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Abstract

Brain-computer interface (BCI) can be utilised to enhance human abilities or promote
neurorehabilitation. One of the frequently-used BCI paradigms is motor imagery (Ml)-
based BCI, which is usually executed by imagining separate upper limbs or both lower
limbs. To date, it is very limited to imagine individual lower limbs. This might be
because it is more difficult to distinguish between the left and right lower limbs than
between the upper limbs. Meanwhile, a similar situation exists for real movement (RM)

and movement observation (MO).

To fill the above gap, we designed an EEG-based experiment to investigate
separate lower limbs performing MI, RM and MO (a total of six actions: left-Ml, right-
MI, left-RM, right-RM, left-MO, and right-MO). The EEG analysis results revealed that
there is no significant difference in the first few hundred milliseconds after action
execution. However, significant differences emerged in the late phase around the brain
midline. Differences were also found in the delta and alpha bands, with significant
variations in the band of 18-22 Hz across tasks (MI, RM and MO). Furthermore, we
attempted to classify six actions using the features extracted based on the above
difference findings. We first used simple and classical methods, such as k-Nearest
Neighbour and Support Vector Machine, to classify actions, showing these actions are
classifiable. We then used deep learning models, including the proposed hybrid
models, and found better classification performance. However, there is no significant
difference between CNNs and hybrid models except more robust for the hybrid models.
We further developed a novel model called ‘NeuroFusionNet’, which achieved an
average classification accuracy of 55.21%, outperforming all other compared models.

This study revealed the differences among the actions of individual lower limbs and



v

provided evidence on the feasibility of multi-action classification, which is informative

for further studies on separate lower limbs.
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Chapter 1

Introduction

1.1 Background

1.1.1 Structure and functions of the brain

The brain is one of the most important and complex organs of the human body and is
the most advanced part of the nervous system. Its structure and functionality are
intricately complex, composed of nearly 100 billion neurons [1]. The interconnections
and interactions among these neurons form the brain’s neural network. It serves as
the organ regulating bodily functions and the material basis for conducting higher-level

neural activities such as consciousness, mental processes, language, learning,

memory, and movement.
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Figure 1.1 Brain structure [2].



The main areas of the brain are shown in Figure 1.1. The cerebrum is the
largest part of the human brain, comprises two hemispheres, each of which is further
divided into four lobes: the frontal, parietal, occipital, and temporal. These lobes are
intricately associated with distinct cognitive functions and skills [2]. In the following
paragraphs, we will introduce their functions, setting the foundation for the subsequent

discussion of brain-computer interfaces.

Firstly, the frontal lobe is crucial for decision-making, problem-solving, and
social interactions [2]. The prefrontal cortex, located at the anterior part of the frontal
lobe, has numerous connections with other brain areas, and it plays a crucial role in
the planning, control, and execution of voluntary movements [3]. It is also a central
hub for executive functions, and social behaviour [4]. The prefrontal cortex aids in
translating the intention of performing a particular movement into the actual planning
of that movement. The primary motor cortex is responsible for generating the neural
impulses that control the execution of movement. Located in the precentral gyrus of
the frontal lobe, it is the final cortical destination for processing motor commands
before these commands are sent down the spinal cord to induce movement [5]. The
primary motor cortex contