2017). These human-engineered

Artificial Intelligence systems contradict what is already known about information

processing in the animal brain. They cannot evolve, learn incrementally or adapt

to changes in the environment, require large amounts of labelled data to train,

yet can fail catastrophically even with small variations of the input. The complex

machine learning models used for decoding neural activity into machine commands

in BCI can significantly increase prediction latency and limit their feasibility for

real-time prediction. Most of the current machine learning methods that decode

neural activity from neurological signals perform batch learning and do not have

the ability of incremental and adaptive learning. These limitations influence

the development of a Brain-Inspired Artificial Intelligence (BI-AI) approaches to

address the weaknesses in current AI systems.

1.2 Research Problem

The development of computational models that can precisely decode the neuro-

muscular relationships from EEG signals in real-time is a significant problem in

developing neural decoders for restorative Brain-Computer Interfaces. The low
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spatial resolution and the volume conductance effect of EEG limit the feasibility

of distinguishing less spatially distributed neural activity of the brain, such as

different movements of the same limb (Edelman et al., 2015). To address the above

limitation, the conventional neural decoders that utilise the sensorimotor rhythms

of electroencephalography signals generate distinct neural commands through

Event-Related Synchronisation and Event-Related Desynchronisation that evoke

as a result of moving different parts of the body. However, this approach results

in un-naturalistic control in restorative BCIs due to the cognitive disconnection

between the targeted and intended action.

The lack of interpretability of computational models used for decoding neural

activity is another limitation in many BCIs that use less-interpretable machine

learning approaches such as Support Vector Machine (SVM), Linear Discriminant

Analysis (LDA), Generalised Linear Models (GLM), Independent Component Ana-

lysis (ICA), and deep Convolutional Neural Networks (CNN). These approaches

result in BCIs that often behave as ‘black boxes’. They do not allow opportunities

to extract new knowledge for a better understanding of the cognitive processes

when interacting with the BCIs. Besides, the lack of interpretability limits the

feasibility of using known knowledge of the cognitive processes in neuroscience for

improving computational models.

Through neurorehabilitation, it is expected that the patients will incrementally

learn to regain the affected movements. Changes to the neuronal activation

patterns during neurological recovery was reported in several brain connectivity

analysis studies (Canuet et al., 2015; Ochoa et al., 2014; Westlake & Nagarajan,

2011). Therefore, the supportive computational technologies used in such neurore-

habilitation settings such as BCI should be able to adapt to these physiological

changes that happen during neurorehabilitation (Cella et al., 2014). On the other

hand, to optimise motor learning, the patient’s voluntary involvement in the task
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should be enhanced by carefully controlling the amount of support during the

neurorehabilitation task (Freeman et al., 2012; Grimm et al., 2016). The ability

to learn incrementally and adaptively are essential for machine learning methods

applied in rehabilitation applications.

Multiple clinical studies have shown promising outcomes of using Brain-

Computer Interface technology to induce functional recovery after stroke. A

systematic review presented in (Bai et al., 2020) highlighted that the use of BCIs

has significant immediate effects on improving hemiparetic upper extremity func-

tion in patients after stroke. The review also pointed out that BCIs combined with

functional electrical stimulation can result in a better functional recovery than

other neurofeedback approaches. The increased recovery of affected movements

using BCI interventions coupled with FES may be attributed to the activation

of the cortical network related to motor control. Further, the review has also

indicated that the attempted movements appear more effective than imagined

movements. It is essential to perform extensive randomised control trials and

clinical-based trials with BCI-based interventions to prove the immediate and

long-term effects of the intervention. BCI-based interventions need to be trans-

lated into smaller, lightweight, wireless devices. There is a need for enhancing

the ability to personalise the technology to improve the translational aspects of

the intervention. These improvements can lead to the development of portable

clinical or home-based personalised intervention protocols (Remsik et al., 2016).

1.3 Rationale

Computational approaches that mimic the biological processes of living nervous

systems have provided new insights into Artificial Intelligence. Recent literature

reveals several brain-inspired computational models that aim to model complex
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brain dynamics, leading to a better understanding of information representation

and processing in the brain, and computationally interpret the natural mech-

anisms of learning and adaptation in animals in Artificial Intelligence systems

(N. K. Kasabov, 2014; Markram, 2006, 2012; Furber, 2016; Hawkins et al., 2019;

Reimann et al., 2017).

Artificial Neural Networks (ANN), as a sub-set of AI, present mathematical

and computational representation of neurons and neural network of the brain.

Deep Convolutional Neural Networks are successfully applied for prediction in

AI systems (LeCun et al., 2015; Goodfellow et al., 2016); however, they result in

static vector-based learning of input data. These vector-based models use fixed

structures of neurons that require many layers of classic hierarchical abstraction

to achieve a statistically significant accuracy. The lack of interpretability of

knowledge gained through learning and the less capability for reasoning makes

them vulnerable to failures (Deng, 2018).

Many machine learning methods require a large amount of training data to

build an accurate machine learning model. Humans, on the other hand, are fast

learners. Humans can learn quickly using few training samples and through a less

number of repetitions in most situations. Although machine learning has become a

rapidly growing approach for problem-solving in every-day life, this contradiction

is a barrier to embed human-like intelligence in machines. Spiking Neural Networks

as the third generation of ANN, more closely model the behaviour of a living

nervous system as it considers both spatial and temporal aspects of input data

for building the computational model. Brain-inspired machine learning models

such as Spiking Neural Networks, which are inspired by how the animal brain

processes information, represents knowledge, learn through experience and adapts

over time through errors and rewards, provides a new approach to eliminate these

limitations in conventional machine learning methods.
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Neuroprosthesis can also be a small implant placed on the partially injured

neural pathways (proximally injured and distally intact pathways) in the limbs to

aid the communication between the cortex and peripheral neuromuscular pathways.

Different control strategies can be utilised to control the neuroprosthesis, such

as open-loop/feedforward, close-loop/feedback or adaptive control (Wright et al.,

2016).

The open-loop control only generates commands to produce the expected output

by the neuroprosthesis. This control strategy does not utilise a mechanism to

measure the error (difference between the expected and actual output). Therefore

open-loop control can not optimise the model in order to minimise the error.

Many studies that demonstrated the feasibility of the Brain-Computer Interface

to manipulate neuroprosthesis utilise the open-loop control strategy. However,

different parts of the human body operate through complex closed-loop control. It

is also possible that the control may be under multiple loops that govern different

physiological aspects of the body at different time scales. Therefore, it is essential

to incorporate the closed-loop control in neuroprosthesis.

The closed-loop control requires the inclusion of sensors in the system un-

der control. The closed-loop systems produce the command for controlling the

neuroprosthesis, but they also utilise the sensors to measure the actual output in

response to the control command. Therefore, closed-loop systems have a mechan-

ism to evaluate the difference between actual and expected output and optimise

the model to minimise the error.

The proposed Brain-Inspired Brain-Computer Interface is a promising approach

to establishing the bi-directional information flow for neuroprosthetic control to

enable closed-loop control. The thesis shows that the proposed BI-SNN can

accurately predict the relationship between the brain activity measured non-

invasively through EEG signal and the activity of the end-effector, such as the
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activity of individual muscles that contribute to generate the output of the end-

effector. This corresponds to the forward path of the closed-loop control. At the

same time, the model can also utilise information travel from the peripheral to

the central nervous system, such as the information from the sensory receptors,

which corresponds to the feedback path of the closed-loop control.

1.4 Aim and Objectives of the Research

1.4.1 Aim

This thesis proposes a novel Brain-Inspired Spiking Neural Network (BI-SNN)

model for incremental learning of spike sequences from spatio-temporal data.

It enables the discovery of polychronising spiking neuron populations that are

correlated with the predicted task using spike-time based learning rules. The

proposed BI-SNN is a generic SNN architecture that can be applied for the

predictive modelling of spatio-temporal data streams. Here it is applied to predict

muscle activity and kinematics from EEG during the various human activity,

which is useful for restorative Brain-Computer Interfaces.

1.4.2 Objectives

The research set-up the following objectives to achieve the above aim.

1. Develop a spike-based learning method for incremental learning of spike

sequences from electroencephalography signals for online event prediction

2. Develop a knowledge representation framework to evaluate the feasibility of

the NeuCube SNN architecture to map spiking activity from EEG sensor-

space into the structural and functional regions of interest in the brain
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3. Develop a method to extract neural trajectories from Brain-Inspired SNN

architectures to improve the interpretability of the machine learning model

and increase understanding of the information representation in the model

as deep spatio-temporal rules

4. Extend the generic NeuCube SNN framework by integrating the proposed

spike sequence learning and knowledge representation algorithms to improve

the evolution of polychronising spiking neuron populations for spike sequence

learning

5. Conduct a comparative analysis of the proposed Brain-Inspired Spiking

Neural Network with the other state-of-the-art machine learning methods

commonly used in BCI for benchmarking the performance of the proposed

method

6. Develop prototypes and conduct proof-of-concept studies to demonstrate in

principle the applicability of the proposed Brain-Inspired Brain-Computer

Interface in real-world restorative BCI applications

The proposed research intends to address several limitations in the current

restorative BCI research such as the less prediction accuracy, less interpretability,

long temporal averaging of input data that limit the feasibility of real-time

prediction and the batch-learning based training of the neural decoder that

increase the calibration time of BCI.

1.5 Research Questions

The thesis addresses the following research questions. A detailed description on

each research question is presented in section 4.2.
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1.5.1 Generic research questions for online event predic-

tion from spatio-temporal data

The proposed Brain-Inspired Spiking Neural Network is a generic method which

can be used for predictive modelling of spatio-temporal data streams. The research

addresses the following generic research questions (RQs).

• RQ1: How can the Spike Pattern Association Neuron (SPAN) be extended

to develop an incremental spike sequence learning model for online event

prediction from spatio-temporal data streams?

• RQ2: How can the network architecture of the eSPANNet learning model be

improved to enhance its convergence and the prediction performance when

learning from non-stationary stochastic data streams such as Electroenceph-

alography?

• RQ3: Based on the abilities of SNN for deep learning, can SNNs be used

to construct an interpretable machine learning model that represents deep

knowledge as spatio-temporal rules?

1.5.2 Specific research question for addressing the limit-

ations of non-invasive BCI for motor recovery and

restoration

This thesis applies the proposed generic learning algorithms to construct a novel

Brain-Inspired Brain-Computer Interface that can address several limitations in

the current restorative BCIs for neurorehabilitation and prosthetic control. The

proposed learning algorithms that address the above generic research questions

will be applied to multiple case-studies.
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• RQ4: How does the eSPANNet learning model compare with the static rate-

based machine learning methods (such as the Convolutional Neural Networks

and Support Vector Machine) and as well as the sequence learning-based

machine learning methods (such as the Recurrent Neural Networks, linear

regression and SVM-based regression) for predicting movement intention

from EEG signals?

• RQ5: How can the NeuCube SNN architecture be improved in order to

enable continuous control of a prosthetic hand from EEG signals?

• RQ6: Does the Brain-Inspired Spiking Neural Network model that integ-

rates the eSPANNet with the NeuCube SNN architecture result in higher

prediction accuracy than the pure eSPANNet learning model for predicting

continuous movements from EEG signals?

• RQ7: How do the Brain-Inspired Spiking Neural Networks and the non-

Brain-Inspired machine learning models compare in terms of their ability

for sequence prediction, interpretability, and incremental learning to pre-

dict complex movements from EEG signals useful for motor recovery and

restoration through Brain-Computer Interfaces?

1.6 Overview of the Research

The ‘population vector’ model initially proposed and experimentally validated

by Georgopoulos (A. P. Georgopoulos et al., 1983) describes how the neurons

in the motor cortex are trained to perform movements in different directions.

It was observed that each neuron in the population demonstrated a preferred

direction of movement, and the firing rate of the neurons was increased when

the corresponding stimulation was presented. Using the principles of Evolving
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Connectionist Systems (ECoS), this research proposes a novel computational model

inspired by the concept of population vectors in the brain. It presents a spike-based

supervised and incremental learning model to learn polychronising spiking neuron

populations in Brain-Inspired Spiking Neural Network architectures. The thesis

evaluates the feasibility of the proposed Brain-Inspired SNN to decode neural

correlates of muscle activity and kinematics from EEG signals. The proposed

research aims at developing a novel type of neural decoder for Brain-Computer

Interfaces that enable incremental learning to detect polychronising spiking neuron

populations.

This research is based on the generic NeuCube Spiking Neural Network frame-

work (N. Kasabov, 2012; N. K. Kasabov, 2014; N. Kasabov et al., 2016; N. K. Kas-

abov, 2018) for mapping, learning, predicting, interpreting and understanding

brain dynamics from spatio-temporal brain data. The NeuCube consists of a

reservoir of spiking neurons placed in a 3-dimensional space according to a brain

atlas. The SNN approximately maps the encoded spiking activity from sensor-

space into regions of interest in the brain represented by spiking neural clusters

placed in the 3-dimensional space. The reservoir of spiking neurons evolve through

spike-time based learning rules (Gerstner et al., 1996; Markram & Tsodyks, 1996).

The thesis shows the feasibility of such spatio-temporal distribution to map the

EEG channel activity from sensor-space into structural and functional regions of

interest in the brain.

The research extends the Spike Pattern Association Neuron (SPAN) model

(Mohemmed, Schliebs & Kasabov, 2011; Mohemmed, Schliebs, Matsuda & Kas-

abov, 2011; Mohemmed & Kasabov, 2012; Mohemmed, Lu & Kasabov, 2012;

Mohemmed, Schliebs et al., 2012; Mohemmed et al., 2013) and proposes a spike-

based incremental spike sequence learning model called evolving Spike Pattern

Association Neuron. This model aims to learn complex spatio-temporal spike
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sequences from streaming data. SPAN is a spiking neuron model which can emit

spikes at the desired time point. It can associate arbitrary spike trains allowing

the processing of spatio-temporal information encoded in the precise temporal

order of spikes. eSPANNet is integrated as the output layer of NeuCube SNN

architecture to enable incremental learning of spike sequences. The integration

of the eSPANNet as the output layer of the NeuCube enables the association of

temporally correlated spiking activity in distinct brain areas with the output layer

of the BI-SNN. The research was conducted under the following three stages.

1.6.1 Stage 1: Development of learning algorithms

This stage of the research aims at designing and constructing brain-inspired

machine learning algorithms to address the highlighted limitations of the non-

invasive Brain-Computer Interfaces. The thesis proposes the following three

generic spike-based learning methods.

1. The eSPANNet computational model is proposed as a spike-based generic

learning model for online event prediction from spatio-temporal data streams.

The proposed model extends the traditional batch learning of the SPAN.

2. The knowledge representation algorithm is proposed as a spike-based generic

method for the extraction of deep knowledge in Brain-Inspired Spiking

Neural Network architectures and enhance the interpretability of the machine

learning model.

3. The above generic methods are integrated with the NeuCube SNN framework

to develop the Brain-Inspired SNN architecture that constructs an inter-

pretable machine learning model for predictive modelling of spatio-temporal

brain data. It enables incremental learning of complex spike sequences and

constructs a novel type of Brain-Inspired neural decoder.



Chapter 1. Introduction 45

1.6.2 Stage 2: Proof of concept and the development of

software prototypes

This stage of the research aims at implementing the proposed generic algorithms

as software prototypes. Proof of concept studies will be conducted to verify

in principle the practical potential of the proposed theoretical concepts and

learning algorithms. The learning algorithms were implemented using MATLAB

programming language on a conventional personal computer. The embedded

system that translates the neural activity into machine commands for controlling

rehabilitation devices is implemented using the Arduino programming language.

The proof of concept studies are conducted using publicly available datasets,

1. to demonstrate the feasibility of accurate and incremental learning of spike

sequences by the eSPANNet computational model and,

2. to evaluate the feasibility of extracting deep knowledge in Brain-Inspired

Spiking Neural Network architectures as neural trajectories represented in

the form of deep spatio-temporal rules.

1.6.3 Stage 3: Experimental Validation

This stage aims at experimentally validating the proposed Brain-Inspired Brain-

Computer Interface. The proposed BI-SNN is experimentally validated using

publicly available datasets, and appropriate statistical tests are performed to

evaluate the statistical significance of the results. The thesis also presents a

preliminary study on online controlling of a prosthetic hand through the proposed

SNN-based Brain-Computer Interface approach.
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1.7 Structure of the thesis

This thesis contains ten chapters structured under four main sections. Figure 1.1

depicts the structure of the thesis and the interconnections of the chapters (the

bird’s eye view of the thesis).

1.7.1 Section 1: Overview

This section consists of three chapters that present an overview of the research.

The first chapter presents an overview of the thesis. A comprehensive literature

review on the restorative BCI, the challenges, limitations and future research

directions of non-invasive BCI applied for motor recovery and restoration is

presented in the second chapter. Chapter 3 presents a detailed description of

brain-inspired computational methods with a particular focus on their applications

in constructing neural decoders for BCI. The chapter also presents an overview of

the proposed Brain-Inspired Brain-Computer Interface. Chapter 4 describes the

overview of the proposed methodology.

1.7.2 Section 2: Proposed generic methods and algorithms

for Spiking Neural Networks

The second section of the thesis consists of three chapters that present the

proposed spike-based generic methods for constructing interpretable, spike-based

incremental learning model for online event prediction from spatio-temporal data.

Chapter 5 introduces the evolving Spike Pattern Association Neural Network

(eSPANNet). It presents the evolving SNN architecture and the learning algorithms

for constructing the model. The chapter also presents a proof of concept study of

the eSPANNet using a publicly available dataset.



Figure 1.1: Structure of the thesis (bird’s eye view) and the interconnections among the chapters
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Chapter 6 extends the eSPANNet network architecture and presents a case

study on movement intention from EEG signals. The proposed generic algorithms

for knowledge representation and extraction in Brain-Inspired Spiking Neural

Network architectures is presented in chapter 7.

1.7.3 Section 3: Proposed Brain-Inspired methods for

restorative Brain-Computer Interfaces

This section consists of two chapters that present a Brain-Inspired Brain-Computer

Interface (BI-BCI) for addressing the limitations in current BCI research high-

lighted in the second chapter. A proof of concept study on evaluating the feasibility

of the proposed spike-based BCI for prosthetic control is presented in chapter

8. Chapter 9 presents the proposed BI-BCI that integrates the proposed know-

ledge representation algorithms and the spike-based incremental sequence learning

model with the generic NeuCube SNN framework. The chapter also presents

the experimental validation of the proposed BI-BCI through a case study on

predicting muscle activity and hand kinematics during grasp and lift movements.

1.7.4 Section 4: Outlook

The final section of the thesis presents a summary of the findings and outcomes

of the research. Chapter 10 presents a general discussion of the research, scientific

contributions of the research, the limitations of the research, the research outcomes

and concludes the findings.

1.8 Contributions of the Research

This research makes the following contributions.
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1.8.1 Identification of the limitation in existing restorative

BCI research

The thesis presents a comprehensive literature review on the restorative Brain-

Computer Interfaces that utilise electroencephalography signals to decode move-

ments applicable in motor recovery and restoration interventions. The thesis

highlights several challenges specific to decoding neural activity in restorative

BCIs from EEG and emphasis on the necessary improvements in machine learning

methods used for decoding neural activity in order to address those limitations.

1.8.2 Development of learning algorithms

This thesis delivers two generic learning algorithms for spike-based supervised

learning for online event prediction from spatio-temporal data streams. The

proposed algorithms enable incremental learning of spike-sequences and enhance

the interpretability of the machine learning model compared to the conventional

less-interpretable ‘black-box’ type machine learning models. These generic methods

construct a novel type of Brain-Computer Interface for addressing the highlighted

limitations of the existing restorative BCI research.

1.8.3 Implementation of software prototypes of the pro-

posed computational models

The thesis presents the implementation of the proposed generic methods and

software prototypes of the proposed Brain-Inspired Brain-Computer Interface

system using the MATLAB programming language.
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1.8.4 Experimental validation through case studies

This research validates the proposed computational models through several case

studies using publicly available neurological datasets. The thesis also presents a

laboratory-based preliminary study on validating the feasibility of the proposed

BI-BCI for online control of a prosthetic hand.

1.8.5 Knowledge dissemination through scientific publica-

tions, demonstrations and talks

The findings of this research are disseminated through the following media.

Journals

• Kumarasinghe, K., Kasabov, N., & Taylor, D. (2020). Deep learning

and deep knowledge representation in Spiking Neural Networks for Brain-

Computer Interfaces. Neural Networks, 121, 169-185.doi:https://doi.org/

10.1016/j.neunet.2019.08.029

• Kumarasinghe, K., Kasabov, N., & Taylor, D., Brain-Inspired Spiking

Neural Networks for Decoding and Understanding Muscle Activity and

Kinematics from Electroencephalography Signals during Hand Movements,

Scientific Reports 11, 2486 (2021). doi: https://doi.org/10.1038/s41598-021

-81805-4, URL:https://www.nature.com/articles/s41598-021-81805-4

• Kumarasinghe, K., Kasabov, N., & Taylor, D., Evolving Spike Pat-

tern Association Neural Networks and Applications for Non-invasive Brain-

Computer Interfaces, IEEE Transactions on Biomedical Engineering (under

review)

https://doi.org/10.1016/j.neunet.2019.08.029
https://doi.org/10.1016/j.neunet.2019.08.029
https://doi.org/10.1038/s41598-021-81805-4
https://doi.org/10.1038/s41598-021-81805-4
https://www.nature.com/articles/s41598-021-81805-4
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Conference Proceedings

• Kumarasinghe, K., Taylor, D., & Kasabov, N. (2019, July). eSPAN-

Net: Evolving Spike Pattern Association Neural Network for Spike-based

Supervised Incremental Learning and Its Application for Single-trial Brain-

Computer Interfaces. In 2019 International Joint Conference on Neural

Networks (IJCNN). IEEE.doi:10.1109/IJCNN.2019.8852213

• Kumarasinghe, K., Owen, M., Taylor, D., Kasabov, N., & Kit, C. (2018,

May). FaNeuRobot: A Framework for Robot and Prosthetic Control Using

the NeuCube Spiking Neural Network Architecture and Finite Automata

Theory. In 2018 IEEE International Conference on Robotics and Automation

(ICRA). IEEE.doi:10.1109/ICRA.2018.8460197

Demonstrations

• A video demonstration on controlling a prosthetic hand described in the

conference paper - ‘FaNeuRobot: A Framework for Robot and Prosthetics

Control Using the NeuCube Spiking Neural Network Architecture and

Finite Automata Theory’ presented at the IEEE International Conference

on Robotics and Automation (ICRA) 2018 is available from the following

URL. https://www.youtube.com/watch?v=cLqtUoBjJWs&t=18s

Book Chapters

• Sengupta, N., Ramos, J. I. E., Tu, E., Marks, S., Scott, N., Weclawski, J.,

Gollahalli, A.R., Doborjeh, M.G., Doborjeh, Z.G., Kumarasinghe, K. and

Breen, V. (2018). From von Neumann Architecture and Atanasoffs ABC

to Neuro-Morphic Computation and Kasabov’s NeuCube: Principles and

Implementations. In Learning Systems: From Theory to Practice (pp. 1-28).

10.1109/IJCNN.2019.8852213
10.1109/ICRA.2018.8460197
https://www.youtube.com/watch?v=cLqtUoBjJWs&t=18s
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Springer, Cham.

• Doborjeh, M. G., Doborjeh, Z. G., Gollahalli, A. R., Kumarasinghe, K.,

Breen, V., Sengupta, N., Ramos, J.I.E., Hartono, R., Capecci, E., Kawano, H.

and Othman, M., (2018). From von Neumann Architecture and Atanasoff’s

ABC to Neuromorphic Computation and Kasabov’s NeuCube. Part II:

Applications. In Practical Issues of Intelligent Innovations (pp. 17-36).

Springer, Cham.

Talks

• Towards Finding the ABC’s of ‘Brainish’ - Finalist of the AUT Three-

Minutes Thesis (3MT) Competition 2020 (A video of the three minutes talk

is available from the following URL: https://www.youtube.com/watch?v=

FSzlgw_MYC0)

1.9 Summary of the chapter

This chapter presented an overview of the proposed research. The chapter began

with a brief description of the motivation, research problem addressed by the

thesis and the rationale for conducting this research. The thesis aims to deliver

an interpretable Brain-Inspired Spiking Neural Network for incremental learning

of spike sequences for online event prediction from spatio-temporal data streams.

The chapter stated the six objectives set up to achieve the above aim. The

chapter then outlined the seven research questions addressed by the thesis and

presented an overview of the proposed research methodology. Next, the chapter

described the three stages of the research aimed at developing the learning

algorithms, implementing the proposed learning algorithms as software prototypes

and conducting experimental validation of the proposed learning algorithms

https://www.youtube.com/watch?v=FSzlgw_MYC0
https://www.youtube.com/watch?v=FSzlgw_MYC0
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using EEG datasets. The chapter then presented the structure of the thesis

and the interconnections of the chapters. Finally, the chapter outlines the main

contributions of the thesis.



Chapter 2

Brain-Computer Interfaces –

Brain-Inspired Methods,

Limitations, Challenges and

Future Directions

“A scientist in his laboratory is not a mere technician: he is also a

child confronting natural phenomena that impress him as though they

were fairy tales.”

Marie Curie, a pioneering researcher on radioactivity, the first woman

to win a Nobel Prize, the first person and the only woman to win the

Nobel Prize twice and also the only person to win a Nobel Prize in

two different sciences
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Chapter Overview

The previous chapter presented an overview of the thesis, including rationale

and motivation of the research, the research questions addressed by the thesis,

a brief description of the research methodology and main contributions of this

research. This chapter will emphasise on the limitations in the non-invasive

Brain-Computer Interfaces that utilise electroencephalography signals applied in

motor recovery and restoration applications. The chapter begins with a general

introduction to Brain-Computer Interfaces and the applications of BCI. Then,

the recent developments in constructing neural decoders are critically examined,

including their limitations and challenges. The chapter next outlines several future

directions for restorative Brain-Computer Interface research. Finally, the chapter

concludes with several suggestions to the machine learning approaches used to

construct neural decoders for restorative BCI.
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2.1 Introduction

Nature has inspired many technological innovations over the years. In 1780, an

accidental observation of a movement in a dead frog struck by an electric impulse

inspired Luigi Galvani’s discovery of bioelectricity in animals (Tudor et al., 2005).

Following the discovery of the Galvanic current, in 1809, Luigi Rolando stimulated

the surface of the cortex in the brain for the first time (Sironi, 2011). These

experiments led to the discovery of cerebral localisation in the brain (Marshall

& Fink, 2003). In 1875, Richard Caton reported the observation of electric

impulses from the surfaces of living brains, proving that the brain produces an

intrinsic electrical activity which can be recorded from the cerebral surface of the

brain. Caton’s experiments set up the foundation for Hans Burger to discover

electroencephalography, a method for recording brain waves in 1924 (Haas, 2003).

Later, it was shown that apart from monitoring the neural activity in the

brain, EEG could also be transformed into electrical impulses that could be used

to control electronic devices. Jacques Vidal reported the first experiment and

a digital device was controlled using brain waves extracted from EEG in 1973

(Vidal, 1973). He introduced the term ‘Brain-Computer Interface’ for this type

of communication. Electroencephalography non-invasively monitors the neural

activity of the brain. Empirical studies provide evidence on decoding various

human behaviours from neurological signals. Brain-Computer Interface detects

mental commands from neurological signals and translates them into machine

commands. BCI enables users to control external digital devices such as exoskelet-

ons, computers, wheelchairs, prosthetic limbs, cognitive games and communication

support devices through the user’s mental commands without direct physical

interaction with the device. Therefore BCI is a promising intervention to improve

the quality of life of motor-impaired people.
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Based on the purpose, BCI-base rehabilitation technologies can be divided into

two categories as restorative BCI and replacive BCI. The restorative BCIs intend

to restore the affected movements through intuitive manipulation of restorative

neuroprosthesis such as exoskeletons, Functional Electrical Stimulation, prosthetic

limbs. Neuroprosthetics aims to restore the affected motor function by strengthen-

ing the affected neural pathways or building alternative pathways through motor

learning. In this regard, neurorehabilitation with neuro-feedback supports to

restore the affected movements through repetitive exercises (Bauer & Gharabaghi,

2017; Gharabaghi, 2016). Often in modern rehabilitation settings, Functional

Electrical Stimulation, robotic exoskeletons and virtual reality are coupled with

these treatments to gain better recovery of the motor functions. The replacive

BCI, on the other hand, intend to replace the lost functionalities such as commu-

nication and navigation through intuitive manipulation of assistive devices. The

applications of replacive BCI include navigation using mind-controlled assistive

wheelchairs and communication through mind-controlled spelling devices through

BCI. The goal of assistive neuroprosthesis such as wheelchairs and communication

aid devices controlled through BCI’s is to replace the lost motor functions. The

accurate multi-class classification that increases the degrees of freedom of the

assistive control and short prediction latency are the main challenges for assistive

BCI. The review focuses on previous studies related to processing and analysis of

EEG signals for implementing neural decoders for restorative BCI.

2.2 Focus of the Review

The focus of this review is to critically examine previous research on Brain-

Computer Interfaces that utilise EEG signals to predict multidimensional limb

movements which are helpful to motor recovery and restoration in rehabilitation.
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The research articles were filtered using the ‘Scopus’ database using the keywords

such as, ‘Brain Computer Interface’, ‘Brain-Computer Interface’, ‘BCI’ , ‘Brain

Machine Interface’, ‘EEG’, ‘electroencephalogram’, ‘electroencephalograph’, ‘elec-

troencephalography’. (Search Query: TITLE-ABS-KEY ( ( "Brain Computer

Interface" OR "Brain-Computer Interface" OR "BCI" OR "Brain-Computer In-

terfaces" OR "Brain Machine Interface" OR "Brain-Machine Interface" ) AND (

"EEG" OR "electroencephalogram" OR "electroencephalograph" OR "electroen-

cephalography" ) ))

2.2.1 Inclusion and exclusion criteria

This review critically examines previous studies on improving machine learning

approaches that were applied to predict movements in restorative BCI. The

research articles focused on predicting other Event-Related Potentials such as

p300, Steady State Visual Evoked Potentials, Evoked Potentials, Visual Evoked

Potential, Evoked Visual Response, visual oddball task are excluded from this

review. The neurological signals other than EEG such as ECoG, MEG, fMRI, LFP,

multi-electrode arrays, single-unit recording are also excluded from the review.

Since the current literature review focuses on the state-of-the-art in restorative

Brain-Computer Interfaces applied in neurorehabilitation and prosthetic control for

motor recovery and restoration, previous research of other BCI application areas

such as the assistive systems for communication and navigation, neuromarketing,

vigilance level estimation to assist drivers, affective computing, epileptic state

detection, cognitive games and entertainment are also excluded from the review.

A growing body of BCI literature on sensorimotor rhythm-based neural decoders

have used three different strategies to originate BCI commands as executed,

attempted and imagined (Ang et al., 2010; Muralidharan et al., 2011; Jochumsen et
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al., 2015) movements that generate Movement Related Cortical Potentials (MRCP).

These movements result in Event-Related Synchronisation and Desynchronisation

in the brain that generates distinct control commands. The populations of

neurons that correspond to movements in different parts of the body are spatially

distributed in sensory and motor areas of the brain. A majority of studies that

utilise MRCP are focused on the movements of different parts of the body such

as left hand, right hand, feet and tongue to enable multidimensional control

through BCI as such movements cause spatially distinguishable patterns in MRCP.

However, this approach does not suit for restorative BCIs as they intend to restore

the affected motor functions of the same limb. Therefore, this literature review

focuses on machine learning methods that intend to predict different movements

of the same limb.

2.3 Overview of Brain-Computer Interfaces

2.3.1 Invasive and non-invasive Brain-Computer Interfaces

Figure 2.1 represents different types of neurological signals that monitor the neural

activity of the brain (source: Leuthardt et al., 2009). Brain-Computer Interfaces

can be divided into two main categories as invasive BCI and non-invasive BCI

according to the invasiveness of the neurological signal used for monitoring the

brain activity. The invasive BCI utilises electrodes that are placed inside the

brain such as Electrocorticography, Lead-Field Potentials, microelectrode arrays to

monitor the neural activity of the brain. The non-invasive BCI utilises electrodes

that are placed on the skin surface, which do not require invasive procedures

to monitor the neural activity of the brain. Electroencephalography, Magneto-

encephalography, and functional Magnetic Resonance Imaging are examples of
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non-invasive neurological signals.

Figure 2.1: Different types of neurological signals that measure neural activity of
the brain (source: Leuthardt et al., 2009)

2.3.2 BCI paradigms

A set of well-established concepts, protocols, and procedures used to develop Brain-

Computer Interfaces are known as a BCI paradigm. Some of the commonly used

BCI paradigms are the p300, Steady-State Visually Evoked Potentials (SSVEP),

Motor Imagery, and visual and auditory odd-ball BCI paradigms. According to

the origin of the stimuli, these BCI paradigms can be divided into two categories

as endogenous and exogenous paradigms (Han et al., 2019). The exogenous BCI

paradigms depend on external stimuli such as sound or flickering digital displays

to elicit distinct patterns in brain activity. The BCIs that use evoked potentials

such as p300 and SSVEP based BCI belong to exogenous BCI paradigms. The

endogenous BCI paradigms utilise self-regulated brain activity such as Motor

Imagery, Motor Execution and Error-related Potentials. The endogenous BCI

paradigms do not require an external cue to generate distinguishable neural

activity patterns.
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2.3.3 Single-trial Brain-Computer Interfaces

For real-time control of BCI applications, online event prediction is essential yet

challenging due to the non-stationarity of EEG signals. A BCI which performs

online prediction without averaging the brain data across multiple trials is known

as a ‘single-trial’ BCI. Due to the high trial-to-trial, session-to-session and subject-

to-subject variability in EEG, several approaches have managed to extract essential

EEG features by temporal averaging across multiple trials. It is known as the

‘grand average’ of EEG. This approach maximises the significant statistical features

of the EEG signal but reduces the information transfer rate of the BCI due to

the long temporal averaging. Thus taking the ‘grand average’ as an EEG feature

to predict neural activity increases the prediction latency of BCI and limits its

feasibility to real-time prediction.

2.4 Applications of Brain-Computer Interfaces

BCI is applied in a wide range of application areas such as neurorehabilitation,

prosthetic control, communication and navigation in assistive systems, neuromar-

keting and entertainment. Brain-Computer Interface provides a way of by-passing

the affected functionalities of the brain in people with neurological disorders.

Therefore, BCI can assist a wide range of neurological disorders such as paralysis

(Ang & Guan, 2013; Muralidharan et al., 2011; Soekadar et al., 2015; Jiang et al.,

2015), Amyotrophic Lateral Sclerosis (Kasahara et al., 2012; Sorbello et al., 2017),

Spinal Cord Injury (Wei et al., 2009), Parkinson’s disease (Broccard et al., 2014),

Dystonia (Hashimoto et al., 2014), cerebellar ataxia (Ying et al., 2011) and ampu-

tation (Azizi, 2013; Prathibha et al., 2017). Neuroprosthetics aims at assisting or

restoring the affected motor functions in people with movement impairments. The

technological advancements in rehabilitation engineering witness several promising
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interventions for effective recovery in people with motor-impairments. Brain-

Computer Interface is one of these interventions that shows promising evidence of

motor recovery or substitution in people with movement impairments.

2.5 Restorative Brain-Computer Interfaces

Intense rehabilitation therapies through an extensive amount of repetitive exercises

have shown success in gaining motor recovery up to a certain extent in stroke

patients suffering from movement impairments. However, they are time-consuming,

cost and labour intensive, require the support of a one-to-one interaction and

assistance of a rehabilitation therapist and have to be performed mostly in clinical

settings using complicated and expensive equipment. These practical challenges

limit the accessibility of sufficient intensity and dose of rehabilitation therapy

for many stroke survivors (Gao et al., 2013). There is a significant demand in

integrating technological advancements to rehabilitation practices for effective and

efficient delivery of rehabilitation therapies.

Studies have shown that Brain-Computer Interface is a promising intervention

for stroke rehabilitation (Taylor et al., 2015; Soekadar et al., 2015; Ang & Guan,

2013; Mattia et al., 2016; Y. Zhang, Prasad et al., 2017). J. J. Daly and Wolpaw

(2008) point-out four important factors for the development of new BCI methods

in neurological rehabilitation. These include first to understand the characteristics

and possible use of brain signals from previous animal studies. Secondly, to

recognise the activity-dependent plasticity and its influence on determining the

functional effects of disease and trauma. Thirdly, development of powerful, low-

cost hardware and software programs for recording and real-time online analysis

of brain signals. Finally, to enhance the societal interest and appreciation for

people with motor disabilities.
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Ang and Guan (2013) present a review of the methodology and clinical studies

on stroke rehabilitation through Brain-Computer Interfaces. The BCI intervention

for neurorehabilitation provides two aspects of support for rehabilitation and

recovery. First, BCI restores intuitive multi-dimensional control of the affected

limb through intuitive manipulation of rehabilitation devices such as robotic

exoskeletons (Ang et al., 2010) or muscle stimulation through Functional Electrical

Stimulation for assisting daily activities. Secondly, studies have shown that BCI

mediated rehabilitation therapies are more effective in inducing neuroplasticity

than the traditional exercise-based therapies (Muralidharan et al., 2011; Soekadar

et al., 2015). Thus, BCI enhances motor re-learning and motor recovery by

boosting the activity of residual neural circuits in stroke patients.

The integration of robotic technologies with neurorehabilitation enable the

rehabilitation more accessible for many stroke survivors and are promising in-

terventions to facilitate rehabilitation therapies event at patient’s household

environments. The use of BCI technology for controlling robotic exoskeletons

enables patients to use their movement intention to control the exoskeleton during

therapies. Recent literature presents several studies on BCI-activated exoskeletons

for motor recovery (Xiao et al., 2014; Ang & Guan, 2013; Noda et al., 2012).

Ang et al. (2010) shows the efficacy of robotic feedback integrated motor-imagery

BCI for upper extremity motor recovery after stroke. Gao et al. (2013) presents

a rehabilitation system that integrates BCI with a robotic orthosis for motor

recovery. The system performs online detection of movement intention through

motor imagery EEG signals and provides an adaptive mechanism to determine

the level of assistance using real-time neurofeedback.

Functional Electrical Stimulation (FES) is an approach used in neurorehabilit-

ation to restore or improve motor functions of a paralysed limb. It applies a small

electrical pulse to paralysed muscles. Usually, the amount of electrical stimulation
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is determined by the neurorehabilitation therapist based on the observations.

Several studies have shown that in order to gain a better recovery of the movement

during repetitive attempts, the electrical stimulation provided by the FES should

be carefully controlled based on the feedback from the task. Several computational

approaches have been applied to adjust the amount of support by FES to move

an impaired limb during successive neurorehabilitation tasks.

Studies have shown the feasibility of using Iterative Learning Control (ILC) to

adjust the parameters of the FES to enhance voluntarily involvement of the patient

during the task (Freeman, 2014; P. Müller et al., 2017). Studies have reported

the improvement of learning upper limb movement trajectory with the support

of a robotic exoskeleton (Sampson et al., 2016) and virtual reality environment

(Freeman, 2015; Meadmore et al., 2014) with ILC mediated electrical stimulation.

Zhao et al. (2016) present a Steady State Visually Evoked Potential based BCI

integrated with FES for upper extremity rehabilitation. The approach translates

the movement intention detected by the SSEVP-based BCI to trigger relevant

electrodes in FES.

Integrating BCI with Functional Electrical Stimulation systems enable linking

movement intention directly with the associated muscle activity and provides a

mechanism to by-pass the affected neural pathways (Bhattacharyya et al., 2016;

Jiang et al., 2015). Previous studies have provided evidence that a properly timed

neuromuscular electrical stimulation improves the cortical excitability and induce

neuroplasticity in the brain (Ethier et al., 2015; Jochumsen et al., 2016). In (Jiang

et al., 2015), the authors present an evaluation of rehabilitation in post-stroke

hemiplegia patients through a BCI-FES rehabilitation system. The study confirms

significant activation of the affected brain areas and also the efficacy of improving

the affected motor areas of the cortex. These studies confirm the improvements in

motor recovery through BCI-FES rehabilitation interventions. Ortner et al. (2012);
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Anopas et al. (2013); Wairagkar et al. (2016); Muñoz et al. (2014) integrated BCI

with virtual reality-based rehabilitation systems. These studies provide evidence

of the importance of using the patient’s voluntarily movement intention detected

through motor imagery EEG for inducing neural plasticity.

2.5.1 Proof of concept studies on healthy participants

The current BCI studies that aim to apply for motor recovery mainly designed for

detecting movement intention from EEG for activating the rehabilitation device

such as FES, exoskeleton or virtual reality system. Many can only generate a

single degree of freedom movements. Park et al. (2013) reports the performance

of movement intention prediction from EEG in five healthy participants through

the Fisher discriminant classification. The BCI predicts the movement intention

of executed and imagined pronation and supination movements for controlling the

rehabilitation device. The authors report a classification accuracy of 78% and 70%

while reducing the false alarm rate to 10% and 17% for executed and imagined

movements, respectively. The reported average time for movement intention

detection was 842 ms which denotes limited feasibility of real-time prediction.

Savić et al. (2013) report a cue-based BCI for triggering three different types

of grasps. A set of predefined stimulation patterns of an FES rehabilitation

system was used to generate palmar, lateral, and precision grasps according to

the movement intention detected from EEG. The study used an online frequency

band-power estimation of the mu frequency band was used for detecting the

movement intention from four healthy participants, and the authors report the

mean accuracy of 89%. Tavella et al. (2010) reports the development of a non-

invasive asynchronous BCI for generating hand opening and closing to perform

power grasp of a prosthetic hand. The BCI was tested on four healthy participants.
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In the authors show the feasibility of reducing BCI calibration time by setting

up the classifier to detect MI using active and passive hand movements. Ethier

et al. (2015) suggest that the recovery of movements through FES might be

enhanced by modulating the stimulations with the patient’s voluntary movement

intention through a BCI integrated with the FES rehabilitation system. The

authors highlight the need for better understanding of complex neuromuscular

interactions for effective use of BCI mediated FES rehabilitation therapies.

2.5.2 Studies on evaluating the clinical efficacy of the BCI

intervention in people with movement impairments

Several clinical studies and case reports confirm the efficacy of the BCI intervention

for motor recovery. In M. Li et al., 2014, authors present evidence on enhanced

motor recovery through motor imagery based BCI training in stroke rehabilitation.

Ang and Guan (2015) show the efficacy of motor recovery in stroke survivors

through BCI. The enhance neurological recovery in several randomised control

trials through BCI-FES rehabilitation system is presented in Osuagwu et al., 2015;

Pichiorri et al., 2013; Lee et al., 2010; Muralidharan et al., 2011; H. G. Tan et

al., 2011. A pilot study on treating dystonia through BCI based neurofeedback

training is presented in (Hashimoto et al., 2014). The case study has shown the

feasibility of suppressing exaggerated brain activity by providing feedback on the

ongoing cortical excitability in dystonia patients. Several randomised control

trial on post-stroke rehabilitation (Frolov et al., 2017; Bhagat et al., 2016) show

the improvements in motor recovery through the integration of BCI intervention

coupled with exoskeleton assisted rehabilitation therapy for enhancing motor

recovery.

Yilmaz et al. (2013) reported significant changes in the Movement Related
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Cortical Potentials after BCI intervention. Five chronic stroke patients with no

residual finger extension ability performed online BCI training coupled with the

physiotherapy during one month. The MRCP extracted from EEG showed a

significantly decreased peak amplitude and significantly delayed MRCP onset

over the Cz channel during attempts to moving the paralysed hand after the BCI

intervention. In contrast, no such difference between the pre and post-intervention

was observed in the healthy hand which indicates the changes in MRCP may be

due to the less mental effort and shorter planning time required for executing the

movement after the intervention.

Previous studies have evident the improvements in motor recovery, balance

and walking in stroke patients through motor imagery BCI interventions in

lower limb rehabilitation (Sun et al., 2011; Mahadevappa et al., 2013; Xu et al.,

2014). Mahadevappa et al. (2013) present a BCI-based self-adaptive approach for

estimating the stimulation strength of the FES to support hemiplegic patients to

achieve foot dorsiflexion. The approach utilises the mean delta frequency band

and the peak alpha frequencies as features to predict the appropriate stimulation

strength through regression analysis.

The above studies evident the significance of BCI interventions for motor

recovery and restoration. The process of translating neural activity into machine

commands through a BCI generally follow the following steps.

1. Acquisition of neurological signals that represent the neural activity of the

brain

2. Pre-processing and filtering artefacts

3. Feature extraction and feature selection

4. Supervised or unsupervised learning to predict activity from neurological
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signals

5. Translation of predicted neural commands into machine commands to ma-

nipulate objects

Pre-processing of EEG signals includes band-pass filtering to extract significant

EEG frequency bands, notch filtering to eliminate specific noises such as the

electromagnetic interference that occurs around the frequency of 50-60 Hz. Pre-

processing also filters the EEG artefacts such as eye blinks and eye movements,

movements of the jaw or tongue, activity of the neck and other nearby muscles,

breathing and heartbeat of the person. A commonly used artefact removal

approach is the Independent Component Analysis. ICA is a matrix factorisation

method that aims at decomposing the EEG channel activity into uncorrelated

and statistically independent components. Then the artefact-free EEG signal is

reconstructed by removing the Independent Components that are contaminated

by artefacts.

Next, the EEG features are extracted from the pre-processed EEG signals.

Power Spectrum Density analysis, Independent Component Analysis, time-frequency

(spectrogram) analysis, Common Spatial Pattern Analysis, Minimum Norm Es-

timation, autocorrelation and Riemannian geometry are some of the common

approaches for feature extraction in BCI. Finally, neural activity is predicted from

the extracted features through a suitable supervised (classification or regression

analysis) or unsupervised (clustering) machine learning approach. Support Vector

Machine (Lei et al., 2017), Linear Discriminant Analysis and Artificial Neural Net-

works (Sánchez-Cossío et al., n.d.) are the commonly used classifiers for predicting

neural activity from EEG in BCI.

The thesis suggests that the Spiking Neural Networks, as a Brain-Inspired

Machine Learning approach, constructs an interpretable neural decoder that
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can incrementally learn to predict complex movements from EEG signals. The

thesis compares and contrasts the proposed brain-inspired system and the tra-

ditional machine learning approaches that were used to construct BCI decoders.

The following section presents a methodological review of the current Artificial

Neural Network-based brain-inspired machine intelligence approach for decoding

movements from EEG.

2.6 Methodological review of Artificial Neural

Network-based methods for decoding neural

activity in BCI

Artificial Neural Networks are computational models that are inspired by biological

neural networks in living beings. They are good at discovering hidden relationships

between input and output, in particular when it is hard to find explicit mathemat-

ical equations that describe such relationships. There are three generations during

the evolution of ANN. The Perceptron or the threshold gates which generate a

binary output using a threshold that does not use a non-linear activation function

belongs to the first generation of NN. The second generation of neural networks

such as Multi-layer Perceptron (MLP) applies non-linear activation functions on

the weighted sum of the synaptic input. Spiking Neural Networks as the third

generation of neural networks more closely model the computation take place

in biological neural networks. The remainder of this section presents a brief

methodological review of ANN-based approaches for non-invasive BCI followed

by a particular focus on previous studies on brain-inspired neural decoders for

non-invasive restorative BCI.
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2.6.1 Methodological Review of ANN-based Approaches

for BCI

Previous studies on ANN-based neural decoders for non-invasive BCI have em-

ployed different ANN-based methods such as Convolutional Neural Networks,

Recurrent Neural Networks (RNN), Restricted Boltzmann Machine (RBM), Deep

Belief Networks (DBN), Extreme Learning Machine (ELM), Spiking Neural Net-

works and Multi-Layer Perceptron for predicting mental commands from EEG.

Here we present a brief methodological review of these approaches during the past

ten years.

Convolutional Neural Networks

Convolutional Neural Networks is a type of deep neural networks which can retrieve

a hierarchical feature representation from raw data using multiple layers of neurons

with one or many convolution layers. CNN’s are inspired by the connectivity

structure of the visual cortex in animals for visual information processing and

demonstrated success in machine learning from visual data such as images and

videos. In addition, studies have also shown the applicability of CNN to predict

human behaviour from EEG useful in rehabilitation applications.

Sakhavi et al. (2015); Tabar, Yousef Rezaei and Halici (2016); J. Liu et al.

(2015); Mao et al. (2017) presented several studies on evaluating CNN-based BCI

decoders for predicting mental commands from EEG. CNN, as automatic feature

learners have the ability to discover significant features from raw data. Therefore,

CNNs can replace the traditional feature engineering process of BCI, which consist

of explicit feature extraction and selection steps (Tabar, Yousef Rezaei and Halici,

2016; J. Liu et al., 2015; Mao et al., 2017). A CNN architecture that uses both

static and dynamic energy features during Event-Related Synchronisation and
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Desynchronisation is presented in (Sakhavi et al., 2015). Energy dynamics of the

EEG signals carry important discriminating features which are not significant

in commonly used static energy-based features. The authors report a significant

increase in performance by considering both static and dynamic energy features

using CNN compared to static energy-based classifiers such as SVM for predicting

left hand, right hand, foot and tongue motor imagery tasks.

A CNN based feature learning combined with stack autoencoder for classifying

three-class motor imagery is presented in (Tabar, Yousef Rezaei and Halici, 2016).

J. Liu et al. (2015) present a high-level feature representation of multiclass motor

imagery EEG called ‘deep motor features’ using multi-scale deep CNN. This

approach resulted in higher classification accuracy from relatively less amount

of training data. However, since the study is limited only for a single subject,

it is not appropriate to generalise the results. Mao et al. (2017) present a CNN

approach trained on raw EEG for predicting driver fatigue. The authors report

higher classification accuracy and short training time on a dataset collected from

100 subjects.

CNN, exhibit several advantages compared to the other machine learning

approaches that decode movements from EEG. CNN can learn significant features

from raw data, use both dynamic and static features for classification and perform

accurate predictions compared to static feature-vector based classifiers. However,

CNN’s are limited by the long training time and the requirement of selecting

the most appropriate neural network architecture and parameters for optimal

results. The network architecture and parameters have a significant impact on

classification performance and finding the most appropriate architecture and

parameters is a computationally expensive and time-consuming task (Sakhavi et

al., 2015; J. Liu et al., 2015).
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Restricted Boltzmann Machine and Deep Belief Networks

Restricted Boltzmann Machines are a type of stochastic generative deep learning

neural network limited only to two layers of neurons called visible layer and hidden

layer. RBMs have the ability to learn an internal representation of data.Scherer et

al. (2013) and Gandhi et al. (2014) present restricted Boltzmann machine approach

for predicting mental tasks from EEG. Gandhi et al. (2014) present a Restricted

Boltzmann Machine based deep learning approach for the EEG features extracted

from Fast Fourier Transformation and Wavelet Package Decomposition. The

authors report statistically significant performance compared to state-of-the-art

methods. The authors also investigate the feasibility of session to session and

subject to subject transfer of knowledge through transfer learning. The study

reports a successful transfer of knowledge between multiple sessions in individual

subjects, although the subject to subject transfer was inefficient. The authors also

claim the robustness of the proposed approach.

Multiple-RBM’s stacked on each other and trained using backpropagation is

called a Deep Belief Network.Ren and Wu (2014) present a Convolutional Deep

Belief Network (CDBN) for EEG feature learning. Results highlight the ability of

CDBN for feature learning compared to state-of-the-art feature extraction methods,

particularly with limited labelled data. A comparison between two neural networks

based classifiers, Deep Belief Networks and Stacked Auto Encoders for predicting

the eye state classification is presented in (Narejo et al., 2016).

Extreme Learning Machines

Extreme Learning Machines are feed-forward neural networks with single or

multiple layers of hidden units with randomly assigned or inherited parameter

values of hidden units which do not tune through training. P. Tan et al. (2016)
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show ELM’s result in higher classification accuracy and mutual information

transfer compared to LDA and SVM. In (Ding et al., 2015), the authors present a

multi-layer Deep Extreme Learning Machine approach. This network architecture

claims the advantages of accurate prediction through deep learning and as well as

fast and efficient learning in ELM’s. However, the main limitation of this approach

is the requirement of employing the most appropriate network architecture and

parameters for optimal results. The time and resource-intensive pre-processing

and feature extraction process of this approach is also a challenge for real-time

processing.

Duan et al. (2014, 2016) present a voting-based ELM coupled with PCA and

LDA for EEG feature selection. The results suggest that the voted ELM results

in a better classification performance compared to average ELM and SVM. Also,

the voted ELM is the least human intervene machine learning approach compared

to the other methods evaluated by the study. (Bashashati et al., 2017) presents

a Neural Network Random Conditional Fields approach for extracting temporal

correlation of EEG. The approach results in higher Area Under the Curve (AUC)

compared to the dynamic classification models such as Hidden Markov Models

and Conditional Random Fields and static SVM based classifier.

Recurrent Neural Networks

Unlike the feed-forward neural networks discussed so far, RNN’s contain recurrent

synaptic connections which can process input sequences and generate sequences

of outputs. Thus, RNN-based neural decoders of BCI can benefit from the time-

domain dynamic EEG features compared to static vector-based neural decoders

that use SVM, LDA and MLP as classifiers.

Echo State Networks, which is a subset of Recurrent Neural Networks that
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contain winner-take-all readouts neurons for predicting intended movement dir-

ection from EEG, is presented in (Kim & Jeong, n.d.). Gandhi et al. (2011)

describe a Recurrent Quantum Neural Network architecture that addresses the

noisy and nonstationary nature of EEG signals. The authors evaluate several RNN

architectures for predicting Grasp-and-Lift (GAL) events from EEG (An, 2016).

M. Li et al. (2016) integrate a Discrete Wavelet Transform with RNN with Long

Short-Term Memory (LSTM) gating units for predicting motor imagery tasks from

EEG. Forney and Anderson (2011) present a generative machine learning model

for mental task classification from EEG using Elman Recurrent Neural Networks.

The authors show that the proposed RNN can forecast EEG with lower Root Mean

Square Error. An adaptive neuro-fuzzy inference system integrated with RNN

for mental task prediction from EEG is presented in (Morales-Flores et al., 2013).

The authors show that a fully connected RNN results in higher classification

accuracy than Elman Recurrent Networks. Popov and Fomenkov (2016) present a

Recurrent Convolutional Neural Network architecture for multiclass classification,

which takes the advantages of both Recurrent and Convolutional Neural Networks.

The authors suggest that a recurrent convolutional layer can results in a higher

classification performance compared to a standard convolutional layer.

Multi-Layer Perceptron

In addition to the deep learning methods discussed above, previous studies have

also used Multi-Layer Perceptron for classifying mental commands from EEG.

Unlike the deep learning neural networks, MLP’s are not capable of discovering

significant features from raw data. Therefore, it is essential to use appropriate

feature extraction and selection method before classification by the MLP to achieve

a significant classification performance.

Hamedi et al. (2014) present an MLP with Radial bias function to classify
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three-class motor imagery data using Integrated multi-channel EEG and Root

Mean Square features. A hierarchical neuro-fuzzy hybrid model for improved

classification performance compared to MLP and ensemble of adaptive neuro-fuzzy

inference systems is proposed in (Barbosa et al., 2009). In (Turnip et al., 2010),

the authors compare a backpropagation neural network classifier with LDA.Hema

C. R., Paulraj M. P., Nagarajan R. Sazali Yaacob (2009) reports a marginal

increment in classification accuracy by MLP-based neural classifier compared to a

fuzzy classifier for predicting five mental tasks using band power EEG features.

Martišius et al. (2013) present a modified Voted Perceptron algorithm compatible

with the real-time prediction that consumes less training time. Anh et al. (2016)

suggests that an ANN-based approach for classifying different mental states using

spectral features is better than several other classifiers such as k-NN, Naive

Bayesian, Support Vector Machine, and Linear Discriminant Analysis.

In (Liyanage et al., 2009), authors present a study on using Common Spatial

Pattern features to train an ANN. The authors have also used Particle Swarm

Optimisation for feature selection before classification by ANN. Several studies

have reported the improvements in prediction accuracy by applying an appropriate

feature selection method such as PCA before classification by MLP (Kottaimalai

et al., 2013; Anh et al., 2016). However, PCA does not always guarantee a better

classification since the best discriminating components may not lie in the most

significant principal components (J. Liu et al., 2015).

Plechawska-Wojcik et al. (2016) present a control structure containing multiple

neural networks and automated approach for selecting the best classifiers. In

(Nakayama et al., 2010), the authors describe a Multiple Multi-Layer Neural

Networks (MLNNs) architecture with Gram-Schmidt orthogonalisation to improve

the features. Although the authors report a higher classification accuracy compared

to other conventional methods, searching the most suitable network architecture
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from multiple combinations of MLPs is a crucial yet computationally expensive

step to achieve a good classification accuracy. Liyanage et al. (2009) present the

feasibility of evolutionary training of an Artificial Neural Network with Genetic

algorithms to find the optimal structure for the neural network.

Neuromorphic Platforms

Neuromorphic platforms are Very Large Scale Integration (VLSI) systems with

analogue electronic circuits inspired by the massively parallel connectivity struc-

tures in the living nervous systems. Integrating deep learning with neuromorphic

computational platforms such as SpiNNaker (Furber et al., 2014) and TrueNorth

(Merolla et al., 2014) can massively impact on increasing the accuracy, speed

and biological plausibility in neural decoders for BCI. Neuromorphic processors

can process spiking information in a massively parallel manner compared to

conventional processors and thus capable of real-time information processing.

Nurse et al. (2016); Mashford, Benjamin S and Yepes, A Jimeno and Kiral-

Kornek, Isabell and Tang, Jianbin and Harrer (2017); Boi et al. (2016) present deep

neural network architectures compatible with neuromorphic platforms that con-

sume significantly less power compared to traditional microprocessors. Nurse et al.

(2016) present a CNN architecture compatible with the TrueNorth neuromorphic

platform and demonstrate higher classification accuracy on predicting left vs right-

hand squeezing patterns from EEG. A Spiking Neural Network that is compatible

with the TrueNorth neuromorphic platform for EEG classification is presented in

(Mashford, Benjamin S and Yepes, A Jimeno and Kiral-Kornek, Isabell and Tang,

Jianbin and Harrer, 2017). The authors demonstrate state-of-the-art classification

accuracy using a modified backpropagation training method.
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Spiking Neural Networks

N. Kasabov (2012); N. K. Kasabov (2014) proposed a novel 3-D evolving Spik-

ing Neural Network architecture called NeuCube for modelling, predicting and

understanding spatio-temporal brain data. It is inspired by the structural and

functional organisation of the brain’s neural network. Several case studies confirm

the feasibility of the NeuCube SNN architecture for predicting cognitive tasks from

EEG (N. Kasabov & Capecci, 2015; N. Kasabov et al., 2016, 2017; Doborjeh et al.,

2018). The experimental results suggest that the NeuCube SNN architecture not

only results in a higher classification performance from non-invasive brain data

compared to conventional machine learning methods but also results in an inter-

pretable Artificial Intelligence system that can provide a knowledge representation

of the biological processes that generated the data. NeuCube and its applications

in stroke and neurorehabilitation robots is patented under N. K. Kasabov et al.,

2016.

Boi et al. (2016) report a modular BCI compatible with neuromorphic platforms

using SNN to facilitate bidirectional control through BCI. The SNN was built using

online Spike Time Dependent Plasticity (STDP) learning rule. Tayeb et al. (2017)

present an SNN implemented in a SpiNNaker neuromorphic processor to classify

motor imagery tasks from EEG. The classifier resulted in comparable classification

accuracy, although the study was limited to data from a single participant, which

reduces its ability to generalise the obtained results. Although the accuracy of the

SNN was slightly lower than that of SVM implemented on a conventional processor,

the study provides new insights into a novel type of neural decoder for Brain-

Machine Interface due to its brain-inspired architecture, short processing time and

less power consumption. The feasibility of online closed-loop control of a BCI that

using SNN that uses a Kalman filter is presented in (Adam Moser & York, 2008).
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The system was tested on two rhesus monkeys, and the SNN based implementation

of Kalman filter resulted in comparable performance compared to its standard

implementation. The study explored the feasibility of translating the neural

decoding algorithms into Spiking Neural Network-based architectures so that

they can be executed on low power consuming neuromorphic processors instead

of conventional microprocessors that suffer from the von Neumann bottleneck

(K. Roy et al., 2019).

2.6.2 Artificial Neural Networks based neural decoders for

restorative BCI applications

Movement-Related Cortical Potentials is a type of Event-Related Potential (ERP)

that occur up to two seconds before the onset of a voluntary movement. MRCP is

an indication of the cortical processes that happen during a voluntary movement

such as planning, preparation and execution of the movement. Sensorimotor

rhythms of EEG are the cortical activities related to motor and sensory information

processing extracted from EEG signals. A BCI, which utilises this sensorimotor

information is called a sensorimotor rhythm-based BCI and plays a significant role

in BCI for neurorehabilitation and prosthetic control. This section of the thesis

focuses on critically evaluating the previous studies on neural decoders that use

sensorimotor rhythms of EEG to predict different movements for restorative BCI.

Previous studies witness the applicability of sensorimotor-based Brain-Computer

Interfaces for applications in communication and control, motor recovery, nav-

igation, motor substitution and entertainment in assistive and rehabilitation

technologies. The control paradigms used in such BCI systems can be divided

mainly into two categories. The first category uses either imagined or executed

movements of different parts of the body such as left hand, right hand, feet and
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tongue to generate control commands. The second category employees different

movements of the same limb to activate the BCI. For instance, the prediction of

self-paced grasp and lift movements of the right hand.

According to the sensory and motor homunculus of the human body, sensation

and motor control of the different parts of the body are spatially mapped in

the brain’s cortex. Thus, the activation of different parts of the body generates

discriminative spatial patterns that can be used to generate distinct control

commands. For instance, prediction of movements in left-hand vs right-hand from

EEG construct a binary classifier while the prediction of multiple movements such

as the movements in left-hand, right-hand, foot and tongue construct a multiclass

classifier.

A graphical representation of the sensory and motor homunculus is depicted

in figure 2.2 (source: (Nguyen & Duong, 2019)).

Most of the studies reported in the literature were applied on multiple parti-

cipants (T. Li et al., 2013; Tabar, Yousef Rezaei and Halici, 2016; Gandhi et al.,

2011, 2014; R. Roy et al., 2012; Kumar et al., 2017; P. Tan et al., 2016; Ren & Wu,

2014; Sakhavi et al., 2015; Hamedi et al., 2014; Scherer et al., 2013; Tayeb et al.,

2017; T. Li et al., 2013; Djamal, Esmeralda Contessa and Suprijanto, Suprijanto

and Setiadi, 2016) while few studies were limited to a single participant (Nurse et

al., 2016; Liyanage et al., 2009; Duan et al., 2014; J. Liu et al., 2015; M. Li et al.,

2016). Some approaches have used specific feature extraction methods such as

Common Spatial Pattern Analysis (T. Li et al., 2013; Kumar et al., 2017; Sakhavi

et al., 2015; Liyanage et al., 2009), Discrete Wavelet Transformation (R. Roy et

al., 2012; M. Li et al., 2016), Fourier Transformation (Ren & Wu, 2014; P. Tan et

al., 2016; Scherer et al., 2013), band power and energy entropy (Hamedi et al.,

2014; P. Tan et al., 2016; Tayeb et al., 2017), dimensionality reduction such as

Principal Component Analysis (Ren & Wu, 2014; Tayeb et al., 2017; Duan et al.,
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Figure 2.2: Sensory and motor homunculus of the human brain that indicate
a representation of spatial and proportional cortical mapping of sensation and
motor control of different body parts (Nguyen & Duong, 2019)

2014) and feature selection using Linear Discriminant Analysis (Duan et al., 2014)

before classification. In contrast, several studies reported the feasibility of CNN

(Tabar, Yousef Rezaei and Halici, 2016; J. Liu et al., 2015; Nurse et al., 2016),

SNN (Tayeb et al., 2017), and RNN(Gandhi et al., 2011, 2014) to learn significant

features from raw EEG without using explicit feature engineering methods. Tayeb

et al. (2017) present a Spiking Neural Network implemented in the SpiNNaker

neuromorphic processor.

Although these methods have shown the state-of-the-art performance in terms

of the accuracy and speed, the classification tasks were focused on detecting

movements of different parts of the body that generate distinct ERD/ERS spatial

patterns. However, this approach is not appropriate for restorative BCIs as it

causes a cognitive disconnection between the BCI user and the rehabilitation

device.
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The second BCI category has aimed at decoding different movements of the

same limb to activate the BCI. This strategy is more compatible with restorat-

ive BCI. The goal of restorative BCI is to predict different movements of the

affected or amputated limb. Most of them have used executed movements rather

than imagined movements. Many studies have used non-invasive EEG (Djamal,

Esmeralda Contessa and Suprijanto, Suprijanto and Setiadi, 2016; Popov & Fo-

menkov, 2016; An, 2016; Bashashati et al., 2017; Moubayed & Mcgough, 2017;

Kumarasinghe et al., 2018) while few studies have reported the use of invasive

brain data (Boi et al., 2016; Adam Moser & York, 2008). Most studies have

reported their results by applying the decoding algorithms on multiple human

participants (Djamal, Esmeralda Contessa and Suprijanto, Suprijanto and Setiadi,

2016; Popov & Fomenkov, 2016; An, 2016; Bashashati et al., 2017; Moubayed &

Mcgough, 2017; Kumarasinghe et al., 2018) while few studies were on animals (Boi

et al., 2016; Adam Moser & York, 2008). The classification task of such studies

includes prediction of self-paced index finger flexion and extension (Bashashati et

al., 2017; Moubayed & Mcgough, 2017), hand opening and closing (Kumarasinghe

et al., 2018), centre-out-reaching and back (Adam Moser & York, 2008), grasping,

closing and relaxing (Djamal, Esmeralda Contessa and Suprijanto, Suprijanto and

Setiadi, 2016) and grasp and lift tasks (Popov & Fomenkov, 2016; An, 2016).

The first and second generations of neural networks such as Multi-Layer Per-

ceptron have applied different feature extraction methods such as Autoregressive

Modelling (Djamal, Esmeralda Contessa and Suprijanto, Suprijanto and Setiadi,

2016), signal power estimation (Moubayed & Mcgough, 2017) and feature selection

methods such as Sequential Forward Floating Search (Moubayed & Mcgough,

2017) on raw EEG before classification. However several deep neural network

architectures such as SNN (Boi et al., 2016; Adam Moser & York, 2008), CNN

(Popov & Fomenkov, 2016) and RNN (An, 2016) have built the computational
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model directly on raw EEG without utilising a separate feature engineering pro-

cesses. In (Adam Moser & York, 2008), the authors report an implementation of

a classifier on a neuromorphic chip. Boi et al. (2016) claim the compatibility of

the simulated implementation on neuromorphic platforms.

A summary of neural network-based approaches for predicting different move-

ments of the same limb using sensorimotor rhythms is presented in table 2.1.

These studies evident that BCI is a successful intervention for inducing neural

plasticity and permit motor recovery in people with movement impairments. EEG

is a less expensively approach for monitoring the neural activity of the brain

under a minimal risk. Moreover, its’ high temporal resolution permits decoding

of movement in real-time. However, a primary concern of EEG-based BCI inter-

vention in motor recovery is, up to what extent EEG signals can provide useful

information useful for neurorehabilitation interventions. Can EEG be used for

decoding complex functional movements for manipulating objects?

The low spatial resolution of EEG limits the practical usefulness of EEG-based

restorative BCI. Recent developments in restorative BCI have heightened the

need for advanced machine learning methods that can predict complex movements

from EEG. There is a growing body of literature that claim several limitations

in machine learning and data analytics methods used for predicting movements

from EEG signals useful for restorative BCIs. The next section of this chapter

highlights several critical limitations in state-of-the-art machine learning methods

used for decoding movements in restorative BCIs.



Table 2.1: A Summary of Artificial Neural Networks-based studies on predicting movements of the same limb from EEG

Motor task Participants Feature
extraction &
selection

Prediction Significant findings Reference

Center out
reach and
back

2 rhesus
monkeys

Kalmann filter SNN Demonstrates the feasibility of
low-power fully-implanted pros-
theses using the SNN-based BCI
decoder implemented on the neur-
omorphic chip

Adam Moser &
York, 2008

Control the
movement of
an object

1 rat No separate feature
extraction method

SNN with online
Spike Time De-
pendent Plasticity
(STDP)

Compatible with neuromorphic
platforms and facilitate bidirec-
tional control through BCI

Boi et al., 2016

Grasping,
loosing and
relaxing of
right hand

4 healthy
humans

Autoregressive
(AR) modeling

MLP Increased classification accuracy
using the adaptive BP compared
to conventional BP

Djamal, Esmeralda
Contessa and Supri-
janto, Suprijanto
and Setiadi, 2016

Grasp and
lift move-
ments

12 healthy
humans

No separate feature
extraction method

Recurrent CNN CNN discover significant features
from raw EEG. Improved classi-
fication performance using the re-
current convolutional layer com-
pared to standard convolution
layer.

Popov & Fomenkov,
2016

Grasp and
lift move-
ments

12 healthy
humans

No separate feature
extraction method

RNN Emphasis the selection of most
suitable RNN network architec-
ture for achieving the best per-
formance

An, 2016

Continued over page . . .



Table 2.1: A Summary of Artificial Neural Networks-based studies on . . . (continued)

Motor task Participants Feature
extraction &
selection

Prediction Significant findings Reference

Self-paced
light switch
using right
index finger

4 healthy
humans

band power of EEG
filter bank contain-
ing 8-12Hz and
16-24Hz frequency
bands

NN Conditional
Random Fields

As a dynamic classifier, Neural
Networks Conditional Random
fields results in higher AUC than
the HMM, Conditional Random
Fields and SVM

Bashashati et al.,
2017

Self-paced
flexion and
extension of
the left index
finger

11 healthy
humans

Extraction of µ,
β, lower γ bands,
then over-sampled
using unsupervised
deep generative
neural networks.
Sequential Forward
Floating Search
(SFFS) was used for
feature selection

LDA Oversampling results in higher
movement onset detection accur-
acy after temporal smoothing

Moubayed &
Mcgough, 2017

Closing and
opening of
the right
hand

2 healthy
humans

No separate feature
extraction methods

NeuCube Spiking
Neural Network
architecture trained
through unsuper-
vised (STDP) and
then supervised
(dynamic evolving
SNN (deSNN))
learning and auto-
mated using a
Finite Automata

SNN enables discovery of signific-
ant features from raw EEG. In-
tegration of finite automata with
SNN improves classification ac-
curacy and robustness of online
control

Kumarasinghe et
al., 2018
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2.7 Research limitations of the machine learning

methods for decoding neural activity from

EEG in restorative Brain-Computer Inter-

faces

2.7.1 Lack of studies that investigate the performance in

predicting complex movements from EEG in motor-

impaired people

Although there has been a growing interest in recent literature for advancing

the machine learning algorithms used to decode complex movements from EEG

(Farid et al., 2010; Gao et al., 2013), a less attention was paid to evaluate their

effectiveness in decoding movements in people with movement impairments. This

limitation is prominent in cutting-edge brain-inspired approaches for decoding

neural activity from EEG in restorative BCI. Table 2.1 summarises recent ad-

vancements in brain-inspired methods for decoding movements from EEG. Most of

these methods were tested on multiple subjects (T. Li et al., 2013; Tabar, Yousef

Rezaei and Halici, 2016; Gandhi et al., 2011, 2014; R. Roy et al., 2012; Kumar et

al., 2017; P. Tan et al., 2016; Ren & Wu, 2014; Sakhavi et al., 2015; Hamedi et al.,

2014; Scherer et al., 2013; Tayeb et al., 2017; T. Li et al., 2013; Djamal, Esmeralda

Contessa and Suprijanto, Suprijanto and Setiadi, 2016) except few studies are

limited only for a single subject (Nurse et al., 2016; Liyanage et al., 2009; Duan et

al., 2014; J. Liu et al., 2015; M. Li et al., 2016). All these studies were conducted

on a healthy participant without any movement impairments. Also, many studies

were performed using a small sample size which reduces the statistical power of



Chapter 2. Brain-Computer Interfaces – Brain-Inspired Methods, Limitations,
Challenges and Future Directions 86

the empirical findings.

Many differences can be observed when performing the same functional move-

ment by healthy and paretic people. For instance, a paretic person puts more

effort and process a higher amount of cognitive workload to achieve a movement

compared to a healthy person. Also, a paretic person may use compensatory

strategies which can result in significant changes in joint kinematics compared to

the same functional movement performed by a healthy person(Cirstea & Levin,

2000; Hussain et al., 2018).

Studies have shown that these differences are also reflected in the neural activity

of the brain (Rossiter et al., 2014; Hsu et al., 2016). Hsu et al. (2016) compare the

neural activity in the sensory and motor areas of the brain in healthy people and

stroke patients while the participants were performing repeated finger movements.

The authors reported changes in alpha and beta brain waves when the finger

movement rate was increased in healthy participants. The increment in alpha

and beta activity of the brain may indicate the increased cognitive workload

when moving the finger at a higher movement rate. A similar effect was also

observed when increasing the finger movement rate in the un-affected hand of

stroke patients. In contrast, the increase in movement rate of the finger in the

paretic hand of stroke patients did not demonstrate changes in the alpha and beta

brain activity at different finger movement rates. These observations imply the

comparatively higher cognitive workload required for performing movements in a

paretic limb compared to the movements in a non-paralysed limb.

To date, only a limited number of studies have evaluated the performance

decoding movements from EEG signals in people with movement impairments.

Those studies were restricted for only movement intention detection from EEG

and can only facilitate a single degree of freedom control of the impaired limb

through BCI. Also, non of these methods were brain-inspired machine learning
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approaches and therefore considerably contradict with how the animal brain

process information for learning and adaptation. Therefore the lack of experimental

evidence of the prediction performance, effectiveness and efficacy on decoding

complex movements from EEG in paralysed patients by the cutting-edge brain-

inspired machine learning algorithms is one of the major limitations in the current

restorative BCI literature (Verplaetse et al., 2016).

2.7.2 Lack of interpretability of the machine learning mod-

els used in BCI

The commonly used machine learning models for feature extraction and learning

in non-invasive restorative BCIs consist of conventional machine learning methods.

Some of them are Independent Component Analysis, Support Vector Machine,

Generalised Linear Models, Linear Discriminant Analysis, Riemannian geometry,

and EEG source localisation. These methods considerably contradict what is

already known about information processing in the animal brain. They cannot

evolve, learn incrementally or adapt to changes in the environment, require large

amounts of labelled data to train, yet can fail catastrophically even with small

variations of the input.

The lack of interpretability of computational models used for decoding neural

activity is a significant limitation in many BCIs that use less-interpretable machine

learning approaches. These approaches result in BCIs that often behave as ‘black

boxes’ (Hong et al., 2010). They do not allow opportunities to extract new

knowledge for a better understanding of the cognitive processes when interacting

with the BCIs (Tung et al., 2015). This lack of interpretability limits the feasibility

of using known knowledge of the cognitive processes in neuroscience for improving

the computational model. Further, the lack of interpretability limits the feasibility
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of using the known knowledge of the cognitive process in neuroscience for improving

the machine learning model.

2.7.3 Limited ability to perform real-time predictions due

to high prediction latency

High latency in predicting movements from EEG is another limitation in current

restorative BCIs. The ability to decode neural activity from single trials EEG with

a short latency is an essential requirement for restorative BCIs (Xu et al., 2016).

Although the complex learning algorithms have demonstrated the state-of-the-art

performance in terms of the prediction accuracy, their complexity results in a

higher computational processing power consumption compared to the simple

learning algorithms (Skomrock et al., 2018).

Previous research has established the impact of the temporal averaging on the

prediction latency in BCIs. Several studies highlight the trade-off between the

true-positive rate and the latency of movement intention detection (Skomrock et

al., 2018; Xu et al., 2016). Improving the true-positive rate of BCI may cause

undesirable impacts on prediction latency or vice versa. Xu et al. (2016) study the

impact of the repetitive or the ballistic motor imagery movements on predicting

movement intention in healthy participants. Also, the authors investigate the

impact of different EEG processing techniques such as time-series analysis and

sub-band power estimation on the movement intention prediction from motor

imagery EEG. Therefore the high prediction latency of the computational models

is another limitation in current restorative BCI literature.
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2.7.4 Low information transfer rate and less accuracy in

single-trial prediction

A growing body of literature on decoding movements from EEG evident the

limitation of the low information transfer rate of BCI. Gao et al. (2013) present a

BCI system that results in an average information transfer rate of 0.5 bits per

second. This information transfer rate implies an approximately two-second delay

after the cue in predicting movement intention from MI-EEG.

The non-stationarity of EEG signals reduce the accuracy of decoding neural

activities in BCI systems. Due to the high trial-to-trial, session-to-session and

subject-to-subject variability of the signal, several approaches have managed

to achieve higher accuracy by taking the average across multiple epochs. This

approach maximises the significant statistical features of the EEG signal by

eliminating the random noise and therefore improves the prediction accuracy.

However, for temporal averaging, the BCI decoder has to wait until it collects a

sufficient amount of input data to compute the temporal average. Thus, although

the temporal average improves the prediction accuracy, it can also reduce the

information transfer rate of the BCI, which limits its feasibility of real-time

prediction.

2.7.5 Less accuracy in decoding multi-dimensional move-

ments of the same limb

The conventional neural decoders that utilise the sensorimotor rhythms of elec-

troencephalography generate distinct neural commands through Event-related

Synchronisation, and Desynchronisation evoked as a result of moving different

parts of the body. For instance, when moving the left hand, the contralateral

side (right hemisphere) of the brain shows a significant decrease in EEG power.
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Many BCI systems have utilised this natural phenomenon to generate distinct

control commands either using imagined or executed movements of different body

parts. Although this approach increases the degree of freedom in BCI control, this

paradigm results in un-naturalistic control when applied to neurorehabilitation

due to the cognitive disconnection between the targeted and intended action.

Development of computational models that can decode precise neuro-muscular

relationships from EEG will enhance restorative Brain-Computer Interfaces for

motor recovery and restoration.

Accurate decoding of precise neuro-muscular interactions that result in multi-

dimensional functional hand movements has been demonstrated using invasive

neurological signals (Chadwick et al., 2011). However, many non-invasive studies

applied in clinical rehabilitation settings have a limited ability to extract precise

neuro-muscular interactions from EEG that result in multi-dimensional limb

movements. The BCI presented in (Hortal et al., 2015) only detect the start

and end of gait by detecting the movement intentions from EEG. Bundy et al.

(2012) demonstrate the feasibility of single-dimensional control of a rehabilitation

device by stroke patients through overt and imagined movement intentions. These

studies were evident that the neural decoders applied in clinical applications to

date mainly capable of detecting movement intentions rather than the precise

neuro-muscular relationships from EEG. Therefore, these traditional machine

learning approaches are limited by less degree of freedom control of the affected

limb (Yoshioka et al., 2011).

The clinical studies on restorative BCI interventions to date have not yet

demonstrated the feasibility of decoding the dynamics of muscle activity, kin-

ematics and kinesthetics from EEG. Therefore the efficacy of BCIs that decode

multi-dimensional movements from EEG in neurorehabilitation has not yet been

investigated and remains unclear.
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2.8 Current challenges in decoding movements

from EEG in motor recovery and restorative

BCI interventions

2.8.1 Poor spatial resolution and the ‘volume conductance’

effect of EEG

Compared to the other neurological signals that monitor the neural activity of the

brain such as Electrocorticography, Local Field Potential and functional Magnetic

Resonance Imaging, EEG monitors the neural activities non-invasively, at a higher

temporal resolution, less expensively and under a minimal risk. Therefore, EEG

shows higher potential in BCI applications which suites for every-day life. However,

being a non-invasive neurological signal, EEG suffers from the ‘volume conductance

effect’ (Rutkove, 2007) which distorts the original electric potential as a result of

travelling from its origination to the skin surface of the head including grey matter,

white matter, dura, skull and skin. The statistical features such as co-variance,

correlation, spectral features and features from the time-frequency domain for

online EEG classification results low accuracy and often fail during online EEG

classification (Klonowski, 2009; N. Li et al., 2016).

2.8.2 Motor re-learning causes evolving changes in the

neurological signals over time that cause concept

drifts in neural decoders

Neurorehabilitation aims to restore the impaired movements by inducing the

neuroplasticity of the brain. The repetitive exercises indicate promising results

for motor recovery in neurorehabilitation. The successful repetitive attempts
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of motor re-learning cause behavioural changes during and after rehabilitation

therapies. Some of them are the amount of planning, effort and attention required

for performing the movement as the patient involvement in the rehabilitation

practices. Studies have shown that motor re-learning also result in changes in the

neurological signals that evolve during motor recovery.

Through neurorehabilitation, it is expected that the patients incrementally

learn to regain the affected movements. Changes to the neuronal activation

patterns during neurological recovery was reported in several brain connectivity

analysis studies (Canuet et al., 2015; Ochoa et al., 2014; Westlake & Nagarajan,

2011). These studies provided evidence that the neural activities in stroke patients

demonstrate significant changes before and after the BCI-based neurorehabilitation

interventions. Yilmaz et al. (2013) shows significant decreases in peak MRCP

amplitude and as well as delayed onset of MRCPs after the neurorehabilitation

therapies. This implies that the patients required less mental effort and planning

as a result of motor re-learning. Savic et al. (2014) also indicate a higher variability

of post-intervention Motor Evoke Potentials, providing evidence on the ongoing

changes in the motor cortex during rehabilitation therapies.

Due to the changes in neural activity patterns during neurorehabilitation inter-

ventions, the traditional neural decoders that have fixed classification boundaries

are unable to adapt to the plastic changes in the brain activity during long-term

rehabilitation sessions. As the patient incrementally learns to regain the affected

movements, the non-adaptive neural decoders that utilise statistical features of

the EEG signal for predicting neural activities of the brain often fail due to this

concept drifts in EEG (Chowdhury et al., 2017; Ang & Guan, 2016). Y. Zhang,

Prasad et al. (2017) highlights the importance of adaptively finding EEG chan-

nels that contain important information during longitudinal experiments. The

computational approaches used in restorative BCIs should be equipped with the
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ability to adapt to these physiological changes as the patient become more familiar

with the rehabilitation task (Cella et al., 2014). Also, to optimise motor learning,

the patient’s voluntary involvement in the task should be enhanced by carefully

controlling the amount of support during the neurorehabilitation task (Freeman et

al., 2012; Grimm et al., 2016). It is important to embed incremental and adaptive

learning in the machine learning approach that decodes movements from EEG in

restorative BCI, to match this adaptability in biological neural networks.

2.8.3 Variability of electroencephalography features

The non-stationarity of EEG signals results in high variability in the statistical

features of EEG signals over time. This variability is significant across different

individual participants, session, and even individual trials (Han & Im, 2014).

Non-stationarity of EEG causes significant trial-to-trial and subject-to-subject

variability. Taking the grand average over multiple trials is a classical approach for

eliminating the variability of the signal. However, the grand average only provides

an average activity of brain over multiple trials and does not indicate any dynamic

and behavioural variability observed during single-trial analysis (K.-R. Müller et

al., 2008). Thus grand average has a less significance for online EEG classification

(Arieli et al., 1996).

Mainen and Sejnowski (1995) discuss the reliability of spike timing in neocortical

neurons and shows precise spike timing of individual neurons for a variable input

current. They show that the intrinsic variability of neurons is arising from multiple

inputs to the neuron received from the other neurons of the population through

synaptic connections. Tessadori et al. (2012) studies the variability of spike trains

in cortical neurons for developing Brain-Computer Interfaces. They argue that a

large component of variability comes from the synchronous inputs produced by
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signals arriving from multiple sources. Two causes of the variability in EEG are,

• The external physical factors originated from the data collection devices

and method

• The internal physiological factors originated by the intrinsic variability of

spiking activity of neurons in the brain.

Many previous studies on EEG classification only address the first component

of the variability through different forms of filters influenced by the principles in

digital signal processing. However, the neurobiological basis of this variability is

poorly understood and understudied in the context of BCI mainly when applied

to BCI for neurorehabilitation, where the patient incrementally learns to regain

the affected movements.

2.8.4 Decoding precise neuro-muscular relationships from

EEG that can generate complex functional move-

ments

The sensory and motor homunculus indicates that the neuronal populations which

are responsible for motor control and sensation of a particular part of the body,

such as the right upper limb, are spatially located in a tiny cortical area of the brain,

because of this spatial density, different movements of the same limb results in less

spatially distinguishable patterns in neural activity. It is more challenging when

decoding such movements from EEG signals due to the poor spatial resolution

(Burle et al., 2015), low signal-to-noise ratio and the volume conductance effect

(Rutkove, 2007) of EEG. Therefore, decoding complex functional movements that

require extraction of neural correlates of muscle activity and joint kinematics from

EEG is a significant challenge in non-invasive BCI.
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2.8.5 Real time prediction

Due to the low signal to noise ratio and high variability of the EEG features

across different trials, sessions, and participants, the machine learning algorithms

used for decoding movements often use temporal averaging to eliminate random

noise. In addition, the complex machine learning algorithms that depend on a

significant amount of pre-processing, feature extraction and selection to extract

significant EEG features that permit accurate prediction. These two approaches

have demonstrated a sufficient level of accuracy in decoding movements from

EEG. However, long temporal averaging and high computational complexity of

the machine learning algorithms increases the prediction latency of the neural

decoder and limits the feasibility of real-time control through BCI (Chou et

al., 2015; Niazi et al., 2011; Ibáñez et al., 2017). There is a trade-off between

the prediction accuracy and the prediction latency in BCI. The optimisation of

prediction accuracy without compromising the latency of prediction and vice versa

is a key challenge in BCI.

2.8.6 Enabling naturalistic motor control through self-

paced BCI

The asynchronous BCI paradigms enable the BCI users to perform an intended

action at the desired time and result in self-paced movements through the BCI.

The asynchronous BCI generate more naturalistic motor control as the users do

not have to wait for an external cue to initiate the movement. However, a majority

of the existing body of research on restorative BCI follows a synchronous BCI

paradigm where the BCI users were instructed to perform the intended action in

response to an external cue. Such cue-base synchronised BCI paradigms do not

fully represent a natural form of motor control through a BCI as the user have to
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wait for an external cue to initiate the movement.

With the presence of a visual or auditory cue, the sensory information of the

external stimuli is propagated through the dorsal and ventral pathways of the brain

which consists of the cortical areas responsible for recognising and processing the

cue (van Polanen & Davare, 2015; Goodale et al., 2005). A neural decoder used in

synchronised BCI can benefit from these additional significant EEG features that

emerge in response to the external cue, which is not directly related to planning

and executing the intended movement. In contrast, the EEG signals obtained

during a self-paced movement represent the neural activity mainly related to

planning and executing a self-paced movement. To succeed, the neural decoder

of a self-paced BCI should be able to extract movement intentions of the user

from neurological signals without any extra information (Müller-Putz et al., 2006).

Decoding self-paced movements is more challenging than the cued movements

as the neural decoder should extract precise neuro-muscular relationships from

EEG related to planning, execution and coordination of different body parts that

contribute to the movement.

2.8.7 Less understanding about the natural mechanisms of

the brain that give rise to human cognitive abilities

The human brain has a remarkable potential that emerges as a result of learning,

adaptation, memory formation, recognition and recalling abilities in humans.

However, compared to the complexity of the natural mechanisms that give rise to

these abilities, less is know about the underlying biological processes of the brain

that generate them. Neuroscience aims at understanding the neural circuitry, elec-

trochemical processes of signal transmission mechanisms in the neural circuits and

patterns of neural activity that produce different animal behaviours and thought
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processes. Computational neuroscience as a subset of neuroscience investigates

the natural computational mechanisms that give rise to these behaviours and

attempt to quantify and derive mathematical relationships that represent them as

computational elements in electronic systems.

Previous studies have shown changes in neural activity of the brain after

lesions (Wei et al., 2009) and as well as during motor recovery (Yilmaz et al.,

2013; Savic et al., 2014). However, a little is known about the neurobiological

impact of the lesion itself and its nearby brain areas in repairing and restoring the

affected movements. Research to date on decoding movements from EEG signals

in restorative BCI has not yet adequately utilised the neural mechanisms of motor

control and motor re-learning that has already been explained in neuroscience

(Y. Zhang, Prasad et al., 2017). A majority of machine learning algorithms that

were used to decode movements from EEG behave as mere function approximators

that intend to quantify the relationship between the input and output variables.

One of the substantial challenges of machine learning methods used by restor-

ative BCI is that the fundamentals that construct these machine learning methods

do not provide sufficient support for incorporating the natural mechanisms of

neural computing. They do not pay much attention to the neurobiological basis

that gave rise to different Event-Related Potentials in EEG used as features for

prediction in BCI. This multi-disciplinary field of research requires integrating the

expertise from many areas of research, including neuroscience, health, artificial

intelligence, electronics, digital signal processing, behavioural analysis in order to

improve restorative Brain-Computer Interfaces. Development of a computational

platform that can integrate all these multi-disciplinary expertise is one of the

significant challenges in BCI research.
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2.9 Future research directions of restorative Brain-

Computer Interfaces

Despite the success in decoding movements from EEG useful for motor recovery

and restoration in the growing body of BCI literature, several questions remain

to be answered. This section highlights several future directions to improve the

machine learning methods used by restorative BCIs.

2.9.1 Develop methods for better understanding of brain

dynamics

A better understanding of brain dynamics that represent complex cognitive

processes in the brain would be helpful to improve movement decoding from

EEG. More information on how the underlying cognitive processes impact the

neural responses observed through EEG would help to establish a greater degree

of accuracy and interpretability in BCI. Previous studies on decoding movements

from EEG for neurorehabilitation interventions have established the significance

of brain activity in sensory and motor cortices. The ERD and ERS observed from

the EEG electrodes that monitor these cortical areas such as the C3, C4, and Cz

channels have demonstrated their significance in decoding movement intention

(Jochumsen et al., 2015).

In addition, studies have also reported the involvement of the cortical regions

beyond the sensorimotor areas of the brain in predicting movement intention.

Özdenizci et al. (2017) reports the involvement of the Parieto-Occipital (PO)

and Fronto-Parietal (FP) areas of the cortex during movement intention. The

authors suggest the use of the beta wave strength of the Parieto-Occipital region

at rest as a significant feature for movement intention prediction. The study
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also claims changes in the pre-trial beta wave strength in the Fronto-Parietal

regions during movements. Bundy et al. (2012) shows the feasibility of utilising

the ipsilateral (same side of the body) motor signals obtained from the unaffected

hemisphere of hemiplegic stroke survivors for predicting movement intentions of

the paralysed hand from EEG. Formaggio et al. (2016) analyse the topographical

distribution of ERD or ERS and as well as the task-related coherence during

lower limb movements in healthy participants. The study intends to enhance the

understanding of oscillatory activity and functional interactions of different brain

areas during lower limb robot-assisted rehabilitation. Biasiucci et al. (2011) present

a spatio-temporal analysis of EEG topographic in stroke patients during upper limb

movements. These topographies represent EEG microstates which may imply the

plastic changes in the associated neural network while providing neurofeedback for

enhancing motor recovery. These findings highlight the importance of investigating

the potential of neural activity beyond the sensory and motor areas of the brain

during BCI interventions that intend to gain motor recovery.

The traditional approaches that use the static energy-based features such

as SVM, MLP, LDA have a limited ability to capture complex spatio-temporal

dynamics (Forney & Anderson, 2011; M. Li et al., 2016). Further research

is required to implement machine learning algorithms that can extract spatio-

temporal brain dynamics that emerge as a result of different brain areas coordinate

and collaborate to execute functional movements in humans. Future research

should explore the effectiveness of the extracted brain dynamics to improve

movement decoding.
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2.9.2 Improve the biological plausibility of the computa-

tional models that analyse the neural activity of the

brain without compromising the prediction perform-

ance

The biological plausibility plays a significant role in embedding intelligence in

machines. On one hand, the human brain represents the greatest form of intelli-

gence so far we have come across. So, imitating its natural mechanisms that give

rise to human intelligence may be a promising step towards developing intelligent

machines. On the other hand, it enhances the understanding of the information

processing in the brain and provides new inspirations on improving the existing

intelligence systems. However, the precise natural mechanism that gives rise to

human intelligence through various human abilities such as learning, adaptation,

memorising, and recognition in humans remains under-explored. Further mod-

elling work will be required in order to integrate these natural mechanisms in

computational systems.

Improving the biological plausibility of the machine learning methods that

decode movements from EEG is a promising approach towards addressing the

limitations of traditional methods used in the existing BCI research. The future

research on transferring the traditional batch learning-based algorithms into

incremental and adaptive learning algorithms will address several challenges in

restorative BCI. For instance, adaptive learning will enable the machine learning

models to self-regulate their internal representation of the relationship between

input and output variables of the model using the current response produced by

the computational model. The neural decoder will have the ability to learn from

its own mistakes as humans do. Also, they will facilitate the auto-calibration of

the neural decoder and deliver plug-and-play BCI systems.
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From the rehabilitation point of view, adaptive learning of the neural decoders

also supports optimising the assistance (‘assistance-as-needed’) to patients during

therapies and eliminate the risk of slacking when the assistance is too supportive

(Grimm et al., 2016). Several studies have shown the feasibility of employing rein-

forcement learning to make the computational approach used in a neuroprosthesis

adaptable to the environment (Bauer & Gharabaghi, 2017). Jagodnik et al. (2016)

and Grimm et al. (2016) present reinforcement learning-based adaptive learning

controllers to adjust the amount of assistance in different neurorehabilitation

settings.

In the context of restorative BCI, further research should be undertaken to

explore how neural responses of different brain areas that collaboratively involved in

executing movements. These neural responses can be used to inform self-regulation

in the machine learning model used by BCI in response to the plastic changes that

emerge during motor re-learning. For instance, Error-related Potentials represent

natural cortical responses that represent feedback and error correction in response

to human actions. Future research can investigate the effects of Error-related

Potentials on influencing self-regulation in neural decoders. To achieve this goal,

improving the biological plausibility of the neural decoder by integrating the

natural mechanisms that enable learning, adaptation, memory formation and

recalling in living nervous systems should be appropriately integrated into digital

systems.
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2.9.3 Enable automatic feature learning in neural decoders

in contrast to the conventional hand-crafted feature

engineering

In contrast to the conventional feature engineering approaches that include mul-

tiple hand-coded steps such as prepossessing, feature extraction, dimensionality

reduction, and feature selection, future research would aim at enabling automatic

feature learning from raw input data. Automatic feature learning will also elimin-

ate the need for manual feature engineering that require a considerable amount of

human intervening, which becomes more challenging in huge datasets.

Deep neural networks applied in movement decoding from EEG have shown

the ability to learn discriminative features from raw data. They eliminate the

need for hand-crafted EEG features. However, the size of the data set and as

well as the quality of data have a significant impact on achieving a desirable

classification performance in deep learning (Nurse et al., 2016). Although complex

classification algorithms such as neural networks that utilise explicit feature

engineering processes have shown a higher classification accuracy, they result in a

considerable delay during online prediction due to high computational cost and

prediction latency. Therefore, it is equally important to optimise the complexity of

deep learning methods through simple network architectures that do not consume

a large amount of processing power in digital systems (Boi et al., 2016; Martišius

et al., 2013; Hamedi et al., 2014).

The human brain, that processes a massive amount of information within

a fraction of a second while consuming an ultra-low amount of computational

power is a great inspiration to address the limitations caused by the von Neumann

bottleneck in traditional computer architectures. Further research could also be

conducted to develop biologically plausible automatic feature learners that are
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compatible with neuromorphic platforms. The success in this research direction

will combine the best of both approaches by integrating the massively parallel

information processing ability in neuromorphic architectures and as well as the

accurate prediction delivers by deep neural networks.

2.9.4 Integrate neurofeedback of motor control with the

conventional uni-directional BCIs to enable bi-directional

closed-loop motor control through BCI

Motor control is a bi-directional perception-action loop that consists of transiting

over different cognitive states such as movement intention, action, feedback and

perception. Many BCI studies have mainly concentrated on decoding information

from EEG that are useful to predict movement intention and execution in motor

control. There has been less attention on integrating feedback and perception of

the action in neural decoders. Future research would focus on the development of

bi-directional closed-loop BCIs that integrates neurofeedback with the conventional

uni-directional BCI control to enable both action and perception during motor

control.

2.9.5 Develop hybrid BCI systems by integrating multiple

multi-model information sources to improve predic-

tion accuracy

The motor circuit of the brain consists of cortical areas such as the visual and

motor cortex and as well as deep brain areas such as basal ganglia. In addition,

the spinal cord and peripheral nerves also contribute to executing movements in

humans. Figure 2.3 graphically represents the neural circuit of motor control in
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humans (Scott, 2004). Each sub-network in this neural circuit plays a vital role

in performing the movement.

It is also important to note that there exists a short circuit from the periphery

to the cerebellum to the brainstem and back to muscles that can work faster and

independently from the cortical circuit. This circuit has been underestimated

in the existing BCI application. The cerebellum involves automated and semi-

automated repetitive motor movements like walking. NeuCube has an architecture

that supports the involvement of both the cerebellum and cerebrum activity.

However, there are practical limitations to incorporate the cerebellum activity

within the model. The conventional EEG measurement systems do not contain

dedicated electrodes to measure cerebellum activity. The electrodes that monitor

the occipital lobe (i.e. Oz, O1, O2, O3, O4) can partially pick the cerebellum

activity due to its proximity. However, they may be mixed up with brain activity

related to vision originate from the occipital lobe. Also, due to the head and neck

movements, there are many EEG artefacts when monitoring cerebellum activity

using EEG. Further studies are required to evaluate the feasibility of effectively

utilising this short circuit for automated and semi-automated motor movement

recovery and rehabilitation with BCI.

It is evident that beyond the sensory and motor cortices, many parts of the

human nervous system contribute to executing a movement. However, non-

invasive recordings of brain activity such as EEG do not carry neural activity

of all these components of the neural circuit. Previous studies have emphasised

the importance of integrating different information sources that represent useful

information related to motor control for accurate and robust BCI control.

A hybrid-BCI use multiple data sources in addition to EEG signals, such

as audio and visual data, electrophysiological signals such as Electromyography,

Electrooculography that provide additional information to facilitate accurate,
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Figure 2.3: A graphical representation of the neural circuit of motor control in
humans (Scott, 2004)

robust and multi-dimensional control through BCI. These sources are exhibit

multi-model and multi-dimensional form of information and therefore integrating

them into a single computational model that can process all this information is

challenging.

2.10 Discussion and motivation of the research

Brain-Computer Interfaces monitor neural activity of the brain and translate them

into machine commands. This technology enables control of digital devices through

mental commands extracted from brain waves of the BCI user. Studies have

shown promising results on motor recovery in people with movement impairments

through restorative BCI interventions. This chapter critically examined previous

research on decoding movement useful for restorative Brain-Computer Interfaces
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with a particular focus on the limitations, challenges and future directions of the

machine learning algorithms used for decoding movements from EEG.

Overall, these studies highlight the need for improving the machine learning

method to extract precise neuro-muscular relationships from EEG signals. In all

the studies reviewed here, the less biological plausibility, less interpretability, high

prediction latency, low degree of freedom are recognised as significant drawbacks.

The human brain, as the highest form of intelligence known to us, is a powerful

inspiration to develop intelligent machines. Human-engineered machine learning

methods used in these studies largely contradict what is already known about

information processing in the animal brain. They have a limited ability to evolve,

learn incrementally or adapt to changes in the environment similar to humans.

These methods require large amounts of labelled data to train, yet can fail

catastrophically even with small variations of the input. Together these studies

provide important insights into the brain-inspired machine learning methods and

architectures to decode movements in restorative BCI.

Spiking Neural Networks as the third generation of Artificial Neural Networks,

more closely model the behaviour of a living nervous system as it considers both

spatial and temporal aspects of input data for building the computational model.

This thesis presents a Brain-Inspired Spiking Neural Network model to address

the above limitations in current BCI literature. BI-SNN enables precise spike

timing in spiking neural populations using spike-time based learning rules and

provides a promising direction for building a new type of BCI called Brain-Inspired

Brain-Computer Interfaces (BI-BCIs).
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2.11 Summary of the chapter

This chapter presented a review of recent advancements in decoding mental

commands from EEG signals in Brain-Computer Interfaces for motor recovery

and motor restoration. A general overview of the Brain-Computer Interfaces,

including different types of BCIs and the common BCI paradigms presented in

the literature, was described at the beginning of the chapter. Next, different

applications of BCI were discussed with a particular focus on restorative Brain-

Computer Interfaces that applied to gain motor recovery and restoration. The

chapter outlined several proof-of-concept studies on healthy participants and as

well as multiple clinical studies of EEG-based BCI interventions in people who

suffer from movement impairments such as paralysis. The chapter then presented

a detailed methodological review of the brain-inspired Artificial Neural Networks

based methods for decoding movements from EEG. It highlighted the limitations

of decoding complex movements from EEG that are useful for motor recovery by

these cutting-edge brain-inspired methods. Then, the chapter presented several

challenges in decoding such movements from EEG useful for BCI interventions

aimed at gaining motor recovery. The chapter proposed multiple future directions

to improve the machine learning algorithms used for decoding movements from

EEG. The chapter concluded with a general discussion that emphasised the

motivation for conducting the research proposed by this thesis.

2.12 Contributions

1. The chapter presented an overview of the Brain-Computer Interface techno-

logy and critically analysed previous research on decoding various movements
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from Electroencephalography signals in restorative Brain-Computer Inter-

faces

2. The chapter presented a methodological review of the recent trends in

Artificial Neural Networks based neural decoders to construct restorative

Brain-Computer Interfaces

3. The chapter highlighted several critical limitations of the existing machine

learning approaches and challenges to decode movements from EEG signals

in BCI interventions which aim to achieve motor recovery

4. The chapter identified several future directions to improve the state-of-the-art

in restorative Brain-Computer Interfaces

5. The chapter highlights the significance of a biologically plausible brain-

inspired machine learning approach to address the limitations of traditional

neural decoders used by current restorative Brain-Computer Interfaces



Chapter 3

Brain-Inspired Computing,

Spiking Neural Networks and the

NeuCube Spiking Neural Network

Architecture

“There is no scientific study more vital to man than the study of his

own brain. Our entire view of the universe depends on it.”

Francis Crick - A molecular biologist, biophysicist, and neuroscientist

best known for his work with James Watson which led to the

identification of the double helix structure of DNA

Chapter Overview

The previous chapter highlighted the limitations of the current non-invasive

BCI research applied in neurorehabilitation. The chapter emphasised the need

for a brain-inspired computational approach to address the limitations in the
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existing neural decoders. This chapter will present an overview of brain-inspired

computing, Spiking Neural Networks, and the NeuCube Spiking Neural Network

architecture. The chapter will first establish the foundation of brain-inspired

computing by providing a brief overview of the biological processes in living

nervous systems that give rise to the transmission of action potentials and the

evolution of synaptic plasticity in biological neural networks. Furthermore, a

brief description of brain-inspired computing and its evolution will be presented

with a particular focus on the third generation of Artificial Neural Networks

called Spiking Neural Networks. The chapter will briefly introduce neural coding

and describe different spike encoding methods to extract spiking events from

temporal data. The chapter will also describe several spiking neuron models that

computationally model the passive membrane potential of a living neuron. This

will be followed by a brief description of the spike-based supervised, unsupervised,

and reinforcement machine learning approaches. Finally, a brief description of

the NeuCube Spiking Neural Network architecture and the different processes

associated with analysing data using the NeuCube framework will be discussed.
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3.1 Introduction

The brain is organised in several areas which are specialised to perform specific

tasks. For instance, the neurons in the visual cortex are trained for visual

information processing, while the neurons in the motor cortex are specialised to

execute movements. These different areas of the brain coordinate and collaborate

to execute cognitive tasks.

Neurons and synapses form the fundamental computational elements of the brain.

An average human brain approximately contains a hundred billion individual

neurons and a thousand trillion synaptic connections that interconnect these

neurons to form the neural network of the brain. Figure 3.1 A shows an image of

the pyramidal neurons in the cerebral cortex (source: Neuron, 2012). A typical

neuron consists of three parts, the dendrites, the soma (cell body) and a single

axon as shown in figure 3.1 B (source: staff, 2018). A neuron receives input signals

through dendrites or soma and transmits the output signals away from the neuron

through the axon.

Neurons transmit signals as short electric pulses called action potentials or

spikes. The action potentials are generated as a result of an electrochemical

process that changes the electric potential of the neuron. The neuron’s cell

membrane maintains a voltage gradient across its membrane called the resting

potential (-70mV). The cell membrane of a neuron contains small poses known

as voltage-gated ion channels that allow the transmission of ions across the

cell membrane of the neuron. The voltage-gated channels are closed when the

membrane potential is near the resting potential and gradually start to open with

the rising of the membrane potential. This causes the opening of the voltage-gated

sodium channels that let positively charged sodium ions flow into the cell, further

increasing the electric potential of the neuron (see figure 3.1 C - source: Action
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Potential, 2013). The starting of an action potential is marked by this increase of

the electric potential called depolarisation.

Transmission of ions into the cell that contains a sufficient amount of positive

electric charges within a short period that increases the membrane potential over

a certain threshold level enables more voltage-gated ion channels to open rapidly

and contributes to generating an action potential or spike. The rapid inflow of

sodium channels reverses the polarity of the cell membrane and results in closing

the voltage-gated sodium channels. The sodium ions are then actively transported

back out of the cell membrane. Furthermore, the voltage-gated potassium channels

open at this stage and bring back the membrane potential into the resting state

potential by sending the potassium channels out of the cell membrane. This

period is called the refractory period of an action potential; where the neuron is

unable to emit a spike even though it receives input spikes. After the refractory

period, the membrane potential is set back to its resting state potential, and the

neuron is ready to generate an action potential in response to the incoming input

spikes. Figure 3.1 D shows the changes in membrane potential during different

stages of an action potential (source: Action potential, 2020).

The action potentials are transmitted from one neuron to another through the

conjunctions between neurons called synapses. As a post-synaptic neuron receives

multiple input spikes from the pre-synaptic neuron, these electric potentials are

summed together in the post-synaptic neuron. The pre-synaptic electric pulses

which cause a sufficient amount of positive charge to reach the spike threshold

causes emission of a spike in the post-synaptic neuron. Once a spike is emitted, the

membrane potential is repolarised and then gradually set to its resting potential.

The figure shows the response of a single neuron in the somatosensory neocortex

of a Wistar rat to a constant somatic input current (data obtained from Gerstner

& Naud, 2009). As the intensity of the input current increases, the neuron fires
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Figure 3.1: Fundamental components of the brain’s neural network and the basic
steps in its’ signal transmission mechanism A) An image of pyramidal neurons
in the cerebral cortex (source: (Neuron, 2012)) B) Illustration of different parts
of a neuron (source: (staff, 2018)) C) Mechanisms of ion transmission across the
neuron membrane during the propagation of an action potential (source: (Action
Potential, 2013)) D) Different stages of an action potential and changes of the
membrane potential during these stages (source: (Action potential, 2020))
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spikes at a higher firing rate as a result of receiving more positive charges that

depolarise the cell membrane rapidly.

Figure 3.2: Response of a single neuron in the somatosensory neocortex of a
Wistar rat to a constant somatic input current (data source: (Gerstner & Naud,
2009))

The conjunction between two neurons that allow communication between neur-

ons via an electro-chemical process is known as a synapse. Action potentials are

passed from one neuron to another through synaptic connections forming neural

pathways in the brain. The strength of synaptic connections between neurons are

changed over time resulting in evolving connections in the brain network. This

is known as the plasticity of the brain that shapes the ability of learning and

adaptation in animals. With training, the brain develops new neural pathways

that can be activated from relevant stimuli. Neuroplasticity is the brain’s ability

to form and reorganise synaptic connections over time. Neuroplasticity is a key

feature of the brain’s neural network that results in its incredible capability to

evolve through life-long and adaptive learning. From a computational neuroscience

perspective, neuroplasticity is defined as the ability to increase or decrease the

synaptic efficiency between two neurons according to the firing time of these
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pre-and post-synaptic neurons. Such adaptation of nerve cells during learning was

explained by the Hebb’s postulate (Hebb, 1949), which later became the basis for

the synaptic learning rule in many artificial neural network algorithms.

3.2 Brain-Inspired Computing

Inspired by the natural computational mechanisms in the biological neurons

and synapses, neuromorphic computing (K. Roy et al., 2019) initially started

to interpret such features in digital systems using silicon transistors. Later on,

this research field emerged into the development of largescale neuromorphic chips

that facilitate both hardware and algorithmic support to implement complex and

massively parallel brain-inspired computing architectures. Many recent studies

explore the feasibility of spike-based computational models that are implemented

on or compatible with neuromorphic computational platforms to deliver scalable,

energy-efficient, and biologically plausible machine intelligence systems. The

computational approaches that are inspired by the biological processes of a living

nervous system have provided new insights into artificial intelligence. Recent

literature reveals several brain-inspired computational models that aim to provide

a better understanding of information representation, processing, learning, and

adaptation in the brain.

3.2.1 A Simple Electronic Circuit for Modeling the Mem-

brane Potential of a Neuron

The electrical behaviour of the passive cell membrane of a neuron can be modelled

using a simple electronic circuit that contains a resistor and a capacitor (R-C

Circuit) as shown in figure 3.3 (source: Gerstner et al., 2014). A short electric
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pulse is injected into the circuit by keeping the switch on for a short period. As

more electric pulses receive, the electric potential of the circuit is increased and

exponentially reduced with the absence of electric pulses.

Figure 3.3: An electronic circuit for modelling the behaviour of passive cell
membrane of a neuron

The response of the RC circuit for time-dependent arbitrary input current can

be mathematically derived, which forms the basis of the Leaky Integrate and Fire

neuron model discussed later in this chapter. Figure 3.4 contains an R-C Circuit

that models the behaviour of the passive neuron membrane. In addition to the

resistor and the capacitor, the circuit also contains a battery to provide the notion

of the resting membrane potential (URest).

As shown in figure 3.4, the total current injected I (t) will be split into two part

as the current flow through the capacitor IC and the current flow through the

resistor IR. So the total current (I(t)) is given by the equation 3.1.

I (t) = IC (t) + IR (t) (3.1)
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Figure 3.4: Deriving the behaviour of the passive neuron membrane using the
R-C circuit

The capacitance of the capacitor is defined as the total charge stored in the

capacitor (Q) divided by the total voltage across the capacitor (U) (equation 3.2

and 3.3).

C =
Q

U
(3.2)

Q = CU (3.3)

Likewise, the current (I) is defined as the charge over a unit period of time.

By substituting equation 3.3, the current through the capacitor is given by the

equation 3.4.

IC =
d

dt
Q = C

dU

dt
(3.4)

The total voltage difference U equals the summation of the voltage across the

resistor (UR) and the voltage across the battery (Urest) (refer equation 3.5).

U = URest +UR (3.5)

From ‘Ohm’s’ law, the voltage across the capacitor is defined by equation 3.6.
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UR = RIR (3.6)

By substituting equation 3.6 with equation 3.5, a mathematical representation

of the electrical behaviour of the passive membrane can be derived according to

equation 3.10.

U −URest = RIR (3.7)

IR =
1

R
(U −URest) (3.8)

C
dU

dt
= −

1

R
[U −URest] + I (t) (3.9)

R ∗C
dU

dt
= − [U −URest] +R ∗ I (t) (3.10)

The resistance of the resistor (R) and the capacitance of the capacitor (C)

are constants. A new variable τ is defined to denote R*C which stands for the

time constant of the membrane (equation 3.11). Therefore, equation 3.10 can be

rewritten as equation 3.12.

R ∗C = τ (3.11)

τ
dU

dt
= − [U −URest] +R ∗ I (t) (3.12)

The membrane potential of the neuron in response to a time-varying synaptic

input can be mathematically expressed using the linear differential equation

presented in 3.12. This mathematical model is referred to as the Leaky Integrate

and Fire (LIF) spiking neuron model.



Chapter 3. Brain-Inspired Computing, Spiking Neural Networks and the
NeuCube Spiking Neural Network Architecture 119

3.3 Neural Coding

Neural coding is a fundamental issue in computational neuroscience. A long-lasting

argument was the mean firing rate carries the information is referred to as rate

coding. However, based on behavioural studies that investigated the reaction time

in animals, it was evident that the animals can produce response so quickly and

the mean firing rate obtained through a long temporal averaging is too slow to

explain these fast reactions.

Many recent studies have shown the importance of temporal coding for encoding

information in biological neural circuits. This is contradictory to the previous

idea that the firing rate of a neuron encodes the essential information. Several

animal studies have reported the importance of precise and reliable spike timing

in the cortex. Hires et al. (2015) shows the encoding of information in L4 neurons

in the somatosensory cortex during active tactile sensation. The analysis shows

a low spiking rate in neurons all the time except several milliseconds before the

onset of touch stimuli. Mainen and Sejnowski (1995) provide evidence on the

reliability of spiking of an individual neuron is by isolating it from the network.

The isolated neuron from the neocortex shows precise spike timing of individual

neurons for a variable input current multiple trials. The findings suggest that the

variable nature of spiking arises due to the interaction with other neurons of the

population and inputs received through synaptic connections from neurons in the

network.

3.4 Spike encoding

Neurons receive information as short electric pulses called spikes. Spiking neurons

intend to computationally model the spike-driven behavior of living nervous
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systems that gives rise to different biologically plausible features such as learning,

memory formation, and adaptation in Spiking Neural Networks. The temporal

input data streams that contain real-values need to be first converted into discrete

binary spike sequences to be processed by the spiking neurons. This process is

known as spike encoding.

It is important to ensure that the event-related information in the original input

data stream is preserved during this encoding process. A successful spike encoding

approach will allow fast information processing and reduce the power consumption

of the computational system due to the discrete nature of information processed

by the system. Also, an effective spike encoding method will represent a way of

compressing the content in the original signal and reduce the memory consumption

of SNN-based computational models. Petro et al. (2020) presents a comprehensive

description and a comparative analysis of multiple spike encoding algorithms.

This section briefly describes several spike encoding methods commonly used in

SNNs.

3.4.1 Threshold-based Encoding algorithm

The Threshold-Based (TB) encoding method forms one of the simplest forms of

spike encoding approaches. As a result of this simplicity, its main advantage is the

ability to deliver fast encoding, which fulfils one of the requirements for real-time

information processing in SNNs. The temporal difference between the consecutive

observations (d) in the input stream (x) is obtained to compute the encoding

threshold (refer equation 3.13).

d =
n

∑
t=2
∣x (t − 1) − x(t)∣ (3.13)

The mean value (mean) and the standard deviation (std) of the computed
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temporal differences are calculated to compute the encoding threshold. The

standard deviation is first multiplied by a predefined variable referred to as the

encoding factor (c) and then added to the mean value of the computed temporal

differences to obtain the encoding threshold (see equation 3.14).

th =mean(d) + c ⋅ std(d) (3.14)

The sign of the threshold value can be used to form both positive (th+) and

negative (th+) encoding thresholds as per equation 3.15.

th+ = th; th− = −th (3.15)

Depending on the polarity (sign) of the temporal difference, the TB encoding

method can extract both positive and negative spikes from the input signal. If the

current temporal difference is larger than the positive threshold, a positive spike

is generated, and if it is smaller than the negative threshold, a negative spike is

produced. Otherwise, no spike event is added to the current time interval of the

spike train (refer equation 3.16).

s(t) =

⎧⎪⎪⎪⎪⎪⎪⎪⎪
⎨
⎪⎪⎪⎪⎪⎪⎪⎪⎩

1 if d(t) >= th+

−1 if d(t) <= th−

0 otherwise

(3.16)

3.4.2 Bens Spiker Encoding algorithm

Stimulus estimation is another approach commonly used for estimating spike

sequences from analogue signals. Its primary goal is to approximate the actual

response of a biological neuron through linear filtering. The Bens Spiker Algorithm

(BSA) proposed in (Schrauwen & Van Campenhout, 2003) is one of the stimulus
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estimation based spike encoding method commonly used in SNNs. In such an

encoding paradigm, the estimated stimulus sest can be formulated as equation

3.17 where xt denotes the spike train of the neuron and ht is the impulse response

of the linear filter.

sest = (h ∗ x)(t) = ∫
+∞

−∞
x(t − τ)h(τ) dτ =

N

∑
k=1

h(t − tk) (3.17)

The spike train of the neuron x(t) can be written as equation 3.18 where tk

represents the firing time of the neuron.

x(t) =
N

∑
k=1

δ(t − tk) (3.18)

BSA encoding first creates a Finite Impulse Response (FIR) filter. At every

time interval (τ), the BSA encoding computes two types of error metrics. The

first error is calculated by deducting the filter coefficients from the subsequent

signal values as per equation 3.19.

e1(τ) =
M

∑
k=0

abs(s(k + τ) − hk) (3.19)

The second error is calculated without subtracting the filter coefficients as per

equation 3.20.

e2(τ) =
M

∑
k=0

abs(s(k + τ)) (3.20)

For spike encoding, if the e1(τ) is smaller than e2(τ) − thBSA, a spike event

is generated and deduce the filter from the input. Otherwise, no spike event is

generated (refer equation 3.21 where thBSA denotes the encoding threshold of

BSA)
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s(τ)

⎧⎪⎪⎪⎪
⎨
⎪⎪⎪⎪⎩

1 if e1(τ) < (e2(τ) − thBSA)

0 otherwise
(3.21)

Studies have shown the feasibility of the BSA encoding algorithm to encode

different types of signals such as audio and electroencephalography signals into

spike trains. Verstraeten et al. (2005) evaluated the performance of the BSA

encoding algorithm to encode audio signals into spike trains to recognise isolated

spoken digits using a Liquid State Machine. The study was further extended in

(Schrauwen et al., 2007) to explore the construction of a digital hardware architec-

ture based on a Liquid State Machine that performs speech recognition of isolated

digits. Nuntalid et al. (2011) applied BSA to encode electroencephalography

signals into spike trains to classify auditory and visual stimulus from EEG using

an evolving probabilistic Spiking Neural Network.

3.4.3 Other spike encoding methods

Apart from the spike encoding algorithms mentioned above, there are several other

encoding methods proposed in the literature to extract spike sequences from data

streams. Step-Forward (SF) encoding utilises a moving baseline with a predefined

encoding threshold. Moving-Window (MW) spike encoding utilises a baseline

of the signal as the average of earlier signal intensities within a predefined time

window which enables MW encoding to be robust to noises in the input signal up

to a certain extent. The NeuCube Spiking Neural Network framework facilitate

spike encoding using TB, BSA, SF, and MW encoding algorithms (N. Kasabov

et al., 2016). Recently proposed GAGamma encoding algorithm (Sengupta &

Kasabov, 2017) not only facilitates accurate pattern recognition in fMRI signals

but also efficiently compress the original data for cost-effective data storage and
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transmission.

Spike encoding plays a vital role in SNNs. One of the major drawbacks is

the information lost during the encoding process. Therefore, it is essential to

carefully choose a suitable encoding method that is compatible with the signal

characteristics and as well as to appropriately optimise the parameters of the

encoding algorithms to minimise information loss.

3.4.4 Optimisation of spike encoding methods

Petro et al. (2020) presents a systematic analysis of the Threshold-Based, Step-

forward, Moving-Window, and Bens Spiker encoding algorithms. The authors

quantitatively and qualitatively analysed these encoding methods and presented

a recommendation for the selection and optimisation of spike encoding methods.

The recommendations include, firstly the authors suggesting carefully considering

the characteristics of the original signal for selecting an appropriate encoding

method. Secondly, optimising the parameters of the encoding algorithm using

a suitable error calculation method that indicates the difference between the

actual and reconstructed signals. Petro et al. (2020) evaluated multiple statistical

measures such as the Signal-to-Noise Ratio (SNR), Root Mean Square Error

(RMSE), and R-squared (R2). SNR is the ratio between meaningful input power

and background noise power. In the analysis, the noise power of the signal is

derived as the power difference between the original and reconstructed signals.

RMSE is the standard deviation of the prediction errors and indicates the distance

between the actual and predicted values of a statistical model. R2 is a statistical

measure that indicates the variance of a dependent variable that is derived through

regression of one or many independent variables. Thirdly, validating the encoding

method by comparing the original signal and the encoded spike trains.
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3.5 Evolution of Brain-Inspired computing and

Spiking Neural Networks

Artificial Neural Networks are computational models that are inspired by biological

neural networks in living beings. They are exceptional at discovering hidden

relationships between inputs and outputs; in particular when it is hard to find

explicit mathematical equations that describe such relationships. There are three

generations during the evolution of ANN. The Perceptron or threshold gates which

generate a binary output using a threshold belongs to the first generation of ANN.

Perceptron does not use a non-linear activation function for output prediction.

The second generation of neural networks such as Multi-layer Perceptron applies

non-linear activation functions on the weighted sum of the synaptic input. Spiking

Neural Network, as the third generation of neural networks more closely model

the computation that takes place in biological neural networks.

All forms of sensory inputs such as sound, smell, light are first transformed

into action potentials or spikes before being processed by the neurons for learning

or recalling. Being the third generation of Artificial Neural Networks, Spiking

Neural Networks consider the spiking nature of neurons. Spiking neurons capture

the most crucial dynamics of information processing in the animal brain as such

models consider encoding of information in terms of the spikes and memory as

the strength of synaptic connections. The remainder of this section presents an

overview of the computational elements that construct Spiking Neural Networks.

Being the third generation of Artificial Neural Networks, Spiking Neural Net-

works considers the spiking nature of neurons. Therefore, Spiking Neural Networks

captures the most crucial dynamics of information processing in the animal brain

as it considers encoding of information in terms of the spikes or action potentials
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and memory as the strength of synaptic connections. SNN combines several com-

putational models that mathematically describe the spiking nature of a neuron and

properties of a neural network such as synapses and synaptic plasticity, resulting

in a biologically plausible model of human learning.

3.6 Spiking Neuron Models

With the ever-growing interest in understanding the computation in neural circuits

for describing such computations in individual neurons and neural populations,

several spiking neuron and synaptic models are being emerged. Each model

models certain aspects of information processing in the brain. For instance, the

Integrate and Fire model, Spike Response Model, and Hodgkin–Huxley model

describe information processing at the neuronal-level as a result of the current

passed through the ion channels in the neuron membrane. The long term goal

of computational neuroscience is to understand the neural dynamics better and

describe the behaviour of neural circuits in the same manner compared to electronic

circuits. The following section briefly describes several commonly used spiking

neuron models in SNN (N. Kasabov, 2013; Gerstner et al., 2014).

3.6.1 Leaky Integrate and Fire neuron model

As described in the previous section 3.3.1, the dynamic behaviour of a neuron

can be described as an integration process that gradually increases the membrane

potential of the postsynaptic neuron from its resting potential as a result of

receiving input spikes, associated with a mechanism that generates a post-synaptic

spike when the membrane potential crosses its firing threshold. This type of neuron

model is known as the ‘Integrate-and-Fire’ (IF) neuron model. The Integrate-

and-Fire neuron model does not attempt to model the shape or the biophysical
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mechanisms of an action potential. Instead, it considers the generation of action

potentials as precisely-timed events that carry the information (Gerstner et al.,

2014).

There are two main modules in an Integrate-and-Fire neuron model. First,

it contains a summation module that describes the elevation of the membrane

potential from its resting state potential as a result of receiving input spikes

ui(t). It can be represented in a form of a linear differential equation presented

in equation 3.12. The membrane potential exponentially decays to its resting

membrane potential with the absence of input spikes. The membrane time constant

τ defined in equation 3.11 characterises the timing of this exponential decay. The

criteria for firing time t(f) is given by equation 3.23 where ϑ is the firing threshold

of the neuron.

f (f) ∶ u (t(f)) = ϑ (3.22)

Each time the membrane potential hits the threshold, the variable u is reset from

ϑ to ur. For t>t(f) the behaviour of the membrane potential is again represented

by 3.12 until the membrane potential reaches its next threshold crossing. This

type of model that combines the leaky integration and the resting state of a neuron

is called the ‘Leaky Integrate-and-Fire’ model.

3.6.2 Hodgkin–Huxley neuron model

The LIF neuron model describes the essential properties of the passive membrane.

It is an efficient model. However, it is less biophysically plausible since it does

not represent the biophysical mechanisms of the neuron membrane such as the

sodium and potassium ion pumps in the cell membrane that let the neuron to

maintain a resting potential. Hodgkin–Huxley experimented with the properties
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of the neuron membrane using the giant axon of the squid and came up with a

more biologically plausible neuronal model called the ‘Hodgkin–Huxley’ model

(Hodgkin & Huxley, 1952).

Hodgkin and Huxley showed that the resting potential of a neuron is caused by

the difference in ion concentration between inside and outside a neuron. The ion

pumps in the neuron membrane contribute to this difference in ion concentration.

They found three sources that contribute to the ion current of a neuron; the

sodium, potassium, and leak (mainly by the Chloride ions) current.

f (f) ∶ u (t(f)) = ϑ (3.23)

The Hodgkin–Huxley model can be represented as the following electronic

circuit that contains a capacitor, and multiple resistors placed in parallel (source:

(Gerstner et al., 2014)).

Figure 3.5: Schematic diagram for the Hodgkin-Huxley model

Therefore, the total current I(t) can be represented as the summation of current

through the capacitor Ic(t), the current generated by the potassium ions (IK(t)),

the current generated by the sodium ions (INa(t)) and the leaky current Il(t) as

equation 3.24.

I (t) = IC (t) + IK (t) + INa (t) + Il (t) (3.24)
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The two resistors that represent the sodium (RNa) and potassium (RK) currents

contain a variable resistance variable depending on the degree of conductance of

the corresponding ion channel. If the ion channels are opened, they represent a

comparatively high conductance (low resistance) of the channel. If the channel is

closed, there is a high resistance for ion transmission. The batteries represent the

difference of potential between the inside of the neuron and the extracellular area.

This difference occurs as a result of active ion transportation across the membrane.

The active transportation of ions generates a difference in ion concentration inside

and outside of the cell. gK , gNa and g + l represent the maximum conductance

of potassium, sodium, and leak channels. Hodgkin and Huxley experimentally

evaluated the effective resistance of an ion channel in response to the time and

voltage. The relationships were then mathematically expressed by the induction

of additional ‘gating’ variables m, n, and h. The gating variables represent the

probability of an ion channel is open at a particular time.

Following equation 3.25 summaries the Hodgkin and Huxley model.

∑
k

Ik = gNam
3h (u −ENa) + gKn

4h (u −EK) + gl (u −El) (3.25)

3.6.3 Izhikevich model

The Hodgkin and Huxley model present a biologically plausible model of a

neuron. However, in terms of the computational cost, the model exhibits less

efficiency. On the other hand, the Integrate-and-Fire neuron model is more

efficient than the Hodgkin and Huxley model, but it is less biologically plausible.

Eugene Izhikevich presented a spiking neuron model that contains represent the

biophysical mechanisms of the Hodgkin and Huxley type (biophysical) models

and as well as maintaining the computational efficiency of the LIF type models
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(Izhikevich, 2003, 2004).

The Izhikevich neuron model mathematically defines the membrane potential

of a neuron using four variable a, b, c, and d as per the following three equations

(Izhikevich, 2003) where v is the membrane potential, and u is the membrane

recovery variable which respectively denotes the activation and inactivation of

potassium and sodium currents. Equation 3.28 resets the membrane potential v

and the recovery variable u after the membrane potential reached its peak value

of +30mV.

v
′
= 0.04v2 + 5v + 140 − u + I (3.26)

u
′
= a(bv − u) (3.27)

if v ≥ +30mV, then

⎧⎪⎪⎪⎪
⎨
⎪⎪⎪⎪⎩

v ← c

u ← u + d
(3.28)

3.7 Synaptic Plasticity

Synaptic plasticity of the brain is known to be the fundamental mechanism of

learning, memory formation, and evolution of neural circuits in animals. This is

extensively studied in neuroscience for quantifying the biophysical mechanisms

of plasticity and as well as on investigating its role in learning, adaptation, and

memory formation. From a computational neuroscience perspective, synaptic

plasticity is defined as the ability to increase or decrease the synaptic efficiency

between two neurons according to the firing time of the pre-and post-synaptic

neurons. The Hebb’s postulate (Hebb, 1949) represent the most fundamental

inspiration of the synaptic plasticity, which later became the basis for many
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synaptic learning rules. The Hebb’s postulate describes the evolution of the

strength of a synaptic connection between two neurons as; “When an axon of cell

A is near enough to excite cell B or repeatedly or persistently takes part in firing

it, some growth process or metabolic change takes place in one or both cells such

that A’s efficiency, as one of the cells firing B, is increased.” (Hebb, 1949)

3.7.1 Neuromodulation and neuroplasticity

Neuromodulation is the physiological process that alters (modulate) nerve activity

by delivering neuromodulatory agents (i.e. dopamine, serotonin, histamine)

directly to a target area to regulate the nerve activity. It utilises a specific form

of stimulation such as electric, pharmaceutical or optical stimulus. The effects of

neuromodulation can last from a few milliseconds to several minutes. Some of

the neuromodulatory effects are the alteration of intrinsic firing activity, increase

or decrease voltage-dependent currents, alter synaptic efficacy (Neuromodulation,

2021). Neuroplasticity is the learned ongoing functional response of the neurons

following the termination of a stimulus that causes neuromodulation.

Both the neuromodulation and neuroplasticity is a learning phenomenon for

the neurons. However, neuromodulation occurs during the stimulation. It is the

learned functional response to a stimulus during the presence of the stimulus.

Neuroplasticity can be any adaptation activity related to the functional and/or

structural characteristics of the nervous system.
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3.8 Spike-based Unsupervised Learning

3.8.1 Spike Time Dependent Plasticity

Based on the principals of Hebbian learning, the spike-based learning models that

consider the timing information of temporally correlated spike sequences have led

to the development of Spike Time Dependent Plasticity learning models (Gerstner

et al., 1996; Kempter et al., 1999; Roberts, 1999; Abbott & Nelson, 2000). Such

models can be seen as a spike-based generalisation of Hebbian learning. (Markram

& Sakmann, 1995; Markram et al., 1997) reports the first experimental results on

the induction of Long-Term Potentiation (LTP) and Long-Term Depression (LTD)

of spike sequences at a ten-millisecond time scale. Several studies provide evidence

that the change of synaptic efficiency in the brain is correlated to the timing of pre

and post-synaptic activities of a neuron (Froemke & Dan, 2002; Rao & Sejnowski,

2001). A comprehensive review of the spike timing-based phenomenological models

of synaptic plasticity is given in (Morrison et al., 2008).

STDP modifies the synaptic weight between two neurons based on the firing

time of pre and post neurons. Strengthening of the synaptic efficiency is known

as Long Term Potentiation, while weakening is known as Long Term Depression.

During the learning process, STDP determines the synaptic weight between two

neurons based on the arrival time of spikes to pre and post-synaptic neurons.

According to STDP learning, repetitive spikes arriving at the post-synaptic neuron

few discrete time intervals earlier than the post-synaptic spikes lead to Long-term

Potentiation. Repetitive spikes arrive after the post-synaptic spike results in

Long-term Depression (Sjöström & Gerstner, 2010). The difference of synaptic

weight ( δw ) plotted as a function of the relative timing of pre and post-synaptic

spikes (tpre − tpost) indicates the STDP learning window as as shown in figure
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3.6 (source: (Sjöström & Gerstner, 2010)). The difference of the STDP learning

window specific to different synapses and cell types (i.e. neocortex layer 5 and

layer 2/3 of the hippocampus, retinotectal synapses in Xenopus tadpoles, etc.) is

reported in (Bi & Poo, 2001; Abbott & Nelson, 2000).

Figure 3.6: Spike-Timing Dependent Plasticity learning window that shows the
synaptic weight update with respect to the relative timing of the pre and post-
synaptic spikes (source: Sjöström & Gerstner, 2010)

The STDP learning rule quantifies the synaptic weight update of the presynaptic

neuron j, δwj according to the relative timing of the pre synaptic (i) spike arrival

and the firing time of the post synaptic (j) spikes. The pre-synaptic spike arrival

is denoted as tfj and the firing time of the post-synaptic neuron is indicated by

tni where f = 1,2,3.... The total synaptic weight update δwj is given by equation

3.29 where W (x) denotes the STDP learning window (refer figure 3.6) given by

the equation 3.30.

∆wj =
N

∑
f=1

N

∑
n=1

W (tni − t
f
j ) (3.29)
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W (x) =

⎧⎪⎪⎪⎪
⎨
⎪⎪⎪⎪⎩

A+exp (−x/τ+) for x > 0

−A−exp (x/τ−) for x < 0
(3.30)

3.9 Spike-based supervised learning

The common learning goal of all the supervisory methods in SNN is to find the

weight vector w between pre and postsynaptic neurons for a given input spike

sequence Sin(t) and the desired output spike pattern of the postsynaptic neuron

Sd(t), such that the actual spike sequence Sout(t) is similar to the expected output

spike pattern Sd(t) (Kasinski & Ponulak, 2006). The precision and reliability

of spike trains have inspired several SNN models and influenced to map this

physiological phenomenon in a supervised learning context. Different learning

algorithms such as SpikeProp (Bohte et al., 2002), Remote Supervised Method

(ReSuMe) (Kasinski & Ponulak, 2006), Spike Time Dependent Plasticity-based

methods (Paugam-Moisy et al., 2006), Tempotron (Gutig & Sompolinsky, 2006),

Linear Algebra-based methods and Spike Pattern Association Neuron (SPAN)

(Mohemmed, Schliebs & Kasabov, 2011; Mohemmed & Kasabov, 2012; Mohemmed,

Lu & Kasabov, 2012; Mohemmed, Schliebs et al., 2012; Mohemmed et al., 2013)

have been proposed as supervised learning methods for spiking neural networks.

3.9.1 Spike Pattern Association Neuron

A common issue in spike-based supervised learning in SNN is that due to the

discrete nature of spike sequences, the common mathematical operations that

enable supervised learning in Artificial Neural Networks can not be easily and

directly applied to spike sequences. The Spike Pattern Association neuron model

addresses this limitation by transforming the discrete input, desired and actual
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spike sequences into continuous signals using a kernel function. This transformation

allows the application of common mathematical operations used in supervised

learning on these spike sequences and reduces the complexity of computing the

learning error.

In temporal coding, it is assumed that only the timing of each spike carries the

information and the other attributes of a spike train such as the shape of a spike

do not carry significant information. Therefore, measures of the distance between

two spikes trains are indicators of the similarity between two arbitrary spike trains

and can be used as a tool to compare the degree of similarity or dissimilarity

between spike trains. The Victor–Purpura distance (Victor & Purpura, 1996),

van Rossum distance (Rossum, 2001) and Schreiber et al. similarity measure

(Schreiber et al., 2003) are some of the widely used measures to compute spike

synchrony (Kreuz, 2011).

SPAN learning algorithm makes use of a measure similar to the van Rossum

distance to compute the learning error. van Rossum distance between two spike

sequences as for each spike is convoluted using an exponential kernel function as

per equation 3.31.

s̃ (t) = e−(t−ti)/τR ; (t > ti) (3.31)

where ti is the spike time.

The van Rossum distance DR between the two convoluted spike sequences f(t)

and g(t), can be calculated using equation 3.32.

DR (τR) =
1

τR
∫

∞

0
[f (t) − g (t)]

2
dt (3.32)

The time constant τR characterises the scale of the timing of the exponentials for

spike convolution. In spike-based supervised learning, this type of distance measure
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that indicates the similarity between two spike trains is a suitable mechanism to

compute the difference between the expected and actual spike sequences (error) at

each training iteration. Such a learning error can be optimised by adjusting the

synaptic weights between the input and output neurons. The error calculation of

supervised learning in the SPAN learning algorithm utilises a similar measure as

the van Rossum distance.

SPAN is a spiking neuron model that can learn to associate arbitrary spike trains

allowing the processing of spatio-temporal information encoded in the precise

temporal order of spikes. The synaptic weights between the input and output

neurons are updated iteratively by minimising this learning error in order to emit

output spikes at a desired time. Such type of spike sequence learning allows the

association of arbitrary input and output spike sequences. A brief description of

the derivation of the SPAN learning rule is presented below.

The SPAN learning algorithm is based on the spike-based interpretation of the

Widrow-Hoff/Delta learning rule that uses the training error as an input for its

objective function for training. This training error is defined as the difference

between the expected and actual output produced after each training iteration.

During learning the weights are updated in such a way that it reduces the training

error.

The Widrow-Hoff rule for the ith synapse of a neural network is defined as

equation 3.33.

∆w = λxi (yd − yout) = λxi∆i λ ∈ R (3.33)

xi denotes the input through the ith synapse, yd is the desired output for the

learning task, yout is the actual output after training and λ is the learning rate.

However, if xi, yd, and yout are considered as spike trains, due to the sparse nature
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of spike trains, the difference between two spike trains does not provide a proper

error landscape which can be minimised by gradient descent. Although it is

possible to consider spike count as a measurement of training error, this does not

capture the dynamic changes of spike trains with respect to its temporal order.

This limitation has been addressed by SPAN by transforming the discrete spike

trains into a continuous signal using a convolution function k(t).

x̃i (t) = ∑
tfi ∈Fin

k (t − tfi ) (3.34)

ỹd (t) = ∑
tg
d
∈Fd

k (t − tgd) (3.35)

ỹout (t) = ∑
thout∈Fout

k (t − thout) (3.36)

s̃ (t) =∑
f

δ (t − tf) (3.37)

tf is the firing time of a spike and δ(.) is the Dirac delta function δ (x) = 1

if x = 0 and 0 otherwise. Thus the spike-based representation of Widow-Hoff

learning rule can be derived as,

∆wi,m (t) = λx̃i (t) (ỹd (t) − ỹout (t)) (3.38)

∆wi,m = λ∫
∞

0
∆wi (t)dt (3.39)
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∆wi,m = λ
⎛

⎝

e

τ

2 ⎡⎢
⎢
⎢
⎣
∑
g
∑
f

(∣tfi − t
g
d∣ + τ) e

−
∣tf
i
−tg

d
∣

τ

−∑
h

∑
f

(∣tfi − t
h
out∣ + τ) e

−
∣tf
i
−thout∣
τ

⎤
⎥
⎥
⎥
⎦

⎞

⎠

(3.40)

λ is the learning rate, τ is the time constant of the kernel function, ti, td and tout

are the times of input, desired and actual spikes. f , g and h denotes the indexes

of input, desired and actual spikes.

The equation 5.10 provides the weight update rule of the Spike Pattern Associ-

ation Neuron model. SPAN has been used for classification through spike pattern

association in several previous studies. Mohemmed, Schliebs and Kasabov (2011);

Mohemmed and Kasabov (2012); Mohemmed, Schliebs et al. (2012) proposed

and experimentally validated the SPAN learning rule using a computer-generated

dataset. The studies also present a comparison of the learning performance

between SPAN and ReSuMe synaptic learning model (Kasinski & Ponulak, 2006).

Mohemmed and Kasabov (2012) showed the feasibility of incremental learning

of SPAN synaptic learning rule for handwritten digital character recognition.

Mohemmed et al. (2013) constructed a Spiking Neural Network that contains

multiple Spike Pattern Association Neurons for learning multiple spatio-temporal

patterns.

3.9.2 Dynamic Evolving Spiking Neural Networks

Rank-order learning was introduced in (Thorpe & Gautrais, 1998) that permits

fast, one-pass learning of static patterns in SNNs. It assumes that the most

crucial bits of information of an input spike sequence arrive earlier than the other

spikes. Rank-order coding assigns priorities to the input spikes based on their
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arrival. The basics of Rank-order learning have been utilised in evolving Spiking

Neural Networks (eSNN) to enable a fast, one-pass data-driven mechanism for

spike sequence learning.

An evolving Spiking Neural Network can evolve in an online manner based

on the incoming input spike trains. However, the rank-order learning through

eSNN suffers from the following limitation. In rank-order learning, the eSNN

updates the synaptic weights only once based on the order of the first spike.

Although this approach may be appropriate for learning from static data, it is

not efficient in learning from complex spatio and spectro-temporal data. To learn

from such dynamic data streams, the synaptic weights obtained through the

rank-order learning based on the first spike of a particular synapse needs to be

further updated based on the spikes that arrive after the first spike through the

same synapse.

The dynamic evolving Spiking Neural Network (deSNN) model utilises the

principles of both rank-order and Spike-Driven Synaptic Plasticity learning to

address the above limitation in pure rank-order based learning. It enables learning

of dynamic synapses through the spike-time based learning. Dynamic evolving

Spiking Neural Network learning model is a spike-based supervised learning

algorithm for evolving Spiking Neural Networks that utilise the principles of rank-

order coding (N. Kasabov et al., 2013). In addition to the rank-order learning in

eSNN, the deSNN utilises an additional parameter called ‘drift’ which can further

fine-tune the synaptic weights obtained through rank-order learning based on

the timing of the spikes that arrive through that synapse after the first spike.

The evolved synapses of the SNN can be clustered based on the strength of the

synaptic weights to extract meaningful structural and functional representations

of input data (Soltic & Kasabov, 2010). The details of constructing the deSNN

classifier are described below.
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deSNN learning

For each input spike pattern that contains an M-dimensional feature vector, a

new output neuron is created in the eSNN, and the synaptic weights between the

input and the assigned output neuron are evolved through rank-order learning.

deSNN learning assigns synaptic weights based on the order of incoming spikes

from the corresponding input synapse as shown in equation 3.41 where Pi denotes

the output neuron i, wi,j is the synaptic weight between the input neuron j

(j = 1,2, . . .M)and the output neuron i.

wi,j = α ⋅mod order(j,i) (3.41)

Here, the parameters α and mod defines the learning rate and the modulation

factor that defines the significance of the first spike in deSNN learning, respectively.

After the synaptic weight wj,i is initialised based on the time of the first spike

arrival of that synapse as per equation 3.41, deSNN further fine-tunes the synaptic

weight according to the Spike Driven Synaptic Plasticity and dynamically updates

the synaptic weight based on the proceeding spikes. If there is a spiking event at

time t, the initial synaptic weight obtained through rank-order learning is further

increased by a small amount using the positive drift parameter and if there is no

spike at the time interval t, the synaptic weight is further decreased by using the

negative drift parameter as per the equation 3.42.

∆wj,i (t) = ej (t) ⋅D (3.42)

If there is a successive spike at time interval t, the value of ej(t) is equals to

1. Otherwise, ej(t) equals to −1 to denote the decrease in synaptic weight of the

dynamic synapse. Likewise, during deSNN learning, all dynamic synapses can
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update their synaptic weights in parallel at each time interval of t corresponds to

an input spike sequence.

deSNN classification

During prediction, deSNN emits an output spike in the output neuron according

to equation 3.43, if the Post Synaptic Potential (PSP) is higher than a pre-defined

threshold PSPi,th.

PSPi,max =∑
j

mod order(j,i) (3.43)

The threshold is calculated as per equation 3.44 where C represent the fraction

of the maximum Post Synaptic Potential used for calculating the threshold.

PSPi,th = C ⋅ PSPi,max (3.44)

The feasibility of learning complex spatio-temporal and spectro-temporal pat-

terns by deSNN learning algorithm has been demonstrated in several studies.

N. Kasabov et al. (2013) presents several case-studies on evaluating the feasibility

of deSNN for moving object recognition, and EEG pattern recognition. deSNN is

the most common supervised learning method in the NeuCube Spiking Neural

Network architecture which constructs brain-inspired computational models for

mapping, learning, predicting and understanding of spatio-temporal brain data

(N. K. Kasabov, 2014; N. Kasabov et al., 2016; N. K. Kasabov, 2018).

3.10 Spike-based reinforcement learning

Reward-modulated learning is another form of learning in animals that allow

gaining a new skill, learning a new behaviour, or achieving a specific goal that is
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guided through the rewards and punishments received in response to an exploration

of each feasible action. Animals learn different skills, tasks, or behaviours through

rewards or punishments received as the animal explores different feasible actions

that reinforce the learning of a desired behaviour. In machine learning, such type

of learning behaviour is known as reinforcement learning.

Many conventional experimental protocols that investigate the synaptic plasticity

in animal brain demonstrate a form of Hebbian learning where co-activation of

two neurons permit the strengthening of synaptic connections. In such a learning

paradigm, two main parameters contribute to the evolution of synaptic strength.

They are the firing time of the pre and post-synaptic neurons. Although studies

have shown a third factor - the involvement of neuromodulators such as dopamine

in specific brain areas that construct the rewarding mechanism in animal learning,

only a few brain-inspired learning algorithms have computationally modelled

such that reward modulated behaviour is biologically plausible machine learning

models. This third factor that gives the notion of the rewarding mechanism in

living nervous systems has enabled the computational models to reinforce the

desired behaviour through reward (or punishment) as a result of exploring the

possible actions. This section provides a brief overview of the recently proposed

spike-based reinforcement learning algorithms.

Dopamine-dependent Spike Time Dependent Plasticity has been proposed to

model a biologically plausible learning rule that gives the notion of reward-

based learning in animals by integrating a rewarding signal with the traditional

Hebbian type Spike Time Dependent Plasticity learning in SNNs (Legenstein et

al., 2008). One of the approaches proposed to integrate the notion of learning

from reward is gradient descent (Xie & Seung, 2004). Another approach is the

reward-modulated Spike Time Dependent Plasticity which extends the classic

STDP that depends on the co-activation of pre and post-synaptic neurons (Florian,
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2007; Izhikevich, 2007; Legenstein et al., 2008). Another approach is the Temporal

Difference learning which integrates an actor-critic model that supports spike-

based reinforcement learning in SNNs (Suri & Schultz, 2001). A brief review of

the spike-based reinforcement learning approaches reported in the literature is

presented in (Vasilaki et al., 2009).

3.11 NeuCube Brain-inspired-Spiking Neural Net-

work Architecture

Based on the mathematical models of neurons and learning, a novel evolving

spatio-temporal SNN model of the brain known as NeuCube has been developed

(N. Kasabov, 2012; N. K. Kasabov, 2014; N. Kasabov et al., 2016; N. K. Kasabov,

2018). By combining anatomical and physiological information, NeuCube provides

a better understanding of how activities emerge and learning occurs at a network

level. In (N. Kasabov, 2012; N. K. Kasabov, 2014) a Brain-inspired-Spiking Neural

Network (BI-SNN) architecture was introduced and illustrated called NeuCube

(Fig. 3.7). This section briefly describes the NeuCube structure and functions

(see also(N. K. Kasabov, 2018) for further information). The Brain-inspired

SNN architecture called NeuCube, that is structured according to a 3D brain

template (N. K. Kasabov, 2014) and use spike-time learning rules such as Spike

Time Dependent Plasticity, has been demonstrated to manifest deep learning

from brain data (Doborjeh et al., 2018), from vision data (Paulun et al., 2018)

and from environmental data (N. Kasabov et al., 2016; N. K. Kasabov, 2018).

The first part of the following section briefly explains the existing NeuCube

SNN framework, while the next part describes the implementation of the above

theoretical framework for deep knowledge representation using SNN in the existing



Chapter 3. Brain-Inspired Computing, Spiking Neural Networks and the
NeuCube Spiking Neural Network Architecture 144

NeuCube SNN framework.

In NeuCube, a 3D SNN structure is spatially organised to map a 3D brain

template (Evans et al., 2012), such as Tailarach atlas(Dervin, 1990), Montreal

Neurological Institute (MNI) atlas(Collins, 1994), or other. The main purpose

of the SNNCube is to transform the compressed spike representation from input

data into a higher-dimensional space and enable the polychronisation effect of

spiking neural networks.

Learning in a NeuCube model is a two-phase process, including unsupervised

learning in the 3D SNNcube and consecutive supervised learning for classification

or regression purposes if this is required by the task. Spike trains are entered

into the SNNcube, and as a result of the STDP or other spike-time learning rules,

deep trajectories of connections are formed that represent different patterns of

activity in the SNNcube. These patterns are then learned in a supervised way

and classified in an output classifier (e.g. deSNN (N. Kasabov et al., 2013)) as

illustrated in Fig.3.7.

Figure 3.7: Deep learning in time-space in the BI-SNN NeuCube
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3.11.1 Spike encoding

First, the input signals are encoded into spike trains using a spike encoding al-

gorithm, such as the threshold-based encoding algorithm (Chan et al., 2007; N. Kas-

abov et al., 2017), the Bens Spikes algorithm (BSA) (Schrauwen & Van Campen-

hout, 2003), the Population Rank Coding (Bohte, 2004) and other(N. Kasabov et

al., 2016).

3.11.2 Input mapping and network initialisation

A 3D SNN Cube is pre-structured to map structural and functional areas of the

modelled temporal or spatio-temporal data (N. K. Kasabov, 2014; Tu et al., 2017).

The reservoir of spiking neurons in the NeuCube is pre-structured in the 3D space

according to a brain atlas. Each spiking neuron of the reservoir corresponds to a

small 3D area of the brain (e.g. approximately 1 cm3 ). The Talairach brain atlas

annotates the 3-dimensional space of the brain in 1 mm3 resolution including the

hemisphere, lobe, tissue type (i.e. grey matter/white matter), and cell type (i.e.

Brodmann area) of each brain region. The initial synaptic connections in the

SNN reservoir are initialised by assigning random weights using the small-world

connectivity principle (Braitenberg & Schüz, 2013; Bullmore & Sporns, 2009).

Since the EEG mapping of the NeuCube SNN architecture is based on the

Talairach brain atlas, which contains the 3D coordinates of both cerebellum and

cerebrum, the proposed Brain-Inspired Brain-Computer Interface architecture can

represent both cerebrum and cerebellum activity together in the model. Therefore,

the model can utilise the brain’s independent circuitry that connects the periphery,

cerebellum, and brainstem during automated or semi-automated motor actions.

Learning in a NeuCube framework is a two-phase process that includes unsu-

pervised learning followed by supervised learning for classification or regression.
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3.11.3 Unsupervised learning using Spike Time Dependent

Plasticity

Unsupervised learning in NeuCube applies spike-time based learning rules such

as Spike Time Dependent Plasticity (eq. 3.30) on the input spike sequences

received from the input neurons. The learning process results in evolving synaptic

connections in the reservoir based on the relative timing of the spiking activity

between pre and post-synaptic neurons. The goal of the learning rule is to enable

the spiking neurons in the SNNCube to integrate temporally correlated inputs from

spatially distributed neural clusters and then transform them into a meaningful

output. The STDP learning causes Long-term Potentiation (LDP) when a spiking

neuron receives repetitive pre-synaptic spikes arrive at few discrete time intervals

earlier than the post-synaptic spikes. The repetitive spikes appear few discrete

time intervals after the post-synaptic spike results in Long-term Depression (LTD).

The NeuCube framework utilises a modified version of the STDP learning rule to

generate an evolving connectionist structure from input spike sequences (Sengupta,

2018). In contrast to the conventional STDP learning, the modified STDP used in

the NeuCube updates the synaptic weights between pre-and post-synaptic neurons

only when a spiking neuron emits a spike. The synapses are not updated when a

neuron receives a spike. Further, when a neuron fires, the modified STDP learning

rule updates both pre-and post-synaptic connections. The STDP learning permits

the spiking neurons in the NeuCube reservoir to associate temporally correlated

input spike sequences and then transform them into a meaningful output.

3.11.4 Supervised learning in the SNNcube

When a trained SNN Cube is recalled on spatio-temporal input data, deep

functional patterns can be revealed as a sequence of spiking activity of spiking
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neurons in the SNNcube. Such patterns are defined by the learned structural

patterns of connections. When the same or similar input data is presented to a

trained SNN model, the functional patterns are revealed as the neuronal activity

is propagated through the connectionist structure. The spike-based supervised

learning algorithms such as deSNN (N. Kasabov et al., 2013) is used to predict

the class labels from the spiking activity of the NeuCube SNN reservoir.

3.12 Summary of the chapter

This chapter presented an overview of brain-inspired computing, Spiking Neural

Networks, and the NeuCube Spiking Neural Network architecture. At the begin-

ning of the chapter, a brief description of the underlying neurological processes

that contribute to the signal transmission and the evolution of synapses in liv-

ing nervous systems was presented. Then the chapter introduced brain-inspired

computing, in particular the evolution of Artificial Neural Networks. Then the

chapter mainly focused on the third generation of Artificial Neural Networks called

Spiking Neural Networks. A brief introduction to neural coding and various spike

encoding methods that extract spiking activity from various types of signals were

discussed in the chapter. Then, several spiking neurons and synaptic learning

models that computationally model different electrochemical processes of the

brain that give rise to the generation and transmission of action potentials were

discussed. The chapter next described different spike-based learning approaches re-

lated to supervised, unsupervised, and reinforcement machine learning paradigms.

A description of the NeuCube Spiking Neural Network architecture for modelling,

analysing, and understanding spatio-temporal data was presented, and different

steps related to analysing data using the NeuCube SNN framework were briefly

described. Finally, the chapter presented a brief overview of the proposed research
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to construct a Brain-Inspired Brain-Computer Interface and the contribution of

the forthcoming chapters for constructing different components of the proposed

BI-SNN architecture.

3.13 Contributions

1. The chapter presented an overview of the underlying biological processes

that give rise to transmission of action potentials and evolution of synaptic

plasticity in a living nervous system

2. The chapter highlighted the significance of a neuromorphic computational

approach to address the weakness in traditional machine learning approaches

3. The chapter reviewed related literature on Spiking Neural Networks as a

biologically plausible machine learning approach to online event prediction

from spatio-temporal brain data
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Chapter 4

Overview of the Proposed

Methodology

“To raise new questions, new possibilities, to regard old problems

from a new angle, requires creative imagination and marks real

advance in science. ”

Albert Einstein - The greatest scientist of the twentieth century and

one of the supreme intellects of all time

Chapter Overview

The previous chapter presented a review of Spiking Neural Networks and the

NeuCube Spiking Neural Network architecture for enabling Brain-Inspired Artifi-

cial Intelligence in digital systems. This chapter will present an overview of the

proposed Brain-Inspired Spiking Neural Network model which has the potential

to address multiple limitations in the existing neural decoders of non-invasive

BCI highlighted in chapter 2. First the chapter will present a brief overview of

the proposed Brain-Inspired Spiking Neural Network model. Next, the chapter
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will describe the research questions addressed by the thesis. Finally, the chapter

will present a brief overview of the public datasets used for the experimental

validation of the proposed model. The chapter will also describe the contributions,

interconnections and dependencies of each forthcoming chapter for constructing

different components of the proposed BI-SNN architecture.
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4.1 Introduction

This thesis presents a novel brain-inspired learning model to decode and understand

neural activity of the brain from Electroencephalography signals. The proposed

methodology intends to address multiple limitations in the existing machine

learning approaches used in the state-of-the-art restorative BCI applications. It is

based on the third generation of Artificial Neural Networks called Spiking Neural

Networks, which has the potential to computationally model the behaviour of

a living nervous system than the other Artificial Neural Network approaches.

The SNNs can represent both time and space in the machine learning model,

and therefore has the advantages over the pure spatial or temporal learning.

The proposed BI-SNN is a generic SNN architecture that can be applied for the

predictive modelling of spatio-temporal data streams. Here, it will be evaluated

through multiple case-studies related to restorative Brain-Computer Interface

applications.

The proposed SNN-based approach intends to achieve incremental learning of

spiking neuron populations to associate input spikes sequences with the corres-

ponding desired behaviour using the principles of Evolving Connectionist Systems.

The population vector model which describe how the neurons in the motor cortex

are trained to perform movements towards the desired direction has inspired

the proposed Brain-Inspired Spiking Neual Network model. This methodology

intends to address three limitations in the current restorative BCI – the less

accuracy in decoding continuous movements of the same limb from EEG, lack of

interpretability of neural decoders, and less ability of the machine learning model

to learn incrementally and adapt to the changes in neural activity which occur as

a result of motor re-learning. The proposed BI-SNN is a promising approach for

constructing a Brain-Inspired Brain-Computer Interface.
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4.2 Research Questions

The thesis presents two generic learning algorithms and integrates them with the

NeuCube SNN architecture for constructing the proposed Brain-Inspired Spiking

Neural Network model. The thesis will address the following generic research

questions.

4.2.1 Generic Research Questions for Online Event Pre-

diction from Spatio-temporal data

RQ1: How can the Spike Pattern Association Neuron (SPAN) be

extended to develop an incremental spike sequence learning model for

online event prediction from spatio-temporal data streams?

Non-stationarity, non-linearity and noise of time series are common challenges

for analysis and predictive modelling of biomedical signals. Temporal averaging

could maximise significant statistical features of the signal by eliminating the

random noise to improve the prediction accuracy. However, it significantly reduces

the information transfer rate as the machine learning model has to recurrently

wait until it receives a sufficient amount of data to compute the average. The

ability to online (single-trial) event prediction within a short latency is an essential

requirement for real-time time-series forecasting models. This research question

focuses on extending the existing Spike Pattern Association Neuron model to

develop a spike-based incremental learning algorithm for online event prediction

from spatio-temporal data streams.

Learning in the existing Spike Pattern Association Neuron model is limited to

batch learning of expected spike sequences that contain only one spike; the feasib-

ility of incremental learning of complex spike sequences using the SPAN learning
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model remains under-investigated. This research question aims at addressing this

limitation. The research question will be answered through the development of

the proposed spike-based supervised learning model, called evolving Spike Pattern

Association Neural Network (eSPANNet). The construction of the learning model

will be described in chapter 5. The chapter will present a series of experiments

from E1.1 - E1.3 (section 5.4.1, 5.4.2 and 5.4.3) to answer this research question.

The eSPANNet model will be compared with both Artificial Neural Networks

based methods such as Convolutional Neural Networks and Recurrent Neural

Networks and as well as the non-brain-inspired multi-class classifiers namely,

k-Nearest Neighbors, Support Vector Machine, Decision Trees and Discriminant

analysis, and several ensemble-based methods such as AdaBoost, RUSBoost,

Bagging and Subspace. eSPANNet will be evaluated as a classifier and a regression

analysis method and compared with the above machine learning methods under

different performance measures such as the accuracy, sensitivity, specificity, F1

Score, False Positive Rate, False Negative Rate, prediction latency, correlation

and cross-correlation coefficients. The feasibility of incremental learning will be

evaluated by examining the change of the true positive rate during eSPANNet

training process.

RQ2: How can the network architecture of the eSPANNet learning

model be improved to enhance its convergence and the prediction

accuracy when learning from non-stationary stochastic data streams

such as Electroencephalography?

Non-invasive neurological signals such as Electroencephalography are unable to

measure the neural activity at a scale of individual neurons. Instead, EEG indicates

the accumulated activity of neural populations that may contain thousands of

neurons. A typical biological neural network exhibits more complex spike patterns
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than the simple pre and post-synaptic spike pairs studied in traditional protocols

that characterise the synaptic plasticity of the brain (Faugeras et al., 2009). The

stochasticity of input spike trains is a challenge for convergence in spike-time

based learning rules and the reliability of spike responses for predictive modelling

using Spiking Neural Networks. When learning from stochastic spike sequences,

the timing of the first spike of an input spike sequence has a significant impact on

the convergence of the SPAN learning to a global optimum. The random spike

trains arrive earlier than the desired time point causes the SPAN learning rule to

trap in local minima instead of converging to its global optimal.

Non-invasive neural signals such as Electroencephalography exhibit a greater

level of non-stationarity and low signal-to-noise ratio compared to invasive neur-

ological signals such as Electrocorticography. After the proof of concept of the

eSPANNet learning model for incremental spike sequence learning from invasive

Electrocoticography signals, this research question will investigate how the network

architecture of eSPANNet be improved to enhance the convergence and prediction

accuracy when learning from stochastic data streams such as EEG. The study

will evaluate its performance for event prediction using non-invasive brain data

from multiple participants. This research question will be addressed in chapter 6.

Section 6.5.1 will propose and compare two network architectures to evaluate how

eSPANNet can be improved to enhance its convergence and prediction accuracy

when learning from stochastic data streams.

RQ3: Based on the abilities of SNN for deep learning, can SNNs be used

to construct an interpretable machine learning model that represents

deep knowledge as spatio-temporal rules?

This research question aims at improving the interpretability of Spiking Neural

Networks. The research question will be addressed through the proposed knowledge
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representation framework for Brain-Inspired SNNs which will be prsented in

chapter 7. The study will present a theoretical framework and its implementation

for extracting deep spatio-temporal rules from Brain-Inspired SNN architectures.

The study will investigate the feasibility of interpreting deep knowledge in SNNs as

deep spatio-temporal rules. Section 7.4.4 will evaluate the feasibility of obtaining

topological patterns, and underlying neural trajectories during cognitive events

from EEG signals.

4.2.2 Specific research question for addressing the limit-

ations of non-invasive BCI for motor recovery and

restoration

The thesis will address the following research questions which are specific to restor-

ative Brain-Computer Interfaces that utilise non-invasive Electroencephalography

signals.

RQ4: How does the eSPANNet learning model compare with the static

rate-based machine learning methods (such as the Convolutional Neural

Networks and Support Vector Machine) and as well as the sequence

learning-based machine learning methods (such as the Recurrent Neural

Networks, linear regression and SVM-based regression) for predicting

movement intention from EEG signals?

The early MRCPs which is also known as Bereitschaftspotentials or readiness

potentials that occur before the onset of a movement represent the neural activity

of the brain correspond to planning and preparation for executing a voluntary

movement. They can be used to decode the intention to perform a voluntary move-

ment from neurological signals which are useful for restorative Brain-Computer
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Interface interventions for prosthetic control and neurorehabilitation. This re-

search question will apply the eSPANNet learning algorithm on a case-study on

predicting movement intentions from EEG signals presented in chapter 6. The

study will evaluate and benchmark the performance of predicting movement inten-

tions to perform a grasp and lift movement from EEG signals using the eSPANNet

learning model. This research question will be addressed in section 6.5.1 and 6.5.2.

RQ5: How can the NeuCube SNN architecture be improved in order

to enable continuous control of a prosthetic hand from EEG signals?

The research question will investigate how the existing NeuCube SNN framework

be improved in order to decode sequential hand open and close movements from

EEG signals to control an upper-limb prosthesis. This research question aims at

improving the SNN algorithm by integrating finite automata with the NeuCube

SNN and the development of a BCI prototype software that enables online

control of the prosthetic limb. The research question will be addressed through

the proposed FaNeuRobot framework presented in chapter 8. The proposed

framework will integrate the SNN with finite automata to model the state-based

behaviour of forearm flexor and extensor muscles during hand opening and closing

movements. Section 8.4.2 will present a proof-of-concept of the proposed framework

for answering this research question.

RQ6: Does the Brain-Inspired Spiking Neural Network model that

integrates the eSPANNet with the NeuCube SNN architecture result

in higher prediction accuracy than the pure eSPANNet learning model

for predicting continuous movements from EEG signals?

This research question evaluates whether the integration of eSPANNet learning

model as the output classifier of the NeuCube SNN architecture results in a higher
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prediction performance compared to the learning in pure eSPANNet model. The

research question will be addressed in chapter 9. Section 9.3.1 compares the

performance between the pure eSPANNet and the eSPANNet integrated with the

NeuCube SNN architecture to answer this research question.

RQ7: How do the Brain-Inspired Spiking Neural Networks and the non-

Brain-Inspired machine learning models compare in terms of their ability

for sequence prediction, interpretability, and incremental learning to

predict complex movements from EEG signals useful for motor recovery

and restoration through Brain-Computer Interfaces?

This research question will be answered through the development of the proposed

Brain-Inspired Brain-Computer Interface that integrates the proposed spike-based

learning algorithms in the Brain-Inspired Spiking Neural Networks. The proposed

computational model constructs a novel type of neural decoder for restorative

BCIs that addresses several limitations of the current BCI systems. This research

question will be addressed in chapter 9. Section 9.3.2 - 9.3.6 present a series of

experiments to answer this research question.

4.3 Brain-Inspired Spiking Neural Networks for

Brain-Computer Interfaces

This section presents a brief overview of the proposed methodology. The proposed

methodology will extend the Spike Pattern Association Neuron (Mohemmed,

Schliebs, Matsuda & Kasabov, 2011) and the generic NeuCube SNN framework

(N. K. Kasabov, 2014; N. Kasabov et al., 2016; N. K. Kasabov, 2018) for con-

structing the proposed Brain-Inspired Brain-Computer Interface model. Figure 4.1
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illustrates the architecture and major steps of the proposed SNN model. Learn-

ing in BI-SNN includes spike encoding, input mapping, network initialisation,

and unsupervised learning through Spike-Time Dependent Plasticity learning.

These steps are specific to predictive modelling of spatio-temporal data using the

NeuCube SNN framework. The thesis proposes a novel knowledge representation

framework for brain-inspired SNN architectures as a generic method for enhancing

the interpretability of the SNN which will be discussed in chapter 7. This frame-

work is integrated with the generic NeuCube SNN architecture for improving the

interpretability of the proposed BI-SNN. The framework permits the extraction

of anatomical clusters that represent neural activity in different regions of interest

in the brain.

4.3.1 Novelty

The novelty of the proposed methodology includes the improved interpretability,

feasibility of incremental learning, ability to learn spike sequence and support

for online processing and real-time prediction. The proposed eSPANNet, as an

ANN-based supervised learning model, is not limited to a fixed structure of spiking

neurons. It does not require specific predefined parameters such as the number of

neurons in the hidden layer, as it evolves neurons if needed.

The BI-SNN is more interpretable than the generic NeuCube framework as it

contains the required algorithms and software support for knowledge representation

and extraction. The proposed BI-SNN enhances the explainability of the learning

and model predictions. The proposed model can interpret the learning in SNN

under different spatial and temporal granularity levels which are not feasible with

the generic NeuCube SNN architecture.

Also, by integrating eSPANNet as the output classifier of the generic NeuCube
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SNN architecture, the model gains the ability to learn a whole spike sequence.

This contradicts with the deSNN learning, which mainly depends on the order

of the first spike of the output neuron. The deSNN initialises and trains a new

neuron as it receives new input spike train. The deSNN learning process puts

significant attention to the first spike of the output neuron, but not the whole spike

sequence. The class label is determined by comparing with the synaptic weights

of existing neurons using kNN. In contrast, the proposed learning model which

replaces the deSNN by the eSPANNet predicts a spike sequence as the output.

This makes the model more compatible with online prediction and real-time spike

sequence analysis.

4.3.2 Overview of the methodology

The BI-SNN model considers the signals from EEG channels as the input to

the model (figure 4.1 A) while motor signals which represent a certain motor

behaviour such as the muscle activity or upper-limb kinematics are considered as

the expected outputs from the BI-SNN model. To model the motor behaviour in

a spike-based interpretation, the model converted both input and expected output

signals into spike sequences. Here, the input signals are first encoded into spike

sequences (figure 4.1 B) using a suitable spike encoding algorithm, such as the

threshold-based encoding (Chan et al., 2007; N. Kasabov et al., 2017), the Bens

Spikes Algorithm(Schrauwen & Van Campenhout, 2003), or the Population Rank

Coding (Bohte, 2004).

The SNN then maps the encoded spiking activity from EEG channels into

this 3D space through EEG mapping as shown in figure 4.1 C. The network is

initialised according to the small-world connectivity principle (figure 4.1 D). As

the input spike trains are fed into this reservoir through input neurons, the SNN
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will evolve based on the spike time of pre and post-synaptic neurons according

to Spike-Time Dependent Plasticity learning (Gerstner et al., 1996; Markram &

Tsodyks, 1996) (figure 4.1 E). The BI-SNN will then cluster the spiking activity

based on their anatomical locations (figure 4.1 F) using the proposed knowledge

representation framework.

The thesis presents the evolving Spike Pattern Association Neural Network

as a generic method for spike-based sequence learning. The proposed BI-SNN

model integrates the eSPANNet as the output classification/regression layer with

the generic NeuCube SNN architecture. eSPANNet aims at enabling the SNN to

incrementally learn the spatio-temporal association between the spiking activity of

distinct brain regions with the corresponding motor behaviour (figure 4.1 G). The

eSPANNet learning model utilises the polychronisation effect of Spiking Neural

Networks(Izhikevich, 2006) to decode neural activity from spatio-temporal brain

data. Finally, the BI-SNN will extract the polychronising spiking neural clusters

which can generate temporally associated spike sequences correlated with the

predicted event as per figure 4.1 H. These predicted spike sequences are decoded

back to continuous motor signals. Decoding of motor signals from output spike

sequences will utilise the encoding threshold values of each motor signal and the

initial state of each motor signal at the beginning of each GAL trial as exemplified

in figure 4.1 I. A detailed description of each step related to BI-SNN is presented

in the next five chapters of this thesis.

Chapter 5 and 6 will propose and experimentally validate the evolving Spike

Pattern Association Neural Network for incremental learning and online event

prediction from electroencephalography signals. Chapter 7 will present a know-

ledge representation framework and the associated algorithmic pipe-line to extract

deep spatio-temporal knowledge from the brain-inspired Spiking Neural Network

architectures. The overall Brain-Inspired SNN architecture that integrates the
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proposed generic methods is described and experimentally validated in chapter 8

and 9. The interconnections and contributions of each chapter for constructing dif-

ferent components of the Brain-Inspired Brain-Computer Interface are highlighted

in figure 4.1.

4.4 Experimental validation

The following public datasets will be used for the experimental validation of the

proposed research.

BCI Competition IV - dataset 4

This dataset is used in the proof of concept of the eSPANNet learning model

which will be presented in chapter 5. The dataset The dataset contains Electro-

coticography signals recorded from three healthy participants while performing

finger flexion according to a cue presented to the subject. Electrocoticography

signals were sampled at 1000Hz and recorded over a 10 min duration in each

session (Schalk et al., 2007).

WAY-EEG-GAL (WAY: Wearable interfaces for hAnd function recovery,

EEG: Electroencephalography, GAL: Grasp-And-Lift) dataset

The experimental validation of the proposed Brain-Inspired Spiking Neural Net-

work will be performed using this dataset. The WAY-EEG-GAL dataset (Luciw

et al., 2014a, 2014b) which is specifically designed to critically examine the in-

formation processing in the human brain related to sensation, intention, and

action from EEG signals when performing a grasp-and-lift task. The dataset

has been collected by following a well-established prototypical paradigm to study

precision grasp-and-lift of an object (Westling & Johansson, 1984; Johansson &
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Figure 4.1: Integration of the eSPANNet with the NeuCube SNN architecture and
major steps in training a BI-SNN model - A) Filtered EEG B) Spike encoding c)
EEG mapping D) Network initialisation E) Unsupervised Spike Time Dependent
Plasticity learning F) Extraction of anatomical clusters G) eSPANNet learning H)
Predicted spike sequence by the SNN I) Decoding predicted spike sequences into
muscle activity and kinematics
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Westling, 1988b, 1988a). Twelve healthy participants performed a series of grasp

and lift trials of a small object when the object’s weight, surface friction, or both,

were changed unpredictably between trials. The dataset can be downloaded from

(Luciw et al., 2014b) and provides a platform to non-invasively study information

processing in the human brain related to sensation, intention, and action in healthy

participants during a functional upper limb motor task.

The dataset contains simultaneous EEG, Electromyography (EMG), force and

kinematic signals recorded from 12 healthy participants during cued grasp and lift

(GAL) movements. The participants performed a series of grasp and lift trials of

a small object. During a GAL trial, the participant reached to the object, grasped

it using the index finger and thumb, and lifted it a few centimetres up in the air,

held it stably for a couple of seconds, and then replaced and released the object.

An LED light cued the start and end of a GAL trial.

The dataset contained EMG signals from five sensors that monitored the

muscle activity of the Anterior Deltoid (AD), Brachoradial (B), Flexor Digitorum

(FD), Common Extensor Digitorum (CED) and First Dorsal Interosseous (FDI)

muscles of the right arm at a 4kHz sampling frequency. The EEG, force and

kinematic signals were recorded at 500Hz sampling frequency. Two surface contact

plates were placed on each side of the object to record the grip force and load

force applied on the object during each trial. Data from kinematics sensors was

gathered using 3D position sensors placed on the object, wrist, thumb and index

finger. Each sensor recorded x,y,z position and azimuth, elevation and roll angles.

The signals recorded from multiple devices were synchronised using a sync signal

recorded by each device. More information about the data collection protocol can

be found in (Luciw et al., 2014a).



Chapter 4. Overview of the Proposed Methodology 165

4.5 Chapter Summary

This chapter presented an overview of the proposed Brain-Inspired Spiking Neural

Network model, which aims at constructing a novel type of interpretable neural

decoder for non-invasive Brain-Computer Interfaces. The chapter presented a

detailed description of the research questions addressed by the thesis. Next, an

overview of the Brain-Inspired Spiking Neural Network model for constructing

the proposed Brain-Inspired Brain-Computer Interface was presented. Finally,

the chapter presented a short description of the public datasets used for the

experimental validation of each study.

4.6 Contributions

1. The chapter proposed a Brain-Inspired Spiking Neural Network model

to construct a novel type of Brain-Inspired Brain-Computer Interface for

decoding complex upper-limb movements



Chapter 5

Evolving Spike Pattern

Association Neural Network for

Spike-based Supervised

Incremental Learning

“Research is what I’m doing when I don’t know what I’m doing”

Wernher von Braun - Pioneer of rocket technology and space science

Chapter Overview

The previous chapter described the research questions addressed by the thesis

and a brief overview of the proposed Brain-Inspired Spiking Neural Network

model. The next three chapters will present the proposed spike-based generic

learning algorithms. The goal of the proposed generic methods is to construct

an interpretable machine learning model that can incrementally learn to predict

events from temporal, spatio-temporal or spectro-temporal data streams. This
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chapter introduces a Spiking Neural Network model named evolving Spike Pattern

Association Neural Network for online event prediction from data streams. The

goal of eSPANNet is to utilise the polychronization effect of Spiking Neural

Networks for spike sequence learning from data streams. The eSPANNet model

contains a network of Spike Pattern Association Neurons, a spiking neuron model

which can emit spikes at the desired time-point. The learning algorithm utilises the

principles of Evolving Connectionist Systems to incrementally learn the association

between input and expected output spike sequences. The chapter will describe

the eSPANNet incremental learning algorithm and, present a proof of concept

study to evaluate its performance for predicting continuous movements from

Electrocoticography signals. A discussion on the significance of the proposed

learning algorithm is presented at the end of the chapter. A comprehensive

analysis which will experimentally validate and benchmark the performance of

eSPANNet learning model on Electroencephalography signals will be presented in

the next chapter.
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5.1 Introduction

Due to the non-stationarity and high trial-to-trial variability, online event predic-

tion from electroencephalography signals is challenging. This issue is significant

when it is applied to neurological rehabilitation where the person incrementally

learns to regain control of movement. Through neurorehabilitation, it is expec-

ted that the patients will incrementally learn to regain the affected movements.

Motor relearning causes evolving changes in the neurological signals(Canuet et

al., 2015; Ochoa et al., 2014; Westlake & Nagarajan, 2011). It is crucial to

facilitate incremental and adaptive learning of the computational approaches used

in rehabilitation applications to address this adaptability. This research intends

to examine the emerging role of adaptive and incremental learning in the context

of Brain-Computer Interfaces.

This chapter proposes a spike-based supervised learning algorithm for spike

sequence learning from data streams. The goal of the proposed learning algorithm

is utilise the polychronising effect of SNN to learn the polychronising spiking neuron

populations which are correlated with the predicted sequence. The proposed BI-

SNN is a generic SNN architecture that can be applied for the predictive modelling

of spatio-temporal data streams. This chapter will address the following research

question.

• RQ1: How can the Spike Pattern Association Neuron be extended

to develop incremental spike sequence learning model for online

event prediction from spatio-temporal data streams?

This chapter presents a novel incremental learning approach for spike sequence

learning using Spiking Neural Networks called evolving Spike Pattern Association

Neural Network to address the above research question. It is a generic learning
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model that can be used for online event prediction from multi-sensory temporal,

spatio-temporal or spectro-temporal signals. eSPANNet is a computational model

inspired by incremental learning for motor control in living nervous systems. It is

inspired by the concept of ‘population vectors’ which have been experimentally

proven by several computational neuroscience studies. This chapter presents a

proof-of-concept study on the proposed computational model for single-trial BCI

using a public dataset from the fourth BCI competition.

The proposed eSPANNet model will be compared with Artificial Neural Net-

works based methods such as Convolutional Neural Networks and Recurrent Neural

Networks. It will also be compared with multiple non-brain-inspired multi-class

classification or clustering methods such as k-Nearest Neighbors, Support Vector

Machine, Decision Trees and Discriminant analysis, and several ensemble-based

methods such as AdaBoost, RUSBoost, Bagging and Subspace. eSPANNet will be

evaluated as a classifier and a regression analysis method and compared with the

above machine learning methods under different performance matrices such as the

accuracy, sensitivity, specificity, F1 Score, False Positive Rate, False Negative Rate,

prediction latency, correlation and cross-correlation coefficients. The feasibility of

incremental learning will be evaluated by examining the change of the true positive

rate during eSPANNet training process. The novelty of the proposed eSPANNet

algorithm is its ability to learn which inputs to focus on as new training samples

are received. The model can learn as it performs predictions, and therefore is

robust to changes in a biological system.

The chapter has been organised in the following way. The next section presents

the eSPANNet learning model. It includes an overview of the theoretical layout

of the proposed methodology and mainly looks at implementing the proposed

method in a spike-based supervised learning context. The Matlab source codes that

implement the eSPANNet learning model as a prototype software are included
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in Appendix A. The third section presents a proof of concept followed by its

experimental results presented in the fourth section. Finally, the fifth section

discusses the implications of the findings. Throughout this thesis, the term

‘population vector’ (A. P. Georgopoulos et al., 1986) has been used to indicate

the response of a group of spiking neurons for a certain input stimulus. The term

‘activation time-course’ of a neuron has been used to indicate the varying activity

of a readout neuron over time.

5.2 Evolving Spike Pattern Association Neural

Network

The precision and reliability of spike trains have inspired several SNN models

and influenced to model it in a supervised learning context. Different learning

algorithms such as SpikeProp (Bohte et al., 2002), Remote Supervised Method

(ReSuMe) (Kasinski & Ponulak, 2006), Spike Time Dependent Plasticity-based

methods (Paugam-Moisy et al., 2006), Tempotron (Gutig & Sompolinsky, 2006),

Linear Algebra-based methods and Spike Pattern Association Neuron (Mohemmed,

Schliebs & Kasabov, 2011; Mohemmed & Kasabov, 2012; Mohemmed, Lu & Kas-

abov, 2012; Mohemmed, Schliebs et al., 2012; Mohemmed et al., 2013) have been

proposed as supervised learning methods for spiking neural networks. A detailed

description of multiple spike-based supervised learning models was presented in

section 3.9.

The eSPANNet is an evolving feed-forward spiking neural network model which

extends the Spike Pattern Association Neuron model proposed in Mohemmed,

Schliebs & Kasabov, 2011; Mohemmed, Schliebs, Matsuda & Kasabov, 2011;

Mohemmed & Kasabov, 2012; Mohemmed, Lu & Kasabov, 2012; Mohemmed,
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Schliebs et al., 2012; Mohemmed et al., 2013. The SPAN neuron model will be

extended and combined with a computational interpretation of a ‘population

vector model’ to derive a biologically plausible model of motor learning and

adaptation in the proposed evolving Spike Pattern Association Neural Network

architecture.

SPAN is a spiking neuron model which can learn to associate arbitrary spike

trains allowing the processing of spatio-temporal information encoded in the

precise temporal order of spikes. A detailed description of the SPAN learning

algorithm was presented in section 3.9.1.

5.2.1 Problem formulation

The common learning goal of all spike-based supervised learning methods in

SNN is to find the weight vector w between pre and postsynaptic neurons for

a given input spike sequence Sin(t) and the desired output spike pattern of the

postsynaptic neuron Sd(t), such that the actual spike sequence Sout(t) is similar

to the expected output spike pattern Sd(t) (refer figure 5.1) (Kasinski & Ponulak,

2006).

Figure 5.1: Spike-based supervised learning problem

For a labeled training dataset with n number of class labels and, x number of

input channels (features), a feed-forward SNN is formed to derive the synaptic

weight, w by the proposed supervised learning model. During the time period

of ∆t from t1 to t2 , prediction of the output class label l∆t from testing spike

sequences is performed using the activation time-course of n readout neurons in
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the output layer given by qn,t . Each readout neuron exhibits a binary state space;

Qreadout = {0,1}, determined by the average post-synaptic spike pattern of the

group of readout neurons qn,t during the ∆t time period.

l∆t = f (qn,t) (5.1)

qn,t is n by 1 dimension vector that represent the current spiking state (spike

or no spike) of n th readout neurons at a given time. Using a suitable synaptic

learning method, the SNN derives the synaptic weight between input and output

spiking neuron layers so that for a given input spike pattern, the SNN will learn

to emit a desired spike sequence by the corresponding output neuron.

5.2.2 Construction of the learning model

The thesis proposes the eSPANNet learning model to incrementally learn the

synaptic weight vector that associate an arbitrary input spike sequence with a

desired output spike pattern. eSPANNet is an evolving feed-forward SNN architec-

ture with a hidden layer containing groups of Spike Pattern Association Neurons

arranged as population vectors. New spiking neurons are trained to increment-

ally learn new input patterns following the principles of Evolving Connectionist

Systems (N. K. Kasabov, 2007).



Figure 5.2: Multiple input synapse-based eSPANNet architecture
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5.2.3 Network architecture

For a labeled training dataset with n number of class labels and, x number of input

channels (features), eSPANNet forms a feed-forward spiking neural network with

three layers; input, hidden and output layers. The input layer contains x number

of input neurons that feed input spike trains into the hidden layer. The hidden

layer contains groups of SPAN’s arranged as n number of population vectors.

This thesis proposes two different eSPANNet network architectures based on the

input layer to hidden layer connectivity principle. The first network architecture

contains a layer of input neurons that are fully connected with the neurons of

each population vector. Figure 5.2 depicts the multiple input synapse-based

eSPANNet network architecture. In the second network architecture each neuron

of a particular SPAN population is connected with only one input neuron as

describe in the next chapter. Each SPAN is trained using a single training spike

sequence received through the corresponding input neuron(s) and validated using

the other training and validation spike samples during incremental learning. The

output layer contains n number of integrate and fire neurons each associated

with the corresponding population vector. Each SPAN that belong to a certain

population vector is connected with only one output neuron which receive spikes

through all SPANs in that particular SPAN population vector. Each neuron in

the output layer acts as a readout neuron where the corresponding class label is

predicted according to the behaviour of these readout neurons. Output neuron

will determine the corresponding class label using a suitable strategy such as by

using the average population activity or majority-voting.
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5.2.4 Incremental learning

A bottom up approach will be followed to explain the eSPANNet computational

model. State of the n th readout neuron during ∆t time period is calculated using

Īn , the synaptic current from the hidden layer neurons of tje n th population vector

to n th readout neuron, Fn,t postsynaptic spike pattern of the n th population vector

during ∆t and, thn the firing threshold of the n th readout neuron.

qn,t = g (Īn,t , thn) =

⎧⎪⎪⎪⎪
⎨
⎪⎪⎪⎪⎩

1 if Īn,t ≥ thn

0 otherwise
(5.2)

Appendix A.1.1 section includes the Matlab source code for calculating the

membrane potential of a Leaky Integrate and Fire neuron utilised in the proposed

eSPANNet learning model.

The average synaptic current from the nth population vector to the nth readout

neuron at time t, ¯In(t), is given by synaptic weight wm,n between mth hidden

neuron in the nth population vector and the convoluted spike pattern of mth

hidden neuron in the nth population vector at time t, s̃m,n,

Īn(t) =
1

m

m

∑
i=1

Im,n =
1

m

m

∑
i=1

wm,n ⊙ s̃m,n(t) (5.3)

The convoluted spike pattern for mth neuron in the nth population vector

(s̃m,n(t)) is obtained using a kernel function which convolute the discrete spike

sequences into a continuous signal. Similar to previous studies on the Spike

Pattern Association Neuron model (Mohemmed, Schliebs & Kasabov, 2011), this

research applied the α kernel for spike convolution. If Fm,n denotes the set of firing
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times of the mth neuron in nth population vector, the convoluted spike pattern

(s̃m,n(t)) is obtained by applying the α-kernel as per equation 5.4

s̃m,n(t) = ∑

tfm,n∈Fm,n

α(t − tf) (5.4)

The α kernel is defined as equation 5.5 where τs denotes the synaptic time

constant that characterise the exponential decay of the convoluted spike sequence

and Θ (t) represents the Heaviside step function (Mohemmed, Schliebs, Matsuda

& Kasabov, 2011).

α (t) = e τ−1s t e−t/τs Θ (t) (5.5)

Appendix A.1.2 presents the Matlab source code of the alpha kernel utilised

for spike convolutoin in the proposed eSPANNet learning model.

τs characterises the exponential decay of a convoluted spike. Figure B.1 shows

the difference in this exponential decay of the same spike in response to distinct

synaptic time constant values.

The hidden layer (m) contains groups of SPAN’s arranged as n number of

population vectors. Firing times of the mth neuron in the nth population vector

(Fm,n) is obtained using the post-synaptic spike pattern of the neuron (sm,n)

using the synaptic weight between input and hidden layer neurons (wi,m), input

spike train from the input neuron (xi) and the firing threshold of the SPANs in

the hidden layer (thm,n). Therefore, the synaptic current of the neuron m in the

SPAN population Im (t) is obtained using the weighted convoluted spike pattern

received by the neuron m from the input neuron i as per equation 5.6.
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Figure 5.3: Alpha kernel

Im (t) =∑
i

wi ,m∑
f

α (t − t fi ) (5.6)

Here, fm(t) denotes the firing times of the mth SPAN in the hidden layer

marked by the time intervals its membrane potential (Im(t)) reach the firing

threshold thm of the neuron as per equation 5.7.

fm(t) = g (Im(t), thm) =

⎧⎪⎪⎪⎪
⎨
⎪⎪⎪⎪⎩

1 if Im(t) ≥ thm

0 otherwise
(5.7)

wi,m is calculated using the synaptic learning rule of the Spike Pattern Associ-

ation Neuron (Mohemmed, Schliebs & Kasabov, 2011) as per equation 5.10.

∆wi,m (t) = λx̃i (t) (ỹd (t) − ỹout (t)) (5.8)



Chapter 5. Evolving Spike Pattern Association Neural Network for Spike-based
Supervised Incremental Learning 178

∆wi,m = λ∫
∞

0
∆wi (t)dt (5.9)

∆wi,m = λ
⎛

⎝

e

τ

2 ⎡⎢
⎢
⎢
⎣
∑
g
∑
f

(∣tfi − t
g
d∣ + τ) e

−
∣tf
i
−tg

d
∣

τ

−∑
h

∑
f

(∣tfi − t
h
out∣ + τ) e

−
∣tf
i
−thout∣
τ

⎤
⎥
⎥
⎥
⎦

⎞

⎠

(5.10)

where λ is the learning rate, τ is the time constant of the kernel function, ti,

td and tout are the times of input, desired and acutal spikes. f , g and h denotes

the indexes of input, desired and actual spikes.

Appendix A.1.3 contains the Matlab source code for calculating the SPAN

synaptic weight update in the proposed eSPANNet learning model.

During incremental learning to predict a certain event, eSPANNet will first

determine whether there is any SPAN in the corresponding population vector

associated with that particular event. If there are no trained SPANs for the

current event or if the trained SPANs can not produce the expected spike sequence

for a given input spike sequence, a new SPAN is initialised in the corresponding

population vector and trained to emit the expected spike sequence at the desired

time point(s). As the SNN is exposed to continuous input spike sequences

associated with distinct events, eSPANNet will incrementally evolve separate

SPAN populations to associate input spike sequences with the corresponding

events. Appendix A.1.4 presents the Matlab code corresponds to the incremental

learning of eSPANNet.
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Algorithm 1 Algorithm for updating the synaptic weight through SPAN learning
in eSPANNet
Input:

1: input spike sequence: timing of the input spike events,
2: desired spike sequence: timing of the expected spike events,
3: actual spike sequence: timing of the actual spike events

Parameters:
4: τ : time constant that characterises the timing of the exponential decay of

membrane potential,
5: λ: learning rate of SPAN

Output:
6: ∆W = synaptic weight update at current epoch

Process:
7: if there is at least one actual spikes in the actual spike sequence then
8: compute difference between actual and input sequences dinput,actual as :

9: dinput,actual = ∑h∑f (∣t
f
i − t

h
out∣ + τ) e

−
∣tf
i
−thout∣
τ

10: else if no actual spike then
11: dinput,actual= 0
12: end if
13: compute desired input difference dinput,desired as:

14: dinput,desired= ∑g∑f (∣t
f
i − t

g
d∣ + τ) e

−
∣tf
i
−tg

d
∣

τ

15: compute synaptic weight update ∆W as:
16: ∆W = λ ( eτ

2
[dinput,desired − dinput,actual])
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Algorithm 2 Algorithm for eSPANNet incremental learning
Input:

1: input spike sequence: timing of the input spike events,
2: desired spike sequence: timing of the expected spike events

Parameters:
3: max-error: maximum accepted difference between expected and desired spike

time
4: isCorrectResponse = false: flag to train a new SPAN

Output:
5: SPAN Population Vectors

Process:
6: for <each streaming window> do
7: get input and desired spike segment for learning
8: if <event in the current desired spike segment> then
9: get spike response of the current input segment from the corresponding

population vector
10: for <each event> do
11: if <not empty population vector> then
12: for <each anatomical cluster> do
13: if <empty cluster> then
14: set isCorrectResponse = false
15: else if <not empty cluster> then
16: get spike response of the population as:
17: difference between desired and actual spike time
18: fm(t) = g (Im(t), thm)
19: where Im (t) = ∑i wi ,m ∑f α (t − t

f
i )

20: compute the error of each neuron in the population as:
21: if <correct responses> then
22: set isCorrectResponse = true
23: else if <incorrect responses> then
24: set isCorrectResponse = false
25: end if
26: end if
27: end for
28: else if <empty population vector> then
29: set isCorrectResponse = false;
30: end if
31: end for
32: if <isCorrectResponse == false> then
33: train new spans for each channel
34: if <error <= max-error> then
35: add the trained SPAN to the current population
36: end if
37: end if
38: end if
39: end for
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5.2.5 Network validation

Each SPAN in the hidden layer is trained using a single training sample. As the

network is exposed to more training samples, the SPAN will be evaluated based

on its spike response for the forthcoming training samples. In addition, a separate

validation dataset can also be used to validate each SPAN before evaluating the

performance of the eSPANNet on the test dataset to improve the generalization

of the eSPANNet learning model. A validation dataset can filter the neurons that

can accurately predict class labels using a threshold level. The spike response

of the SPAN’s that demonstrated a less accuracy during validation will not be

considered to determine the class labels of the test dataset. As the SPAN readout

populations are evolved, each spiking neuron in the SPAN population is validated

using their ability to emit spikes at desired time points for unseen input spike

sequences. The eSPANNet only considers the spiking activity of the SPANs, which

result in higher accuracy than a predefined threshold level. The threshold level

is determined by the number of SPANs in the corresponding population and the

maximum prediction accuracy of the SPANs in the population.

5.2.6 Evaluation of eSPANNet model using test data

For each unseen input spike trains, the spike response of each SPAN population

will be obtained to determine the corresponding class label. Different strategies

such as the average population activity or majority voting can be followed to

determine the class label of a particular input spike sequence. Appendix A.1.6

includes the Matlab source code for eSPANNet spike response prediction and

determination of class labels.
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5.3 Proof of concept of the eSPANNet learning

model

This section presents a proof of concept of the proposed eSPANNet learning model.

The performance of predicting finger flexion events from Electrocorticography

signals by a single healthy participant was used as a preliminary experiment to

evaluate the prediction accuracy and incremental learning of eSPANNet. The

proof of concept study uses data from a publicly awailable dataset called the

‘prediction of finger flexion from Electrocorticography signals’ (Schalk et al., 2007;

Miller & Schalk, 2008). The dataset was released by the fourth Brain-Computer

Interface competition. The dataset contains ECoG signals recorded from three

subjects while performing finger flexion according to a cue presented to the subject.

5.3.1 Experimental conditions

The following sections describe the experimental conditions of the ECoG dataset

used in this study (Miller & Schalk, 2008).

Subjects

This public dataset contains ECoG signals and the time courses of the flexion of

each finger on the hand contralateral to the implanted grid. The three subjects in

the dataset were epileptic patients who had electrode grids placed subdurally on

the brain’s surface for extended clinical monitoring and localisation of seizure foci.

Experimental protocol

The subjects were cued to move a particular finger by displaying the corresponding

finger in words (i.e. Thumb) on a computer screen placed at the bed-side. There
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were 30 movement stimulus cues for each finger which were interleaved randomly.

The subjects typically moved the requested finger 3-5 times during each cue. Each

cue lasted two seconds and was followed by a two-second rest period. During the

rest period the screen was blank. The data collection lasted 10 minutes for each

subject.

Signal recording

Each patient had subdural electrode arrays implanted. Each array contained

48-64 platinum electrodes that were configured in 8x6 or 8x8 arrangements. The

electrodes had a diameter of 4 mm (2.3mm exposed), 1 cm inter-electrode distance,

and were embedded in silastic. Signals from the electrode grid were amplified and

digitised. The general-purpose BCI system (BCI2000) provided visual stimuli to

the patient, acquired brain signals from the amplifier, and recorded individual

fingers’ flexion using a data glove. Electrocorticographic signals were acquired

with respect to a scalp reference and ground, bandpass filtered between 0.15 to

200 Hz, and sampled at 1000 Hz.

5.3.2 Previous studies on the dataset

Several experiments on the dataset have been reported in the literature (Liang &

Bougrain, 2012; Sanchez et al., 2008). The main goal of all three experiments is

to approximate the finger movements from the ECoG signals. The effectiveness of

approximation was evaluated using the Pearson correlation coefficient between the

approximated finger flexion signal to the actual finger flexion signal recorded using

a digital data glove. Here the proposed incremental learning approach was applied

for predicting and approximating finger flexion events using the same dataset. In

addition to the correlation coefficients, this study also utilises several performance
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measures commonly used in machine learning to evaluate the performance of

predicting finger flexion events.

5.3.3 Sampling and pre-processing

To simulate data streaming required for a single-trial BCI using this pre-recorded

dataset, input and expected output signals were buffered using a buffer with fixed

length and overlapping window. They fed input (ECoG signals) and expected

output signals (actual finger movements recorded by the data glove) into two

separate buffers, namely the input buffer and the expected output buffer. The

signal stored in the input buffer was then filtered using a band-pass filter (low-pass

cutoff: 120Hz and high-pass cutoff: 180Hz) and rectified. The first 400,000 data-

points of the dataset was used for training while the remaining 200000 data-points

were used for testing.

Previous studies on ECoG signals indicates several frequency bands related to

sensory-motor processes. These include sub-bands (1 to 60 Hz), gamma band (60

to 100 Hz), fast gamma band (100 to 300 Hz), and ensemble depolarisation (300

to 6k Hz) (Liang & Bougrain, 2012; Sanchez et al., 2008). The filtered signal was

then used for spike encoding.

There are four main steps for event prediction using eSPANNet as spike

encoding, incremental synaptic learning, network validation, and determination

of class label based on different criteria such as majority-voting or population

activity.

5.3.4 Spike encoding

Temporal, spatio-temporal or spectro-temporal input data streams are first trans-

formed into discrete spike trains using a suitable encoding algorithm such as the
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Threshold-Based, Bens Spiker, Step-Forward or Moving-Window spike encoding

methods. A detailed description of different spike encoding methods was presented

in section 3.4. Spike encoding may performed either on raw or the pre-processed

signals. Preprocessing can be utilised to increase the signal-to-noise ratio and

enhance the event related information of raw input signals before spike encoding.

One of the common approach for preprocessing is to extract the signal power of

specific event-related frequency bands through band-pass filtering.

To calculate the encoding threshold a quarter of the training dataset was used

initially. These input spike trains are then used for training the spiking neural

network. Encoding of input signals into spike trains was performed using the

Threshold-Based encoding algorithm (refer section 3.4.1). A fixed threshold θ

for all input channels per subject was used for encoding the input signals into

spike trains. If the band-pass filtered and rectified input signal through ith input

channel is xi(t), the encoding threshold θi is given by,

θi = x̄i + a ⋅
√
(xi − x̄i)

2/(N − 1) (5.11)

where, x̄i is the mean of the signal from all channels during the training session

and a is an experimental factor determined by maximizing the correlation between

temporal changes of the input and expected spike rates.

5.3.5 Incremental synaptic learning

As new training samples are received, the onset of finger flexion movements is

detected from the signals stored in the expected output buffer. When a new

finger flexion event is detected, if the current network is unable to predict the

output class label accurately using equation 5.1, a new neuron is trained using

the SPAN synaptic learning rule (equation 5.10). Depending on which finger it is,
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this neuron will be added to the relevant population vector (equation 5.2). The

readout neuron of the population vector is trained to emit spiking at the onset of

the movement.

The difference in spike timing between the actual and expected spike times

of the SPAN was considered as the spike time error. Therefore, if the spike time

error is less than a predefined threshold level, the new neuron is added to the

corresponding population vector. Otherwise, the response of that neuron is not

considered when evaluating the network performance on test data. When the

next sample is received, it is given to the current network, and the response of the

readout neurons are obtained. If the spike time error is greater than the defined

maximum error level (i.e. 5 % from the total sample duration) a new SPAN will

be trained as per equation 5.10 to produce a spike at the expected spike time.

Likewise, the neural network is evolved over time based on the response of the

readout neurons to the incoming input spike trains.

5.4 Results

5.4.1 E1.1: Classification performance of eSPANNet

The performance of the eSPANNet as a classification method was evaluated using

the following performance measures and compared with other state-of-the-art

multiclass classification or clustering methods namely, Support Vector Machine,

Decision Trees, Discriminant analysis and k-Nearest Neighbors. It was also

compared with several ensemble-based methods such as AdaBoost, RUSBoost,

Bagging and Subspace. In this multiclass classification problem, the performance

of predicting each class label was calculated as one-vs-rest approach and ranked

according to the descending order. The results are presented in figure 5.4 - 5.11.
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Figure 5.4: Comparison of classification performance - one-vs-rest accuracy on
classifying finger flexion events of the thumb (red), index (green), middle (blue),
ring (cyan) and little (magenta) fingers

Figure 5.5: Comparison of classification performance - one-vs-rest sensitivity on
classifying finger flexion events of the thumb (red), index (green), middle (blue),
ring (cyan) and little (magenta) fingers
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Figure 5.6: Comparison of classification performance - one-vs-rest specificity on
classifying finger flexion events of the thumb (red), index (green), middle (blue),
ring (cyan) and little (magenta) fingers

Figure 5.7: Comparison of classification performance - one-vs-rest F1-Score on
classifying finger flexion events of the thumb (red), index (green), middle (blue),
ring (cyan) and little (magenta) fingers
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Figure 5.8: Comparison of classification performance - one-vs-rest False Positive
Rate on classifying finger flexion events of the thumb (red), index (green), middle
(blue), ring (cyan) and little (magenta) fingers

Figure 5.9: Comparison of classification performance - one-vs-rest False Negative
Rate on classifying finger flexion events of the thumb (red), index (green), middle
(blue), ring (cyan) and little (magenta) fingers
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Figure 5.10: Comparison of classification performance - one-vs-rest False Discovery
Rate on classifying finger flexion events of the thumb (red), index (green), middle
(blue), ring (cyan) and little (magenta) fingers

Figure 5.11: Comparison of classification performance - one-vs-rest Negative
Predictive Value on classifying finger flexion events of the thumb (red), index
(green), middle (blue), ring (cyan) and little (magenta) fingers
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eSPANNet resulted in the highest classification accuracy on predicting flexion

of the thumb, middle, ring and little fingers while the accuracy of predicting index

finger flexion is slightly lower than the other classifiers. eSPANNet resulted in

the highest sensitivity in predicting the flexion of thumb and ring fingers while

the other fingers also showed a higher classification accuracy than other methods

including kNN, AdaBoost and Bagging. The specificity of prediction by eSPANNet

remains higher for all finger flexion events while the prediction of the index finger

flexion by eSPANNet resulted in the highest specificity. eSPANNet showed a

higher F1 score which was higher than many multiclass classification methods.

False Positive Rate of the eSPANNet for all fingers remain low. The F1 score of

eSPANNet is lower than the other classifiers. False Negative Rate for all fingers

except the little finger by eSPANNet remains low, and it is lower than the other

classifiers.

5.4.2 E1.2: Performance of reconstructing a continuous

signal by eSPANNet

Figure 5.12 presents the finger flexion events predicted from test ECoG data by

eSPANNet method. The correlation coefficients between the predicted and actual

finger flexion events were obtained for comparative analysis. The results were

compared with the approach presented in (Liang & Bougrain, 2012). Figure 5.13

presents the correlation coefficients returned by the two methods using ECoG

data from subject 1.

5.4.3 E1.3: Evolving incremental learning of eSPANNet

The learning stage of the eSPANNet was partitioned into time bins (duration =

10 seconds) and continuously evaluated the performance using the TPR and FPR
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Figure 5.12: Predicted finger flexion state by the eSPANNet

Figure 5.13: Comparison of Correlation Coefficients between the actual and
approximated finger movements by eSPANNet
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of each time bin to evaluate the incremental learning of eSPANNet. Figure 5.14

presents the evolution of true positive count of eSPANNet that demonstrate the

feasibility of incremental learning. The number of True Positives in each time bin

was gradually increased as new training samples are presented to the SNN model

as shown in 5.14.

Figure 5.14: Evolution of true positive count during training

5.5 Discussion

Learning in animals is an incremental, adaptive and life-long process that require

many repetitive attempts. Enabling such features in machine learning algorithms

is a challenge. This chapter presented a spike-based supervised learning method

called evolving Spike Pattern Association Neural Network which can learn spike

sequences from temporal, spatio-temporal or spectro-temporal data streams. The

eSPANNet learning algorithm is designed to learn incrementally from input spike

sequences, and it can perform online event prediction. Through the experimental
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results, it was shown that the algorithm could learn incrementally to produce

precise spike timing in readout neurons. eSPANNet showed the ability to continu-

ously decode the desired output from the input spike sequences, which is essential

for many time series analysis systems, including Brain-Computer Interfaces.

5.5.1 Comparative analysis of the learning and classifica-

tion performance

The proposed approach was experimentally validated using the finger flexion

prediction dataset from the fourth BCI competition. The results showed that the

eSPANNet as a classifier resulted in higher classification accuracy, sensitivity and

F1 score, as well as lower False Positive and False Negative Rates, compared to

several classifiers.

Figure 5.15 and 5.16 show the average ranking of each classification method

according to the performance measures presented in section 5.4. The mean of

each performance measure per each individual class was obtained and then ranked

according to the descending order to compute the average rank. The lower ranks

indicate a higher performance, while higher ranks indicate a lower performance

measure. As shown in figure 5.15, in comparison with the other classification

methods, eSPANNet resulted in a lower rank in terms of the accuracy, sensitivity

and F1 score. The lower average ranks suggest that eSPANNet resulted in higher

accuracy, sensitivity and F1 score in predicting individual finger flexion events.

Generally, eSPANNet showed a lower specificity in predicting individual finger

flexion events compared to the other machine learning methods. The lower

specificity in predicting finger flexion events by eSPANNet was mainly due to

its lower performance in distinguishing finger flexion events by the middle, ring

and little fingers. According to the neuromuscular anatomy of the forearm,
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Figure 5.15: Accuracy, Sensitivity and Specificity

middle, ring and little fingers have a closely related nerve supply. Therefore, these

three fingers often move together. In this particular case study, this anatomical

relationship has caused a less performance in predicting finger flexion events of

middle, ring and little fingers. However, distinguishing these movements is not

an essential requirement for a restorative BCI that aims at facilitating functional

hand movements such as grasping as these three fingers often move together during

grasping. Prediction of finger flexion events of these three fingers as a whole

group is sufficient for achieving object manipulation through a BCI. Although

eSPANNet has shown a lower specificity, it will not result in a significant impact

in utilising the eSPANNet algorithm for decoding functional hand movements in

restorative Brain-Computer Interfaces.

Figure 5.16 ranked the machine learning methods in terms of their False

Positive Rate, False Negative Rate and False Discovery Rate. According to the

analysis, all three measures returned a higher average rank compared to the other

classifiers. The higher ranking of eSPANNet indicates a lower False Positive, False

Negative and False Discovery Rates. Further, as a regression analysis method,
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eSPANNet also resulted in a higher correlation and therefore showed a better

approximation of the original signal compared to the method proposed by Liang

and Bougrain (2012).

Figure 5.16: FPR, FNR and FDR

In contrast to the traditional batch processing based learning approaches, the

proposed eSPANNet learning model could improve the training efficiency as it

only considers an adequate amount of training samples. Further, the feedback

from the previous learning iterations was used to determine the prediction error

and used to adapt the network by suppressing the synapses that cause undesired

spiking events. These features enhanced the biological plausibility of the model.

The ability to evolve and learn incrementally was only feasible with eSPANNet

and was not feasible with other traditional machine learning methods presented

in this chapter.
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5.5.2 Compatibility with neuromorphic platforms

Neuromorphic computing implements aspects of living nervous systems on elec-

tronic circuits. Compared to the silicon processors in conventional computers

or embedded systems, neuromorphic computing platforms such as SpiNNaker

can produce energy-efficient, fast, biologically plausible computation in machine

learning systems. Transferring the computation from conventional embedded

systems used by the BCI applications to neuromorphic platforms can advance

state-of-the-art in Brain-Computer Interfacing. However, to date, most of the

machine learning methods used in BCI’s are not compatible with neuromorphic

architectures.

This chapter compared eSPANNet with several other classification and regres-

sion analysis based methods, and none of them is compatible with neuromorphic

platforms. eSPANNet, on the other hand, consists of a group of Leaky-Integrate-

and-Fire neurons and trained using spike-time base learning rules. Therefore it is

compatible with the neuromorphic architectures compared to the other machine

learning methods presented in this chapter. While eSPANNet resulted in a better

performance in prediction as a machine learning algorithm, it can also take the

advantages of neuromorphic architectures to deliver a biologically plausible, fast

and energy-efficient machine learning model.

5.5.3 Limitations

This chapter presented an incremental learning algorithm for Brain-Computer

Interfaces using Spiking Neural Networks. Due to the non-stationarity and high

trial-to-trial variability of brain data, online classification is challenging for BCI.

In particular, it is more challenging in BCIs applied for neurorehabilitation

interventions where the person incrementally learns to regain control of movement.
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Therefore, classifiers which are unable to adapt for the changes of the signal, fail to

achieve good accuracy in such experimental settings. The current research propose

a biologically plausible computational model that is inspired by the ‘population

vectors’ in living nervous system to address the variability of neural activity. The

model contains a group of Spike Pattern Association Neurons, a spiking neuron

model which can emit spikes at the desired time-point.

This proof of concept is limited to data from a single participant. Although

the eSPANNet has shown a better performance than the other machine learning

methods, due to this limitation, the statistical significance of the results is difficult

to determine. The next chapter will present a comprehensive analysis using

data from multiple participants to evaluate the performance of the eSPANNet

learning model. The next chapter will investigate the feasibility of incremental

learning using non-invasive Electroencephalography signals which have a lower

signal-to-noise ratio than ECoG signals.

5.6 Significance

The current preliminary analysis shows that eSPANNet results in 1) a higher

classification accuracy, sensitivity and F1 score compared to several other multi-

class classifiers and, 2) a better approximation of the actual movement compared

to several regression analysis based approaches. The novelty of the proposed

algorithm is the ability to learn which inputs to focus on in an online manner.

The results suggest that the eSPANNet could be a better BCI decoder due to

its i) ability to incremental and life-long learning, ii) compatibility with the

neuromorphic platforms and, iii) ability to address the non-stationarity of brain

data.
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eSPANNet, as a generative model, does not require certain predefined para-

meters to define the network architecture, such as the number of neurons in the

hidden layer as it evolves neurons if needed. Its simple network architecture

reduces the processing time during training and prediction. eSPANNet is more

compatible with neuromorphic platforms compared to conventional methods that

are commonly used for online event prediction as eSPANNet is based on more

biologically plausible computational elements. eSPANNet, as a temporal learning

method, can predict a continuous output as a desired spike time sequence from

input spike sequences. Therefore, it is better compatible with real-time processing

than spike rate-based methods.

5.7 Summary of the chapter

This chapter introduced a Spiking Neural Network model named evolving Spike

Pattern Association Neural Network for online event prediction from data streams.

The goal of eSPANNet was to utilise the polychronisation effect of Spiking Neural

Networks for spike sequence learning from data streams. The chapter will described

the eSPANNet incremental learning algorithm and, presented a proof of concept to

preliminary evaluate its performance on predicting movements from neurological

signals. A comprehensive study that experimentally validates the eSPANNet

learning model using EEG data from multiple participants will be presented in

the next chapter.

5.8 Contributions

• This research designed and implemented the evolving Spike Pattern Associ-

ation Neural Network model which extended the Spike Pattern Association
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Neuron model for incremental learning of spike sequences from temporal,

spatio-temporal or spectro-temporal data streams.

• The research presented a proof of concept of the eSPANNet learning model to

evaluate in principle the feasibility of predicting movements from neurological

signals

• The research compared the performance of eSPANNet with multiple machine

learning methods
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Chapter 6

Evolving Spike Pattern

Association Neural Networks for

Non-invasive Brain-Computer

Interfaces

“Genius is one percent inspiration, ninety-nine percent perspiration.”

Thomas A. Edison - America’s greatest inventor

Chapter Overview

The previous chapter proposed a feedforward Spiking Neural Network model named

evolving Spike Pattern Association Neural Network, for spike sequence learning

from temporal, spatio-temporal or spectro-temporal data streams. eSPANNet

is a computational model inspired by incremental learning for motor control in

living nervous systems. A preliminary proof of concept study was presented in the

previous chapter to evaluate its feasiblity for online event prediction, regression,

201
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and incremental learning. This chapter extends the eSPANNet learning model and

evaluates its performance on single-trial event prediction in non-invasive Brain-

Computer Interfaces. The chapter also comparatively analyse the eSPANNet

learning model with several brain-inspired and state-of-the-art non-brain-inspired

machine learning methods. Appropriate statistical tests will be applied to evaluate

the statistical significance of the results.
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6.1 Introduction

The previous chapter proposed the eSPANNet model and demonstrated in principle

its feasibility for spike-based incremental learning and online event prediction. The

inspiration for the eSPANNet architecture is from the ‘population vectors’ which

have been experimentally proven by several computational neuroscience studies.

As a proof-of-concept, eSPANNet was experimentally validated by predicting

individual finger flexion events from Electrocorticography signals. The results

showed that eSPANNet results in higher classification accuracy, sensitivity and F1

score compared to multiple ensemble-based multi-class classifiers. Further, it could

approximate the actual movement better than the linear regression-based method

that used amplitude modulation of band-specific ECoG approach presented in

(Liang & Bougrain, 2012). The significance of the eSPANNet as a neural decoder

is its potential to learn which inputs to focus on from multichannel input signals

in an online manner. The proof-of-concept study suggested that eSPANNet may

be a better neural decoder for Brain-Computer Interface due to its incremental

and life-long learning, compatibility with the neuromorphic platforms and, the

ability to address the non-stationarity of brain data.

The previous chapter showed in principle the feasibility of evolving Spike

Pattern Association Neural Network to online predict finger flexion events from

invasive Electrocorticography signals adaptively and incrementally. However, the

preliminary study presented in chapter 5 was limited to a single participant and

used invasive ECoG signals to validate the performance of eSPANNet. As an

invasive signal, ECoG has a relatively higher signal-to-noise ratio compared to

non-invasive neurophysiological signals such as Electroencephalography. This

chapter presents a new methodology, based on the eSPANNet architecture, and

evaluate its performance for event prediction using non-invasive brain data from
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multiple participants. The methodology is experimentally validated using a case

study on predicting movement intention from EEG signals.

This chapter will address the following research questions.

• RQ2: How can the network architecture of the eSPANNet learning

model be improved to enhance its convergence and the prediction

performance when learning from non-stationary stochastic data

streams such as Electroencephalography?

• RQ4: How does the eSPANNet learning model compare with the

static rate-based machine learning methods (such as the Convolu-

tional Neural Networks and Support Vector Machine) and as well

as the sequence learning-based machine learning methods (such as

the Recurrent Neural Networks, linear regression and SVM-based

regression) for predicting movement intention from EEG signals?

This chapter introduces a methodology that uses the eSPANNet for predicting

movement intentions from EEG signals for non-invasive Brain-Computer Interfaces.

The goal of the current study is to enable the eSPANNet neural decoder to learn

the association between the input and expected output by adjusting the synaptic

connection weights of the SNN. This will enable eSPANNet to learn the temporal

association between input and output and therefore will be able to produce precise

spike time sequences for the input spike sequences.



Figure 6.1: A single input synapse-based eSPANNet model trained and validated using movement intention and resting-state
EEG signals of data from a single participant. Synaptic learning was performed using SPAN learning rule with training spike
sequences. The network was validated using majority-vote of SPAN’s for the validation dataset. Grey-coloured synapses
between SPAN’s and readout neuron returned a lower correct rate than the expected threshold level and therefore not
considered when evaluating the performance on the test dataset.
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6.2 Stochasticity of spike trains and the conver-

gence of the eSPANNet learning model

Non-invasive neurological signals such as Electroencephalography are unable to

measure the neural activity at a scale of individual neurons. Instead, EEG indicates

the accumulated activity of neural populations that may contain thousands of

neurons. A typical biological neural network exhibits more complex spike patterns

than the simple pre and post-synaptic spike pairs studied in traditional protocols

that characterise the synaptic plasticity of the brain (Faugeras et al., 2009).

The stochasticity of input spike trains is a challenge for convergence in spike-

time based learning rules and the reliability of spike responses for predictive

modelling using Spiking Neural Networks. When learning from stochastic spike

sequences, the timing of the first spike of an input spike sequence has a significant

impact on the convergence of the SPAN learning to a global optimum. The

random spike trains arrive earlier than the desired time point causes the SPAN

learning rule to trap in local minima instead of converging to its global optimal.

The anatomical studies of the animal brain have witnessed the existence

of hierarchically organised sub-cortical structures such as the cortical columns

that are specialised to execute specific functions. For instance, the neocortex of

the brain can be divided into six distinct layers, each with a specific structure

and associated functionality (Greig et al., 2013). The previous animal studies

suggest that the neural activity at the populational level may provide a significant

contribution to information processing in the brain to execute a cognitive task.

In this regards, computationally modelling the collective neuronal dynamics at

a scale of neuronal populations will enhance the predictive modelling of brain

dynamics.

The models that describe these collective spatio-temporal brain dynamics has
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to be different from the models of individual neurons that consist of parameters

such as the membrane potential, firing threshold and membrane time constant.

Faugeras et al. (2009) emphasis that based on the theories of effective mean-field in

statistical physics, to model such dynamics it would be sufficient that the spatial

scale to be large enough to include a large amount the neurons and small enough

to ensure the homogeneousness of the brain region. Based on this theory, if there

are m number of parameters are used to describe the behaviour of a single neuron,

it is not necessary to have Nm amount of parameters to represent a mesoscopic

description of a neural ensemble containing N number of neurons. Instead, the

theory suggests that with the increase of N , the collective neuronal dynamics can

be described by effective mean-field, which summarises the effect of interaction

using a smaller amount of parameters.

Based on the above viewpoint, here, a new eSPANNet architecture is proposed

to ensure the convergence of SPAN learning to a global optimum from stochastic

input spike trains extracted from noisy and non-stationary EEG signals. This

study will propose a single input synapse based Spike Pattern Association Neurons

instead of the fully connected SPANs used in the eSPANNet architecture used

in the proof of concept study presented in the previous chapter. Although this

study does not provide theoretical proof, the experimental results empirically

show that the single input synapse-based SPANs result in higher classification

accuracy compared to the fully connected network architecture and thereby have

more possibility on learning the optimal synaptic weights for emitting precise

spike timing.
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6.3 Construction of the neural decoder using

eSPANNet learning model for non-invasive

BCI

eSPANNet is an evolving feed-forward SNN architecture with a hidden layer

containing groups of SPANs arranged as population vectors. The network evolves

as new SPANs are trained to incrementally learn spike sequences following the

principles of evolving connectionist systems (N. K. Kasabov, 2007). Due to

the low signal-to-noise ratio and non-stationarity of EEG the spike sequences

extracted from EEG signals exhibits more stochastic nature compared to the

Electrocoticography signals analysed in the preliminary experiment of eSPANNet.

As described in the previous section, the random spikes arrive prior to the desired

time intervals is a problem for convergence of the eSPANNet learning model. The

stochastic spikes cause the SPAN learning to reach to a local minimum instead

of the global minimum. Therefore, the stochasticity of spike trains reduce the

reliability of the spike response produce by a trained eSPANNet.

To address this randomness in spike trains, here a single input synapse base

eSPANNet architecture is proposed instead of the fully connected eSPANNet

architecture proposed in the proof of concept study of the eSPANNet. It is

based on the assumption that if a certain input channel or feature contains a

source of a certain event, the spiking activity of that channel the is temporally

correlated with the timing of that particular event. The randomness of spike

trains can be eliminated through a population of spiking neurons trained to emit

spikes at a desired time point as such population can represent a probability

distribution. In contrast to SPAN’s in the hidden layer being connected with all

input neurons, the modified architecture connects each SPAN with only one input
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neuron which permits receiving of input spikes through only one synapse. The

previous eSPANNet architecture used average population activity for determining

the class label. In contrast, here, majority-voting was used to determine the class

label. Figure 6.1 presents an exemplified single input synapse-based eSPANNet

architecture evolved from EEG signals of a particular participant.

6.3.1 Structure of the Network

A detailed description of the eSPANNet learning model was presented in the

previous chapter (refer section 5.2). Here only the relevant information are

presented to ensure the clarity of this description. The current case study aims at

distinguishing the movement intention from resting state EEG signals. Therefore,

it forms a binary classification problem which will be addressed through the

proposed eSPANNet model.

For binary classification using a labelled dataset with x number of input

channels (features), a feed-forward SNN containing three layers, input, hidden and

output is formed which is referred as the evolving Spike Pattern Association Neural

Network or eSPANNet. The input layer contains x number of input neurons that

feed input spike trains into the hidden layer. The hidden layer consists of groups

of SPAN’s. Each SPAN is connected to only one input neuron and trained using

the input spike train of a single training sample received through that particular

input-SPAN synapse. The output layer contains a single output neuron which

receive spikes through all neurons in the hidden layer. Output neuron predicts

the corresponding class label using majority-voting of SPAN’s in the hidden layer.

There are four main steps for event prediction using eSPANNet as spike

encoding, synaptic learning, network validation, and determination of class label

through majority-voting.
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6.3.2 Spike encoding

The power of the band-passed filtered EEG signal was used for spike encoding using

the threshold-based spike encoding method. The threshold values for encoding

was obtained using the mean and standard deviation of the filtered EEG signal.

To encode, first the temporal difference between two consecutive data points of

the pre-processed EEG signal is obtained (refer equation 6.1).

d =
n

∑
t=2
∣x (t − 1) − x(t)∣ (6.1)

The mean value (mean) and the standard deviation (std) of the computed

temporal differences are calculated to compute the encoding threshold as per

equation 6.2 where c denotes a predefined constant referred as encoding factor.

th =mean(d) + c ⋅ std(d) (6.2)

The sign of the threshold value can be used to form both positive (th+) and

negative (th+) encoding thresholds. However, since SPAN can not be trained with

both positive and negative spikes together at the same time, here the polarity

(sign) of the spike train is not considered. Any temporal difference that reach

either the positive or negative threshold was marked as a positive spike in the

encoded spike train.

If the current temporal difference is larger than the positive threshold, or

smaller than the negative threshold, a spiking event is marked in the encoded

spike train. Otherwise, no spike event is added to the current time interval of the

spike train (refer equation 6.3).
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s(t) =

⎧⎪⎪⎪⎪
⎨
⎪⎪⎪⎪⎩

1 if d(t) >= th+ OR d(t) <= th−

0 otherwise
(6.3)

6.3.3 Synaptic learning

As the input spikes were fed into the SNN, a new Spike Pattern Association

Neuron will be initialised and trained to emit spike at the desired time point. For

each class, a separate neuron population was trained using 6.4.
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Actual firing time of spiking neurons fout are obtained using the synaptic

current, Im according to equation 6.5 where thm is the threshold of the neuron.

fout (Im(t), thm) =

⎧⎪⎪⎪⎪
⎨
⎪⎪⎪⎪⎩

1 if Im(t) ≥ thm

0 otherwise
(6.5)

Synaptic current of the neuron m in the SPAN population is obtained using

the weighted convoluted spike pattern observed by the neuron m from the i input

neuron as given by equation 6.6.

Im (t) =∑
i

wi ,m∑
f

α (t − t fi ) (6.6)

Convoluted spike pattern of the neuron m in the n SPAN population is obtained

using an α-kernel (equation 6.7).
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s̃m,n(t) = ∑

tfm,n∈Fm,n

α(t − tf) (6.7)

6.3.4 Validation of population vector

The prediction accuracy of each neuron in each population was obtained using the

validation dataset. This set filters the neurons which can more accurately predict

class labels and the other SPAN’s will not be considered for determining the class

labels of test data.

6.3.5 Prediction using majority-vote

For each unseen input spike trains, the response of each neuron population was

obtained. The class label assigned by each SPAN was obtained. From these class

labels, the output neuron computes the majority vote to determine the class label.

6.4 Movement intention prediction from Elec-

troencephalography signals

6.4.1 Experimental conditions

This case study applies the eSPANNet computational model for predicting move-

ment intention during a grasp and lift task. The study used the WAY-EEG-GAL

(WAY: Wearable interfaces for hAnd function recovery, EEG: Electroencephal-

ography, GAL: Grasp-And-Lift) dataset (Luciw et al., 2014a, 2014b) which is

specifically designed to critically examine the information processing in the human
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brain related to sensation, intention, and action from EEG signals when perform-

ing a grasp-and-lift task. A detailed description of the dataset was presented in

section 4.4.

Subjects

Twelve healthy participants performed a series of grasp and lift trials of a small ob-

ject when the object’s weight, surface friction, or both, were changed unpredictably

between trials.

Task

The dataset contains simultaneous EEG, Electromyography (EMG), force and

kinematic signals recorded from 12 healthy participants during cued grasp and lift

(GAL) movements. The participants performed a series of grasp and lift trials of

a small object. During a GAL trial, the participant reached the object, grasped it

using the index finger and thumb, and lifted it a few centimetres up in the air,

held it stably for a couple of seconds, and then replaced and released the object.

An LED light cued the start and end of a GAL trial. Since this is a functional

upper limb movement, the participants were gazing at the cue, hand, object, initial

position and target position of the object. The participants demonstrated natural

coordination among eye, hand, object and target position while performing the

grasp and lift movement.

Signal recording

The dataset contained EMG signals from five sensors that monitored the muscle

activity of the Anterior Deltoid (AD), Brachoradial (B), Flexor Digitorum (FD),

Common Extensor Digitorum (CED) and First Dorsal Interosseous (FDI) muscles

of the right arm at a 4kHz sampling frequency. The EEG, force and kinematic
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signals were recorded at 500Hz sampling frequency. Two surface contact plates

were placed on each side of the object to record the grip force and load force applied

on the object during each trial. Data from kinematics sensors was gathered using

3D position sensors placed on the object, wrist, thumb and index finger. Each

sensor recorded x,y,z position and azimuth, elevation and roll angles. The signals

recorded from multiple devices were synchronised using a sync signal recorded by

each device.

Figure 6.2: Extraction of resting state during a grasp-and-lift trial using the
accumulated amplitude the five fore-arm EMG sensors The blue-solid line indicates
smoothed and rectified accumulated amplitude of five fore-arm EMG sensors. The
blue-dotted line represents the threshold value for detecting movement onset. The
movement stopped time is marked by the magenta colored line. EEG signals
corresponding to 0.5s from movement stopped time (magenta) was extracted as
rest state EEG.

6.4.2 Pre-processing and data extraction

First, the EEG signals were filtered using a band-pass filter with the low-pass

cutoff at 12 Hz and high-pass cutoff at 30Hz frequencies. EEG samples during the

resting state were extracted using the accumulated amplitude of the five fore-arm
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Figure 6.3: Detection of movement intention period after the cue onset of the
grasp-and-lift trial. The blue-solid line represent the smoothed and rectified
accumulated amplitude of the five fore-arm EMG sensors. The blue-dotted line
is the threshold value for detecting movement onset from the rest states. The
black line indicates the time LED was switched on to present cue for initiating
the movement (cue onset time) and the green line represents the movement onset
time. EEG signals corresponding to 0.5s from cue onset time was extracted as
movement intention period.

Electromyography sensors. Mean amplitude of the rectified and smoothed EMG

signal was used to obtain a subject-specific threshold value which distinguishes

the movement and resting states. Resting-state EEG samples were obtained 500

ms from the time the mean EMG signal went below the defined EMG threshold.

Figure 6.2 shows extraction of rest EEG from a grasp-and-lift trial using movement

stopped time. Blue-solid line indicates the smoothed and rectified accumulated

amplitude of five EMG sensors. Blue-dotted line shows the threshold value for

detecting movement onset and stopped time. All samples were visually examined

to validate the correctness of the defined threshold value. Vertical magenta line

indicates movement stopped time as detected by the EMG threshold value. EEG

signals corresponding to 500 ms from movement stopped time was extracted as
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rest state EEG. Figure 6.3 depicts extraction of movement intention duration

from a grasp-and-lift trial using cue onset time. Black vertical line indicates the

time LED was switched on to present cue for initiating the grasp and lift trial.

Green line indicates the movement onset time detected using the threshold value.

EEG signals corresponding to 500ms from cue onset time (black) was extracted

as EEG samples correspond to the movement intention state.

6.4.3 Evolution of the eSPANNet learning model

For this case study on predicting movement intention during cued grasp and lift

tasks, the EEG signals corresponding to 500ms from cue onset time was extracted

as the EEG samples correspond to movement intention. The desired spike time

(dt) for SPAN learning was considered as dt = round(N ∗ p) where N and p

denote the total number of data points in the sample and a predefined percentile,

respectively. In this particular case study, p was set to 0.75 which indicates that

the SPANs are trained to emit a spike at 375 ms after the cue onset time. However,

p is an experimental parameter for eSPANNet computational model which needs

to be empirically determined and optimised based on an appropriate performance

measure such as the prediction accuracy. As the SNN receive input spike sequences

correspond to movement intention, the eSPANNet is incrementally evolved to emit

spike at 375 ms from the onset of the cue according to the eSPANNet learning

model presented in section 6.3.3.

6.4.4 Comparative analysis

Multiple experiments were conducted to comparatively analyse the performance

of the eSPANNet learning model. The first experiment aims at answering the

RQ2 of this thesis (refer section 4.2.1 for details). The study will compare the
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performance of movement intention detection by the two eSPANNet architectures.

The performance will be compared to empirically evaluate the ability to address

the stochastic nature of spike trains extracted from EEG signals by each network

architecture. For this comparison, the two eSPANNet models were evolved using

the same training dataset and evaluated using the same validation dataset. The

number of correct movement intention predictions by each eSPANNet architecture

was recorded and used to obtain the average correct rate. The Student’s t-test

was performed to evaluate the statistical significance of the observed difference in

the mean correct rates.

The next two experiments are designed to answer RQ4 of this thesis (refer

section 4.2.2 for details). The second comparative analysis was performed to

compare the performance of the eSPANNet with multiple supervised learning

methods. This comparison is mainly divided into two stages. At the first stage,

eSPANNet was compared with two rate-based computation models; a Support

Vector Machine and a Long-Short Term Memory Recurrent Neural Network;

that use static features to train the model. Appendix A.2 and A.2 contains the

Matlab source codes used for implementing the CNN and RNN, respectively.

The SVM and LSTM models were trained using the spike rate of each input

spike sample. The accuracy of detecting movement intention by the two models

was compared with the performance of the eSPANNet learning model. At the

second stage of the analysis, eSPANNet was compared with multiple machine

learning models that aimed at predicting a continuous output from data streams.

Multiple regression analysis based methods such as SVM-based regression, Decision

Tree-based regression, Linear regression, and as well as a 2D Convolutional

Neural Network which is compatible with time-series data were considered for the

comparative analysis. Each model was trained using the same training dataset

and evaluated using the same validation dataset. One-way ANOVA under the
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95% confidence level was applied to evaluate the statistical significance of the

differences in average correct rates. Appendix A.2 includes the Matlab source

code for determining the statistical significance. The next section will report the

obtained results and discuss their interpretations.

6.5 Results and Discussion

6.5.1 E2.1: Comparison between Single and Multi-Input

Synapse-based Network Architectures

Table 6.1 presents the correct rates of movement intention prediction by the two

network architectures of eSPANNet. All participants showed an above chance-level

in terms of predicting the movement intention using both network architectures.

The single-input synapse based network architecture resulted in 0.71 mean correct

rate and the standard deviation of 0.06. The multi-input synapse architecture cause

0.65 mean correct rate and 0.07 standard deviation. The comparison between the

two architectures shows a 6% improvement of the mean correct rate in predicting

movement intention using the single input synapse-based network architecture

compared to the multiple input synapse-based network architecture. Subject 1

resulted in the highest correct rate of 0.81 while subject 6 was correspond to the

lowest correct rate of 0.62 using the single input synapse eSPANNet architecture.

Figure 6.4 shows a box plot that represent the statistical distribution of the

obtained results including the minimum, maximum, median, and the first and

third quartiles of the correct rates correspond to the participant group. The mean

correct rate of the population indicated 0.06 difference in mean correct rate by

the two network architectures of eSPANNet. The statistical significance of the

observed difference in mean correct rates were evaluated using the paired-sample
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Table 6.1: Comparison of the Correct Rate of Movement Intention Prediction by
Single and Multi-input Synapse-based Architectures

Subject
ID

Single-Input
Synapse

Architecture

Multi-Input
Synapse

Architecture
1 0.81 0.76
2 0.74 0.7
3 0.73 0.7
4 0.77 0.63
5 0.71 0.58
6 0.62 0.59
7 0.68 0.59
8 0.68 0.64
9 0.69 0.6
10 0.72 0.76
11 0.77 0.69
12 0.64 0.61

Average 0.71 (+/-0.06) 0.65 (+/-0.07)

Figure 6.4: Mean correct rates of movement intention prediction by single and
multiple input synapse-based network architectures of eSPANNet

t-test for means at the 95% confidence interval (H0: µ0 = 0, HA: µ0 ≠ 0; where H0

is the null hypothesis, HA is the alternative hypothesis, and µ0 is the hypothesised
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mean difference, α = 0.05). The one-tail paired sample t-test resulted in a p-value

of 0.001. As the p-values is smaller than the 0.05 significance level, the t-test

rejects the null hypothesis in favour of the alternative hypothesis. The smaller

p-value confirms the statistical significance of the mean correct rate obtained

through the single-input synapse-based network architecture compared to the fully

connected multi-input synapse-based network architecture.

The eSPANNet synaptic learning model has the ability to learn which inputs

to focus on in an online manner as the network is exposed to new training

samples. The comparison empirically shows that single input synapse-based

approach resulted in a higher prediction accuracy compared to the multi-input

synapse-based architecture. Although it is not theoretically proved in the thesis,

this increment in prediction accuracy may be due to the ability of single input

synapse based SPAN learning to eliminate random noise and converge better than

the multiple input synapse-base SPANs. In SPAN learning, the spikes receive

earlier than the desired spike time can cause the learning rule to reach a local

minima instead of converging to it’s global minima. When receiving spikes from

multiple input synapses, the SPAN neuron model is unable to learn the optimal

synaptic weight vector due to the temporally uncorrelated spikes arrive through

noisy input synapses. Thus the learning algorithm is unable to reach its global

optimal. Therefore the neuron model can not obtain the most appropriate and

accurate weight vector between input and output neurons for generating precise

spike timing. This issue is more significant when using EEG signals than the

ECoG signals used in our previous preliminary study as EEG exhibits a smaller

signal-to-noise ratio compared to ECoG signals. However, when receiving input

spikes through only one synapse, the SPAN synaptic learning rule can generate the

optimal synaptic weight vector that can emit precise spike timing at the desired

time point. Therefore the single input synapse based architecture results in a
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higher correct rate compared to multiple input synapse based architecture.

6.5.2 E2.2: Comparison with rate-based methods

Table 6.2: Comparison of the Correct-rate of Movement Intention Detection using
Spike-rate by SVM and LSTM

Subject
ID eSPANNet SVM

(spike-rate)
LSTM

(spike-rate)
1 0.81 0.81 0.8
2 0.74 0.71 0.71
3 0.73 0.74 0.74
4 0.77 0.73 0.77
5 0.71 0.64 0.66
6 0.62 0.71 0.72
7 0.68 0.75 0.77
8 0.68 0.72 0.73
9 0.69 0.61 0.6
10 0.72 0.72 0.75
11 0.77 0.76 0.77
12 0.64 0.68 0.67

Average 0.71 0.72 0.72

Table 6.2 shows the correct rates of detecting movement intention by eSPANNet

as a dynamic classifier and by the two static energy based classifiers, SVM and

LSTM that used the spike-rate. SVM and LSTM resulted in an average correct

rate of 0.72 for all subjects while the average correct rate of eSPANNet was 0.71.

The results indicate that subject 1 corresponds to the highest correct rate by all

three methods. eSPANNet and SVM resulted in the highest correct rate of 0.81

while LSTM resulted in 0.80. The lowest correct rate by eSPANNet was 0.62 by

subject 6 while the lowest of SVM was 0.61 using EEG data of subject 9. The

lowest correct rate of all three methods was 0.60 obtained from LSTM using data

from subject 9. Figure 6.5 shows the mean correct rates obtained by eSPANNet,

SVM and LSTM models.
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One-way ANOVA was conducted under the 95% (α = 0.05) confidence level

to verify the statistical significance of the obtained results. The statistical test

resulted in a relatively larger p-value of 0.87. Since the p-value is larger than the

significance level of 0.05, it is not possible to reject the null hypothesis in favour

of the alternative hypothesis. The larger p values suggest that the difference

in mean correct rates is not statistically significant, while the eSPANNet has

some significant advantages when compared to the the two rate-based methods

considered for the comparative analysis as explained below.

Figure 6.5: The statistical distribution of the mean correct rates of movement
intention prediction by single input synapse-based eSPANNet, spike rate-based
SVM and LSTM

eSPANNet as a generative model can incrementally evolve to model temporal

associations between input and desired spike events without explicit feature

engineering steps that require a considerable amount of human intervening. Since

the eSPANNet learning model is based on brain-inspired computational elements

such as the spiking neuron models and synaptic learning principals, it is more
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biologically plausible and compatible with neuromorphic processors than the

LSTM and SVM. eSPANNet, as a temporal learning model, can predict the

continuous output from input data streams. It does not depend on static energy-

based features such as the spike rate and does not require temporal averaging,

which reduce the information transfer rate of the prediction model. In contrast,

SVM and LSTM that used spike-rate as input features for prediction required

to wait until the required amount of input samples are collected iteratively to

compute the spike-rate. During online prediction, spike rate-based methods reduce

the information transfer rate of a BCI and result in a lower bit-rate compared

spike sequence-based methods. These three approaches were similar in terms of

the prediction accuracy; however, eSPANNet was more compatible for real-time

prediction than the rate-based SVM and LSTM models.

6.5.3 E2.3: Comparison with sequence-based methods

Table 6.3 compares the correct rates of movement intention detection by eSPANNet

with four spike sequence-based methods; namely, RNN with LSTM, SVM-based

regression, Decision Tree-based regression, linear regression and 2D Convolutional

Neural Network. The results show that eSPANNet resulted in the highest mean

correct rate, while the CNN (0.67) and linear regression (0.66) returned the second

and third-highest correct rates respectively. The SVM-based regression resulted in

a mean correct rate of 0.62, while LSTM and DT showed an average correct rage of

0.56. The results suggest that LSTM and DT with spike-sequence resulted in very

low mean correct rate, which is much closer to that of random guessing. Figure

6.6 shows a box plot that represents the statistical distribution of the correct

rates of the twelve participants by each method. Evaluation of the statistical

significance of the observed mean correct rates using one-way ANOVA under the
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95% confidence interval resulted in a p-value of 0.0000008. The smaller p-value

indicates the statistical significance of the observed difference in mean correct

rates. As shown in figure 6.7, the mean correct rate obtained using eSPANNet is

statistically significant compared to spike sequence-based LSTM, and as well as

the SVM and DT-based regression models. However, the linear regression and

the Convolutional Neural Network models resulted in a statistically insignificant

mean correct rate.

Figure 6.6: The statistical distribution of the mean correct rates of movement
intention prediction by single input synapse-based eSPANNet, spike sequence-
based CNN, SVM-based Regression, Decision Tree-based Regression and Linear
Regression



Table 6.3: Comparison of the Correct Rate of Movement Intention Detection using Spike-sequence by LSTM, SVM, DT and
Linear Regression

Subject
ID eSPANNet LSTM

(spike-sequence)
SVM-regression
(spike-sequence)

DT-regression
(spike-sequence)

Linear-regression
(spike-sequence)

CNN
(spike-sequence)

1 0.81 0.58 0.68 0.54 0.77 0.80
2 0.74 0.5 0.64 0.68 0.69 0.59
3 0.73 0.45 0.66 0.53 0.68 0.73
4 0.77 0.57 0.61 0.54 0.78 0.74
5 0.71 0.51 0.51 0.53 0.64 0.65
6 0.62 0.56 0.51 0.51 0.65 0.59
7 0.68 0.55 0.53 0.5 0.61 0.62
8 0.68 0.54 0.56 0.59 0.65 0.68
9 0.69 0.53 0.57 0.49 0.64 0.55
10 0.72 0.62 0.7 0.6 0.71 0.7
11 0.77 0.69 0.82 0.66 0.49 0.78
12 0.64 0.6 0.62 0.5 0.65 0.66

average 0.71 0.56 0.62 0.56 0.66 0.67
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Figure 6.7: Statistical significance of the mean correct rates by spike sequence-
based methods using one-way ANOVA (blue: eSPANNet, red: statistically signi-
ficant difference, gray: statistically insignificant difference)

6.6 Significance

In order to successfully utilise the BCI intervention for motor recovery and

motor substitution, it is essential to develop classifiers which can predict different

movements of an impaired or an amputated limb. Such predictions are challenging

as they should be performed in real-time using less spatially and temporally

distinguishable neural activities of the brain. Computational approaches that

are inspired by the biological processes of living nervous system such as the

deep Spiking Neural Networks provide new insights into artificial intelligence.

Previous studies on ANN-based neural decoders for noninvasive BCI has employed

different ANN-based methods such as Convolutional Neural Networks, Recurrent

Neural Networks, Restricted Boltzmann Machine, Deep Belief Networks, Extreme
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Learning Machine, Spiking Neural Networks and Multi-Layer Perceptron. Complex

classification algorithms for predicting mental commands from EEG increase the

training and prediction time of a BCI decoder. Further, BCI decoders that

utilise conventional feature engineering approaches such as prepossessing, feature

extraction, dimensionality reduction, and feature selection adds a considerable

delay to the prediction time.

Deep neural networks as automatic feature learners can discover significant

discriminative features from raw data. Although deep neural network architectures

with several convolutional layers exhibit higher classification accuracy, they require

higher training and prediction time and computational power as a result of the

computational complexity that emerge from such classic hierarchical abstraction.

At the same time, finding the most suitable neural network architecture has to be

performed empirically as it is hard to determine which architecture suite best for

a given classification task.

This chapter presented a novel method based on the eSPANNet SNN model for

online event prediction non-invasive Electroencephalography signals. eSPANNet

is a feed-forward SNN model which can evolve incrementally. The comparison

between the two network architectures of eSPANNet showed a statistically signific-

ant improvement when using the single-input synapse-based network architecture

than the multiple input synapse-based eSPANNet network architecture. It is

emperically shown that this increment in prediction accuracy may be due to the

ability of the SPAN learning rule to better converge when receiving inputs through

a single input synapse.

This thesis aimed to develop a biologically plausible machine learning model

to decode and understand various human behaviour from EEG. The model has

incorporated several existing neurocomputational models such as the Spike-Time

Dependent Plasticity that describe certain aspects of biological neurons and
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neural network. The movement intention EEG represents the brain activity

just after observing the cue (stimulus). The resting-state EEG was obtained

after the participant completed the task which was about seven seconds after

the onset of the cue. From the neurophysiological perspective, the cued grasp

and lift movement under consideration might have induced neuromodulation and

neuroplasticity of the brain. However, the thesis did not intend to replicate the

exact neurophysiological phenomenon of the brain. Instead, the thesis intended to

evaluate whether a brain-inspired machine learning approach could improve the

prediction accuracy and interpretability of the neural decoder than the conventional

non-brain-inspired machine learning models.

In conclusion, eSPANNet, as a generative model, does not require certain pre-

defined parameters related to network architecture, such as the number of neurons

in the hidden layer as it evolves neurons if needed. Its simple network architecture

reduces the processing time during training and prediction. eSPANNet is more

compatible with neuromorphic platforms compared to the other methods such as

SVM, LDA and MLP as the network architecture utilises more biologically plaus-

ible computational elements. Moreover, eSPANNet as a temporal learning method

can predict a continuous spike-time outputs from streaming input sequences.

Therefore, it is suitable for real-time processing, in contrast to the rate-based

prediction methods. The findings of this study show the feasibility of eSPANNet

learning model to construct a neural decoder for non-invasive Brain-Computer

Interfaces.

6.7 Summary of the chapter

This chapter extends the eSPANNet learning model and evaluates its performance

on single-trial event prediction in non-invasive Brain-Computer Interfaces. The
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chapter also comparatively analyse eSPANNet with several brain-inspired and as

well as the traditional non-brain-inspired machine learning methods. Appropriate

statistical tests are applied to evaluate the statistical significance of the results.

6.8 Contributions

• This research evaluated the performance of eSPANNet learning model to

learn complex spike sequences from stochastic data streams.

• The research proposed the single input synapse based eSPANNet network

architecture to address the non-stationarity of EEG signals.

• The research experimentally validated the eSPANNet learning model using

Electroencephalography signals from multiple healthy participants.

• The current study evaluated the performance on predicting movement

intentions from Electroencephalography signals when performing grasp and

lift movements by multiple healthy participants.

• This study compared the prediction performance of eSPANNet with multiple

rate-based and sequence-based learning models and appropriate statistical

tests were conducted to evaluate the statistical significance of the observed

differences in model performance.

6.9 Related publications

1. Kumarasinghe, K., Kasabov, N., & Taylor, D., Evolving Spike Pat-

tern Association Neural Networks and Applications for Non-invasive Brain-

Computer Interfaces (in preperation to be submitted to IEEE Transactions

on Neural Networks and Learning Systems by December 2020)



Chapter 7

Deep Learning and Deep

Knowledge Representation in

Spiking Neural Networks for

Brain-Computer Interfaces

“Mathematics is the language with which God wrote the Universe.”

Galileo Galilei - an pioneering astronomer, physicist and engineer

who is often referred to as the as the "father of the scientific method"

Chapter Overview

This thesis proposes two spike-based generic methods for constructing interpretable

Brain-Inspired Spiking Neural Network model for spike sequence learning from data

streams. The previous two chapters proposed and validated one of the proposed

generic method named evolving Spike Pattern Association Neural Network. This

chapter presents the second spike-based generic method proposed in this thesis.
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The proposed learning method aims at representing and extracting deep spatio-

temporal knowledge in Brain-Inspired Spiking Neural Network architectures. The

current study suggests that such SNN architectures demonstrate the ability to

learn and reveal deep in time-space functional and structural patterns from spatio-

temporal data. These patterns can be represented as deep knowledge, in a partial

case in the form of deep spatio-temporal rules. The chapter will first present a

theoretical framework of the proposed knowledge representation algorithm. Then

an experimental validation of the proposed learning model will be presented

to show the feasibility of the proposed framework for revealing the topological

patterns. The proposed framework is a promising direction for building a new

type of Brain-Computer Interfaces.
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7.1 Introduction

Deep learning in ML is inspired by the human’s ability to learn and evolve over time

by creating spatio-temporal connections in the brain’s neural network. A common

organisation of visual information processing can be found in the human brain and

computational models of deep learning CNNs. Long networks of connections, that

are activated at a millisecond time scale, represent deep knowledge as illustrated

on image recognition, speech and language and other cognitive tasks (N. Kasabov

& Benuskova, 2004; N. K. Kasabov, 2018). It has already been demonstrated that

Spiking Neural Networks can be successfully used as computational models to

model not only dynamic data in neuroscience but also other types of temporal data

such as seismic, audio and video data (N. K. Kasabov, 2014; Gerstner et al., 2012,

1997; Masquelier et al., 2009; Maass et al., 2002). The ability to produce non-

synchronous but precisely timed sequence of spikes that were emitted as a result of

strongly connected clusters of spiking neurons is called the polychronisation effect

in Spiking Neural Networks (Izhikevich, 2006). Such polychronous groups emerge

through synaptic learning such as Spike Time Dependent Plasticity learning when

as SNN is exposed to recurrent spatio-temporal stimuli.

This study suggests that Brain-Inspired Spiking Neural Network architectures

can learn and reveal deep in time-space functional and structural patterns from

Spatio-temporal data. These patterns can be represented as deep knowledge, in a

partial case in the form of deep spatio-temporal rules. This is a promising direction

for building new types of Brain-Computer Interfaces called Brain-Inspired Brain-

Computer Interfaces. This chapter will address the following research question.

• RQ3: Based on the abilities of SNN for deep learning, can SNNs

be used to construct an interpretable machine learning model that

represents deep knowledge as spatio-temporal rules?
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Several recent studies point out the less interpritablity of of deep learning

models and propose different approaches to improve the interpretability of deep

neural networks. Chakraborty et al. (2017) present a review of different attempts

for enhancing the interpretability of machine learning models. Ribeiro et al. (2016)

proposed Local Interpretable Model-Agnostic Explanations (LIME) framework

that can be applied on multiple machine learning algorithms to extract inter-

pretable and human understandable representations of data. A recent ’in-silico’

study on the digital reconstruction of a rat neocortical microcircuitry using spiking

neurons suggests that the brain learns from stimuli to create new dimensions in

a dynamically evolved connectionist structure to provide a missing link between

structures and functions over time (Reimann et al., 2017). Convolutional SNN

has been developed for audio-visual information processing (Wysoski et al., 2010)

and also for predicting cognitive events from neurological signals (Sakhavi et al.,

2015; Tabar, Yousef Rezaei and Halici, 2016; J. Liu et al., 2015; Mao et al., 2017).

It has been observed that such deep learning ML models can better reveal the

complex dynamics of the information processing in the brain than the conventional

vector-based ML methods.

Based on the abilities for deep learning, this research explores the feasibility

of SNNs to represent deep knowledge from spatio-temporal brain data, learned

in a BCI. The study assesses the possibility of articulating and interpreting this

knowledge for a better understanding of brain dynamics and the creation of

more sophisticated neural decoder for Brain-Computer Interfaces. A theoretical

framework and its experimental validation on deep knowledge extraction and

representation using SNN are presented. The proposed methodology was applied in

a case study to extract deep knowledge of the functional and structural organisation

of the brain’s neural network during the execution of a Grasp and Lift task.

The experimental validation shows that the the proposed approach successfully
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extracted the neural trajectories that represent the dorsal and ventral visual

information processing streams as well as its connection to the motor cortex in

the brain. Deep spatio-temporal rules on functional and structural interaction

of distinct brain areas were then used for event prediction in the BCI. The

computational framework can be used for unveiling the topological patterns of the

brain, and such knowledge can be effectively used to enhance the existing neural

decoders for non-invasive Brain-Computer Interfaces.

The findings from this study make several contributions to the existing BCI

literature. Firstly, this study shows that the proposed brain-inspired SNN ar-

chitecture can be effectively used to model the spatio-temporal brain dynamics

during cognitive tasks. Secondly, such knowledge can be effectively used not

only to predict the cognitive states of the brain to operate a BCI but also to

understand the brain dynamics during a cognitive task through the presented

BI-BCI. Thirdly, this chapter establishes a methodological framework for effect-

ively merge the already known knowledge about the brain’s functionality from

neuroscience studies with machine learning research to enhance the interpretability

of BCI’s. The chapter presents a theoretical framework, its implementation and

experimental validation of a brain-inspired SNN-based approach for deep learning

and knowledge representation on spatio-temporal data. It also presents a novel

brain-inspired methodology to analysing trained SNN models to represent new

knowledge and understanding of the underlying cognitive processes that generated

the data.

The rest of the chapter is organised as follows. The next section briefly explains

the theoretical framework on deep knowledge extraction using the proposed BI-

SNN architecture followed by the methodology presented in section 7.3. Section

7.4 states the experimental validation of the proposed methodology. Results are

presented in section 7.5 followed by the discussion and significance of the study
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presented in section 7.6.

7.2 Theoretical Framework

7.2.1 Definition of Deep Knowledge

Deep knowledge is what the human brain learns and manifests all the time, exem-

plified by: listening or playing musical pieces, playing a game, visual perception,

predicting the movement of a predator, all sorts of cognition, decision making,

consciousness, and everything else the brain does.

Deep knowledge as defined in (N. K. Kasabov, 2018), represents an informative

spatio-temporal pattern of events that happen in space and time in their inter-

action, and this representation can be interpreted and comprehensible through

symbolic and/or numerical expressions.

The repetitive sequences of spatio-temporal activities of distinct brain areas,

together with their probabilities of being active after one another (referred as the

transition probability - P({from-state},{to-state}) ), form neural trajectories that are

deep in space and time. Such trajectories can be retrieved using fuzzy or crisp

rules. A hypothetical example is given below and illustrated graphically in figure

7.1 (see (N. K. Kasabov, 2018) for more information).

For a set of events Efrom-state, to-state, that form a neural trajectory in space S over

the time t at a probability of P({from-state}, {to-state}) that trigger a transition from

the previous state to the current state through the function Ffrom-state, to-state, a

crisp or fuzzy depending on the nature of the membership function that determine

the state transitions rule-base can be extracted and represented according to the

following format.

Qn = f crisp(En,t, et)
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where En,t is the known neural trajectory of the n number of spatio-temporal

patterns over the time t and the et is the observed neural trajectory of the test

spike sequence.

Each spatial location is defined as a cluster of spiking neurons and acts as a

binary unit depending on its activation level. Thus, there are 2l number of different

states where l is the number of different spatial locations. Several parameters can

be used to determine the level of activation, such as the average spike rate of the

cluster and the number of synaptic connections with significant weight change

during Spike Time Dependent Plasticity learning. The event Efrom-state,to-state

denotes an event that triggers a state transition at time T and can be represented

in the following format.

Efrom−state,to−state = (Ffrom−state,to−state, Sto−state, Tt, Pfrom−state,to−state) (7.1)

where Ffrom-state, to-state is the function that triggers the state change, Sto-state

is the active neural clusters at time Tt and the Pfrom-state, to-state is the transition

probability of the two states.

P(n,t,Efrom-state,to-state) denotes the transition probability of the nth pattern (Qn)

at the time interval t and obtained using the following equation.

P(n,t,Efrom−state,to−state) =
∑

S
Sfrom−state=1∑

S
Sto−state=1(qSfrom−state,t−1 ∧ qSto−state,t)

N
(7.2)

where S is the set of neural clusters, q is the activation level of each neural

cluster, and N is the number of training samples.
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7.2.2 A Hypothetical Example

The above theoretical framework is illustrated by the following hypothetical

problem presented below and illustrated graphically in figure 7.1.

(a) Activation level of the samples over time

(b) probabilities of transition over time

(c) State-space, truth table and state transition over time

Figure 7.1: Hypothetical example

Figure 7.1a depicts the activation level (q) of three neural clusters (S = {S1,

S2, S3}) over five time bins (t={t1, t2, t3, t4, t5}).

The transition probabilities of each state (P(n,t,Efrom-state,to-state)) between two

adjacent time intervals are presented in figure 7.1b and the neural trajectory of

the spike pattern is extracted by applying a transition probability threshold. The

extracted trajectory is highlighted in blue color.

Figure 7.1c shows all possible events and the truth table for the hypothetical
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problem. The neural trajectory is presented as a sequence of state transitions

that happen over time in 7.1c. Each state is labeled using the neural clusters

which are active. For instance, S{1} is to indicate the state in which only the S1

is active and S2 and S3 are not active. S{} indicates the state which does not

show activity in any of the neural clusters. The brightness of the arrow indicates

the relative time of each state transition.

(a) Macrostates and state transition probabilities of two different spatio-temporal spike patterns

(b) State-space and state transitions of the two spatio-temporal spike
patterns

Figure 7.2: Neural trajectories for two different spatio-temporal spike patterns

Therefore, a deep crisp rule related to the events above can be presented in

the following form:
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IF (E({1},{1}) ∶ F({1},{1}), S{1}, t1, P({1},{1}))

AND(E({1},{3}) ∶ F({1},{3}), S{3}, t2, P({1},{3}))

AND(E({3},{2}) ∶ F({3},{2}), S{2}, t3, P({3},{2}))

AND(E({2},{2}) ∶ F({2},{2}), S{2}, t4, P({2},{2}))

THEN(Q = Q1)

(7.3)

The neural trajectories for two different spatio-temporal spike patterns are

highlighted using their transition probability matrices in figure 7.2a. The extracted

trajectories are highlighted in red and green colors. Figure 7.2b shows the

transitions of each pattern in the state space. Therefore the corresponding label

(n) of a given test spike sequence can be determined using,

Qn = fcrisp(En,t, et) (7.4)

Qn = f crisp(

⎡
⎢
⎢
⎢
⎢
⎢
⎢
⎣

E1,1 E1,3 E3,2 E2,2

E1,2 E2,1 E1,3 E3,2

⎤
⎥
⎥
⎥
⎥
⎥
⎥
⎦

, [E1,2 E2,1 E1,3 E3,2])

The above-defined type of knowledge is characterised by the following features.

It represents informative patterns of multimodal data, deep in time (theoretically

unconstrained) and in space (when dealing with spatio-temporal data). The

knowledge is adaptable in an incremental, theoretically ‘life-long’ way. The

knowledge is not restricted by fixed structures. The knowledge is obtained

in supervised-, unsupervised or semi-supervised modes. The knowledge can be

interpreted for a better understanding of the data and the processes that generated

it. The knowledge can be used for early and accurate future event prediction.

Deep knowledge acquired in the human brain is manifested from numerous

spatio-temporal events that happen when the spatially distributed neuronal
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populations coordinate together to accomplish a common goal. Representation

of such deep knowledge depends on the chosen spatial and temporal scale. Each

scale has its own significance for information representation. Thus, the selection

of a proper spatial and temporal scale is important to solve the problem at hand.

Different spatial and temporal scales of knowledge representation emerge the

granularity of deep knowledge.

7.2.3 Knowledge Granularity

Groups of events that happen at a similar time in a similar place can be integrated

together in larger spatio-temporal clusters, or knowledge ‘granules’, thus the term

deep knowledge granularity. The hierarchical organisations of neuronal activity can

be interpreted as ‘knowledge granularity’. Being one of the emerging computing

paradigms of information processing, granular computing considers a specific type

of representational entities called ‘granule’ that arise as a result of abstraction and

knowledge extraction from data. Such collection of complex information entities,

together with their associated functionalities, indicate meaningful patterns of

information and thus can be used for better understanding of the underlying

processes. Optimal spatio-temporal resolution and spatio-temporal depth of the

patterns and granularity of knowledge representation for a given task is difficult

to define; it very much varies across tasks and problems and is often restricted by

the measured data.

The time resolution or temporal depth indicates how deep in time the knowledge

is represented. According to the algorithm for extracting active brain areas

(algorithm 3), the size of the time bin ty defines how deep in time the knowledge

is represented. This ranges from seconds to milli-seconds level for detecting hand

movements from EEG.
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The spatial resolution or the spatial depth indicates how deep in space the

knowledge is represented. The SNN framework allows the formation of spatial

clusters at different anatomical levels according to the brain atlas used for placing

the spiking neurons of the hidden layer in the 3-dimensional space. The analysis

presented in the chapter considers four levels of spatial depth according to the

Talairach Brain Atlas. In a top-down approach, the analysis of neuronal clusters

starts from the whole brain network level. At the next level, the spatial resolution

is expanded to the hemispheric level. From each hemisphere, the knowledge is

further scaled-up to the different lobes of the brain and finally, to the different

Brodmann areas in each lobe.

7.3 Deep knowledge representation and extrac-

tion in the NeuCube Spiking Neural Net-

work architecture

In N. K. Kasabov (2014) a Brain-inspired-Spiking Neural Network (BI-SNN) archi-

tecture was introduced and illustrated called NeuCube (Fig. 3.7). The proposed

methodology of the BI-SNN is grounded in a NeuCube-like SNN architecture. A

detailed description about the generic NeuCube SNN framework was presented in

section 3.11.
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7.3.1 Mapping the anatomical neural populations in the

brain with the 3D spiking neuron coordinates of the

NeuCube

In the brain’s organisation, distinct anatomical regions represent defined brain

functions. For instance, the neural populations in the Occipital lobe correspond

for vision, while the neural populations in the Temporal lobe correspond for

hearing. First, this approach integrated a mechanism to map the activities of the

spiking neurons in the NeuCube, which are arranged in a 3D space according to a

brain template with the defined anatomical regions in the human brain. It was

hypothesised that the activities of a neural population in a particular anatomical

region could be approximated up to a certain extent by the activities of the spiking

neurons in the corresponding 3D space.

In NeuCube, each spiking neuron corresponds to a small 3D area of the brain

(e.g. 1 cm3). The Talairach brain atlas provides spatial information in a 1

mm3 resolution and is arranged in a hierarchical order. These levels include

the hemisphere, lobe, type of tissue (i.e. grey matter/white matter) and cell

type (i.e. Brodmann area) of each 1 mm3 in the 3D space of the brain. By

using this hierarchy, each 3D spiking neuron coordinate was annotated with the

corresponding anatomical region in the human brain. Therefore the activities of

a certain spiking neuron can be associated with the corresponding anatomical

region in the human brain.

The NeuCube SNN framework provides a list of brain coordinates extracted

from the Talairach brain atlas and approximate mapping of 65 EEG channel

locations for initialising the 3-dimensional SNNCube. These coordinates were

extracted from the Talairach Daemon which can be accessed through the Talairach

Applet or the Talairach Client from the following URL -http://www.talairach.org/

http://www.talairach.org/daemon.html
http://www.talairach.org/daemon.html
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daemon.html (Talairach Daemon, n.d.). In addition, the corresponding NIfTI

(Neuroimaging Informatics Technology Initiative) files that represent neuroimaging

data correspond to the brain coordinates that represent different aspects of can be

downloaded from the following URL - http://www.talairach.org/nii/. Although

the list of brain coordinates distributed with the NeuCube software is sufficient for

conducting a decent level of analysis of spatio-temporal brain dynamics; increasing

the number of neurons in the NeuCube, assigning anatomical labels to them,

increasing the number of EEG channels or using an EEG coordinate system other

than the 10-20 convention is not feasible with the available resources. Since the

current study investigates the knowledge representation of brain-inspired Spiking

Neural Network architectures at different granularity levels, the above limitations

restrict the ability to generalise the proposed approach to a broader analysis level.

Therefore, the following source codes were implemented to address the above

technical limitations.

Extracting brain coordinates from the Talairach brain atlas

The current study extracted brain-coordinates using the SPM12 (Statistical

Parametric Mapping) Matlab toolbox (SPM - Statistical Parametric Mapping,

n.d.). The different types of coordinates considered for this analysis, such as

EEG channel locations, brain atlases usually follow different coordinate systems.

They need to be transformed into a single coordinate system before mapping

the EEG locations into the corresponding brain areas. There are tools such as

Brainstorm(Software, n.d.) that supports these transformations. The Matlab

source code presented in Appendix A.3.1 extracts brain coordinates from a given

brain atlas, approximately maps a given set of EEG channel locations into the

extracted brain coordinates and assign labels to associate anatomical information

with the extracted coordinates.

http://www.talairach.org/daemon.html
http://www.talairach.org/daemon.html
http://www.talairach.org/nii/
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For approximately map the extracted EEG channel locations with the brain

coordinates extracted from a particular brain atlas, both coordinates should

be first transformed into a common coordinate system. In this study, both

EEG channel locations and brain coordinates extracted from the Talairach brain

atlas was transformed into MNI coordinate system for this purpose using the

Brainstorm Matlab software package (Wildetudor & Francois, 2014). The source

code presented in Appendix A.3.2 implements this transformation and performs

EEG mapping. The Euclidian distance between a particular EEG channel location

and the extracted brain coordinates was first calculated, and the brain coordinate

corresponds to the minimum Euclidian distance was selected as the corresponding

3-D coordinate of the EEG channel.

The coordinates were uploaded as a single CSV file to the Talairach client to

assign the anatomical labels to the extracted brain coordinates. The Talairach

client then retrieves the approximate brain regions corresponds to each 3-D

coordinate. Appendix A.3.3 includes the Matlab source code implemented to

convert the extracted nominal labels into numerical values.

Figure 7.3 depicts the initialisation of the experimental BI-SNN using the

extracted 3-dimensional brain coordinates and their corresponding anatomical

locations.

Since the EEG mapping of the NeuCube SNN architecture is based on the

Talairach brain atlas, which contains the 3D coordinates of both cerebellum and

cerebrum, the proposed Brain-Inspired Brain-Computer Interface architecture can

represent both cerebrum and cerebellum activity together in the model. This

architecture allows the BI-SNN model to utilise multiple brain networks that

involve both the cerebrum and cerebellum.



Chapter 7. Deep Learning and Deep Knowledge Representation in Spiking Neural
Networks for Brain-Computer Interfaces 245

(a) Initialisation of the BCI

(b) Anatomical location identifiers for mapping 3-D co-
ordinate

Figure 7.3: Initialisation of the NeuCube SNN using 3-D brain coordinates and
mapping these coordinates with the anatomical locations of the brain using the
Talairach brain atlas
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7.3.2 Parameters for detecting active spatial clusters

Several parameters were introduced to quantify the activation level of an individual

spiking neuron, a cluster of spiking neurons and its interaction with the other

clusters as they evolve over time. They can be mainly divided into two categories

as structural and functional parameters. The number of synapses of a certain

neural cluster that shows a significant synaptic weight update during STDP

learning was obtained as a measure of structural change as the SNN evolve over

time. The spike rate of a spiking neuron and the average spike rate of a neural

cluster during recalling were obtained as a measure of functional changes of the

SNN.

7.3.3 Transition probability matrix

The probability of transitioning from one state to another in the state space

created by different neural clusters was obtained using the above parameters that

measure the activation level. This is a 3D matrix where each element represents

the probability of transitioning from a particular state to another state at a certain

time interval.

7.3.4 Neural trajectory

The significant neural trajectories were obtained using the transition probability

matrix and visualised in the 3D space.

7.3.5 Knowledge granularity and representation

A spatial cluster of neurons associated with a specific functionality can be con-

sidered as a granule structure. A hierarchical structure can be formed through

several levels where each level consists of granules at the same hierarchical level.



Chapter 7. Deep Learning and Deep Knowledge Representation in Spiking Neural
Networks for Brain-Computer Interfaces 247

For instance, in a higher abstraction level, neuronal clusters spatially located in

frontal and parietal lobes can be considered as two distinct granules. In terms of

functionality of each granule structure, the frontal lobe is associated with motor

functions and decision making while the parietal lobe is associated with sensory

information processing. At a deeper level of the hierarchy, the primary motor

cortex (Brodmann area 4) which is located in the frontal lobe can be identified

as a separate granule structure. In terms of functionality, it is associated with

planning and executing movement which is a more focused activity type related

to movement execution. The brain-inspired NeuCube SNN framework presented

in this chapter enables knowledge representation abstracted according to distinct

spatial and temporal resolutions.

During training we use the algorithm 3 for extracting deep spatio-temporal

rules using the Brain-inspired Spiking Neural Network.

7.4 Experimental Validation

The feasibility of obtaining the underlying neural trajectory during a cognitive

task using the above describe framework was evaluated using a case study on

Brain-Computer Interface. This case study examines the feasibility of extracting

the dynamic interactions of distinct brain regions when grasping an object using

the Brain-inspired Spiking Neural Network algorithms presented in section 3.11.

Using the NeuCube algorithms from section 3.11, a BCI is created for analysing

deep spatio-temporal patterns and knowledge extraction. The extracted dynamic

patterns are presented as a set of spatio-temporal rules and applied to predict the

onset of a grasping movement using the proposed BI-BCI framework.

Here an SNN architecture for BCI which consider the dynamics of the whole

brain network in a spatio-temporal manner. The knowledge extracted indicates
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Algorithm 3 Algorithm for Extracting Deep spatio-temporal Rules
Input: Si, input signals (i.e. EEG); An, 3-D coordinates of the neurons in SNN;

ln, spatial cluster ids of each neuron in SNN; Ai, 3-D coordinates of each input
channel

Parameters: thencode, threshold for spike encode; dswr, small world radius;
thcluster, threshold to select active spatial clusters; thrule, threshold to se-
lect spatial clusters to generate spatio-temporal rules

Output: π, a set of deep spatio-temporal rules
Generic NeuCube process:

1: Encode input signals into spikes: sinput = fencode(Sinput, thencode)

2: Initialise SNN using 3-D coordinates of spiking neurons: Winit = finit(Ahidden =

[xn, yn, zn], dsmr)

3: Map input channel locations into 3-D space of SNN Ainput =

min(deuclidean([xhiddeni
, yhiddeni

, zhiddeni
], [xchannelj , ychannelj , zchannelj]))

4: Perform unsupervised learning in SNN using STDP learning rule
Extraction of deep spatio-temporal rules:

5: Get spike response of the leaky integrate and fire spiking neurons in the trained
SNN for training spikes

6: Get activation state of of each spatial cluster in each time bin qn,t =
fstate(∑

k
i=1

rn,i

k ) where rn,i is the firing rate of the ith neuron in the nth spatial
cluster during the time bin t; fstate(x) = 1 if x >= thcluster and fstate(x) = 0
otherwise

7: Get the probability of each spatial cluster being active at each time bin
Pn,t =

kactive
kactive+kinactive

where kactive is the number of occurrences of nth cluster
being active at tth time bin during all training samples and kinactive is the
number of occurrences the same cluster not being active during the same time
bin

8: Select spatial clusters Eevent ⊆ U using n = f(Pn,t ∶ ∀n, thrule) where t is the

event onset time bin, n ∈ Eevent and f(x) = {
n if x >= thrule

{} otherwise

9: Generate a set of fuzzy/crisp rules for the event using Eevent
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where (space) and when (time) the activities take place and such knowledge can

effectively be used in many BCI applications.

7.4.1 Description of the dataset

In this case study we have used the WAY-EEG-GAL (WAY: Wearable interfaces

for hAnd function recovery, EEG: Electroencephalography, GAL: Grasp-And-Lift)

dataset (Luciw et al., 2014a, 2014b). A detailed description of the dataset was

presented in section 4.4.

7.4.2 Pre-processing

First, the EEG signals were filtered using a band-pass filter (low-pass cutoff: 12

Hz and high-pass cutoff: 30Hz) and encoded into spike trains using the Threshold-

based encoding algorithm. These input spikes were then used to build the BI-BCI

using the NeuCube spiking neural network architecture. Learning in the BCI

was achieved using the Spike Time Dependent Plasticity learning rule. This rule

quantifies the efficiency of transferring information from a presynaptic neuron to

postsynaptic neuron based on the difference of spike timing of both neurons. The

STDP learning results in evolving connections depending on the firing time of pre

and postsynaptic neurons.

7.4.3 Data extraction

EEG samples of seven events that occur during a grasp-and-lift trial were extracted

using the Electromyography, force, kinematics and status of the LED of each trial.

The starting time of each event is detected using these behavioural signals as

below.

1. Cue onset: 0s to 0.5s after the time the LED was switched on
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2. Motor planning: 0.5s to 0s before the mean EMG signal from all EMG

sensors exceed a threshold

3. Movement onset: 0.5s to 0s after the mean EMG signal from all EMG

sensors exceed a threshold

4. First touch the object: 0s to 0.5s after the mean of the force signal exceeded

a threshold

5. Hold object on air: 0.5s to 1s after the mean of the force signal exceeded a

threshold

6. Release (movement offset): 0.5s to 0s before the mean EMG signal from all

EMG sensors went below a threshold

7. Rest: 0s to 0.5s after the mean EMG signal from all EMG sensors went

below a threshold

7.4.4 E3: Analysis and Knowledge Representation using

BI-SNN framework

The input signals were then processed by the NeuCube BI-SNN framework. The

dataset was divided 50:50 ratio as training:testing. The input signals were encoded

into input spike trains using the modified threshold-based encoding algorithm.

Then the BI-SNN was initialised using the 3D coordinates of spiking neurons

with random initial synaptic connections as defined by the small-world radios.

The input neurons were mapped to the 3D SNN cube using the EEG channel

locations and the anatomical mapping was performed using the corresponding

anatomical labels of the Talairach brain atlas. The spiking neuron with the

shortest Euclidean distance to the actual EEG channel location in a common
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3D coordinate system was selected as the input neuron of the input signal. For

each one of the seven events extracted during the GAL task, deep unsupervised

learning was performed using the same initial connection weights and the modified

STDP learning algorithm using training data. The training input data was then

propagated again on the trained BI-SNN to extract the polychronising spike

patters. The synaptic connections and spike trains were analysed for knowledge

extraction. Activation of slightly different clusters of neurons at slightly different

times in their sequence forms a fuzzy/crisp rule. Thus, such a fuzzy rule allows for

the event reach-to-grasp to be recognised. Finally, the extracted knowledge was

evaluated by recalling the test input spike trains on the trained BI-SNN model.

7.5 Results and Discussion

The deep knowledge extracted from the BI-SNN represents an informative pat-

tern of multi-modal and multi-dimensional data, deep in time and space. The

knowledge is interpretable for a better understanding of the data and the pro-

cesses that generated it. Here the deep knowledge is presented in two different

forms. Firstly, the BI-SNN framework was used to represent knowledge of the

functional organisation of neural clusters in the brain during the execution of a

GAL movement. Secondly, we represent knowledge on the trajectories of synaptic

evolution in sensory and motor areas of the brain during a GAL task.

7.5.1 Functional organisation of neural clusters

For each participant, a subset of brain areas that indicate a specific combination

of activation level during each of the events was selected. This subset of brain

areas forms a meta-state-space and was used to distinguish the events. The

brain areas that form the meta-state-space which are common for a majority
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of participants includes primary and secondary visual cortex, posterior parietal

lobe that forms the dorsal pathway of vision, the inferior temporal area which

forms the ventral pathway of vision, motor cortex and prefrontal cortex. However,

since the organisation of the brain’s neural network differ from person to person,

it is difficult to find a common representation for all participants. Thus, the

brain areas of the meta state which are common for more than three participants

together with their order of being active over time are highlighted in figure 7.4.

The temporal resolution for the analysis is 4bps (2-time bins for each sample).

Table 7.1 summaries the functional significance of the brain areas of the

extracted elements of the meta-state observed in previous neuro-imaging literature.

The information obtained through the above spatio-temporal analysis is used

to form deep knowledge and fuzzy/crisp rules were obtained. These rules are used

by the inference engine for deducing information. Two different crisp rules that

can be used for predicting movement intention can be written as follows.



Figure 7.4: Functional organisation of different brain areas for executing a GAL
task (number of participants = 12)



Table 7.1: Functional significance of the brain areas of the meta-state

Brodmann area Description Functions
BA17, 18 Occipital lobe - Primary (V1) and sec-

ondary (V2) visual cortex
Vision: Observe light intensity Goodyear and Menon (1998); Chen et al.
(1998); Moradi et al. (2003), Monitor and discriminate colors Claeys et al.
(2004), Visual memory and primingSlotnick and Schacter (2006), Visual
attention Smith et al. (2006), Visuo-spatial information processing Waberski
et al. (2008)

BA37, 20, 21 Temporal lobe - Middle and inferior
temporal areas

Memory:Episodic encoding Leube et al. (2001), Visual fixation Richter et al.
(2004) Attribution of intention Brunet et al. (2000), Attention to color Le et
al. (1998)

BA22 Temporal lobe Superior temporal cor-
tex (part of Wernicke’s area)

Sound: Speech processing Brown et al. (2006), auditory attention and dis-
crimination of voice Nakai et al. (2005)

BA42 Temporal lobe Primary auditory cor-
tex

Sound: sense of hearing J. Upadhyay et al. (2008), sentence comprehension
Tulving et al. (1994)

BA39 Parietal lobe Angular area (part of
Wernicke’s area)

Attention: Processing a sequence of actions Crozier et al. (1999), executive
control Kübler et al. (2006)

BA7 Parietal lobe Somatosensory associ-
ation cortex

Attention:manipulation and planning of goals Fincham et al. (2002), Visuospa-
tial attentionMorton et al. (2009), visuo-motor coordination Ohgami et al.
(2004), construct an understanding of the object being felt Reed et al. (2005);
Caselli (1993)

BA5 Parietal lobe Somatosensory associ-
ation cortex

Somatosensory:visuo-motor coordination Ohgami et al. (2004) tactile object
recognition Reed et al. (2005); Caselli (1993) working memory Yoo et al.
(2004)

BA3,2 Parietal lobe Primary somatosensory
cortex

Somatosensory:Localize touch, vibration, pain and temperature Overduin
and Servos (2004); Casey et al. (1996), Sense of body and fingers Overduin
and Servos (2004), move hand Mima et al. (1999); Bernard et al. (2002)

BA40 Parietal lobe Inferior parietal lobule Attention: visuomotor transformation Meister et al. (2004) somatosensory
spatial discriminationAkatsuka et al. (2008); Milner et al. (2007), motor
planning Fincham et al. (2002)

Continued over page . . .



Table 7.1: Functional significance of the brain areas . . . (continued)

Brodmann area Description Functions
BA8 Frontal lobe Supplementary motor

area
Motor:voluntary movement intention, contributors to early stage pre-
movement activity, preparation and readiness for voluntary movement (i.e.
planning motor synergies)Cunnington et al. (2003); De Waele et al. (2001),
visuospatial and visuomotor functions Cheng et al. (1995)

BA6 Frontal lobe Pre-motor cortex Motor:Action planning Schubotz and von Cramon (2002); Bischoff-Grethe et
al. (2004), Start movesDagher A and DJ (1999)

BA4 Frontal lobe Primary motor cortex Motor: executing motor movementsA. Georgopoulos et al. (1982); Schwartz
et al. (1988); A. Georgopoulos et al. (1988); Kettner et al. (1988), Move
hands Nakayama (1997)

BA10 Frontal lobe anterior prefrontal cortex Executive functions: working memory Pochon et al. (2002); J. Zhang et al.
(2003) recognition and recall Ranganath et al. (2003)

BA44 Frontal lobe ventral premotor cortex
(part of Broca’s area)

Executive functions:working memory J. Zhang et al. (2003) object manipula-
tion Binkofski et al. (1999)

BA47 Frontal lobe Inferior frontal area Executive functions:working and episodic memory J. Zhang et al. (2003);
Ranganath et al. (2003)
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7.5.2 Trajectories of structural evolution

The trajectories of synaptic evolution for each participant were obtained after

STDP learning. The activation level of a synaptic location was determined by

the number of synapses with significant synaptic weight increase compared to the

resting state. The probability of two synaptic locations on increasing the synaptic

weight after one another (the trajectory of synaptic evolution) was obtained using

the STDP connection weights of the 12 participants.

The analysis highlights synaptic evolution in the occipital, parietal, temporal

and frontal areas of the brain. Synaptic evolution starts from the primary and

secondary visual cortex in the occipital lobe after the cue is presented. This may

influence synaptic evolution in the somatosensory and somatosensory association

cortex in the parietal lobe, as well as the middle and inferior temporal areas of

the temporal lobe. This corresponds to the dorsal (from occipital to parietal lobe)

and ventral (occipital to temporal lobe) steams of visual information processing in

the human brain. Similarly, observing the cue also influences synaptic evolution

in the motor cortex, specifically in the supplementary motor cortex, premotor

cortex and primary motor cortex. Figure 7.6 shows synaptic evolution of a single

participant during the six events with respect to the resting state.
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(a) Cue onset (b) Motor planning

(c) Movement onset (d) Touching the object

(e) Holding the object (f) Release object

Figure 7.5: Changes in activation level of the brain areas that form different
microstates using the selected brain areas



Figure 7.6: Synaptic connections during rest and rest vs other events during a GAL task
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This knowledge can further be elaborated and converted into meaningful

representations using the knowledge granularity permitted by the proposed BI-SNN

framework. The knowledge extracted at different granularity levels improves event

prediction from EEG signals in BI-BCI while revealing the underlying biological

process that generated the signals. Among several important representations of

knowledge, transfer of information from sensory areas to motor areas and vice

versa as shown in figure 7.7 helps to improve the state-of-the-art in sensorimotor

rhythm-based BCI.

In figure 7.7a BI-SNN reveals synaptic evolution observed in the ventral pathway

(’what’ pathway) of visual information processing which consists of the visual

cortex, middle and inferior temporal areas and Wernicke’s area. As summarised

in table 7.1, these areas involve the recognition of the visual cue. Simultaneously,

synaptic evolution along the dorsal pathway (’where’ or ’how’ pathway) of visual

information processing was also highlighted. This includes the visual cortex,

somatosensory association cortex and primary somatosensory cortex. In addition,

synaptic evolution was also observed in the ventral pre-motor cortex (part of

Broca’s area). As stated in the 7.1, previous neuroimaging studies have found the

involvement of these areas in motor planning. Only a subset of parietal areas such

as primary somatosensory cortex was specifically reactivated when the object is

touched.

Figure 7.7b highlights the trajectories of synaptic evolution in motor areas

during the GAL task. These areas include the supplementary motor area, primary

motor cortex and primary somatosensory cortex during motor planning and

movement execution. In addition, synaptic evolution was also observed in the

pre-motor cortex after the movement onset.
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(a) Sensory

(b) Motor

Figure 7.7: Transfer of information from sensory to motor and vice versa (SMA:
Supplementary Motor Area, PMC: Primary Motor Cortex, PSC: Primary Soma-
tosensory Cortex, SAA: Somatosensory Association Area, V1: Primary Visual
Cortex, V2: Secondary Visual Cortex, ITA: Inferior Temporal Area, WA: Wer-
nicke’s area, FEF: Frontal Eye Field)
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(a) Hemisphere

(b) Lobe

(c) Cellular

Figure 7.8: Granularity of knowledge in space
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7.5.3 Granularity of knowledge

One of the promising features of the presented BI-SNN architecture is its ability

to organise knowledge in a hierarchical order. Such hierarchy forms knowledge

granules. Figure 7.8 highlights the significance of using the most suitable granu-

larity level. It highlights that the neural clusters in the right parietal lobe that

distinguish the subsequent events during a GAL task become prominent only at

the cellular level, as shown in figure 7.8c, but not at the hemispheric (figure 7.8a)

or lobe (figure 7.8b) levels. In addition, discriminating cluster activities such as

the BA44 and BA45 (ventral pre-motor area) in the frontal lobe become apparent

only at the cellular level. Therefore, finding the most informative granularity

level is crucial for solving the problem as different features become significant in

different granularity levels of the hierarchy.

7.5.4 Extraction of Fuzzy/Crisp rules

Activation of slightly different clusters of neurons at slightly different times in their

sequence forms a fuzzy/crisp rule. A crisp rule common for all 12 participants is

stated below.

Let the set of events during a GAL task E = { Ecue-onset, Emotor-planning,

Emovement-onset, Etouch-object, Ehold-object, Erelease-object, Erest} and any arbitrary event

Ei is represented as a function of Ei = (Fi, Si, Ti, Pi) where Fi is the function that

generated the event, Si is the brain areas involve in executing the event, Ti is the

time of event onset and, Pi is the probability of the event. Bellow is the crisp rule

obtained for participant 3 from the BI-SNN framework.

The elements of the meta-state of a GAL task can be denoted as, SGAL ⊂ S

where S is the set of all brain areas in the corresponding spatial granularity level.

For instance, SGAL at the cellular level of the hierarchy can be represented using
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the following subset of Brodmann areas.

SGAL = {SLBA18, SLBA3, SLBA47, SLBA6, SLBA8, SRBA10, SRBA19, SRBA2, SRBA21,

SRBA22, SRBA3, SRBA40, SRBA47, SRBA5, SRBA6, SRBA7, SRBA9}

Scue-onset , Smotor-planning, Smovement-onset , Stouch-object, Shold-object, Srelease-object and

Srest are subsets of SGAL where,

1. Scue-onset = {SLBA18, SLBA3, SLBA47, SLBA6, SLBA8, SRBA10, SRBA19, SRBA2, SRBA21,

SRBA22, SRBA3, SRBA40, SRBA47, SRBA5, SRBA6, SRBA7, SRBA9}

2. Smotor-planning = {SLBA18, SLBA6, SLBA8, SRBA10, SRBA2, SRBA21,

SRBA3, SRBA40, SRBA47, SRBA5, SRBA6, SRBA7, SRBA9}

3. Smovement-onset = {SLBA6, SLBA8, SRBA10, SRBA21,

SRBA3, SRBA47, SRBA5, SRBA6}

4. Stouch-object = {SLBA8, SRBA5}

5. Shold-object = {}

6. Srelease-object = {SRBA21}

7. Srest = {SLBA6, SRBA5}

A crisp rule for predicting a GAL task for participant 3 can be written as,



Chapter 7. Deep Learning and Deep Knowledge Representation in Spiking Neural
Networks for Brain-Computer Interfaces 264

IF(Ecue-onset ∶ F cue-onset, S{cue-onset}, tcue-onset, P>0.8)

AND(Emotor-planning ∶ Fmotor-planning, Smotor-planning, tmotor-planning, P>0.8)

AND(Emovement-onset ∶ Fmovement-onset, Smovement-onset, tmovement-onset, P>0.8)

AND(Etouch-object ∶ F touch-object, Stouch-object, ttouch-object , P>0.8)

AND(Ehold-object ∶ F hold-object, Shold-object, thold-object, P>0.9)

AND(Erelease-object ∶ F release-object, Srelease-object, trelease-object, P>0.8)

AND(Erest ∶ F rest, Srest, trest, P>0.8)

THEN(Q = Qgrasp-and-lift).

where Si = { SPosteriorLobe, STemporalLobe, SLimbicLobe, SFrontalLobe, SAnteriorLobe,

SOccipitalLobe, SMidbrain, SParietalLobe}; then an informative pattern Qreach-to-grasp can

be recognized and classified as below. A deep fuzzy rule related to the grasp

and lift task as shown in the above neural activation pattern can be represented

according to the following form.

7.5.5 Polychronising Neuronal Groups in the trained BI-

SNN

Figure 7.7 depicts the polychronisation effect of the trained BI-SNN for unseen

spike trains. Mean Peri Stimulus Time Histogram (PSTH) of each neural cluster

of the meta-state was obtained to evaluate the ability of the trained BI-SNN to

reproduce a known spike sequence when a similar unseen spike pattern is observed.

The evaluation was performed using approximately 90 unseen testing samples per

event (class) from each participant (90 x 7 =630 samples per participant).

Here we demonstrate the polychronisation effect of several neural clusters that
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belong to the meta-state. Figure 7.9a shows the mean PSTH of the primary

visual cortex. Approximately a similar mean PSTH was observed during all events

of the GAL task from the Secondary Visual cortex (BA18). This indicates the

constant involvement of the Secondary Visual Cortex during the entire GAL task.

Increased PSTH in the Inferior Temporal Area when the participant was cued to

start and stop the movement as per figure 7.9b indicates the involvement of ITA

for identifying the visual cue. Figure 7.8c shows a peak spiking activity in the

BA 8 (Supplementary Motor Area) after cue onset and during motor planning.

Figure 7.7f depicts the involvement of the Primary Somatosensory Cortex for

perception of the cue, planning and executing the movement. The peak PSTH

values observed in the Somatosensory Association cortex (BA5 and 7), as indicated

in figure 7.8d and 7.7e, highlight the neural clusters involved in processing the

sensory information related to touch.

These findings show the ability of the presented BI-SNN architecture to extract

polychronous neural clusters which can describe the complex brain dynamics

that occur during a cognitive process. The trained BI-SNN exhibits reproducible

time-locked firing sequences when a similar unseen spike pattern is presented to

the network.

The brain-inspired SNN BCI framework presented in the chapter reveals essen-

tial patterns that characterise the dynamics of brain activity during a motor task

and these patterns can be represented as knowledge representation, comprehensible

by humans. The extracted knowledge can be presented in a form of deep fuzzy or

crisp rules. Thus, the framework demonstrates manifest deep learning from brain

data during such motor tasks. The extracted knowledge exhibits the following

key features.

The knowledge is adaptable in an incremental, theoretically, ‘life-long’ know-

ledge and the knowledge is not restricted by fixed structures. Figure 7.8 depicts
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(a) Secondary Visual Cortex

(b) Inferior Temporal Area
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(c) Supplementary Motor Area

(d) Somatosensory Association Area (Brodmann area 5)
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(e) Somatosensory Association Area (Brodmann area 7)

(f) Primary somatosensory cortex

Figure 7.7: Polychronisation of the meta-state brain areas for unseen spike trains
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Figure 7.8: Evolving connection weights

Figure 7.9: Predicted movement onset using the spike-trains of the test data using
the crisp rules extracted in section 5

the connectivity matrix of the SNN BCI during different stages of learning. The

connections evolve over time and indicate incremental and adaptive learning.

The deep knowledge is obtained in supervised-, unsupervised or semi-supervised

modes and can be used for early and accurate future event prediction. The pre-

dicted movement onsets from continuous testing EEG samples at 10bps temporal

resolution are depicted in figure 7.9.

7.6 Significance of the study

The human brain consists of a complex yet highly efficient network of neural

clusters that collaborate together to perform a cognitive task. Understanding

the complex spatio-temporal brain dynamics is important for improving many

applications. This chapter proposed a Brain-Inspired Spiking Neural Network

architecture which can learn and reveal deep in time-space functional and structural
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patterns from spatio-temporal data. The chapter presented an algorithmic pipeline

to explore the functional and structural interactions of brain networks in different

granularity levels using the generic NeuCube SNN framework. The experimental

validation shows the feasibility of creating a new type of BCI’s called Brain-

Inspired Brain-Computer Interfaces using the deep knowledge extracted from the

BI-SNN architecture.

The approach could be used for the creation of a wider class of BI-BCI across

different applications. Here it was applied to characterize the cortical activity

during a cued grasp and lift movement. A sub-set of meaningful functional

interaction patterns were obtained, and reasoning was performed using fuzzy/crisp

rules by an inference engine. The results suggest that the BI-SNN architecture

can extract polychronising neuronal groups that contribute to executing a GAL

task. Further, the findings were compared with the previous neuroimaging studies

and it is evident that the findings are in accordance with these physiological

studies. The findings suggests that the proposed BI-SNN framework is able to

unveil dynamic topological patterns of human brain networks and such knowledge

can be effectively used to enhance the state-of-the-art in BCI. This knowledge

representation framework will be used to extract spiking activity from different

regions of interest in the brain to construct the proposed Brain-Inspired Brain-

Computer Interface presented in chapter 9.

7.7 Summary of the chapter

This chapter proposed a spike-based generic algorithm for extracting deep spatio-

temporal knowledge from Brain-Inspired Spiking Neural Network architectures.

A theoretical framework, the corresponding algorithmic pipeline and the relevant

source code segments for implementing the proposed algorithm were presented
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in this chapter. The neural trajectories during grasp and lift movements were

extracted by using the proposed knowledge representation algorithm. The analysis

demonstrated the feasibility of revealing the topological patterns during a cognitive

task such as grasp and lift movements. The proposed framework is a promising

direction for building a new type of Brain-Computer Interface called Brain-Inspired

Brain-Computer Interfaces. The next two chapters will describe the proposed

Brain-Inspired Brain-Computer Interface system that integrates these generic

methods for building a novel type of Brain-Computer Interface.

7.8 Contributions

• This study proposed a methodology for extracting deep knowledge from

brain-inspired Spiking Neural Network architectures

• The research developed learning algorithm for knowledge extraction and

implemented in Matlab

• The research extended the generic NeuCube framework by integrating the

proposed knowledge representation algorithms to enhance the interpretability

of the NeuCube SNN architecture

• The chapter presented an algorithmic pipeline to extract deep knowledge

from SNNs

• The research experimentally validated the proposed knowledge representation

framework through a case study on extracting deep knowledge of the spatio-

temporal organisation of the brain’s cortex during grasp and lift movements
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Chapter 8

FaNeuRobot: A Framework for

Robot and Prosthetics Control

using the NeuCube Spiking

Neural Network Architecture and

Finite Automata Theory

“Science is magic that works.”

Kurt Vonnegut - a writer

Chapter Overview

Previous chapters proposed two spike-based generic methods for constructing an

interpretable machine learning model which could incrementally learn to predict

complex spike sequences from stochastic data streams. These methods show

the feasibility of constructing a novel Brain-Inspired Brain-Computer Interface

273
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system which can effectively address several limitations of current restorative

BCIs. This chapter presents a proof of concept on decoding hand movements from

EEG signals using Spiking Neural Networks and evaluates the feasibility of the

proposed SNN-based neural decoder to control a prosthetic hand. The proposed

FaNeuRobot frameworks is a motor control framework for prosthetic control

through Brain-Computer Interface that integrates a Finite Automata with the

NeuCube evolving Spiking Neural Network architecture. This preliminary study

investigates the feasibility of a cognitive computational model that is inspired by

the muscle synergies for motor control in human upper limb to perform continuous

control of the prosthetic hand through a non-invasive Brain-Computer Interface.
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8.1 Introduction

The precise temporal activation of muscle synergies is an essential requirement

for enabling object manipulation in humans. The intuitive manipulation of a

prosthetic hand through a non-invasive neural interface such as a Brain-Computer

Interface requires the computation of kinematics and kinetics of fingertips for

achieving such a task through a BCI. Decoding such information from EEG useful

for restorative non-invasive BCI is a challenging task.

A typical recording of an EEG electrode represents the accumulated activity

from several thousands of neurons in the brain. The EEG channels which monitor

the primary motor cortex sub-serving the hand muscles, receive a mixture of

neural activity from several nearby neuron populations responsible for moving

different parts of the body. The neural decoder should be able to extract brain

activity correspond to the activation of specific muscle synergies which contribute

to executing a certain movement. This is a challenging task as EEG suffers from

poor spatial resolution and volume conductance effect (van den Broek et al., 1998;

Edelman et al., 2016). Thus, distinguishing the activity of different forearm muscle

synergies from EEG results in less accuracy.

Recent studies have investigated the feasibility of detecting different movements

of the same limb from EEG signals. Simultaneous EEG-EMG was examined to

discover specific neural-muscular interactions during movements (Artoni et al.,

2016; Pirondini et al., 2017; Yoshimura et al., 2012, 2017). All of these studies

report the results of the offline prediction of muscle synergies from EEG. This

chapter presents a preliminary study that evaluates the feasibility of online control

a prosthetic hand through a non-invasive BCI.

Previous studies have shown the feasibility of the NeuCube SNN framework for
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controlling neurorehabilitation robots such as exoskeletons in patients with move-

ment impairments (Taylor et al., 2014). The proposed FaNeuRobot framework is

an SNN model that integrates finite automata with the brain-inspired NeuCube

SNN architecture. The finite automata represent a simplified behavioural model of

the forearm muscle synergies that enables hand opening and closing. The proposed

framework was experimentally validated to prove its feasibility for voluntary object

grasping through the non-invasive neural interface. Figure 8.1 depicts the basic

architecture of the proposed approach. This chapter will address the following

research question specific for non-invasive Brain-Computer Interfaces applied for

motor recovery and restoration. The proposed neural interface shows the feasibility

of such manipulation for transradial level prosthetics. Higher levels of control are

also possible to achieve through a hierarchical multi-class BCI classifier.

• RQ5: How can the NeuCube SNN architecture be improved in

order to enable continuous control of a prosthetic hand from EEG

signals?

The research presented in this chapter is a collaborative work with Mahonri

Owen and Chi Kit Au from The University of Waikato. The contributors of this

joint work, Mahonri Owen and Chi Kit Au solely contributed to the development of

the prosthetic hand used in this study. The development of the prosthetic hand was

a part of Mahonri Owen’s PhD research (Owen, 2019) and a detailed description

of the prosthetic hand is available in (Owen, 2019; Kumarasinghe et al., 2018).

Kaushalya Kumarasinghe, Denise Taylor and Nikola Kasabov solely contributed

for the design and development of the proposed machine learning model for

decoding neural activity from EEG signals. All collaborators jointly contributed

to the development of the neural interface and controlling the prosthetic hand

through the BCI.
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Figure 8.1: Proposed Brain-Computer Interface Framework for Prosthetic Control
through Cognitive Computing and Automata Theory

8.2 FaNeuRobot Framework

The FaNeuRobot framework integrates a Finite State Machine with the generic

NeuCube SNN architecture. The proposed brain state based SNN model contains

a Finite State Machine which will act as a finite memory to the biologically

plausible NeuCube SNN model. The SNN is trained to predict events from EEG,

which can cause state transitions while the FSM then compute the final state

based on the previous state and the decoded event. As a case study, the proposed

model is validated on predicting the opening and closing of the right hand from

EEG signals.

Learning in the proposed FaNeuRobot framework includes spike encoding,

input mapping, network initialisation, unsupervised learning through Spike-Time

Dependent Plasticity and supervised learning using the dynamic evolving Spiking

Neural Network. A detailed description of the NeuCube SNN framework was

presented in section 3.11. This section will describe the proposed FaNeuRobot

framework which extends the generic NeuCube SNN framework for online clas-

sification of movements from EEG signals. Figure 8.2 depicts the integration of
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Figure 8.2: Integration of the Finite State Machine with the generic NeuCube
SNN architecture - The NeuCube is trained to decode the event from time t1 to t2
using the spiking activity of the SNN reservoir. The model uses a finite memory
to store the previous state. A Finite State Machine is integrated with the SNN to
predict the new state using the event decoded by the SNN and the previous state
stored in the memory.

the Finite State Machine with the SNN model for decoding state transitions over

time.

Formally a Finite Automata M can be written using five elements,

M = (Q,∑, δ, q0, F ) (8.1)

where Q is the set of states,∑ is the alphabet, δ is the state transition function

can be defined by a state transition table, q0 is the set of initial states (q0∈Q) and

F is a set of final states (F⊆Q).

• Set of States: Q

Finite Automata contains two states, hand opened (S1) and hand closed

(S2), S ={S1, S2}, triggered by the activation of flexor (MFt) and extensor

(MEt) muscles. To simplify, each forearm muscle (MX) was considered as a

binary unit that can either be contracted (MXt = 1) or relaxed (MXt = 0)

at time t. i.e. MFt = 1 if the flexor muscle is contracted at time t and MFt

= 0 if otherwise.

• Alphabet: ∑

The model stores the state at time t1=t and monitors the events happen
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from t1 to t2=t+∆t.

e={e11, e22, e12, e21},

based on the muscle activation from t1 to t2, (MXt), as

e = {(MF1=1&ME1=0⇒ MF2=1& ME2=0),(MF1=0& ME1=1⇒ MF2=0&

ME2=1),(MF1=0& ME1=1⇒MF2=1&ME2=0),(MF1=1 &ME1=0⇒MF2=0&ME2=1)}.

Considering the spiking activity of EEG, this event space was further gener-

alized to

e= {e1,e2} = {(MF2=MF1 & ME2 = ME1), (MF2≠ MF1 & ME2≠ ME1)}.

• Transition function: δ

The model predicts the new state using its current state and the events

occurred from t1 to t2. The state transition function can be defined by a

following state transition table.

Table 8.1: State transition table

PPPPPPPPPState
Event e1 e2

S1 S1 S2
S2 S2 S1

• Initial state: q0

• Final state: F

FSM contain two states, hand opened (S1) and hand closed (S2), S = {S1, S2}

triggered by the activation of flexor (MF ) and extensor (ME) muscles. To simplify,

each forearm muscle (Mx) was considered as a binary unit that can either be

contracted (Mx = 1) or relaxed (Mx = 0). i.e. MF = 1 if the flexor muscle is

contracted and MF = 0 if otherwise. The model stores the state at time t1 = t
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Figure 8.3: Finite Automata

and monitors the events happen from t1 to t2 = t +∆t. Four different events

were observed, e = (e11, e22, e12, e21), based on the muscle activation from t1 to

t2, (MXT ), as e = {(MF1 = 1&ME1 = 0toMF2 = 1&ME2 = 0), (MF1 = 0&ME1 =

1toMF2 = 0&ME2 = 1), (MF1 = 0&ME1 = 1toMF2 = 1&ME2 = 0), (MF1 = 1&ME1 =

0toMF2 = 0&ME2 = 1)}. Considering the spiking activity of EEG, this event space

was further generalized to e = {e1, e2} = {(MF2 = MF1&ME2 = ME1), (MF2 ≠

MF1&ME2 ≠ME1)}. Simply, e1 keeps the hand in the same state (gesture) from

t1 to t2 while e2 alters the current state (either from S1 to S2 or S2 to S1). The

SNN was trained to decode e1 and e2 from EEG. The model predicts the new

state using its current state and the events occurred from t1 to t2. The model was

applied for online control of a prosthetic arm through BCI. Figure 8.3 depicts the

finite automata used by the FaNeuRobot framework. The SNN was trained to

decode e1 and e2 from EEG.
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8.3 Proof of concept

8.3.1 Rehabilitation device

An anthropomorphic transradial (below elbow) level upper-limb prosthesis was

used as the rehabilitation device in this proof of concept. The prosthetic hand

was on par with current electromechanical hands in terms of degrees of freedom

and capability (Owen, 2019).

8.3.2 Subjects

EEG data from a healthy right-handed participant with no neurological impairment

was used to evaluate the accuracy of prosthetic control through BCI.

8.3.3 Experimental protocol

EEG from a single healthy right-handed participant was collected for the prelim-

inary analysis presented in this chapter. Twenty-two EEG channels placed on the

frontal and central areas were collected while the participant was performing hand

open and close movements. The researcher has collected her own EEG data for

the experimental validation of this study. Therefore, the ethical approval was not

required for the data collection. However, the participant was not novice to the

intended cognitive task and it is a limitation of the current study. This limitation

will be addressed in the next chapter which will present a comprehensive analysis

on predicting grasp and lift movements from EEG signals using EEG data from

twelve participants.
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Figure 8.4: Timing of a single trial

8.3.4 Signal recording

EEG signals were collected using the Cognionics dry electrode EEG headset

containing 32 channels (INC, n.d.). The Lab Streaming Layer (LSL) API which is

a software framework for synchronizing data collection and devices (Kothe, n.d.)

was used to stream EEG signals into the BCI application. A customized Matlab

script was prepared to present audio and visual cues and to record EEG signals.

According to the cue displayed on the computer screen, the subject was asked

to perform four different right-hand movements; 1) move the five fingers from

opened to closed position, 2) move the five fingers from closed to opened position,

3) remain in the closed position 4) remain in the opened position. Offline analysis

was performed under two sessions on two days. Each session contained 40 trials

executed within a single run. Timing of a single trial is presented in figure 8.4.

50% of samples from each session was used for training while the rest was used

for testing.

8.4 Results
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Figure 8.5: Prosthetic control through BCI

8.4.1 Online control of a prosthetic hand through the

FaNeuRobot framework

A single healthy participants operated the BCI during multiple sessions. Each

session contained six runs and each run contained four trials. The subject was

instructed to perform the four hand gestures in a preferred order following the ’GO’

cue. Due to constraints in processing time and eye movement-related artifacts, it

was necessary to use the channels that are not often affected by eye movement-

related contamination. Therefore, the current model utilised C3, C4 and Cz

channels that monitor the primary motor cortex sub-serving the hand muscles.

The previous studies on Movement-Related Cortical Potentials have shown

that the changes of EEG can be observed even before the onset of a voluntary

movement. These EEG potentials are referred to as early Bereitschaftspotentials

(early BP). Early BP may be common for both healthy people and amputees

as they occur before the onset of movement. Table 8.2 indicates the prediction

performance of the FaNeuRobot framework. The analysis was performed at

two different EEG sample lengths. The 2s EEG segments contain EEG signals

corresponds to 2 seconds of duration from the moment the participant was shown
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the ‘GO’ cue. The 1s EEG segments contain EEG data corresponds to 1 second

of duration from the moment the participant was shown the ‘GO’ cue. The study

also evaluated the impact of three different model parameters, the threshold of

the threshold-based encoding method, mod and drift parameters of the deSNN

classifier. The model could achieve maximum overall accuracy of 90% by using 2s

EEG sample segments. The feasibility of the early detection of a movement was

evaluated using 1 second EEG segments from the ‘GO’ cue. The analysis shows

that the model could achieve 80% overall accuracy only by using EEG signals

corresponds to the 1-second duration from the cue onset.

The accuracy of the proposed motor control approach for BCI was compared

with three other machine learning methods commonly used as classifiers in BCI

- Support Vector Machine, Multi-Layer Perceptron, and Linear Discriminant

Analysis. Each session contained 40 samples, ten samples for each event (S1 to

S1, S1 to S2, S2 to S2 and S2 to S1). Table 8.3 presents a comparison of the

classification accuracy by each machine learning method.

According to the experimental results, the proposed FaNeuRobot approach

resulted in the highest classification accuracy compared to SVM, MLP and LDA

methods.



Table 8.2: Performance of decoding hand open and close movements from EEG by the FaNeuRobot framework

Session Length of sample
for classification (s)

Parameters Accuracy (%)
Threshold Mod Drift Overall Class 1 Class 2

1 2s (2s to 4s) 0.5 0.8 0.005 70 80 60
1 2s (2s to 4s) 0.5 0.7 0.5 85 100 70
1 2s (2s to 4s) 0.5 0.7 0.05 90 100 80
2 2s (2s to 4s) 0.3 0.9 0.005 90 80 100
2 1s (2s to 3s) 0.3 0.7 0.05 70 80 60
2 1s (2s to 3s) 0.3 0.6 0.05 80 90 70
2 1s (2s to 3s) 0.3 0.6 0.7 80 90 70

Table 8.3: Comparison-Offline Analysis

Accuracy SVM MLP LDA FANeuRobot
Session 1 55% 85% 65% 90%
Session 2 45% 75% 85% 95%
Average 50(+-7)% 80(+-7)% 75(+-14)% 92.5(+-3.5)%
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Figure 8.6: Accuracy of online control of the integrated system across multiple
sessions

8.4.2 E4: Online control of the prosthetic hand through

the proposed neural interface

This section presents the performance during online control of the integrated

BCI-Prosthetic control system. Figure 8.5 depicts the experimental setup. Figure

8.6 depicts the classification accuracy across multiple sessions. The FaNeuRobot

could achieve an average accuracy 75% for online prediction of hand opening and

closing from EEG signals.

8.5 Discussion

This research have shown the feasibility of continuous voluntary control of a

prosthetic hand through the FaNeuRobot framework. The current study has

used dry electrodes for recording EEG signals which exhibits a low signal to

noise ratio compared to the wet electrodes used in (Yoshimura et al., 2012,

2017; Pirondini et al., 2017; Artoni et al., 2016), and (Edelman et al., 2016).

A video demonstration of the experiments is available from the following URL:

https://www.youtube.com/watch?v=cLqtUoBjJWs&t=18s.

https://www.youtube.com/watch?v=cLqtUoBjJWs&t=18s
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The neuro-muscular interactions through muscle synergies during hand move-

ments can be modelled using a Finite State Machine. Among such behavioural

models, the FSM used by the FaNeuRobot framework can estimate the dynamic

state changes of the hand (from open to close and vice versa) only by detecting

the activation of any muscle from the relevant agnostic-antagonistic muscle pair.

It was not required to predict whether it is the activation of flexor muscle or the

extensor muscle to estimate the dynamic state changes. This is in contrast to the

recent studies on predicting muscle synergies from EEG such as (Yoshimura et al.,

2012, 2017; Pirondini et al., 2017; Artoni et al., 2016) and (Edelman et al., 2016)

which have not explored the importance of a behavioural model of the hand (i.e.

automata) for improving the prediction accuracy. As the study was limited to a

single healthy participant who is not a novice user to the motor task, the results

do not fully confirm the applicability of this approach for prosthetic control by

people with movement impairments. Further experiments are required to evaluate

the feasibility of the proposed approach for voluntary prosthetic control by people

with movement impairments.

This proof of concept study have shown the feasibility of the continuous

voluntary control of a prosthetic hand through a non-invasive Brain-Computer

Interface. The decoding of movements from EEG signals were performed by the

FaNeuRobot framework. Non-invasive BCI is a potential approach for voluntary

prosthetic control due to its low cost, low risk and high user preference due to

its non-invasiveness. Further, it can support a large group of amputees as it

extracts the motor commands from the brain. Proper positioning of fingers of the

prosthetic hand is necessary for secure grasping of an object. However, decoding

these finger kinematics from EEG is challenging for a non-invasive BCI decoder

due to the poor spatial resolution and volume conductance effect of EEG. The

research has shown that a simplified behavioural model which model the dynamic
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behaviour of neuro-muscular synergies can reduce the computational complexity of

the BCI decoder. Therefore, the classifier could improve the accuracy in decoding

movements. It is equally important to choose the proper model from all possible

behavioural models which will maximize the inter-class separability.

EEG signals were collected using the Cognionics 32 channel dry electrode EEG

headset. Dry electrodes have a lower signal to noise ratio than the EEG signals

recorded with wet electrodes. The lower signal to noise ratio can compromise

the prediction accuracy. However, on the other hand, since the model works

accurately with dry electrodes, it is more applicable for translational aspects of

the proposed Brain-Inspired Brain-Computer Interface.

8.6 Summary of the chapter

This chapter presented the FaNeuRobot framework for decoding hand movements

from Electroencephalography signals. FaNeuRobot is a framework which extends

the generic NeuCube brain-inspired Spiking Neural Network architecture for facil-

itating online prosthetic control through a non-invasive Brain-Computer Interface.

The study aimed at improving the SNN algorithm by integrating a Finite State

Machine with the generic NeuCube SNN architecture and the development of

prototype software that enabled online control of the prosthetic limb. The Finite

State Machine modelled the behaviour of agnostic-antagonistic muscle pairs of the

forearm that contribute for hand open and close. The chapter presented a prelim-

inary study on evaluating the feasibility of the proposed FaNeuRobot framework

for controlling an upper-limb prosthesis through a non-invasive Brain-Computer

Interface. The next chapter will present the integration of the proposed spike-based

learning algorithms for constructing the Brain-Inspired Brain-Computer Interface.

A comprehensive analysis which will experimentally validate and benchmark the
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performance of the proposed model will be presented in the next chapter.

8.7 Contributions

• This research designed and implemented the FaNeuRobot framework that

extended the generic NeuCube framework.

• This chapter presented a preliminary analysis on decoding continuous move-

ments from EEG signals through the FaNeuRobot framework.

• The research have shown that a simplified behavioural model which model the

dynamic behaviour of neuro-muscular synergies can reduce the computational

complexity of the BCI decoder.

• The current study showed the feasibility of controlling a prosthetic hand

through the proposed FaNeuRobot framework.
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Chapter 9

Brain-Inspired Spiking Neural

Networks for Decoding and

Understanding Muscle Activity

and Kinematics

“Everything is theoretically impossible until it is done. ”

Robert A. Heinlein - The ‘dean of science fiction writers’

Chapter overview

Previous chapters proposed two spike-based generic methods for constructing an

interpretable machine learning model which could incrementally learn to predict

complex spike sequences from stochastic data streams. These methods show the

feasibility of constructing a novel Brain-Inspired Brain-Computer Interface system

which can effectively address several limitations of the current restorative BCIs.

This chapter will describe the integration of the proposed generic methods with

291
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the generic NeuCube SNN framework for developing the proposed Brain-Inspired

Brain-Computer Interface system. BI-SNN can map spiking activity from input

channels into a high dimensional source-space which will enhance the evolution

of polychronising spiking neural populations. Here it will be applied to predict

muscle activity and kinematics from electroencephalography signals during upper

limb functional movements.



Chapter 9. Brain-Inspired Spiking Neural Networks for Decoding and
Understanding Muscle Activity and Kinematics 293

9.1 Introduction

This chapter presents a Brain-Inspired Spiking Neural Network (BI-SNN) model,

which integrates the proposed spike-based generic learning algorithms with the

NeuCube SNN framework to construct a novel type of Brain-Inspired Brain-

Computer Interface. The proposed BI-SNN is a generic SNN architecture that

can be applied for the predictive modelling of spatio-temporal data streams such

as to predict muscle activity and kinematics from EEG during various human

activities. This study shows that the proposed BI-SNN approach enhances the

decoding of forearm muscle activity and kinematics from EEG during grasp and

lift movements. The proposed BI-SNN is based on the two spike-based generic

learning algorithms proposed in this thesis - the evolving Spike Pattern Association

Neural Network (Kumarasinghe et al., 2019) learning model and the framework

for deep knowledge representation in brain-inspired SNN architectures.

The primary goal of this study is to evaluate the feasibility of Brain-Inspired

Spiking Neural Networks to construct a novel, interpretable neural decoder which

can incrementally learn to predict an upcoming movement from EEG signals. The

two main objectives of the study are to predict the onset and the trajectory of a

movement from EEG signals. The EMG activity of the forearm muscles is used as

the expected output to train the BI-SNN for decoding movement onset from EEG

signals. The kinematic signals are used as the expected output from the BI-SNN

for decoding the trajectory of a movement.

This chapter will address the following research questions.

• RQ6: Does the Brain-Inspired Spiking Neural Network model that

integrates the eSPANNet with the NeuCube SNN architecture

result in higher prediction accuracy than the pure eSPANNet

learning model for predicting continuous movements from EEG
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signals?

• RQ7: How do the Brain-Inspired Spiking Neural Networks and

the non-Brain-Inspired machine learning models compare in terms

of their ability for sequence prediction, interpretability, and incre-

mental learning to predict complex movements from EEG signals

useful for motor recovery and restoration through Brain-Computer

Interfaces?

The study will evaluate four key aspects: how accurate the prediction is, the

latency of the prediction, the training speed to reach an acceptable prediction, and

the interpretability of the model (the degree to which a human can understand

the cause of a decision made by the model). The correlation(Pirondini et al., 2017;

Liang & Bougrain, 2012; Wang et al., 2011; Pistohl et al., 2008) between the

actual and predicted motor signal is used as a measure of prediction accuracy. The

average prediction latency per single time interval in a pseudo-online experimental

setup is used to evaluate the prediction latency of the model. The machine

learning models were trained by gradually increasing the training dataset size

to evaluate the training speed. The performance of each model at a specific

training dataset size was evaluated using the same test dataset, and the model

performance corresponds to a particular training dataset size is used to compare

the training speed. The interpretability of the BI-SNN model is evaluated using

the connectivity patterns of each subject-specific BI-SNN model(Kumarasinghe et

al., 2020).

The novelty of the BI-SNN approach is its ability to learn which area of the

brain carry useful information for decoding a certain motor behaviour in an

incremental and online manner. The brain-inspired architecture enhanced the

ability to explain the reasons behind the model predictions in a form which is
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comprehensible to human understanding. This study evaluated the performance of

predicting the activity of the five muscle groups and twenty-four object and hand

kinematic sensor recordings from EEG using the BI-SNN model and compared

with the Generalised Linear Model approach. GLM is used in the analysis as the

main baseline method for comparison as it has been the most popular method used

in the literature so far for the task under consideration. While Recurrent Neural

Networks is a popular method for solving other tasks, they lack interpretability

and knowledge representation of the model, which is one of the main advantages

of proposed BI-SNN, along with achieving higher accuracy. GLM still offer some

limited interpretability, and this is another reason to use it as a benchmark

method.

9.2 Deep learning in Brain-Inspired Spiking Neural

Networks

This section presents a description of the BI-SNN model and the experimental

procedure for validating and comparative analysis of the proposed BI-SNN. The

previous chapters showed promising empirical results of the eSPANNet’s perform-

ance on predicting different upper limb movements from invasive and non-invasive

brain data. So far, eSPANNet was used as a sensor-space model as it directly used

the encoded spike sequence from EEG channels to evolve the population vectors

of spiking neurons. Given the feasibility of the NeuCube SNN architecture to

map the spiking activity into the structural and functional regions of interest in

the brain presented in chapter 7 (Kumarasinghe et al., 2020), it was hypothesised

that the integration of eSPANNet as the output layer of the NeuCube would

enable better detection of polychronising spiking neural populations. Figure 9.1
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Figure 9.1: Integration of the eSPANNet with the NeuCube SNN architecture and
major steps in training a BI-SNN model - A) Filtered EEG B) Spike encoding c)
Extraction of brain coordinates from a brain template and mapping EEG channel
locations D) Initialisation of the SNN based on the small-world connectivity
principle E) Unsupervised Spike Time Dependent Plasticity learning F) Extraction
of anatomical clusters G) Training population vectors using eSPANNet learning
H) Predicted spike sequence by the SNN I) Decoding predicted spike sequences
into muscle activity and kinematics using the threshold-based decoding
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illustrates the architecture of BI-SNN, which integrates the proposed eSPANNet

learning model and the deep knowledge representation framework with the generic

NeuCube SNN architecture.

A detailed description of the NeuCube SNN framework was presented in chapter

3 (refer section 3.11 for further details). The details of the proposed eSPANNet

learning model were discussed in chapter 5 and 6 while the proposed knowledge

representation framework was presented in chapter 7. This chapter will present

the integration of these learning algorithms for constructing the BI-SNN model.

Learning in BI-SNN includes spike encoding, input mapping, network initial-

isation, and unsupervised learning which are specific to modelling data using the

NeuCube SNN framework. As shown in figure 9.1 A, the BI-SNN model considers

the signals from the 32 EEG channels as the input to the model, and the EMG

and kinematics signals as the expected outputs from the model. In the BI-SNN,

the input signals are first encoded into spike sequences (figure 9.1 B) using a spike

encoding algorithm. To model the motor behaviour in a spike-based interpretation,

first, both input (EEG) and expected output (EMG and kinematic) signals were

converted into spike sequences using the threshold-based encoding method.

A threshold-based encoding algorithm was used to encode EEG signals in the

experimental validation of the study due to its less processing time for encoding

spikes. The threshold-based encoding method forms one of the simplest forms

of spike encoding approaches. As a result of this simplicity, its main advantage

is the ability to deliver fast encoding, which fulfils one of the requirements for

real-time information processing.

First, the temporal difference between the consecutive observations (d) in the

input stream (x) is obtained to compute the encoding threshold (refer equation

3.13). The mean value (mean) and the standard deviation (std) of the computed

temporal differences are calculated to compute the encoding threshold as per
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equation 3.14 where c denotes a pre-defined variable called encoding factor. The

sign of the threshold value can be used to form both positive (th+) and negative

(th−) encoding thresholds. However, since the Spike Pattern Association Neuron

can not be trained with both positive and negative spikes together at the same

time, here the polarity of the spike train is not considered in the current analysis.

Any temporal difference that reaches either the positive or negative threshold

value is encoded as a positive spike event.

The NeuCube reservoir maps the encoded spiking activity from EEG channels

into this 3D space through EEG mapping, as shown in figure 9.1 C. The initial

synaptic connections in the SNN are initialised by assigning random weights using

the small-world connectivity principle (Braitenberg & Schüz, 2013; Bullmore &

Sporns, 2009)(figure 9.1 D).

Unsupervised learning in NeuCube applies spike-time based learning rules

such as Spike-Time Dependent Plasticity on the input spike sequences received

from input neurons. As the input spike trains are fed into this reservoir through

input neurons, the SNN evolves based on the spike time of pre and post-synaptic

neurons according to Spike-Time Dependent Plasticity learning (Gerstner et al.,

1996; Markram & Tsodyks, 1996) (figure 9.1 E).

The STDP learning rule quantifies the synaptic weight update of the pre-

synaptic neuron j, ∆wj according to the relative timing of the pre synaptic (i)

spike arrival and the firing time of the post synaptic (j) spikes. The pre-synaptic

spike arrival is denoted as tfj and the firing time of the post-synaptic neuron is

indicated by tni where f = 1,2,3.... The total synaptic weight update ∆wj is given

by equation 3.29 where W (x) denotes the STDP learning window given by the

equation 3.30. The learning process results in evolving synaptic connections in

the reservoir based on the relative timing of the spiking activity between pre and

post-synaptic neurons. The STDP learning permits the spiking neurons in the
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NeuCube reservoir to associate temporally correlated input spike sequences and

then transform them into a meaningful output.

The spike response of the reservoir can be approximately mapped to different

regions of interest in the brain through the knowledge representation framework

of NeuCube (Kumarasinghe et al., 2020) presented in chapter 7. The BI-SNN will

then cluster the spiking activity based on their anatomical locations (figure 9.1 F)

the and apply supervised learning specific to eSPANNet, which will enable the

SNN to incrementally learn the spatio-temporal association of spiking activity

correspond to distinct brain regions (figure 9.1 G). The proposed BI-SNN replaces

the deSNN classifier in the generic NeuCube framework by the evolving Spike

Pattern Association Neural Network model. The eSPANNet learning model

utilises the polychronisation effect of Spiking Neural Networks(Izhikevich, 2006)

to decode neural activity from spatio-temporal brain data. It contains a network

of Spike Pattern Association Neurons (SPAN), a spiking neuron model which can

emit spikes at the desired time point (Mohemmed, Schliebs & Kasabov, 2011;

Mohemmed, Schliebs, Matsuda & Kasabov, 2011; Mohemmed & Kasabov, 2012;

Mohemmed, Lu & Kasabov, 2012; Mohemmed, Schliebs et al., 2012; Mohemmed

et al., 2013). The integration of eSPANNet as the output layer of NeuCube

SNN architecture enables incremental learning of spike sequences to associate

temporally correlated spiking activity from distinct brain areas with the output

neuron layer of the BI-SNN.

When the BI-SNN receives an input spike sequence corresponding to a particular

event (i.e. flexion of the Flexor Digitorum muscle), the eSPANNet will first

determine whether there is any SPAN in the corresponding population associated

with that particular event. If there are no trained SPANs for the current event

or if the trained SPANs can not produce the expected spike sequence, a new

SPAN is initialised in the corresponding population vector and trained to emit
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the expected spike sequence at the desired time point(s). As the SNN is exposed

to continuous input spike sequences associated with distinct events, BI-SNN

will incrementally evolve separate SPAN populations to associate the population

activity of the NeuCube reservoir with the corresponding event. As the SPAN

readout populations are evolved, each spiking neuron in the SPAN population is

validated using their ability to emit spikes at desired time points for unseen input

spike sequences. The BI-SNN only considers the spiking activity of the SPANs,

which result in higher accuracy than a pre-defined threshold level. The threshold

level is determined by the number of SPANs and the maximum prediction accuracy

of the SPANs in a population. For each unseen input spike trains, the spike response

of each SPAN population will be obtained to determine the corresponding class

label. Different strategies, such as the average population activity or majority

voting, can be followed to determine the class label of a particular input spike

sequence.

Finally, the BI-SNN will extract the polychronising spiking neural clusters

which can generate temporally associated spike sequences correlated with the

predicted event as per figure 9.1 H. These predicted spike sequences are decoded

back to signals for predicting different motor signals such as muscle activity and

kinematics by using the encoding threshold values of each motor signal and the

initial state of each motor signal at the beginning of the GAL trial as exemplified

in figure 9.1 I.

9.3 Results

This chapter experimentally validated the BI-SNN model using the publicly

available WAY-GAL-EEG (Wearable interfaces for hAnd function recovery Elec-

troencephalography Grasp-And-Lift) dataset (Luciw et al., 2014a, 2014b). Since
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this is a functional upper limb movement, the participants were gazing at the cue,

hand, object, initial position and target position of the object. The participants

demonstrated natural coordination among eye, hand, object and target position

while performing the grasp and lift movement. A detailed description of the EEG

dataset was presented in chapter 4 (refer section 4.4 for details).

The EEG signals were pre-processed to remove the EEG artefacts such as the

eye blinks, vertical and horizontal eye movements and generic discontinuities using

the ADJUST plugin(Mognon et al., 2011) of the EEGLab (Delorme & Makeig,

2004). The artefact-free EEG signal was then filtered using a band-pass filter

to extract the alpha, beta and gamma frequency bands and then rectified and

down-sampled to 100Hz. The training dataset contained approximately fifteen

grasp-and-lift trials per participant and corresponded to a total duration of 12

minutes.

The performance of reconstructing twenty-nine motor signals was evaluated

using the cross-correlation between the actual and predicted signals. The cross-

correlation measured the similarity between the predicted and actual signals as a

function of a short displacement of one signal relative to the other. Here the BI-

SNN has used a time lag of 100 ms for calculating the cross-correlation. For each

motor signal, the cross-correlation coefficients between the actual and the predicted

activity using the BI-SNN, eSPANNet and GLM approaches were obtained. Each

model was trained separately using alpha, beta and gamma frequency bands of the

EEG signal. The maximum coefficient of the cross-correlation sequence returned

from all three frequency bands by each approach was recorded. This maximum

coefficient indicates the best fit between the actual and predicted signals within

a short displacement permitted by the 100ms lag. The comparative analysis

was performed using the maximum cross-correlation coefficient of each method.

To interpret the results, the coefficients (0 <= r <= 1) were divided into four
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ranges; ‘high’, ‘moderate’, ‘weak’ and ‘very weak or no correlation’ (‘high’: r>=0.7,

‘moderate’: 0.7 > r >= 0.5, ‘weak’: 0.5 > r >=0.3, and ‘very weak’: r<0.3).

9.3.1 Deep learning in BI-SNN enhances polychronisation

of SNN

This experiment answers the RQ6 of the research.

• RQ6: Does the Brain-Inspired Spiking Neural Network model that

integrates the eSPANNet with the NeuCube SNN architecture

result in higher prediction accuracy than the pure eSPANNet

learning model for predicting continuous movements from EEG

signals?

The integration of eSPANNet with the NeuCube, which forms the BI-SNN

model resulted in more strongly correlated population activity in comparison with

the standalone eSPANNet model along with significant biofeedback generated by

the trained 3D NeuCube SNN reservoir. BI-SNN demonstrated the feasibility

of finding polychronising spiking neuron populations from different brain areas

associated with the grasp and lift movement. The readout population activity

in the BI-SNN was more temporally associated with muscle activity and hand

kinematics than the pure eSPANNet. For the comparison, the normalised cross-

correlation between each actual and predicted motor signal by all participants

was obtained using BI-SNN, eSPANNet and GLM approaches. The average cross-

correlation of each motor signal was computed using the maximum coefficient of the

cross-correlation sequence correspond to each participant on that particular motor

signal. Table 9.1 indicates the results of cross-correlation analysis using the BI-

SNN (r̄BI-SNN), eSPANNet (r̄eSPANNet) and GLM (r̄GLM) approaches. The highest

average correlation coefficient corresponds to each motor signal is highlighted
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in bold text in table 9.1. The comparative analysis of BI-SNN, eSPANNet and

GLM showed that BI-SNN resulted in the highest average correlation between the

actual and predicted motor signals in twenty-three out of the twenty-nine motor

signals. In contrast, eSPANNet corresponded to the highest average correlation in

eight out of twenty-nine motor signals. BI-SNN resulted in the highest average

correlation in the majority of the motor signals that correspond to executing a

grasp and lift movement. The results suggest that the BI-SNN can predict each

motor signal (muscle activity and joint kinematics) more accurately than the pure

eSPANNet or GLM models.

Depending on when the spike sequence learning is applied on the spike trains,

the SNN models discussed in this paper can be divided into two main categories

as the ‘sensor-space’ spike sequence learning models and the ‘source-space’ spike

sequence learning models. A sensor-space model directly uses the spike trains

extracted from sensors, such as the data obtained from EEG channels, for learning

the expected spike sequences. On the other hand, the source-space spike sequence

learning model first maps the spiking activity extracted from sensor data into a 3D

space that represents different regions of interest in the brain. The source-space

model then applies the spike sequence learning algorithm on this approximated

source data to learn the expected spike sequences. The eSPANNet learning model

represents a sensor-space spike model as it directly uses the spike sequences

extracted from EEG sensor data for spike sequence learning. In contrast, the

BI-SNN represents a source-space model as it performs the spike sequence learning

on the approximated source data using the method presented in (Kumarasinghe et

al., 2020) for learning the expected spike sequence. The results show that BI-SNN,

as a source-space SNN model, has the feasibility to find spiking neuron clusters

that are more temporally associated with EMG activity and hand kinematics

compared to the sensor-space eSPANNet model.
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Table 9.1: Comparison of the average correlation coefficients between the actual
and predicted motor signals by BI-SNN, eSPANNet and GLM (AD: Anterior Delt-
oid, B: Brachoradial, FD: Flexor Digitorum, CED: Common Extensor Digitorum,
FDI: First Dorsal Interosseous)

Motor Signal r̄BI-SNN r̄eSPANNet r̄GLM

Elevation of Object 0.55 0.54 0.25
Elevation of Index Finger 0.56 0.53 0.53
Elevation of Thumb 0.57 0.49 0.47
Elevation of Wrist 0.58 0.58 0.56
Roll of Object 0.58 0.55 0.54
Roll of Index Finger 0.68 0.65 0.67
Roll of Thumb 0.6 0.57 0.55
Roll of Wrist 0.58 0.52 0.53
Azimuth of Object 0.55 0.57 0.5
Azimuth of Index Finger 0.7 0.68 0.69
Azimuth of Thumb 0.64 0.62 0.59
Azimuth of Wrist 0.61 0.58 0.58
X-position of Object 0.63 0.62 0.56
X-position of Index Finger 0.63 0.6 0.55
X-position of Thumb 0.58 0.59 0.52
X-position of Wrist 0.59 0.58 0.53
Y-position of Object 0.65 0.63 0.59
Y-position of Index Finger 0.58 0.59 0.53
Y-position of Thumb 0.58 0.55 0.53
Y-position of Wrist 0.58 0.54 0.53
Z-position of Object 0.6 0.56 0.57
Z-position of Index Finger 0.7 0.68 0.66
Z-position of Thumb 0.67 0.69 0.64
Z-position of Wrist 0.67 0.66 0.64
Muscle-activity of AD 0.74 0.74 0.74
Muscle-activity of B 0.7 0.64 0.69
Muscle-activity of FD 0.69 0.73 0.67
Muscle-activity of CED 0.72 0.73 0.71
Muscle-activity of FDI 0.67 0.58 0.64
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BI-SNN has the following features which contributed to the higher prediction

accuracy by BI-SNN than the pure eSPANNet. BI-SNN has an additional hidden

layer which is initially connected using the small-world connectivity principle and

then evolved through STDP learning. This STDP layer enhances the evolution

of polychronising spiking neural populations. In theory, it has been established

that many of the functions will converge at a higher level of abstraction. So more

layers will lead towards gaining better results.

Further, EEG mapping transforms the spiking activity into a high dimensional

space, and this type of source localisation is more compatible with neuromorphic

architectures compared to other source localisation methods. The eSPANNet only

process temporal information while BI-SNN process both spatial and temporal

information in the model. Spatio-temporal analyses have additional benefits over

purely spatial or time-series analyses with its better interpretability in terms of

capturing and explaining spatio-temporal patterns of brain activity.

The following series of experiments (E5.2 - E5.7) address the RQ7 of the

research.

• RQ7: How do the Brain-Inspired Spiking Neural Networks and

the non-Brain-Inspired machine learning models compare in terms

of their ability for sequence prediction, interpretability, and incre-

mental learning to predict complex movements from EEG signals

useful for motor recovery and restoration through Brain-Computer

Interfaces?
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Figure 9.2: Comparative analysis of decoding muscle activity from EEG using BI-
SNN and GLM approaches A) Normalised cross-correlation coefficients between the
actual and predicted muscle activity B) Statistical distribution of the correlation
coefficients by BI-SNN (blue) and GLM (black) C) Calculation of the normalised
cross-correlation coefficients between EMG activity of AD muscle and SPANAD
population activity D) Comparison of the mean cross-correlation coefficients
E) Band-specific cross-correlation coefficients of participant 2 F) Actual muscle
activity of B, FD, CED, FDI muscles and the response of corresponding SPAN
population G) Population activity of SPANmovement-onset and the accumulated
amplitude of the five EMG sensors.
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9.3.2 E5.2: Decoding continuous muscle activity in BI-

SNN

The cross-correlation between the actual and predicted EMG activity shows

that the BI-SNN approach results in a ‘high’ cross-correlation in predicting

muscle activity of the Anterior Deltoid (AD), Brachoradial (B), Flexor Digitorum

(FD), Common Extensor Digitorum (CED) and First Dorsal Interosseous (FDI)

muscles. The supplementary table 1 shows the comparative analysis of predicting

EMG activity using BI-SNN and GLM methods. The participant-wise mean

cross-correlation coefficients in predicting all muscle activity indicate that in

nine out of twelve participants there was a ‘high’ mean correlation (r >= 0.7)

while in the remaining three participants there was a ‘moderate’ mean correlation

(0.7 > r >= 0.5). The BI-SNN delivered a ‘high’ mean cross-correlation in predicting

all muscle activity. The AD muscle showed the highest average correlation of 0.74

of the group. The ‘high’ cross-correlation coefficients indicate a strong temporally

associated relationship between the spiking activity of the corresponding spiking

neuron population in the BI-SNN and the associated muscle activity. The cross-

correlation measured the similarity between the actual and the predicted muscle

activity as a function of 100ms displacement of the predicted signal relative to the

actual signal. The high correlation suggests the feasibility of accurately decoding

the muscle activity from EEG signals using the BI-SNN model.

Figure 9.2 A represents the cross-correlation coefficients between the actual and

predicted muscle activity by the BI-SNN and GLM. The statistical distribution of

the correlation coefficients within the participant group is presented in figure 9.2

B. Figure 9.2 C (Top: rectified (green) and smoothed (black) EMG signal from the

AD muscle of participant 2, and the average convoluted spike sequence generated

by the SPANAD (blue) population, middle: convoluted spike sequences emitted
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by spiking neurons in SPANAD population, bottom: normalised cross-correlation

coefficients between the smoothed rectified EMG signal and the average SPANAD

convoluted population activity using cross-correlation lag of 200ms) compares

the mean cross-correlation of each muscle by BI-SNN and GLM. Figure 9.2 C

illustrates the effect of the change in the observed cross-correlation coefficient as a

result of the permitted displacement between the two signals. A wider correlation

lag of 200ms was used to illustrate the effect. However, all results reported in this

paper utilised a cross-correlation lag of 100ms. The cross-correlation lag indicates

how far the two time series are offset. The cross-correlation lag corresponds to

the highest correlation coefficient represents the best fit between the two time

series. At longer lags, the number of possible matches between the two signals

can decrease as the longer lags increase the chance of not overlapping the two

series. A short cross-correlation lag is preferred than a long lag as it indicates a

shorter displacement between the signals. The shorter displacement is and an

indication of the probability of detecting an event within a short delay.

The comparison indicates that BI-SNN results in higher mean correlation than

GLM for all muscles (figure 9.2 D). Several participants such as participant 1, 2,

and 3 exhibited notably higher correlation in a specific frequency band (figure

9.2 E). Although such a difference was not common for all participants in the

considered frequency bands, this observation suggests that muscle activity related

neural information may be prominent in certain subject-specific sub-frequency

bands and needs to be further investigated. Figure 9.2 F depicts the muscle

activity of the Brachoradial, Flexor Digitorum, Common Extensor Digitorum and

First Dorsal Interosseous muscles of participant 2 and the population activity of

the corresponding SPANB, SPANFD, SPANCED, and SPANFDI neural populations.

Figure 9.2 G shows the total amplitude of the smoothed EMG signals from the five

muscles (top) and the spike response of the SPANmovement-onset population. The
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SPANmovement-onset population was trained to produce spikes at the movement onset

(bottom). In general, the SPANmovement-onset population activity was synchronised

with movement onset events denoted by the muscle activity, and indicate the

feasibility of detecting movement onset using the proposed BI-SNN approach.

However, on certain occasions, the spiking events were not closely aligned with

the movement onset moment. This inconsistency can be due to multiple reasons.

In addition to the movement onset, spiking events were also observed when the

participant releases the object. This may be due to the activation of the same

fore-arm muscle synergies that involved on both occasions. The inconsistency may

also be due to the variability of the motor planning time and effort as the person

becomes familiar with the task after repeating multiple trials. In addition, noise

and non-stationarity of EEG have also contributed to the uncorrelated spiking

events. However, the spiking behaviour of the readout population was generally

correlated with the movement onset time in many grasp and lift trials.

9.3.3 E5.3:Accurate decoding of kinematic signals in a

BI-SNN

Twenty-four kinematic sensors monitored the x, y and z position as well as

the elevation, roll and azimuth angles (orientation) of the object, thumb, index

finger and wrist. The BI-SNN contained separate SPAN populations trained to

emit spikes according to each kinematic signal. Figure 9.3 A and B graphically

represents the cross-correlation coefficients between the actual and the predicted

object and hand kinematics by the BI-SNN and GLM approaches, respectively.

BI-SNN resulted in a ‘high’ cross-correlation in predicting y coordinates of the

object, z coordinates of the index finger, thumb and wrist and as well as the roll

and azimuth angles of the index finger. A ‘moderate’ correlation was observed in
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Figure 9.3: Results of predicting the object and hand kinematics using BI-SNN and
GLM approaches. A) The maximum coefficient of the cross-correlation sequence
between the actual and predicted kinematic signal by BI-SNN. B) The maximum
cross-correlation coefficients between the actual and predicted kinematic signal by
GLM C) Comparison between the BI-SNN and GLM methods on predicting the
object and hand kinematics D) The statistical distribution of the cross-correlation
coefficients within the participant group. The correlation analysis shows that
the BI-SNN results in a ‘moderate’ to ‘high’ cross-correlation (0.6 <= r <= 0.7)
in predicting x,y,z Cartesian coordinates. E) The actual kinematic signals and
the spike response of a single neuron in SPANindex-x, SPANwrist-y, SPANwrist-z and
SPANthumb-azimuth populations during a Grasp-and-Lift trial
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predicting x and z coordinates of the object, the x and y coordinates of the index

finger, thumb and wrist, and as well as elevation, roll and azimuth of the object,

thumb and wrist. Prediction of the azimuth angle and z position of the index finger

showed the highest sensor-specific mean correlation (r = 0.7) within the twelve

participants while participant 1 and 3 showed the highest participant-specific

mean correlation of the twenty-four kinematics signals (r=0.8) using the BI-SNN.

Figure 9.3 C shows a comparison of the mean cross-correlation coefficients

in predicting the object and hand position by both approaches. Figure 9.3 D

shows the statistical distribution of the cross-correlation coefficients within the

participant group. The comparison indicates that the BI-SNN results in a higher

mean correlation compared to the GLM for all twenty-four kinematics signals.

Figure 9.3 E exemplifies the predicted (blue dotted line) and actual (solid red

line) spike sequences during a GAL trial.

9.3.4 E5.4: Prediction latency of the BI-SNN

Here the study reports the processing time of the two SNN models, BI-SNN

and eSPANNet and show their feasibility in performing real-time and online

predictions. The total pseudo-online prediction latency per each participant was

divided by the number of data points in the test dataset to obtain the average

prediction latency per single time interval. This latency is compared with the 10

ms delay between the two consecutive input data points of the SNN model as

the input signals were sampled at 100Hz sampling rate. The experiments were

performed using an ordinary PC (CPU: 2.6GHz, RAM: 16GB). The source code

was written in Matlab and did not utilise any parallel processing features such as

multi-threading, GPU (Graphical Processing Unit) or neuromorphic computing.

Figure 9.4 A shows the average prediction time of each subject-specific SNN
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model to predict the spiking activity of the twenty-nine spiking neuron populations

using a single input data point of the EEG signal. Figure 9.4 B shows the statistical

distribution of the average prediction time by both methods within the group of

twelve participants. The median prediction time of the twenty-nine behavioural

spike sequences by BI-SNN and eSPANNet model corresponding to a single time

interval is 3.5ms and 1ms, respectively. The current pseudo-online system is set

up to receive EEG signal at a sampling rate of 100Hz. So, there is a 10 ms delay

between two consecutive observations of the EEG in the current experimental

setup. Therefore, a neural decoder which can predict the corresponding output of

a single observation within this 10 ms lag will be able to perform real-time event

predictions. As shown in the analysis, BI-SNN takes approximately 3.5ms to

process a single observation in a particular EEG frequency band while eSPANNet

takes about 1ms for the same task. Therefore, assuming that there are no other

delays (i.e. delays in signal transmission), both spiking neuron models should be

able to perform real-time predictions at a sampling rate of 100Hz.

Figure 9.4: The feasibility of BI-SNN for real-time prediction A) The average
prediction latency of a single time interval of the test EEG signal by each parti-
cipant B) The statistical distribution of the average prediction latency within the
participant group
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Although the integration of eSPANNet with NeuCube has increased the pro-

cessing time, it also has improved the prediction accuracy and interpretability of

the neural decoder. The trade-off between the prediction accuracy and prediction

latency in BCI is a common problem and optimisation of prediction accuracy

without compromising the latency of prediction, and vice versa is a key challenge

in BCI. The current implementations of the SNN models only utilise the sequential

processing capabilities of an ordinary CPU. Such nature of processing limits the

ability of real-time prediction as the spike response of each neuron is obtained

sequentially. The implementation of the BI-SNN and eSPANNet models in a

parallel processing computational platform will enable simultaneous prediction

of spiking activity of all neurons at each time-interval. Both SNN models are

based on the brain-inspired computational elements and will be compatible with

neuromorphic computational platforms. The induction of an appropriate parallel

processing approach, such as multi-threading, multi-core processing with GPU or

implementation of the SNN models in a neuromorphic chip (i.e. SpiNNaker or

IBM TrueNorth) will eliminate this limitation.

9.3.5 E5.5: BI-SNN performance with respect to training

dataset size

The analysis of model performance with respect to the dataset size suggests that

the two SNN models can learn using a lesser amount of training data than GLM.

Figure 9.5 A and B exemplify the performance of the three machine learning

models as a function of the training dataset size. In these two examples, the

three models were able to achieve closely similar performance, and the analysis

evaluated how quick each method could learn the temporal association from input

spike sequences. The performance of predicting Flexor Digitorum muscle activity
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is shown in figure 9.5 A. Figure 9.5 B shows the performance of predicting the

orientation of the index finger. It was observed that the SNN models produce

more strongly correlated output using a relatively smaller amount of training data

than GLM. This ability of SNN may be due to the evolving connectionist nature

of the SNN, which is also be seen in living nervous systems.

Figure 9.5: The feasibility of BI-SNN to learn from a smaller amount of training
dataset A) Cross-correlation between the actual and predicted muscle activity of
the Flexor Digitorum muscle activity with respect to the training dataset size B)
Cross-correlation between the actual and predicted orientation of the index finger
with respect to the training dataset size

9.3.6 E5.6: Interpretability of the BI-SNN as a neural

decoder for BCI

The analysis of the connectivity in BI-SNN indicates that each SPAN population

in the output layer is connected with brain areas that play a vital role in executing

a grasp and lift movement. Figure 9.6 A and B illustrate the connectivity

patterns extracted from BI-SNN models of participants 1 and 3, respectively.

The connectivity of a single SPAN population in each model is highlighted as

an exemplification. Figure 9.6 A shows the connectivity of the SPANindex-elevation

population that predict the elevation of the index finger with spiking neurons
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spatially located in brain regions corresponding to different Brodmann areas.

Figure 9.6 B shows the connectivity of the SPANCED. The thickness of the line is

proportional to the number of SPANs connected with the corresponding brain

region. The connectivity pattern shows that the SPANindex-elevation and SPANCED

are connected with different brain areas that contribute to executing the movement

such as visual information processing by the primary and secondary visual cortex,

and the inferior temporal gyrus, cognitive control by the anterior prefrontal

cortex, spatial cognition and attention by angular gyrus, planning and executing

movement by the motor cortex and the processing of somatosensory information

by the somatosensory cortex. These visualisations suggest that the BI-SNN model

can contribute to a better understanding of brain activity in neurofeedback rather

than a ‘black box’ or less-interpretable model.

Figure 9.6: Interpretability of the subject-specific BI-SNN models A) The con-
nectivity patterns of the BI-SNN trained using data from participant 1. The
connectivity between the SPANindex-elevation population vector and the spiking
neurons in the 3D NeuCube SNN reservoir corresponds to different brain regions
are highlighted as an exemplification B) The connectivity patterns of the BI-SNN
trained using data from participant 3. The connectivity between the SPANCED
population vector and the spiking neurons in the 3D SNN reservoir corresponds
to different brain regions are highlighted as an exemplification
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9.4 Discussion

This paper presents a novel Brain-Inspired Spiking Neural Network model for

the incremental learning of spike sequences. The proposed BI-SNN is a generic

architecture that can be applied for the predictive modelling of spatio-temporal

data. Here the study shows that BI-SNN enhances the decoding of continuous

muscle activity and kinematics of upper-limb during grasp and lifting tasks. The

comparative cross-correlation analysis suggests that 1) BI-SNN architecture en-

abled the evolution of polychronising neuron populations associated with different

brain areas that contribute to the execution of the task better than the standalone

sensor-space eSPANNet architecture, 2) BI-SNN reconstructed continuous muscle

activity and kinematics better than the Generalised Linear Model. Further, BI-

SNN demonstrated the feasibility of real-time prediction. BI-SNN achieved higher

performance in reconstructing muscle activity and kinematics using less training

data than GLM. The SNN models demonstrated the feasibility of incremental

learning using the principles of evolving Connectionist Systems. BI-SNN is more

interpretable for a better understanding of brain activity in neurofeedback than

less-interpretable conventional machine learning models that behave as ‘black

boxes’.

The scope of this study was limited to offline analysis as it is based on a publicly

available dataset. Our experiments show that the proposed method allows and

supports online processing as it is one of its advantages, but its application

for specific tasks would require specific considerations about how this generic

method can be efficiently applied. An online analysis of any time-series data

generally leaves limited opportunity to understand the model behaviour or evaluate

the impact of different model parameters on its performance and to optimise

them accordingly. While online prediction is our final goal due to its relevance
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in rehabilitation interventions, to achieve that it is necessary to have a good

understanding of the model behaviour. Prior knowledge of feature importance,

parameters which can significantly affect the model performance, strategies for

optimisation, understanding the extent to which the problem can be addressed by

the proposed solution (whether it completely address the problem or if it cannot

what it can and cannot achieve), the feasibility of real-time prediction, optimal

sampling frequency and the interpretability of the model and its predictions are

important aspects that need to be understood. This is even more challenging in

single-trial event prediction from EEG signals due to the low signal-to-noise ratio

and the non-stationarity of EEG. Conducting an offline analysis before the online

analysis is helpful to gain a better understanding of the model parameters, their

impact on model performance and the optimisation strategies. In addition, the

offline analysis also lays the foundation for designing an effective data collection

protocol. Therefore, the study presented in this manuscript is an offline analysis

that uses a publicly available EEG dataset which is highly relevant to the specific

application addressed by this research. Notwithstanding this limitation, the

analysis was performed in a pseudo-online experimental setup meaning that the

EEG signals were treated as they were streamed into the model for continuous

and real-time prediction.

While this study did not fully confirm the possibility of real-time prediction,

the average prediction time indicates that at the 100 Hz sampling rate; the SNN

models can produce the corresponding output of a single input data point at a

lower latency than the delay between two consecutive input data points. As we

were not involved in data collection, the authors have limited knowledge about

the quality of the recording.

The neural network architecture also has the following limitations. The BI-

SNN utilised the Leaky Integrate and Fire (LIF) neuron model because of its
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computational efficiency. However, the LIF neuron model does not attempt to

model the shape and the biophysical mechanisms of a spike. It considers the

generation of spikes as precisely-timed events that carry the information. The

LIF model only represents the timing of the spikes but not it’s shape. However,

in order to accurately decode actions like reaching to grasp which occur within a

very short period, the SNN should be able to represent both time and shape of a

spiking event. Therefore, it would be more appropriate to use a spiking neuron

model which can represent both timing and shape of a spike while keeping the

computational efficiency such as the Izhikevich neuron model(Izhikevich, 2003) is

more suitable than the Leaky Integrate and Fire neuron model.

The present study adds to the growing body of AI research that indicates

the significance of brain-inspired models and has been one of the first attempts

to examine the feasibility of finding neural correlates of muscle activity and

kinematics non-invasively. The findings of the research influence the following

future directions. Further studies may aim to implement the SNN models in

neuromorphic processors. BI-SNN as an interpretable neural decoder, future

research may investigate the feasibility of transferring the interpreted knowledge

to reduce the BCI calibration time. The current study shows the importance of

integrated spatial, temporal and spectral analysis of EEG to increase prediction

accuracy. The proposed BI-SNN can be extended to process all three EEG bands in

a single model which could be pursued in future research. The BI-SNN framework

can be extended by integrating the three BI-SNN models that separately process

each band-specific data in parallel where the connectivity of the SNN will guide

each neuron population to receive spike sequences from a specific EEG frequency

band. Future studies of the BI-SNN that utilise EEG data from motor-impaired

people will support translating the technology to assistive and rehabilitation

applications that improve the quality of life of motor-impaired people.
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9.5 Summary of the chapter

This chapter described the integration of these generic methods in the NeuCube

SNN framework for developing the proposed Brain-Inspired Brain-Computer

Interface system. BI-SNN can map spiking activity from input channels into a high

dimensional source-space which enhances the evolution of polychronising spiking

neural populations. Here it is applied to predict muscle activity and kinematics

from electroencephalography signals during upper limb functional movements.

The findings suggest the feasibility of the proposed BI-SNN to construct an

interpretable neural decoder that can incrementally learn complex movements

from stochastic EEG signals for non-invasive Brain-Computer Interfaces.

9.6 Contributions

• This research presented a Brain-Inspired Spiking Neural Network model

that extended the generic NeuCube framework by integrating the proposed

spike-based learning algorithms

• The research enhanced the interpretability of the machine learning model by

integrating the proposed knowledge representation algorithms with NeuCube

• The study demonstrated the feasibility of real-time movement prediction

from EEG signal through the proposed Brain-Inspired Spiking Neural Net-

work

• This research showed the feasibility of constructing a novel Brain-Inspired

Brain-Computer Interface and experimentally validated its performance on

predicting continuous muscle activity and hand kinematics from EEG signals
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9.7 Publications

• Kumarasinghe, K., Kasabov, N., & Taylor, D., Brain-Inspired Spiking

Neural Networks for Decoding and Understanding Muscle Activity and

Kinematics from Electroencephalography Signals during Hand Movements,

Nature Scientific Reports (under review)



Chapter 10

Discussion and Conclusion

“We will always have STEM with us. Some things will drop out of

the public eye and will go away, but there will always be Science,

Engineering, and Technology. And there will always, always be

Mathematics.’

Katherine Johnson - one of the NASA’s “human computers”

Chapter overview

The previous five chapters of this thesis presented two generic spike-based methods

and integrated them with the generic NeuCube SNN framework; for constructing

the proposed Brain-Inspired Spiking Neural Network. The proposed BI-SNN is a

promising direction for creating a novel type of a Brain-Inspired Brain-Computer

Interface. This thesis presented a series of experiments that experimentally

validated the proposed spike-based learning methods. This chapter will present a

summary of these studies that supports the validation of the main hypothesis of

this research. The chapter will begin by restating the aim and objectives of the

research. Thus, a brief discussion on the significant findings, the limitations of each

321
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experimental validation, and the approaches followed to address the limitations

will be discussed. Furthermore, the chapter will examine how far the research

questions have been answered through the proposed solutions. The implications

of the research for the field of Deep Learning, Artificial Neural Networks, and

Neurorehabilitation will be suggested, followed by several recommendations for

future research.
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10.1 Overview of the research

This thesis proposed a novel Brain-Inspired Spiking Neural Network model for

incremental learning of spike sequences from stochastic data streams. It aimed

at enabling synaptic learning of polychronising spiking neuron populations that

produce spike trains that are correlated with the predicted event. The proposed

BI-SNN is a generic SNN architecture that can be applied for predictive modelling

of Spatio-temporal data streams. Here it was applied to construct an interpretable

neural decoder which can incrementally learn spike sequences from non-stationary

Electroencephalography signals. The thesis argued that the proposed Spiking

Neural Network approach results in a better neural decoder compared to the tradi-

tional machine learning approaches that construct neural decoders for restorative

BCI in various aspects. The thesis addressed seven research questions.

The research hypothesised that the proposed brain-inspired neural decoder

would perform better than traditional neural decoders that use non-brain-inspired

machine learning models to decode neural activity from EEG signals. It assumed

that the following features of the proposed brain-inspired machine learning model

would give rise to a better neural decoder than the traditional machine learning

methods.

• The proposed BI-SNN utilises the principles of Evolving Connectionist

Systems that feature the evolving, incremental, and theoretically life-long

nature of learning. These features of BI-SNN will address the non-stationarity

of EEG signals better than the traditional machine learning methods.

• As a source-space model, BI-SNN will address the less spatial resolution of

EEG better than the traditional neural decoders

• The proposed knowledge representation framework integrated with the
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BI-SNN will enhance the interpretability of the neural decoder

The thesis presented a detailed literature review on recent developments in

machine learning methods that decode various human motor tasks from electroen-

cephalography signals which are useful for constructing restorative Brain-Computer

Interfaces for motor recovery and restoration. It highlighted the limitations of

the current literature and the challenges in analysing EEG signals in the context

of restorative BCI. Several future directions were outlined, and suggestions were

proposed to improve the machine learning approach utilised to decode neural

activity from EEG signals

10.2 Discussion of findings

The literature review emphasised the need for a brain-inspired computational

approach to address the limitations in the existing neural decoders. The thesis

provided an overview of brain-inspired computing, Spiking Neural Networks, and

the NeuCube Spiking Neural Network architecture. The thesis proposed two

spike-based generic learning algorithms to construct an interpretable machine

learning model that can incrementally learn to predict events from temporal,

Spatio-temporal, or spectro-temporal data streams. A series of experiments were

conducted to validate the proposed spike-based learning methods.

10.2.1 Evolving Spike Pattern Association Neural Network

for spike-based supervised and incremental learning

One of the objectives of the research was to develop a spike-based learning method

for incremental learning of spike-sequences from electroencephalography signals

for online event prediction. The research addressed the following research question
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to achieve this objective.

RQ1: How can Spike Pattern Association Neuron be extended to

develop incremental spike sequence learning model for online event

prediction from spatio-temporal data streams?

The thesis proposed the evolving Spike Pattern Association Neural Network as a

generic method to answer the above research question. The goal of eSPANNet was

to utilise the polychronization effect of Spiking Neural Networks for spike sequence

learning. The thesis described the design and development of the eSPANNet

learning algorithm with relevant source code segments for implementing the

proposed model as a software prototype. An initial proof of concept study that

evaluated the feasibility of incremental learning and accurate event prediction

of the eSPANNet learning model was presented in chapter 5 for answering this

research question.

The classification (E1.1) and regression (E1.2) performance of eSPANNet was

evaluated using a case study on finger flexion events prediction from Electrocotico-

graphy signals. The Electorcoticography exhibits a higher signal to noise ratio

than the non-invasive Electroencephalography signals. An invasive signal was

used for this preliminary analysis to reduce the impact of the non-stationarity and

noise of the input data. E1.1 showed that the eSPANNet resulted in higher accur-

acy, sensitivity, and F1 score and lower FPR, FNR, and FDR than many other

supervised learning methods (refer fig. 5.15 and 5.16). The eSPANNet marginally

outperformed Liang and Bougrain (2012)(refer fig. 5.13) and demonstrated the

feasibility of incremental learning.

Upon the promising preliminary results of the eSPANNet learning model for

predicting finger movements from invasive Electrocoticography signals, the thesis

then addressed the following research question to evaluate the performance of
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eSPANNet for predicting movements from non-invasive EEG signals.

RQ2: How can the network architecture of the eSPANNet learning

model be improved to enhance its convergence and the prediction

accuracy when learning from non-stationary stochastic data streams

such as Electroencephalography?

The proof of concept of the eSPANNet was limited to invasive ECoG signals

which correspond to a higher signal to noise ratio than the non-invasive EEG

signals. This limitation was addressed in E2.1 by performing the experimental

validation of eSPANNet using non-invasive Electroencephalography signals. The

preliminary study presented in E1.1 to E1.3 was limited to data from a single

participant, and therefore, the findings could not be generalised to a broader group

of people. The experimental validation of eSPANNet presented in E 2.1, 2.2, and

2.3 were performed using data from twelve participants to address this limitation.

In the proof of concept, the performance of eSPANNet was compared only with

traditional non-Brain-Inspired machine learning methods that were not based on

Artificial Neural Networks. Therefore it was difficult to determine how the results

support the main hypothesis of the research. This limitation was addressed in

the experimental validation of eSPANNet by comparing eSPANNet with both

brain-inspired methods such as Convolutional Neural Networks and Recurrent

Neural Networks and as well as the non-brain-inspired machine learning methods

such as Support Vector Machine, Decision trees, and Linear regression.

Chapter 6 presented a comparative analysis and benchmarked the performance

of the eSPANNet learning model for online event prediction from EEG signals.

The research question investigated how the network architecture of eSPANNet is

to be improved to enhance the convergence and prediction accuracy when learning

from stochastic data streams such as EEG. The eSPANNet was compared with
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several brain-inspired and as well as the traditional non-brain-inspired machine

learning methods. The statistical significance of the obtained results was evaluated

using the Student’s t-test and ANOVA.

The thesis proposed two network architectures of eSPANNet and analysed

the performance of each architecture in predicting movement intentions from

EEG signals. The experiment E2.1 compared the performance of single input

synapse and multiple input synapse based eSPANNet architectures. The study

showed a statistically significant improvement of the average correct rate by the

single-input synapse-based eSPANNet than the multi-input synapse-based network

architecture. The results empirically showed that the single input synapse based

network architecture addressed the stochasticity of EEG signals better than the

multiple input synapse based architecture. Table 10.1 summarises these studies

that compare the proposed spike-based learning methods with other brain-inspired

(ANN-based) and traditional machine learning models.



Table 10.1: A summary of experiments performed

Goal Task Dataset Sample
size

Experiments Performance
measure

Stat. Comparison

Proof of
concept of
eSPANNet

predict finger
flexion events from
ECoG signals

BCI
Competi-
tion IV
dataset 4

1
E1.1: Evaluate and benchmark clas-
sification performance of eSPANNet
(section 5.4.1)

Accuracy,
sensitivity,
Specificity, F1
score, FPR,
FNR, FDR

- SVM, DT,
LDA, kNN,
AdaBoost,
RUSBoost,
Bagging and
Subspace

E1.2: Valuate regression performance
of eSPANNet (section 5.4.2)

Pearson
correlation
coefficients

- Liang et al

E1.3: Demonstrate the feasibility of in-
cremental learning by eSPANNet (sec-
tion 5.4.3)

Evolution of
true positive
rate and error
rate

-

Experimental
validation of
eSPANNet

Predict movement
intention from
EEG signals

WAY-
GAL-
EEG

12
E2.1: Compare performance of single
input synapse and multiple input syn-
apse based eSPANNet architectures
(section 6.5.1)

accuracy t-test Single input
synapse and
multiple input
synapse based
eSPANNet
architectures

E2.2: Compare performance of eS-
PANNet with multiple machine learn-
ing models that use static input fea-
tures(section 6.5.2)

accuracy One-way
ANOVA

RNN, SVM

E2.3: Compare the performance of eS-
PANNet with multiple sequence learn-
ing methods that use dynamic input
features (section 6.5.3)

accuracy One-way
ANOVA

CNN, RNN,
SVM, De-
cision tree,
linear regres-
sion

Continued over page . . .



Table 10.1: A summary of experiments performed . . . (continued)

Goal Task Dataset Sample
size

Experiments Performance
measure

Stat. Comparison

Experimental
validation of
the knowledge
representa-
tion frame-
work

Extract a set of
fuzzy/crisp rules
that represent
brain activity dur-
ing grasp and lift
tasks from BI-SNN

WAY-
GAL-
EEG

12 E3: Feasibility of obtaining the topolo-
gical patterns, and underlying neural
trajectories from during grasp and lift
movements using the above describe
framework (section 7.4.4)

transition
probability

- -

Proof of
concept of
FaNeuRobot

Evaluate the feasib-
ility of controlling
a prosthetic
hand through
the FaNeuRobot
framework

Dataset
collected
using the
Cognion-
ics 32
channel
dry EEG
head-
set at
KEDRI
EEG Lab

1 E4: Evaluate the feasibility of the FaN-
euRobot to decode hand movements
from EEG signals to construct a BCI
and the feasibility of controlling a pros-
thetic hand through the BCI (section
8.4.2)

accuracy - SVM, MLP
and LDA

Experimental
validation of
BI-BCI

Decode continuous
muscle activity
and joint
kinematics of
upper limb during
grasp and lift
movements

WAY-
GAL-
EEG

12

E5.1: Compare performance of eSPAN-
Net and BI-BCI in predicting muscle
activity and hand kinematics (section
9.3.1)

cross-
correlation

correlation GLM, eSPAN-
Net

E5.2: Evaluate the performance of ap-
proximating the activity of five EMG
sensors that monitor the muscle activ-
ity of AD, B, FD, CED, and FDI
muscles during grasp and lift move-
ments (section 9.3.2)

cross-
correlation

correlation GLM

Continued over page . . .



Table 10.1: A summary of experiments performed . . . (continued)

Goal Task Dataset Sample
size

Experiments Performance
measure

Stat. Comparison

E5.3: Evaluate the performance of pre-
dicting kinematics of the object, index
finger, thumb and wrist during GAL
task (section 9.3.3)

cross-
correlation

correlation GLM

E5.4: Evaluate and compare the pre-
diction latency of BI-SNN and eSPAN-
Net (section 9.3.4)

cross-
correlation

- eSPANNet

E5.6: Evaluate the performance of BI-
SNN, eSPANNet and GLM respect to
the size of the training dataset (section
9.3.5)

cross-
correlation

correlation GLM, eSPAN-
Net

E5.6: Demonstrate the interpretability
of the BI-SNN as a neural decoder for
BCI (section 9.3.6)

population
size, popu-
lation con-
nectivity
and synaptic
weight

- -
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However, the research did not present a theoretical proof on how single input

synapse based eSPANNet architecture perform better than the multiple input

synapse based eSPANNet architecture. This is a limitation of this research that

can be addressed in future research. E2.2 and E2.3 compare the performance of

eSPANNet with multiple machine learning models that use static and dynamic

input features, respectively. The SVM and RNN models that used the spike rate

marginally outperformed the performance of eSPANNet. However, this difference

is not statistically significant, while the eSPANNet has some significant advantages,

as discussed in section 6.5.2. E2.3 showed that eSPANNet resulted in the highest

mean correct rate compared to the RNN, CNN, SVM, DT, and LR that used spike

sequences for training the model. eSPANNet showed a statistically significant

difference in mean correct rate compared to RNN, SVM, or DT. However, the

difference in mean correct rate between eSPANNet and LR or CNN was statistically

insignificant (refer fig. 6.6).

10.2.2 Knowledge representation framework for Spiking

Neural Networks

The lower interpretability of the machine learning models is a limitation in

Artificial Intelligence. eSPANNet also does not facilitate much provision for

interpreting the decisions made by the model and the association of the existing

neurological findings that can reveal complex brain dynamics with the behaviour

of the eSPANNet learning model is challenging. Enhancing the interpretability

of the proposed spike-based neural decoder was specifically addressed in studies

E3 and E5.6. The proposed knowledge representation framework evaluated the

feasibility of the NeuCube SNN architecture to map spiking activity from EEG

sensor-space into the structural and functional regions of interest in the brain.
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The research addressed the following research question to fulfil these objectives.

RQ3: Based on the abilities of SNN for deep learning, can SNNs be used

to construct an interpretable machine learning model that represents

deep knowledge as spatio-temporal rules?

This framework could be applied to extract neural trajectories from Brain-Inspired

SNN architectures to improve the machine learning model’s interpretability and

increase the understanding of the information representation in the model as deep

Spatio-temporal rules.

The proposed generic methods showed the feasibility of constructing a novel

Brain-Inspired Brain-Computer Interface, which can effectively address several lim-

itations of current restorative BCIs. This research extended the generic NeuCube

SNN framework by integrating the proposed learning algorithms.

The experiment E3 was performed to determine the feasibility of obtaining

the topological patterns, and underlying neural trajectories from BI-SNN during

grasp and lift movements. The knowledge representation framework revealed

common patterns in dynamic cortical activity of the brain that characterise the

Spatio-temporal organisation of the brain’s cortex to execute a grasp and lift task.

These patterns could be represented as a set of crisp rules comprehensible by

humans.

One of the limitations associated with the proposed knowledge representation

framework was it required a set of predefined parameters such as the transition

probability threshold, the spatial and temporal depth to extract the deep knowledge

learned in a BI-SNN. The proposed spike-based supervised learning models were

integrated with the BI-SNN to learn Spatio-temporal rules as presented in E4, E5.1

to E5.6 to address this limitation. Another limitation of the proposed framework

was the lack of a solid mathematical foundation and appropriate definition of
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optimal depth and length of knowledge representation. The development of a

mathematical foundation and defining optimal depth and length parameters is

proposed as future work of this thesis. The practical applicability of the model was

evaluated in principle through E4, followed by a comprehensive analysis presented

under E5.

10.2.3 Brain-Inspired Spiking Neural Networks for Brain-

Inspired Brain-Computer Interfaces

The research also focused on developing prototype software and conducting proof-

of-concept studies to demonstrate the applicability of the proposed learning

algorithms in restorative BCI applications through multiple case studies.

The first case study evaluated and benchmarked the performance of the eS-

PANNet learning model for movement intention prediction from EEG signals.

The case study answered the following research question.

RQ4: How does the eSPANNet learning model compare with the static

rate-based machine learning methods (such as the Convolutional Neural

Networks and Support Vector Machine) and as well as the sequence

learning-based methods (such as the Recurrent Neural Networks, lin-

ear regression, and SVM-based regression) for predicting movement

intention from EEG signals?

The next case study evaluated the feasibility of the generic NeuCube framework to

decode movements from EEG signals. The study addressed the following research

question.
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RQ5: How can the NeuCube SNN architecture be improved in order

to enable continuous control of a prosthetic hand from EEG signals?

The proposed FaNeuRobot framework integrated a finite automata with the gen-

eric NeuCube framework and showed the feasibility of decoding continuous hand

movements from EEG signals. The finite automata represented a simplified beha-

vioural model of muscle synergies that represent how the agonist and antagonist

forearm muscle pairs contribute to a hand opening and closing. The NeuCube

SNN was trained to decode events that could trigger a state change while the finite

automata acted as a finite memory to the Spiking Neural Network. Therefore,

the integrated model predicted the current state of the prosthetic hand based

on the decoded event and the previous state of the BCI. This approach could

increase the inter-class separability of the machine learning problem compared to

the traditional approach that did not utilise finite automata.

The feasibility of controlling a prosthetic hand through the FaNeuRobot frame-

work was evaluated principally through a laboratory-based study presented under

E4. The dataset was collected using the Cognionics 32 channel dry EEG headset

at KEDRI EEG Lab. The experiment E4 evaluated the feasibility of the FaN-

euRobot to decode hand movements from EEG signals continuously. FaNeuRobot

showed the feasibility of constructing a non-invasive BCI for prosthetic control.

Although the study demonstrated accurate control of a prosthetic hand through

the proposed SNN-based non-invasive BCI, this preliminary analysis had multiple

limitations. The proof of concept of FaNeuRobot was limited to 1D control of a

prosthetic hand by a healthy participant. The researcher collected her EEG data

for the experiment, and therefore the participant was not naive to the task or the

intention of the research.

The following experiments were conducted to address the limitations of this
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preliminary analysis. A series of experiments using the proposed Brain-Inspired

Spiking Neural Networks was performed to evaluate the performance of predicting

the activity of five forearm muscles and the kinematics of four upper-limb joints

which generally require the involvement of multiple muscle synergies. These SNN

models could represent multiple upper limb muscle synergies that contribute to

performing complex upper limb functional movements. Therefore, the experimental

validation showed the feasibility of improving the degrees of freedom of the

prosthetic hand. E5.1 to 5.6 was performed using a publicly available dataset that

contains EEG signals from twelve novice participants. The empirical evaluation of

multiple degrees of freedom control through the proposed BI-BCI was mentioned

as possible future work of this research.

The following case study experimentally validated and benchmarked the per-

formance of the proposed Brain-Inspired Spiking Neural Network model for decod-

ing and understanding grasp and lift movements from EEG signals. The BI-BCI

is based on the Brain-Inspired Spiking Neural Network model that integrates

the proposed spike-based generic methods with the NeuCube SNN architecture.

It was validated through a series of experiments mentioned from E5.1 to E5.6,

which evaluated various features of the proposed BI-BCI. All these experiments

were performed using the WAY-GAL-EEG dataset, and the goal was to decode

continuous muscle activity and joint kinematics of the upper limb during grasp

and lift movements. The case study addressed the following research questions.
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RQ6: Does the Brain-Inspired Spiking Neural Network model that

integrates the eSPANNet with the NeuCube SNN architecture result

in higher prediction accuracy than the pure eSPANNet learning model

for predicting continuous movements from EEG signals?

The thesis described integrating the proposed spike-based learning methods with

the generic NeuCube SNN framework for developing the proposed Brain-Inspired

Brain-Computer Interface system. The experiment E5.1 compared the cross-

correlation of predicted muscle activity and hand kinematics by the eSPANNet

and BI-BCI models. BI-SNN, as a source-space SNN model, showed the feasibility

of finding spiking neuron clusters that are more temporally associated with the

EMG activity and hand kinematics compared to the sensor-space eSPANNet

model. The BI-SNN permitted the extraction of population activity from different

regions of interest in the brain, while the integration of eSPANNet as the output

layer of the NeuCube enabled incremental learning of these polychronising spiking

neuron populations.

The thesis presented multiple studies that evaluated different aspects of the BI-

BCI approach such as - how accurate the prediction is, the latency of the prediction,

the training speed to reach an acceptable prediction, and the interpretability of

the model. The research answered the following research question in order to

achieve the above objective.
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RQ7: How do the Brain-Inspired Spiking Neural Networks and the non-

Brain-Inspired machine learning models compare in terms of their ability

for sequence prediction, interpretability, and incremental learning to

predict complex movements from EEG useful for motor recovery and

restoration in Brain-Computer Interfaces?

E5.2 evaluated the performance of approximating the activity of five EMG sensors

that monitor the muscle activity of AD, B, FD, CED, and FDI muscles during

grasp and lift movements and compared with a Generalised Linear Model. The

majority of participants showed a ‘high’ mean correlation using BI-SNN. E5.3

evaluated the performance of approximating the position and orientation of the

object, index finger, thumb, and wrist during a GAL task.

E5.3 evaluated and compared the prediction latency of BI-SNN and eSPANNet

models. The median prediction time of the twenty-nine behavioural spike sequences

by BI-SNN and eSPANNet models correspond to a single time interval is 3.5 ms

and 1 ms, respectively. The shorter prediction latencies by the spiking neuron

models suggested the feasibility of real-time prediction at a sampling rate of 100Hz.

E5.5 evaluated the performance of BI-SNN, eSPANNet, and GLM with respect to

the size of the training dataset. It was observed that the SNN models produce a

stronger correlated output using a relatively smaller amount of training data than

GLM.

E5.6 demonstrated the interpretability of the BI-SNN as a neural decoder for

BCI. The analysis of the connectivity in a trained BI-SNN indicated that each

SPAN population in the output layer is connected with brain areas that play a

vital role in executing a grasp and lift movement. The connectivity pattern showed

that the spiking neuron populations of the BI-SNN are connected with different

brain areas that contribute to executing the movement such as visual information
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processing by the primary and secondary visual cortex, and the inferior temporal

gyrus, cognitive control by the anterior prefrontal cortex, spatial cognition and

attention by angular gyrus, planning and executing movement by the motor

cortex and the processing of somatosensory information by the somatosensory

cortex. These visualisations suggested that the BI-SNN model can contribute to a

better understanding of brain activity in neurofeedback rather than a ‘black box’

or less-interpretable model. Table 10.2 summarises the major findings of each

experiment that supported the validation of the hypothesis.



Table 10.2: A summary of results

Experiment Major findings
E1.1: Evaluate and benchmark classification per-
formance of eSPANNet (refer sec. 5.4.1)

eSPANNet showed higher in accuracy, sensitivity and f1 score and lower FPR,
FNR, and FDR that the other methods (refer fig. 5.15 and 5.16)

E1.2: Evaluate regression performance of eS-
PANNet (sec. 5.4.2)

eSPANNet marginally outperformed Liang and Bougrain (2012)(refer fig.
5.13)

E1.3: Demonstrate the feasibility of incremental
learning by eSPANNet (sec. 5.4.1)

eSPANNet showed the feasibility of incremental learning (refer fig. 5.14)

E2.1: Compare the performance of single input
synapse and multiple input synapse based eS-
PANNet architectures

Statistically significant improvement of the average correct rate by the single-
input synapse-based eSPANNet than the multi-input synapse-based network
architecture (p=0.001).

E2.2: Compare the performance of eSPANNet
with multiple machine learning models that use
static input features

SVM and RNN with mean spike rate marginally outperformed the perform-
ance of eSPANNet. However, this difference is not statistically significant
(p=0.87).

E2.3: Compare the performance of eSPANNet
with multiple sequence learning methods that
use dynamic input features

eSPANNet resulted in the highest mean correct rate and showed a statistically
significant difference in mean correct rate than RNN, SVM or DT. The
difference in mean correct rate between eSPANNet and LR or CNN was
statistically insignificant (refer fig. 6.6)

E3: Feasibility of obtaining the topological pat-
terns, and underlying neural trajectories during
grasp and lift movements using the above de-
scribe framework from EEG signals

The knowledge representation framework revealed essential patterns that
characterise the dynamics of brain activity during a grasp and lift task.

E4: Evaluate the feasibility of the FaNeuRobot
to decode hand movements from EEG signals to
construct a BCI and the feasibility of controlling
a prosthetic hand through the BCI

FaNeuRobot showed the feasibility of constructing a non-invasive BCI for
prosthetic control. The average accuracy of the subject across all sessions
was 75%.

E5.1: Compare the performance of eSPANNet
and BI-BCI in predicting muscle activity and
hand kinematics

The BI-SNN permits the extraction of population activity from different
regions of interest in the brain, while the integration of eSPANNet as the
output layer of the NeuCube enabled incremental learning of polychronising
spiking neuron populations.

Continued over page . . .



Table 10.2: A summary of results . . . (continued)

Experiment Major findings
E5.2: Evaluate the performance of approximat-
ing the activity of five EMG sensors that monitor
the muscle activity of AD, B, FD, CED, and FDI
muscles during grasp and lift movements

Nine out of twelve participants showed a ‘high’ mean correlation, while the
remaining three participants showed a ‘moderate’ mean correlation using
BI-SNN.

E5.3: Evaluate the performance of approxim-
ating x,y,z position of the object, index finger,
thumb and wrist during GAL task

BI-SNN results in a ‘moderate’ to ‘high’ cross-correlation (0.6 <= r <= 0.7)
in predicting x,y,z Cartesian coordinates. The cross-correlation coefficients
show that BI-SNN approach results in a ‘moderate’ to ‘high’ cross-correlation
(0.5 <= r <= 0.7) in predicting elevation, roll and azimuth angles.

E5.4: Evaluate and compare the prediction
latency of BI-SNN and eSPANNet

The median prediction time of the twenty-nine behavioural spike sequences
by BI-SNN and eSPANNet models corresponding to a single time interval is
3.5 ms and 1 ms, respectively.

E5.6: Evaluate the performance of BI-SNN, eS-
PANNet and GLM respect to the size of the
training dataset

It was observed that the SNN models produce more strongly correlated
output using a relatively smaller amount of training data than GLM.

E5.6: Demonstrate the interpretability of the
BI-SNN as a neural decoder for BCI

The analysis of the connectivity in BI-SNN indicates that each SPAN popu-
lation in the output layer is connected with brain areas that play a vital role
in executing a grasp and lift movement. The visualisations suggest that the
BI-SNN model can contribute to a better understanding of brain activity in
neurofeedback rather than a ‘black box’ or less-interpretable model.
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10.2.4 BI-SNN for closed-loop prosthetic control

The human nervous system exhibits bi-directional information flow from the central

nervous system to the periphery (feed-forward path) and the periphery to the

central nervous system (backward path). Closed-loop BCI systems which consider

both directions of information flow exhibits many advantages over conventional

uni-directional (open-loop) BCI systems.

The neural decoder needs to consider the data flow in both forward and

backwards directions into the model to enable the closed-loop control. Most

studies on non-invasive Brain-Computer Interfaces have mainly focused on the

feed-forward path and construct open-loop BCI control. They do not have a

mechanism to incorporate and represent feedback information directly in the

model. The brain-inspired network architecture of BI-SNN can establish closed-

loop neuroprosthetic control through BCI in contrast to the traditional open-loop

BCIs. The thesis has shown that BI-SNN can accurately predict muscle activity

and joint kinematics from EEG signals. This aspect contributes to the feed-

forward path of the closed-loop control. At the same time, the model can also

utilise information travel from the peripheral to the central nervous system, such

as the information from the sensory receptors (vision, sense of touch) and the

neural signature of error processing in the brain (Error-related Potentials). These

aspects contribute to establishing the feedback information flow of the closed-loop

control. Therefore the proposed BI-SNN model shows the feasibility of closed-loop

neuroprosthetic control compared to conventional open-loop BCI systems.

Since the EEG mapping of the NeuCube SNN architecture is based on the

Talairach brain atlas, which contains the 3D coordinates of both cerebellum and

cerebrum, the proposed Brain-Inspired Brain-Computer Interface architecture can

represent both cerebrum and cerebellum activity together in the model. Therefore,
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the BI-SNN supports the neural decoder to utilise information flow across various

brain networks that interconnect the periphery, cerebrum, and cerebellum to

predict different human activity.

10.2.5 Translation of BI-BCI from clinical into simple BCI

systems

The thesis reports multiple experiments that used EEG data collected using both

wet and dry electrodes. The case studies reported in chapter 6, 7 and 9 have used

EEG data collected using the actiCAP (actiCAP, n.d.) which contains gel-based

(Ag/AgCl) active EEG electrodes. The gel electrodes result in a lower noise level

compared to dry EEG electrodes. The study presented in chapter 8 has utilised the

Cognionics 32 channel dry electrode EEG headset. Dry electrodes are more likely

to have a higher noise level than gel electrodes. The lower signal to noise ratio

can compromise the prediction accuracy when using a dry electrode EEG headset.

However, on the other hand, dry electrodes enhance the BCI’s translational

aspects, leading to portable home-based personalised BCI intervention protocols.

Since the BI-BCI works accurately with EEG data collected using dry electrodes,

which is more prone to noise, it is more applicable to the BCI’s translational

aspects. The BI-SNN have shown the feasibility of accurately decoding neural

activity using both types of EEG electrodes.

10.2.6 Robustness of BI-BCI

Numerous factors can affect brain activity which gives rise to the non-stationarity

of EEG signals. Different experimental conditions such as the participant’s posture

and whether the person was gazing or not gazing at their hand can affect EEG.

Also, there are other reasons, such as medication, consumption of alcohol or
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caffeine, which could change the statistical properties of EEG signals. Studies

have shown that medication such as painkillers and antiepileptic drugs (Konishi

et al., 1995) can affect brain activity. Some of the effects of drugs are an increase

of beta and decrease of alpha brain activity (Banoczi, 2005). Studies have shown

that caffeine which contained in ordinary beverages such as tea and coffee, can

substantially reduce EEG power(Siepmann & Kirch, 2002). Other physiological

factors such as mood, sleep, fatigue, and stress level can change EEG patterns at

different BCI sessions. These factors cause the non-stationarity of EEG signals

which is a considerable challenge for decoding neural activity for BCI.

The non-stationarity of EEG results in inconsistent subject-to-subject and

session-to-session prediction performance either under the same or different exper-

imental conditions. From the machine learning perspective, the neural decoder

should be robust to the non-stationarity of EEG, and it is an essential requirement

for non-invasive BCI. In addition, the ability to interpret machine learning model

leaves an opportunity to perform post hoc analysis when predicting using non-

stationary data if an abnormality is observed. The proposed BI-SNN have shown

robust prediction performance under different experimental conditions through

the case studies reported in the thesis. Also, it can interpret what has already

been learnt by the model and the various features which contribute to model

predictions in a way comprehensible to human understanding. In addition, the

thesis has shown the feasibility of correlating such interpretations with findings

of previous neuroscience studies. Therefore the proposed Brain-Inspired Brain-

Computer Interface have demonstrated many advantages over the conventional

non-brain-inspired machine learning approaches for addressing the non-stationarity

of EEG.
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10.3 Limitations of the research

The experimental validation of BI-BCI addressed several limitations of the state-

of-the-art machine learning models commonly used in restorative Brain-Computer

Interfaces. However, the proposed BI-BCI is constrained by the following limita-

tions.

The performance of online event prediction of the BI-BCI was not evaluated

as the experiments were performed using a publicly available dataset. Notwith-

standing this limitation, the experiments were performed on a pseudo online

experimental setup. The online prediction of the proposed BI-BCI was validated

principally through this pseudo online experimental setup. Also, the ability to

perform online predictions and enabling continuous control of a rehabilitation

device was demonstrated principally through experiment E4.

In addition, the researcher (myself) did not contribute to the data collection

process and therefore had a limited ability to comment on the data quality.

Another limitation of the current analysis is that the experimental validation

was limited to healthy participants. Movement prediction using EEG data from

motor-impaired people through the proposed BI-BCI was identified as a future

work of this research. Several recommendations will be proposed to develop an

appropriate experimental protocol based on the observations and findings of the

current research. The limitations of each experimental study are summarised in

table 10.3.



Table 10.3: A summary of limitations

Goal Limitations Approach for addressing the limitations
Proof of concept of
eSPANNet
learning model

Used invasive ECoG signals which are less noisy than
non-invasive EEG signals

Experimental validation of eSPANNet (E 2.1 - 2.3) was
performed using non-invasive EEG signals

Limited to data from a single participant. Therefore
difficult to generalise the findings to a broader group of
people

Experimental validation of eSPANNet (E 2.1 - 2.3) was
performed using data from twelve participants

The comparison was not performed on Brain-Inspired ML
methods. Therefore it is difficult to determine how the
results support the main hypothesis of the research.

Experimental validation of eSPANNet (E 2.1 - 2.3) com-
pared eSPANNet with both brain-inspired (CNN and
RNN) and non-brain-inspired (SVM, Decision tree, linear
regression) ML methods

Experimental
validation of
eSPANNet

The study empirically confirms the ability of a single
input synapse based network architecture to address the
stochasticity of the signal. However, the research does not
present a theoretical proof on how single input synapse
based eSPANNet architecture perform better than the
multiple input synapse based eSPANNet architecture

This limitation is mentioned as a limitation of the current
research and proposed to be addressed in future research

Difficult to interpret results and associate existing neuro-
logical findings in the literature with the machine learning
model

The interpretability of the BI-SNN is addressed explicitly
in studies E3 and E5.6

experimental val-
idation of the
knowledge repres-
entation framework

The framework only facilitates knowledge extraction using
a set of predefined parameters such as the spatial or tem-
poral depth and transition probability. The framework
does not automatically learn to extract knowledge from a
BI-SNN. The study lacks a suitable mathematical founda-
tion an appropriate definition of optimal depth and length
in both space and time for knowledge representation

Spike-based supervised learning models are integrated
with the BI-SNN to learn spatio-temporal rules (E4 and
E5.1 to E5.6). Development of mathematical foundation
and defining optimal depth and length of knowledge rep-
resentation are proposed as future research, practical ap-
plicability of the model was evaluated in principle through
experiment 4 followed by a comprehensive analysis presen-
ted in experiment 5

Continued over page . . .



Table 10.3: A summary of limitations . . . (continued)

Goal Limitations Approach for addressing the limitations
proof of concept
of controlling a
prosthetic hand
through FaNeuRo-
bot

The current study was limited to 1D control of a prosthetic
hand by a healthy participant

A series of experiments using the Brain-Inspired Spiking
Neural Networks was performed to evaluate the perform-
ance of predicting the activity of multiple muscles, and
the kinematics of multiple joints require the involvement
of multiple forearm muscle synergies. The experimental
validation showed the feasibility of improving the degrees
of freedom of the prosthetic hand. The empirical evalu-
ation of multiple degrees of freedom control through the
proposed BI-BCI was mentioned as a future work of this
research.

Experimental valid-
ation, comparative
analysis and stat-
istical validation of
BI-BCI

The performance of online prediction of the BI-BCI was
not evaluated as the experiments were performed using
a publicly available dataset. The analysis was limited to
healthy participants, The experimenter did not contribute
to the data collection and therefore had a limited ability
to comment on the data quality

The feasibility of online prediction was demonstrated in
principle through the experiment 4. Movement prediction
using EEG data from motor-impaired people through the
proposed BI-BCI was identified as a future work of this
research
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10.4 Recommendations for future research

Overall, this study strengthens the idea that BI-SNN is a promising neural decoder

for non-invasive BCI. The present study adds to the growing body of AI research

that indicates the significance of brain-inspired models and has been one of the

first attempts to examine the feasibility of finding neural correlates of muscle

activity and kinematics non-invasively. The findings of the research influence

the following future directions. Further studies may aim to implement the SNN

models in neuromorphic processors. BI-SNN as an interpretable neural decoder,

future research may investigate the feasibility of transferring the interpreted

knowledge to reduce the BCI calibration time. Further analysis of EEG data

from motor-impaired people will support translating the technology to assistive

and rehabilitation applications that improve the quality of life of motor-impaired

people.

10.5 Conclusion

A growing body of literature on non-invasive Brain-Computer Interfaces for motor

recovery and restoration highlights the need for improving the machine learning

methods that decode neural activity from EEG signals. These studies point

out the low accuracy in decoding movements of the same limb, less biological

plausibility, less interpretability, high prediction latency, low degree of freedom

as the common significant drawbacks in existing machine learning models used

for decoding movements useful for motor recovery and restoration through BCI

from EEG. This research evaluated multiple aspects of the BI-SNN, including the

accuracy, interpretability, prediction latency, and training speed, which strengthens
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the idea that BI-SNN is a promising approach for decoding neural activity in non-

invasive Brain-Computer Interfaces. This research has extended the current body

of knowledge regarding the machine learning approaches for decoding movements

from EEG.

• This thesis has demonstrated that the proposed eSPANNet learning al-

gorithm can incrementally learn complex spike sequences from stochastic

data streams. As a generative model, it does not require certain predefined

parameters related to network architecture, such as the number of neurons

in the hidden layer as it evolves neurons if needed. Its simple network

architecture reduces the processing time during training and prediction.

• The thesis has developed a theoretical framework, algorithmic pipeline,

and associated software for representing and extracting deep knowledge

from Brain-Inspired Spiking Neural Network architectures for enhancing its

interpretability.

• The thesis has demonstrated the applicability of the proposed learning

algorithm in multiple case studies such as movement intention prediction from

EEG, decoding hand movements from EEG, and controlling an upper limb

prosthesis through the proposed Brain-Inspired Brain-Computer Interface.

• The thesis has empirically validated that the integration of eSPANNet with

the NeuCube SNN architecture, which formed the proposed BI-SNN can gain

a higher prediction accuracy than the standalone sensor-space eSPANNet

architecture.

• The thesis has benchmarked the performance of the proposed SNN-based

learning algorithms and showed that they could gain a statistically significant
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improvement in terms of the prediction accuracy compared to several machine

learning methods.

• The thesis has shown the feasibility of extracting neural information that

contributes to controlling a wide range of motor parameters such as the

activity of multiple forearm muscles and joint kinematics from EEG signals

using the proposed Brain-Inspired Spiking Neural Network model in healthy

people.

In conclusion, the proposed BI-SNN is a potential approach to construct an

interpretable neural decoder that can incrementally learn to predict complex

movements in real-time from Electroencephalography signals.

10.6 Summary of the chapter

This chapter presented a general discussion and outlook of the studies conducted

throughout this thesis. It discussed the significant findings of each study that

supported the validation of the main hypothesis of this research. The chapter also

discussed the limitations of each study and the strategies employed in this research

to address them. The conclusion and recommendations for future research are

presented at the end of the chapter.
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Appendix A

Source Code

A.1 Segments of source code used for

implementing the eSPANNet learning

model presented in Chapter 5

A.1.1 Matlab source code for obtaining the membrane

potential of a Leaky Integrate and Fire neuron

1 %% function lif_model

2 % INPUT( S ) :

3 % time_vector : time i n t e r v a l s o f the s p i k e t r a i n

4 % s y n a p t i c _ c u r r e n t : pre−s y n a p t i c input c u r r e n t

5 % membrane_time_constant : time c o n s t a n t that c h a r a c t e r i s e s the t iming

6 % o f t h i s e x p o n e n t i a l decay o f membrane p o t e n t i a l

7 % OUTPUT( S ) :

8 % output_spike : output s p i k e sequence o f the LIF

9 % membrane_potential : membrane p o t e n t i a l o f the LIF

10 % membrane_potentia l_for_visual ize : membrane p o t e n t i a l o f the LIF

11 % marked with s p i k i n g e v e n t s

12 % REFERENCE:

13 % http : / / n e u r o s c i e n c e . u c d a v i s . edu/goldman/ T u t o r i a l s _ f i l e s / I n t e g r a t e %26 F i r e . pdf

14 % with some m o d i f i c a t i o n s to r e p l a c e the l o o p s by v e c t o r s to speed−up the c a l c u l a t i o n s

15 % AUTHOR: Kaushalya Kumarasinghe

16 % DATE : 10/09/2020

17 %%

18

377
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19 f u n c t i o n [ output_spike , membrane_potential , membrane_potentia l_for_visual ize ] = l i f _ m o d e l (

time_vector , synapt ic_current , membrane_time_constant )

20

21 %Def ine parameters

22 dt = 1 ; %time s t e p [ ms ]

23 t_end = s i z e ( time_vector , 2 ) −1; %t o t a l time o f run [ ms ]

24 n_neurons = s i z e ( synapt ic_current , 1 ) ;

25 E_L = repmat ( −70 , n_neurons , 1) ; %r e s t i n g membrane p o t e n t i a l [mV]

26 V_th = repmat ( 1 0 0 , n_neurons , 1) ; %s p i k e t h r e s h o l d [mV]

27 V_reset = −75; %value to r e s e t v o l t a g e to a f t e r a s p i k e [mV]

28 V_spike = 1 0 0 0 ; %value to draw a s p i k e to , when c e l l s p i k e s [mV]

29 R_m_val = 0 . 0 0 1 ;

30 R_m = repmat (R_m_val , n_neurons , 1) ; %membrane r e s i s t a n c e [MOhm]

31 tau = repmat ( membrane_time_constant , n_neurons , 1) ; %membrane time c o n s t a n t [ ms ]

32

33 %DEFINE INITIAL VALUES AND VECTORS TO HOLD RESULTS

34 V_vect = z e r o s ( n_neurons , l e n g t h ( time_vector ) ) ; %i n i t i a l i z e the v o l t a g e v e c t o r

35 I_e_vect = s y n a p t i c _ c u r r e n t . / 1 0 0 0 ;

36 % p l o t ( I_e_vect )

37

38 V_plot_vect = z e r o s ( n_neurons , l e n g t h ( time_vector ) ) ; %p r e t t y v e r s i o n o f V_vect to be

p l o t t e d , that d i s p l a y s a s p i k e

39 i = 1 ; % index denot ing which element o f V i s being a s s i g n e d

40 V_vect ( : , i )= E_L; %f i r s t element o f V, i . e . va lue o f V at t=0

41 V_plot_vect ( : , i ) = V_vect ( : , i ) ; %i f no spike , then j u s t p l o t the a c t u a l v o l t a g e V

42

43 output_spike = z e r o s ( n_neurons , s i z e ( time_vector , 2 ) ) ;

44

45 f o r t=dt : dt : t_end %loop through v a l u e s o f t i n s t e p s o f dt ms

46 f i r i n g _ n e u r o n s = z e r o s ( n_neurons , 1) ;

47 V_inf = E_L + I_e_vect ( : , i ) . ∗R_m; %value that V_vect i s e x p o n e n t i a l l y

48 %decaying towards at t h i s time s t e p

49 %next l i n e does the i n t e g r a t i o n update r u l e

50 V_vect ( : , i +1) = V_inf + ( V_vect ( : , i ) − V_inf ) . ∗ ( exp(−dt . / tau ) ) ;

51

52 % f i n d the i n d e x e s o f neurons r e a c h i n g the t h r e s h o l d

53 f i r i n g _ n e u r o n s ( V_vect ( : , i +1) > V_th) = 1 ;

54 % s e t membrane p o t e n t i a l o f f i r i n g neurons to i t s r e s t i n g p o t e n t i a l

55 c u r r e n t _ p o t e n t i a l s = V_vect ( : , i +1) ;

56 c u r r e n t _ p o t e n t i a l s ( f i r i n g _ n e u r o n s ==1) = V_reset ;

57 V_vect ( : , i +1) = c u r r e n t _ p o t e n t i a l s ;

58

59 % membrane p o t e n t i a l with s p i k e f o r p l o t t i n g

60 c u r r e n t _ p o t e n t i a l s _ p l o t = V_plot_vect ( : , i +1) ;

61 c u r r e n t _ p o t e n t i a l s _ p l o t ( f i r i n g _ n e u r o n s ==1) = V_spike ;

62 c u r r e n t _ p o t e n t i a l s _ p l o t ( f i r i n g _ n e u r o n s ==0) = c u r r e n t _ p o t e n t i a l s ( f i r i n g _ n e u r o n s ==0) ;

63 V_plot_vect ( : , i +1) = c u r r e n t _ p o t e n t i a l s _ p l o t ;

64 output_spike ( : , i +1) = f i r i n g _ n e u r o n s ;

65

66 i = i + 1 ; %add 1 to index , c o r r e s p o n d i n g to moving forward 1 time s t e p

67 end

68

69 membrane_potentia l_for_visual ize = V_plot_vect ;

70 membrane_potential = V_vect ;
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71

72 end

A.1.2 Matlab source code for spike convolution using the

α-kernel

1 %% function alpha_kernel

2 % INPUT( S ) :

3 % ∗ time_vector1 : time i n t e r v a l s o f the s p i k e sequence

4 % ∗ t f _ v e c t o r : f i r i n g time o f the s p i k e t r a i n

5 % ∗ time_constant : time c o n s t a n t that c h a r a c t e r i s e s the t iming o f the

6 % e x p o n e n t i a l decay o f a convoluted s p i k e

7 % OUTPUT( S ) :

8 % ∗ conv_al l_spikes : convoluted s p i k e sequence

9 %

10 % AUTHOR: Kaushalya Kumarasinghe

11 % DATE : 10/09/2020

12 %%

13 f u n c t i o n conv_al l_spikes = alpha_kernel ( time_vector1 , t f_vector , time_constant )

14 % number o f s p i k i n g e v e n t s i n the c u r r e n t input s p i k e t r a i n

15 n_spikes = s i z e ( t f_vector , 2 ) ;

16 % number o f time i n t e r v a l s o f the input s p i k e t r a i n

17 n_time_points = s i z e ( time_vector1 , 2) ;

18

19 t ime _vec tor 1_f or_ al l _spi kes = repmat ( time_vector1 , n_spikes , 1) ;

20 % f i r i n g time o f s p i k e sequence

21 t f _ v e c t o r _ f o r _ a l l _ s p i k e s = repmat ( t f_vector ' , 1 , n_time_points ) ;

22

23 % compute t − t_f

24 t _ t f _ f o r _ a l l _ s p i k e s = ti me_v ect or1 _fo r_a l l_s pik es − t f _ v e c t o r _ f o r _ a l l _ s p i k e s ;

25 exp_p1_vector = repmat ( exp ( 1 ) , s i z e ( t i me_ vec tor1 _fo r_a l l_ spi kes ) ) ;

26 time_constant_vector = repmat ( time_constant ^( −1) , s i z e ( t i me_v ect or1 _fo r_al l_s pik es ) ) ;

27 % compute e^−(t−t f ) / time_constant

28 exp_p2_vector = exp_p1_vector .^( −( t _ t f _ f o r _ a l l _ s p i k e s . / time_constant ) ) ;

29 % apply h e a v i s i d e s t e p f u n c t i o n

30 h e a v i s i d e _ v e c t o r = h e a v i s i d e ( t _ t f _ f o r _ a l l _ s p i k e s ) ;

31

32 % compute s p i k e c o n v o l u t i o n

33 conv_per_tf = exp_p1_vector ' . ∗ time_constant_vector ' . ∗ t _ t f _ f o r _ a l l _ s p i k e s ' . ∗ exp_p2_vector

' . ∗ h e a v i s i d e _ v e c t o r ' ;

34

35 % combine each convoluted i n d i v i d u a l s p i k e sequence i n t o a s i n g l e

36 % convoluted s p i k e sequence

37 conv_al l_spikes = sum( conv_per_tf , 2) ' ;

38

39 % p l o t convoluted s p i k e sequence

40 p l o t ( conv_al l_spikes ' )

41

42 end
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A.1.3 Matlab source code for calculating the SPAN

synaptic weight update

1 %% span_multiple_desired_spikes

2 % INPUT( S ) :

3 % ∗ input_spike_time : t iming o f the input s p i k e e v e n t s

4 % ∗ expected_spike_time : t iming o f the expected s p i k e e v e n t s

5 % ∗ actual_spike_time : t iming o f the a c t u a l s p i k e e v e n t s

6 % ∗ e r r o r : D i f f e r e n c e between expected and a c t u a l s p i k e time

7 % ∗ membrane_time_constant : time c o n s t a n t that c h a r a c t e r i s e s the t iming

8 % o f the e x p o n e n t i a l decay o f membrane p o t e n t i a l

9 % ∗ l e a r n i n g _ r a t e : Learning r a t e o f SPAN

10 % OUTPUT( S ) : weight_change = c a l c u l a t e d s y n a p t i c weight update as per the

11 % SPAN l e a r n i n g r u l e

12 % AUTHOR: Kaushalya Kumarasinghe

13 % DATE : 10/09/2020

14 %%

15

16 f u n c t i o n weight_change = span_mult ip le_des ired_spikes ( input_spike_time , expected_spike_time ,

actual_spike_time , e r r o r , membrane_time_constant , l e a r n i n g _ r a t e )

17 % number o f s p i k e s i n input , d e s i r e d and a c t u a l s p i k e s e q u e n c e s

18 n_g = s i z e ( expected_spike_time , 2) ;

19 n_f = s i z e ( input_spike_time , 2) ;

20 n_h = s i z e ( actual_spike_time , 2) ;

21

22 % compute [ t_ ( input , f ) − t_ ( d e s i r e d , g ) ] where f and g a re i n d e c e s o f

23 % input and d e s i r e d s p i k e s

24 rep_input_for_desired = repmat ( input_spike_time ' , n_g , 1 ) ;

25 rep_desired_for_input = repmat ( expected_spike_time , n_f , 1 ) ;

26 input_des ired_vector = h o r z c a t ( rep_input_for_desired , rep_desired_for_input ) ;

27

28 % compute [ t_ ( input , f ) − t_ ( out , h ) ] where f and h are i n d e c e s o f

29 % input and a c t u a l s p i k e s

30 rep_input_for_actual = repmat ( input_spike_time , n_h , 1 ) ;

31 rep_input_for_actual_reshaped = reshape ( rep_input_for_actual , s i z e ( rep_input_for_actual

, 1 ) ∗ s i z e ( rep_input_for_actual , 2 ) , 1 ) ;

32 rep_actual_for_input = repmat ( actual_spike_time ' , n_f , 1 ) ;

33 input_actual_vector = h o r z c a t ( rep_input_for_actual_reshaped , rep_actual_for_input ) ;

34

35 % d e f i n e parameters

36 td = input_des ired_vector ( : , 2 ) ;

37 t i _ d e s i r e d = input_des ired_vector ( : , 1 ) ;

38 l r = l e a r n i n g _ r a t e ;

39 tau = membrane_time_constant ;

40 tau_desired_vector = repmat ( tau , s i z e ( t i _ d e s i r e d , 1 ) , 1) ;

41

42 % compute s y n a p t i c weight o f the c u r r e n t i t e r a t i o n

43 i f ( ~ isempty ( input_actual_vector ) )

44 ta = input_actual_vector ( : , 2 ) ;

45 t i _ a c t u a l = input_actual_vector ( : , 1 ) ;

46 tau_actual_vector = repmat ( tau , s i z e ( t i _ a c t u a l , 1 ) , 1) ;

47 sum_ta_ti = sum ( ( abs ( ta−t i _ a c t u a l )+tau_actual_vector ) . ∗ ( exp(−abs ( ta−t i _ a c t u a l ) . /

tau_actual_vector ) ) , 1) ;
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48 e l s e

49 sum_ta_ti = 0 ;

50 end

51 sum_td_ti = sum ( ( abs ( td−t i _ d e s i r e d )+tau_desired_vector ) . ∗ ( exp(−abs ( td−t i _ d e s i r e d ) . /

tau_desired_vector ) ) , 1) ;

52

53 % compute s y n a p t i c weight update

54 weight_change = ( l r ∗( exp ( 1 ) / membrane_time_constant ) ^2) ∗( sum_td_ti−sum_ta_ti ) ;

55 end
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A.1.4 Matlab source code for eSPANNet incremental

learning

1 f p r i n t f ( ' Train SPAN Populat ion Vector on NeuCube Spike S t a t e s \n ' ) ;

2 i f ( current_timebin > span_parameters . length_per_sample_ds && current_timebin < d a t a s e t .

training_time_length −span_parameters . length_per_sample_ds )

3 % get input s p i k e segment

4 ch_data = s p i k e _ s t a t e _ a l l ( : , current_timebin −span_parameters . length_per_sample_ds +1:

current_timebin ) ;

5

6 % d e t e c t i f t h e r e are any t a r g e t event

7 i f ( mean ( sample_events_per_timebin_all ( current_timebin −wait_duration , 1 : end ) ) >0)

8 event_channel_id = ( sample_events_per_timebin_all ( current_timebin −wait_duration , : )

~=0) ;

9 c h _ l a b e l s = 1 : s i z e ( event_channel_id , 2 ) ;

10 event_channel_id = c h _ l a b e l s ( 1 , event_channel_id==1) ;

11 n_current_events = s i z e ( event_channel_id , 2 ) ;

12

13 isCorrectResponseFromCurrentPopulat ion = f a l s e ;

14 current_readout_neurons_of_event = [ ] ;

15

16 % f o r the c u r r e n t event ( any ) onset , get the r e s p o n s e o f the c u r r e n t p o p u l a t i o n

v e c t o r

17 % f i n d the c o r r e s p o n d i n g p o p u l a t i o n s o f c u r r e n t event

18 i f ( ~ isempty ( readout_populat ion ) )

19 current_readout_event_ids = readout_populat ion ( 3 , : ) ;

20 c u r r e n t _ a n a t o m i c a l _ c l u s t e r _ i d s = readout_populat ion ( 2 , : ) ;

21 current_readout_weights = readout_populat ion ( 1 , : ) ;

22 current_readout_ids = readout_populat ion ( 4 , : ) ;

23

24 % f i n d neurons i n the c u r r e n t p o p u l a t i o n v e c t o r that

25 % are t r a i n e d to emit s p i k e s

26 i f ( ismember ( event_channel_id , current_readout_event_ids ) )

27 % f o r each c u r r e n t event

28 f o r e_id = 1 : s i z e ( event_channel_id , 2)

29 % update the r e l a v e n t p o p u l a t i o n v e c t o r

30 current_readout_neurons_of_event = h o r z c a t (

current_readout_neurons_of_event , readout_populat ion ( : ,

current_readout_event_ids==event_channel_id ( e_id ) ) ) ;

31 end

32 end

33

34 % i f t h e r e ar e no t r a i n e d neurons f o r the c u r r e n t event u s i n g c u r r e n t anatomical

c l u s t e r i n

35 % the readout p o p u l a t i o n

36 i f ( isempty ( current_readout_neurons_of_event ) )

37 isCorrectResponseFromCurrentPopulat ion = f a l s e ;

38 e l s e

39 % get the r e s p o n s e o f t h i s neuron p o p u l a t i o n f o r the c u r r e n t s p i k e sequence

neuron i d s

40 ids_of_trained_readouts = current_readout_neurons_of_event ( 4 , : ) ;
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41 readout_populat ion ( 5 , ( readout_populat ion ( 4 , ids_of_trained_readouts ) ) ) =

readout_populat ion ( 5 , ( readout_populat ion ( 4 , ids_of_trained_readouts ) ) ) +

ones ( s i z e ( readout_populat ion ( 5 , ( readout_populat ion ( 4 ,

ids_of_trained_readouts ) ) ) ) ) ;% r e c o r d i n g the number o f t imes the neurons

i s exposed to s i m i l a r e v e n t s

42 channel_ids_of_trained_neurons = current_readout_neurons_of_event ( 2 , : ) ;

43 sample_ch_for_all_spans = ch_data ( channel_ids_of_trained_neurons , : ) ;

44 [ state_value , e r r o r _ v e c t o r , c l a s s _ l a b e l , neuron_vote , n_active_votes ,

n_rest_votes , n_spikes , post_synaptic_spike_pattern_readout ,

span_response ] = get_actual_spike_time_with_readout (

sample_ch_for_all_spans ' , n_channels , span_parameters . i n t e r v a l ,

span_parameters . time_constant , current_readout_neurons_of_event ( 1 , : ) ,

span_parameters . expected_spike_time ) ;

45

46 % compute the e r r o r

47 [ span_id , spike_time_of_span ] = f i n d ( span_response==1) ;

48 i f ( s i z e ( span_id , 1 ) >1)

49 span_spiketime_map = unique ( [ span_id spike_time_of_span ] , ' rows ' ) ;

50 e l s e

51 span_spiketime_map = unique ( [ span_id ' spike_time_of_span ' ] , ' rows ' ) ;

52 end

53

54 i f ( ~ isempty ( span_spiketime_map ) )

55 [ ~ , t ime_of_f irst_spike_idx ] = unique ( span_spiketime_map ( : , 1) , ' rows ' ) ;

56 t i m e _ o f _ f i r s t _ s p i k e = span_spiketime_map ( time_of_first_spike_idx , 2) ;

57 expected_spike_time_rep = repmat ( span_parameters . expected_spike_time ,

s i z e ( t i m e _ o f _ f i r s t _ s p i k e , 1) , 1) ;

58 current_span_readout_error = abs ( t i m e _ o f _ f i r s t _ s p i k e −

expected_spike_time_rep ) ;

59 n _ c o r r e c t _ p r e d i c t i o n s = f i n d ( current_span_readout_error<=span_parameters .

max_error ) ;

60 neuron_ids = current_readout_neurons_of_event ( 4 , span_spiketime_map (

t ime_of_first_spike_idx , 1) ' ) ;

61 readout_populat ion ( 6 , neuron_ids ) = readout_populat ion ( 6 , neuron_ids ) +

ones ( s i z e ( readout_populat ion ( 6 , neuron_ids ) ) ) ;

62 i f ( n _ c o r r e c t _ p r e d i c t i o n s >0)

63 % c o r r e c t r e s p o n s e s from c u r r e n t readout p o p u l a t i o n

64 f p r i n t f ( ' ∗∗∗ %5.0 f c u r r e n t SPAN p o p u l a t i o n can produce p r e c i s e s p i k e

r e s p o n s e f o r the evnet \n ' , p o i n t )

65 isCorrectResponseFromCurrentPopulat ion = t r u e ;

66 e l s e

67 % o t h e r w i s e s e t isCorrectResponseFromCurrentPopulat ion to f a l s e , to

t r a i n a new SPAN

68 f p r i n t f ( '−−−%5.0 f c u r r e n t SPAN p o p u l a t i o n can not produce p r e c i s e

s p i k e r e s p o n s e f o r the evnet . Training a new SPAN. \n ' , p o i n t )

69 isCorrectResponseFromCurrentPopulat ion = f a l s e ;

70 end

71 end

72 end

73 e l s e

74 isCorrectResponseFromCurrentPopulat ion = f a l s e ;

75 end

76
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77 % i f 1) t h e r e ar e no neurons i n the c o r r e s p o n d i n g p o p u l a t i o n v e c t o r or 2) t h e r e i s no

a c c u r a t e r e s p o n s e from the e x i s t i n g p o p u l a t i o n

78 % v e c t o r t r a i n a new SPAN and a s s i g n to the c o r r e s p o n d i n g

79 % p o p u l a t i o n v e c t o r

80 i f ( isCorrectResponseFromCurrentPopulat ion == f a l s e )

81 % t r a i n new spans f o r each channel

82 n_channels_all = s i z e ( ch_data , 1 ) ;

83 f o r ch_id = 1 : n_channels_al l

84 sample_ch = ch_data ( ch_id , : ) ;

85 i f (sum( sample_ch ) ~=0)

86 % c l a s s l a b e l o f the c u r r e n t sample

87 populat ion_vector_id = event_channel_id ;

88 n_channels = 1 ;

89 i n i t i a l _ i n p u t _ s y n a p t i c _ w e i g h t s = repmat ( 0 . 0 0 1 , n_channels , 1) ;

90 [ trained_weight_vector , e r r o r , membrane_potent ia l_for_visual ize_history ]

= get_span_connection_weights ( sample_ch ' , n_channels ,

i n i t i a l _ i n p u t _ s y n a p t i c _ w e i g h t s , span_parameters . time_vector ,

span_parameters . i n t e r v a l , span_parameters . time_constant ,

span_parameters . n_time_points , span_parameters . n_epochs ,

span_parameters . expected_spike_time , span_parameters . l e a r n i n g _ r a t e ,

span_parameters . max_error , populat ion_vector_id ) ;

91

92 % i f the t r a i n e d SPAN can produce s p i k e c l o s e r to

93 % the d e s i r e d time

94 i f ( e r r o r <=span_parameters . max_error )

95 % add the t r a i n e d SPAN to the c u r r e n t p o p u l a t i o n

96 % readout p o p u l a t i o n rows : raw 1 − s y n a p t i c weight , raw 2 −

anatomical c l u s t e r id , 3 − event id , 4 − number o f v a l i d a t i o n s

u s i n g f u t u r e events , 5 − number o f c o r r e c t p r e d i c t i o n s f o r the

f u t r e e v e n t s

97 readout_populat ion = h o r z c a t ( readout_population , h o r z c a t ( repmat (

trained_weight_vector , n_current_events , 1) , repmat ( ch_id ,

n_current_events , 1) , population_vector_id ' , [ neuron_id : 1 : (

neuron_id+n_current_events ) −1] ' , z e r o s ( n_current_events , 1) ,

z e r o s ( n_current_events , 1) ) ' ) ;

98 neuron_id = neuron_id+n_current_events ;

99 end

100 end

101 end

102 end

103 end

104 end
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A.1.5 Matlab source code for network validation

1 %% function network_validation

2 % AUTHOR: Kaushalya Kumarasinghe

3 % DATE : 10/09/2020

4 %

5 % d e s c r i p t i o n o f the v a r i a b l e s −

6 % readout_populat ion ( 6 , : ) = number o f c o r r e c t p r e d i c t i o n s f o r the f u t u r e e v e n t s

7 % readout_populat ion ( 6 , : ) = number o f t o t a l e v e n t s

8 %%

9 responsiveness_of_neurons_weighted = ( readout_populat ion ( 6 , : ) . / readout_populat ion ( 5 , : ) ) ;

10 readout_populat ion = v e r t c a t ( readout_population , responsiveness_of_neurons_weighted ) ;

11 readout_populat ion_sorted = s o r t r o w s ( readout_population ' , [ 3 7 ] , ' descend ' ) ' ;

12

13 acc_threshold = 0 . 8 5 ;

14 n_neurons_threshold = 0 . 7 5 ;

15 s e l e c t e d _ r e a d o u t _ p o p u l a t i o n _ a l l = [ ] ;

16 f o r tra ined_populat ion_id =1: s i z e ( sample_events , 2 )

17 % s e l e c t neuron o f the c u r r e n t p o p u l a t i o n

18 c u r r e n t _ p o p u l a t i o n = readout_populat ion_sorted ( : , readout_populat ion_sorted ( 3 , : )==

trained_populat ion_id ) ;

19 max_current_population_acc = max( c u r r e n t _ p o p u l a t i o n ( 7 , : ) ) ;

20 max_current_population_n_neurons = max( c u r r e n t _ p o p u l a t i o n ( 5 , : ) ) ;

21 % d e f i n e the acc cut o f f l i m i t u s i n g acc t h r e s h o l d and

22 % max acc o f the p o p u l a t i o n

23 a c c _ c u t o f f = max_current_population_acc ∗ acc_threshold ;

24 n_neurons_cutoff = max_current_population_n_neurons ∗ n_neurons_threshold ;

25 i f ( acc_cutof f >0)

26 % s e l e c t p o p u l a t i o n

27 s e l e c t e d _ c u r r e n t _ p o p u l a t i o n = c u r r e n t _ p o p u l a t i o n ( : , ( c u r r e n t _ p o p u l a t i o n ( 7 , : )>

a c c _ c u t o f f ) &( c u r r e n t _ p o p u l a t i o n ( 5 , : )>n_neurons_cutoff ) ) ;

28 s e l e c t e d _ r e a d o u t _ p o p u l a t i o n _ a l l = h o r z c a t ( s e l e c t e d _ r e a d o u t _ p o p u l a t i o n _ a l l ,

s e l e c t e d _ c u r r e n t _ p o p u l a t i o n ) ;

29 end

30 end

31

32 % v a l i d a t e d p o p u l a t i o n v e c t o r

33 espannet . p o p u l a t i o n _ v e c t o r = s e l e c t e d _ r e a d o u t _ p o p u l a t i o n _ a l l ;
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A.1.6 Matlab source code for eSPANNet spike response

prediction and determination of class labels

1 %% Function test_espannet

2 % AUTHOR: Kaushalya Kumarasinghe

3 % DATE : 10/09/2020

4 %%

5 % e x t r a c t c u r r e n t window o f the input data stream

6 span_spike_sample = SPAN_activity_all ( end−span_parameters . n_time_points +1:end , : ) ;

7 % get the s p i k e r e s p n s e o f each SPAN i n the v a l i d a t e d eSPANNet model

8 [ state_value , e r r o r _ v e c t o r , c l a s s _ l a b e l , neuron_vote , n_active_votes , n_rest_votes , n_spikes ,

post_synaptic_spike_pattern_readout , span_response ] = get_actual_spike_time_with_readout

( span_spike_sample , n_channels , span_parameters . i n t e r v a l , span_parameters . time_constant ,

SPAN_population_vector_connection_weights , span_parameters . expected_spike_time ) ;

9 % get s p i k e count at the d u r a t i o n o f expected s p i k e time +− max_error

10 span_response_at_expected_duration = sum( span_response ( : , span_parameters . expected_spike_time

−span_parameters . max_error : span_parameters . expected_spike_time+span_parameters . max_error )

, 2 ) ;

11 % i f t h e r e i s any s p i k i n g a c t i v i t y , s e t span r e s p o n s e at expected s p i k e time 1

12 span_response_at_expected_duration ( span_response_at_expected_duration ~=0) = 1 ;

13

14 % r e c o r d p r e d i c t e d output sequence

15 i f ( i s _ f i r s t _ p r e d i c t i o n==t r u e )

16 espannet_output = v e r t c a t ( espannet_output , z e r o s ( s i z e ( readout_expected_events , 1) −1, s i z e

( readout_expected_events , 2 ) ) , span_response_at_expected_duration ' ) ;

17 i s _ f i r s t _ p r e d i c t i o n = f a l s e ;

18 e l s e

19 espannet_output = v e r t c a t ( espannet_output , span_response_at_expected_duration ' ) ;

20 end



Appendix A. Source Code 387

A.2 Segments of source code used for the

experimental validation of the eSPANNet

learning model presented in Chapter 6

Matlab source code of the Convolutional Neural Network

for movement intention prediction used in the comparative

analysis

1 %% Load dataset

2 % h t t p s : / / au . mathworks . com/ help / d e e p l e a r n i n g /ug/ c r e a t e −simple −deep−l e a r n i n g −network−f o r −

c l a s s i f i c a t i o n . html

3 % Load s p i k e r a s t e r p l o t s f o r t r a i n i n g

4 datasetPath_train = f u l l f i l e ( ' data ' , ' image ' , s t r c a t ( ' s ' , num2str ( s u b j e c t _ i d ) ) , ' t r a i n ' ) ;

5 train_data = imageDatastore ( datasetPath_train , ...

6 ' I n c l u d e S u b f o l d e r s ' , true , ' LabelSource ' , ' f o l d e r n a m e s ' ) ;

7 % Load s p i k e r a s t e r p l o t s f o r t e s t i n g

8 datasetPath_test = f u l l f i l e ( ' data ' , ' image ' , s t r c a t ( ' s ' , num2str ( s u b j e c t _ i d ) ) , ' t e s t ' ) ;

9 test_data = imageDatastore ( datasetPath_test , ...

10 ' I n c l u d e S u b f o l d e r s ' , true , ' LabelSource ' , ' f o l d e r n a m e s ' ) ;

11 XTrain = train_data ;

12 YTrain = c a t e g o r i c a l ( t a r g e t _ v a l u e _ f o r _ t r a i n i n g ) ;

13

14 XTest = test_data ;

15 YTest = c a t e g o r i c a l ( t a r g e t _ v a l u e _ f o r _ v a l i d a t i o n ) ;

16

17 %% Set parameters

18 numObservations = numel ( train_data ) ;

19 numFeatures = 3 2 ;

20 numHiddenUnits = 1 0 0 0 ;

21 numClasses = 2 ;

22 numOfDataPointsPerSample = 2 5 5 ;

23 maxEpochs = 1 0 0 0 ;

24

25 %% Define network architecture of the Convolutional Neural Network

26 l a y e r s = [

27 imageInputLayer ( [ numOfDataPointsPerSample numFeatures 1 ] )

28 convolut ion2dLayer ( 4 , 1 6 , ' Padding ' , 1 )

29 batchNormal izat ionLayer

30 r e l u L a y e r

31 maxPooling2dLayer ( 2 , ' S t r i d e ' , 2 )

32 convolut ion2dLayer ( 3 , 3 2 , ' Padding ' , 1 )

33 batchNormal izat ionLayer

34 r e l u L a y e r

35 maxPooling2dLayer ( 2 , ' S t r i d e ' , 2 )

36 convolut ion2dLayer ( 3 , 6 4 , ' Padding ' , 1 )
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37 batchNormal izat ionLayer

38 r e l u L a y e r

39 f u l l y C o n n e c t e d L a y e r ( numClasses )

40 softmaxLayer

41 c l a s s i f i c a t i o n L a y e r ] ;

42

43 %% Set training options

44 o p t i o n s = t r a i n i n g O p t i o n s ( ' sgdm ' , ...

45 ' MaxEpochs ' , maxEpochs , ...

46 ' Verbose ' , f a l s e , ...

47 ' P l o t s ' , ' t r a i n i n g −p r o g r e s s ' ) ;

48

49 %% Train CNN

50 net = trainNetwork ( XTrain , YTrain , l a y e r s , o p t i o n s ) ;

51

52 %% Classify test data

53 YPred = c l a s s i f y ( net , XTest ) ;

54

55 %% Calculate prediction accuracy

56 acc = sum( YPred == YTest ) . / numel ( YTest ) ;
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Matlab source code of the Long-Short Term Memory

Recurrent Neural Network for movement intention

prediction used in the comparative analysis

1 %% Load spike sequences for training and validation

2 train_data = s p i k e _ s t a t e _ f o r _ t r a i n i n g ;

3 test_data = s p i k e _ s t a t e _ f o r _ v a l i d a t i o n ;

4 X = train_data ;

5 Y = c a t e g o r i c a l ( t a r g e t _ v a l u e _ f o r _ t r a i n i n g ) ;

6 XTest = test_data ;

7 YTest = c a t e g o r i c a l ( t a r g e t _ v a l u e _ f o r _ v a l i d a t i o n ) ;

8

9 %% Set parameters for training

10 numObservations = numel ( train_data ) ;

11 numFeatures = 3 2 ;

12 numHiddenUnits = 1 0 0 0 ;

13 numClasses = 2 ;

14

15 %% Define network architecture of the Long−Short Term Memory network

16 l a y e r s = [ ...

17 sequenceInputLayer ( numFeatures )

18 lstmLayer ( numHiddenUnits , ' OutputMode ' , ' l a s t ' )

19 f u l l y C o n n e c t e d L a y e r ( numClasses )

20 softmaxLayer

21 c l a s s i f i c a t i o n L a y e r ] ;

22

23 %% Define training options

24 maxEpochs = 1 0 0 0 ;

25 miniBatchSize = 2 7 ;

26 s h u f f l e = ' never ' ;

27 % h t t p s : / / au . mathworks . com/ help / d e e p l e a r n i n g /ug/ c l a s s i f y −sequence−data−using −lstm−networks .

html

28 % h t t p s : / / au . mathworks . com/ help / d e e p l e a r n i n g /ug/ long−short −term−memory−networks . html

29 o p t i o n s = t r a i n i n g O p t i o n s ( ' sgdm ' , ...

30 ' MaxEpochs ' , maxEpochs , ...

31 ' MiniBatchSize ' , miniBatchSize , ...

32 ' S h u f f l e ' , s h u f f l e ) ;

33

34 %% Train LSTM

35 net = trainNetwork (X,Y, l a y e r s , o p t i o n s ) ;

36

37 %% Predict movement intention accuracy

38 YPred = c l a s s i f y ( net , XTest , ...

39 ' MiniBatchSize ' , miniBatchSize ) ;

40 acc = sum( YPred == YTest ) . / numel ( YTest ) ;
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Matlab source code for determining the statistical

significance through One-way ANOVA

1 f u n c t i o n s t a t i s t i c a l _ t e s t i n g

2 %% Load results of comparative analysis

3 data = c s v r e a d ( ' r e s u l t s −comparison−sequencebased . csv ' ) ;

4 %% Perform one way ANOVA

5 [ ~ , ~ , s t a t s ] = anova1 ( data ) ;

6 s e t ( f i n d o b j ( gca , ' type ' , ' l i n e ' ) , ' l i n e w ' , 2 )

7 x t i c k l a b e l s ({ 'eSPANNet ' , 'RNN−LSTM ' , 'SVMr ' , 'DTr ' , 'LR ' , 'CNN ' })

8 x l a b e l ( ' P r e d i c t i o n Method ' )

9 y l a b e l ( 'Mean Correct Rate ' )

10

11 %% Perform pairwise comparison

12 f i g u r e

13 multcompare ( s t a t s ) ;

14 s e t ( f i n d o b j ( gca , ' type ' , ' l i n e ' ) , ' l i n e w ' , 2 )

15 y t i c k l a b e l s ( f l i p ({ 'eSPANNet ' , 'RNN−LSTM ' , 'SVMr ' , 'DTr ' , 'LR ' , 'CNN ' }) )

16 y l a b e l ( ' P r e d i c t i o n Method ' )

17 x l a b e l ( 'Mean Correct Rate ' )

18 t i t l e ( ' Pair−wise Comparison ' )

19 end
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A.3 Matlab source code segments used for

implementing the knowledge representation

framework presented in Chapter 7

A.3.1 Matlab source code for extracting the neuron

coordinates correspond to different anatomical

locations

1 %% Function get_coordinates_hierarchy

2 % f i r s t e x t r a c t s b r a i n c o o r d i n a t e s from a given b r a i n a t l a s then a s s i g n s anatomical l a b e l s

3 % and f i n a l l y , mapps the EEG channel l o c a t i o n s c o r r e s p o n d s to the e x t r a c t e d

4 % c o o r d i n a t e s

5 f u n c t i o n g e t _ c o o r d i n a t e s _ h i e r a r c h y

6 f i l e _ c n t = 1 ; lobe_id = [ ] ; lobe_start_neuron_id = [ ] ;

7 coordinates_mni_space = [ ] ; c o o r d i n a t e s _ t a l a i r a c h _ s p a c e = [ ] ;

8 s i d e _ i d = [ ] ; % 1 = l e f t , 2 = r i g h t , 3 = mid

9 s ide lobe_start_neuron_id = [ ] ; cnt = 1 ; cnt_pre = 0 ;

10

11 %% Extract coordinates from the Talairach template

12 % Read Neuroimaging Data i n t o the Matlab workspace u s i n g the SPM

13 % t o o l b o x ( h t t p s : / /www. f i l . i on . u c l . ac . uk/spm/ s o f t w a r e /spm12 /)

14 % f o r each . n i i f i l e

15 f o r f i l e _ i d = 1 : f i l e _ c n t

16 % read the header i n f o r m a t i o n f o r the f i l e

17 V=spm_vol ( s t r c a t ( num2str ( f i l e _ i d ) , ' . n i i ' ) ) ;

18 % u s i n g the header i n fo r m a t io n , read neuroimaging data and

19 % import i n t o the c u r r e n t Matlab workspace

20 img=spm_read_vols (V) ;

21 lobe_start_neuron_id ( f i l e _ i d , 1) = cnt ;

22 % Extract c o o r d i n a t e s from the loaded image volumes

23 % Here the c o o r d i n a t e s a re e x t r a c t e d at a 1cm3 r e s o l u t i o n

24 % ( d i s t a n c e between the x , y and z c o o r d i n a t e s o f two a d j c e n t neurons i s 1cm) .

25 % This r e s o l u t i o n can be adusted by changing the value o f

26 % c o o r d i n a t e _ r e s o l u t i o n v a r i b l e .

27 c o o r d i n a t e _ r e s o l u t i o n = 1 0 ; % r e s o l u t i o n o f e x t r a c t e d b r a i n template

28 f o r i =1: c o o r d i n a t e _ r e s o l u t i o n : s i z e ( img , 1)

29 f o r j = 1 : c o o r d i n a t e _ r e s o l u t i o n : s i z e ( img , 2)

30 f o r k=1: c o o r d i n a t e _ r e s o l u t i o n : s i z e ( img , 3)

31 i f ( img ( i , j , k ) > 0)

32 coordinates_mat = [ i , j , k , 1 ] ;

33 % g et mm c o o r d i n a t e s

34 coordinates_mat = t r a n s p o s e ( coordinates_mat ) ;

35 coordinates_mm = t r a n s p o s e (V. mat ∗ coordinates_mat ) ;

36 c o o r d i n a t e s _ t a l a i r a c h _ s p a c e ( cnt , : ) = coordinates_mm ( 1 , 1 : 3 ) ;

37 % c o n v e r t T a l a i r a c h c o o r d i n a t e s i n t o MNI
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38 % c o o r d i n a t e s f o r EEG mapping

39 coordinates_mm = tal2mni ( coordinates_mm ( 1 , 1 : 3 ) ) ;

40 coordinates_mni_space ( cnt , : ) = coordinates_mm ( 1 , 1 : 3 ) ;

41 % g et mm c o o r d i n a t e s end

42

43 % Assign l a b e l s a c c o r d i n g to l e f t hemisphere , r i g h t

44 % hemisphere and the i n t e r h e m i s p h e r i c area

45 i f ( coordinates_mni_space ( cnt , 1) <0)

46 s i d e _ i d ( cnt , 1) = 1 ;

47 e l s e i f ( coordinates_mni_space ( cnt , 1) >0)

48 s i d e _ i d ( cnt , 1) = 2 ;

49 e l s e i f ( coordinates_mni_space ( cnt , 1)==0)

50 s i d e _ i d ( cnt , 1) = 3 ;

51 end

52 lobe_id ( cnt , 1) = f i l e _ i d ;

53 cnt = cnt + 1 ;

54 end

55 end

56 end

57 end

58

59 end

60 c s v w r i t e ( ' s i d e _ i d . csv ' , s i d e _ i d ) ;

61 f p r i n t f ( ' c o o r d i n a t e s cnt %d lobe_id cnt %d lobe_start_neuron_id cnt %d\n ' , s i z e (

coordinates_mni_space , 1) , s i z e ( lobe_id , 1) , s i z e ( lobe_start_neuron_id , 1) ) ;

62

63 c s v w r i t e ( ' lobe_id . csv ' , lobe_id ) ;

64 c s v w r i t e ( ' lobe_start_neuron_id . csv ' , lobe_start_neuron_id ) ;

65

66 %% Load EEG channel locations for EEG mapping

67 % E i t h e r use the a v a i l a b l e EEG mapping c o o r d i n a t e s ( commented ) or

68 % use the convert_eeg_channel_locations_to_MNI f u n c t i o n to e x t r a c t

69 % and transform EEG channel l o c a t i o n s correspond to d i f f e r e n t

70 % c o o r d i n a t e systems , conventions , or EEG caps u s i n g the f u n c t i o n s

71 % provided by the Brainstrome t o o l ( h t t p s : / / neuroimage . usc . edu/ brainstorm / I n t r o d u c t i o n )

72 %c h a n n e l _ l o c a t i o n s = c s v r e a d ( ' eeg_mapping . csv ' ) ;

73 %c h a n n e l _ l o c a t i o n s = round ( c h a n n e l _ l o c a t i o n s ) ;

74 [ channel_names , channel_locations_mni_space , s e l e c t e d _ l o c a t i o n _ i d x ] =

convert_eeg_channel_locations_to_MNI ( coordinates_mni_space ,

c o o r d i n a t e s _ t a l a i r a c h _ s p a c e ) ; %%p l o t _ e l e c t r o d e _ l o c a t i o n s ( ) ;

75

76 % f o r each channel l o c a t i o n − f i n d the c l o s e s t b r a i n c o o r d i n a t e s from

77 % the t a l a i r a c h a t l a s

78 c h a n n e l _ l o c a t i o n s = channel_locations_mni_space ;

79

80 c s v w r i t e ( ' eeg_mapping_mni_space . csv ' , channel_locations_mni_space ) ;

81 c s v w r i t e ( ' brain_coordinates_mni_space . csv ' , coordinates_mni_space ) ;

82 c s v w r i t e ( ' b r a i n _ c o o r d i n a t e s _ t a l a i r a c h _ s p a c e . csv ' , c o o r d i n a t e s _ t a l a i r a c h _ s p a c e ) ;

83

84 %% get location l a be l s for eeg channel locations

85 %b r a i n _ c o o r d i n a t e s _ w i t h _ l o c a t i o n _ l a b e l s = c s v r e a d ( ' b r a i n _ c o o r d i n a t e s _ w i t h _ l o c a t i o n _ l a b e l s

. csv ' ) ;

86 b r a i n _ c o o r d i n a t e s _ w i t h _ l o c a t i o n _ l a b e l s = ge t_ ne um a ri ca l_ la be ls ( coordinates_mni_space ) ;
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87 eeg_channel_with_locat ion_labels = h o r z c a t ( channel_locations_mni_space ,

b r a i n _ c o o r d i n a t e s _ w i t h _ l o c a t i o n _ l a b e l s ( s e l e c t e d _ l o c a t i o n _ i d x , 4 : end ) ) ;

88 eeg_channel_with_locat ion_labels = round ( eeg_channel_with_locat ion_labels ) ;

89 c s v w r i t e ( ' eeg_mapping_with_location_labels . csv ' , eeg_channel_with_locat ion_labels ) ;

90

91 f i l e I D = fopen ( ' feature_names_eeg . t x t ' , 'w ' ) ;

92 f p r i n t f ( f i l e I D , '%s \ r \n ' , channel_names { : , 1 } ) ;

93 f c l o s e ( f i l e I D ) ;

94 end
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A.3.2 Matlab source code for map EEG channel locations

into the extracted brain coordinates

1 %% This function converts the EEG channel locations into MNI coordinate space

2 f u n c t i o n [ channel_names , channel_locations_mni_space , s e l e c t e d _ l o c a t i o n _ i d x ] =

convert_eeg_channel_locations_to_MNI ( brain_coordinates_mni , b r a i n _ c o o r d i n a t e s _ t a l a i r a c h )

3 % In Brainstorm

4 % 1 . Create a new s u b j e c t , u s i n g the d e f a u l t anatomy

5 % 2 . Create a c o n d i t i o n , r i g h t −c l i c k on i t > Use d e f a u l t EEG cap > Colin27 > 10−20 ( 1 9 )

6 % 3 . Right−c l i c k on the channel f i l e > Export to Matlab > ChannelMat

7 % 4 . Right−c l i c k on the MRI f i l e > F i l e > Export to Matlab > sMri

8 load ( ' ChannelMat . mat ' ) ; load ( ' sMri . mat ' ) ;

9 channel_names = { } ; c h a n n e l _ l o c a t i o n s = [ ] ;

10 f o r i =1:65%s i z e ( ChannelMat . Channel , 1 )

11 xyz_scs = ChannelMat . Channel ( i ) . Loc ' ;

12 xyz_mri = cs_scs2mri ( sMri , xyz_scs ' . ∗ 1000) ' ;

13 xyz_mni = cs_mri2mni ( sMri , xyz_mri ' ) ' ;%. / 1 0 0 0 ;

14 xyz_mni ( : , 1 ) = xyz_mni ( : , 1 ) . ∗ ( 8 0 / 1 0 0 ) ;

15 xyz_mni ( : , 2 ) = xyz_mni ( : , 2 ) . ∗ ( 9 0 / 1 0 0 ) ;

16 xyz_mni ( : , 3 ) = xyz_mni ( : , 3 ) . ∗ ( 7 0 / 1 0 0 ) ;

17 c h a n n e l _ l o c a t i o n s = v e r t c a t ( c h a n n e l _ l o c a t i o n s , xyz_mni ) ;

18 channel_names = v e r t c a t ( channel_names , ChannelMat . Channel ( i ) . Name) ;

19 end

20 % Obtain Eucl idean d i s t a n c e and s e l e c t the neuron l o c a t i o n with minimum ED

21 [ channel_locations_mni_space , s e l e c t e d _ l o c a t i o n _ i d x ] = f i n d _ n e a r e s t _ c o o r d i n a t e s (

c h a n n e l _ l o c a t i o n s , brain_coordinates_mni , b r a i n _ c o o r d i n a t e s _ t a l a i r a c h )

22 end

23

24 f u n c t i o n [ se lected_locat ion_mni , s e l e c t e d _ l o c a t i o n _ i d x ] = f i n d _ n e a r e s t _ c o o r d i n a t e s (

c h a n n e l _ l o c a t i o n s , b r a i n _ c o o r d i n a t e s , b r a i n _ c o o r d i n a t e s _ t a l a i r a c h )

25 % f o r each channel

26 s e l e c t e d _ l o c a t i o n _ m n i = [ ] ; s e l e c t e d _ l o c a t i o n _ i d x = [ ] ;

27 f o r channel_id = 1 : s i z e ( c h a n n e l _ l o c a t i o n s , 1 )

28 % f o r eaach b r a i n c o o r d i a n t e s

29 d i s t _ a l l = [ ] ;

30 f o r brain_coordinate_id = 1 : s i z e ( b r a i n _ c o o r d i n a t e s , 1 )

31 % c a l c u l a t e ED

32 v = b r a i n _ c o o r d i n a t e s ( brain_coordinate_id , : ) − c h a n n e l _ l o c a t i o n s ( channel_id , : ) ;

33 d i s t = s q r t (sum( v . ^ 2) ) ;

34 d i s t _ a l l = v e r t c a t ( d i s t _ a l l , d i s t ) ;

35 end

36 % s e l e c t b r a i n l o c a t i o n which has minimum d i s t a n c e

37 [ val , idx ]= min ( d i s t _ a l l ) ;

38 s e l e c t e d _ l o c a t i o n _ m n i = v e r t c a t ( se lected_locat ion_mni , b r a i n _ c o o r d i n a t e s ( idx , : ) )

39 s e l e c t e d _ l o c a t i o n _ i d x = v e r t c a t ( s e l e c t e d _ l o c a t i o n _ i d x , idx )

40 end

41 end
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A.3.3 Matlab source code for assigning anatomical labels

to 3-D brain coordinates

1 %% Source code for assigning anatomical la b el s to extracted brain coordinates

2 f u n c t i o n coordinate_labels_neumaric = g et _n eu ma ri ca l_ l ab el s ( brain_coordinates_mni )

3 %input ( ' i f any change to b r a i n _ c o o r d i n a t e s ( i . e change o f r e s o l u t i o n ) , then update the

b r a i n _ c o o r d i n a t e s _ l a b e l s . t x t f i r s t b e f o r e p r o c e e d i n g f u r t h e r ' )

4 r e p l y = input ( ' any change to b r a i n _ c o o r d i n a t e s ( i . e change o f r e s o l u t i o n ) ? [ y/n ] : ' , ' s ' ) ;

5 i f strcmp ( reply , ' y ' )

6 r e t u r n ;

7 end

8

9 f i l e I D = fopen ( ' b r a i n _ c o o r d i n a t e s _ l a b e l s . t x t ' , ' r ' ) ; % exported f i l e from EEG Lab

Software

10 formatSpec = '%d%d%d %s %s %s %s %s ' ;

11 c o o r d i n a t e _ l a b e l s = t e x t s c a n ( f i l e I D , formatSpec ) ;

12 coordinate_labels_neumaric = z e r o s ( s i z e ( c o o r d i n a t e _ l a b e l s {1 , 1} ,1) , s i z e (

c o o r d i n a t e _ l a b e l s , 2 ) ) ;

13 coordinate_labels_neumaric ( : , 1 : 3 )=brain_coordinates_mni ( : , 1 : 3 ) ;

14

15 % f o r each l e v e l

16 f o r l e v e l _ i d =1:5

17 l e v e l _ l a b e l s _ t e x t = c o o r d i n a t e _ l a b e l s ( : ,3+ l e v e l _ i d ) ;

18 l e v e l _ l a b e l s _ t e x t = l e v e l _ l a b e l s _ t e x t {1 , 1 } ;

19 % load i d s o f the l e v e l

20 l e v e l _ l a b e l _ i d _ f i l e = s t r c a t ( ' l a b e l s _ l e v e l ' , num2str ( l e v e l _ i d ) , ' . t x t ' ) ;

21 label_id_map = t e x t s c a n ( fopen ( l e v e l _ l a b e l _ i d _ f i l e ) , '%d %s ' ) ;

22 % f o r each l a b e l i d

23 f o r l a b e l _ i d =1: s i z e ( label_id_map {1 , 2} ,1)

24 % f i n d i n d e x e s o f c o o r d i n a t e s o f the c u r r e n t l a b e l

25 current_label_to_check = label_id_map {1 , 2}{ la be l_ i d , 1} ;

26 current_label_neumaric_id = label_id_map {1 , 1}( l ab e l_ id , 1 ) ;

27 b r a i n _ c o o r d i n a t e s _ o f _ c u r r e n t _ l e v e l = l e v e l _ l a b e l s _ t e x t ;

28 c o o r d i n at e _ i d x _ o f _l a b e l = f i n d ( strcmp ( current_label_to_check ,

b r a i n _ c o o r d i n a t e s _ o f _ c u r r e n t _ l e v e l )==1) ;

29 coordinate_labels_neumaric ( coordinate_idx_of_label ,3+ l e v e l _ i d ) =

current_label_neumaric_id ;

30 end

31 end

32 coordinate_labels_neumaric = round ( coordinate_labels_neumaric ) ;

33 coordinate_labels_neumaric_sorted = [ ] ;

34

35 %% sort coordinates according to anatomical l a be l s

36 f o r l e v e l _ i d =4:4

37 s o r t e d _ c o o r d i n a t e s _ l e v e l 1 = s o r t r o w s ( coordinate_labels_neumaric , l e v e l _ i d ) ;

38 % f o r each l a b e l i n the c u r r e n t l e v e l

39 l a b e l _ i d _ v a l =unique ( s o r t e d _ c o o r d i n a t e s _ l e v e l 1 ( : , l e v e l _ i d ) ) ;

40 f o r l a b e l _ i d = 1 : s i z e ( label_id_val , 1 )

41 % f i n d a l l c o o r d i n a t e s belong to the c u r r e n t l a b e l

42 s o r t e d _ c o o r d i n a t e s _ l e v e l 2 = s o r t e d _ c o o r d i n a t e s _ l e v e l 1 ( s o r t e d _ c o o r d i n a t e s _ l e v e l 1 ( : ,

l e v e l _ i d )==l a b e l _ i d _ v a l ( la be l _i d , 1 ) , : ) ;

43 % s o r t c o o r d i n a t e s a c c o r d i n g to l e v e l 2 l a b e l s

44 s o r t e d _ c o o r d i n a t e s _ l e v e l 2 = s o r t r o w s ( s o r t e d _ c o o r d i n a t e s _ l e v e l 2 , l e v e l _ i d +1) ;
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45 l a b e l _ i d _ v a l _ l e v e l 2 =unique ( s o r t e d _ c o o r d i n a t e s _ l e v e l 2 ( : , l e v e l _ i d +1) ) ;

46 % f o r each l a b e l i n l e v e l 2

47 f o r l e v e l 2 _ l a b e l _ i d = 1 : s i z e ( l a b e l _ i d _ v a l _ l e v e l 2 , 1 )

48 % f i n d a l l c o o r d i n a t e s belong to the c u r r e n t l a b e l

49 s o r t e d _ c o o r d i n a t e s _ l e v e l 3 = s o r t e d _ c o o r d i n a t e s _ l e v e l 2 (

s o r t e d _ c o o r d i n a t e s _ l e v e l 2 ( : , l e v e l _ i d +1)==l a b e l _ i d _ v a l _ l e v e l 2 (

l e v e l 2 _ l a b e l _ i d , 1 ) , : ) ;

50 % s o r t c o o r d i n a t e s a c c o r d i n g to l e v e l 3 l a b e l s

51 s o r t e d _ c o o r d i n a t e s _ l e v e l 3 = s o r t r o w s ( s o r t e d _ c o o r d i n a t e s _ l e v e l 3 , l e v e l _ i d +2) ;

52 % f i n d l a b e l s o f l e v e l 3

53 l a b e l _ i d _ v a l _ l e v e l 3 =unique ( s o r t e d _ c o o r d i n a t e s _ l e v e l 3 ( : , l e v e l _ i d +2) ) ;

54 % f o r each l a b e l i n l e v e l 3

55 f o r l e v e l 3 _ l a b e l _ i d = 1 : s i z e ( l a b e l _ i d _ v a l _ l e v e l 3 , 1 )

56 % f i n d a l l c o o r d i n a t e s belong to the c u r r e n t l a b e l

57 s o r t e d _ c o o r d i n a t e s _ l e v e l 4 = s o r t e d _ c o o r d i n a t e s _ l e v e l 3 (

s o r t e d _ c o o r d i n a t e s _ l e v e l 3 ( : , l e v e l _ i d +2)==l a b e l _ i d _ v a l _ l e v e l 3 (

l e v e l 3 _ l a b e l _ i d , 1 ) , : ) ;

58 % s o r t c o o r d i n a t e s a c c o r d i n g to l e v e l 3 l a b e l s

59 s o r t e d _ c o o r d i n a t e s _ l e v e l 4 = s o r t r o w s ( s o r t e d _ c o o r d i n a t e s _ l e v e l 4 , l e v e l _ i d

+3) ;

60 % f i n d l a b e l s o f l e v e l 4

61 l a b e l _ i d _ v a l _ l e v e l 4 =unique ( s o r t e d _ c o o r d i n a t e s _ l e v e l 4 ( : , l e v e l _ i d +3) ) ;

62 % f o r each l a b e l i n l e v e l 4

63 f o r l e v e l 4 _ l a b e l _ i d = 1 : s i z e ( l a b e l _ i d _ v a l _ l e v e l 4 , 1 )

64 % f i n d a l l c o o r d i n a t e s belong to the c u r r e n t l a b e l

65 s o r t e d _ c o o r d i n a t e s _ l e v e l 5 = s o r t e d _ c o o r d i n a t e s _ l e v e l 4 (

s o r t e d _ c o o r d i n a t e s _ l e v e l 4 ( : , l e v e l _ i d +3)==l a b e l _ i d _ v a l _ l e v e l 4 (

l e v e l 4 _ l a b e l _ i d , 1 ) , : ) ;

66 % s o r t c o o r d i n a t e s a c c o r d i n g to l e v e l 3 l a b e l s

67 s o r t e d _ c o o r d i n a t e s _ l e v e l 5 = s o r t r o w s ( s o r t e d _ c o o r d i n a t e s _ l e v e l 5 ,

l e v e l _ i d +4) ;

68 coordinate_labels_neumaric_sorted = v e r t c a t (

coordinate_labels_neumaric_sorted , s o r t e d _ c o o r d i n a t e s _ l e v e l 5 ) ;

69 end

70 end

71 end

72 end

73 end

74 c s v w r i t e ( ' b r a i n _ c o o r d i n a t e s _ w i t h _ l o c a t i o n _ l a b e l s . csv ' , coordinate_labels_neumaric ) ;

75 c s v w r i t e ( ' b r a i n _ c o o r d i n a t e s _ w i t h _ l o c a t i o n _ l a b e l s _ s o r t e d . csv ' ,

coordinate_labels_neumaric_sorted ) ;

76 end
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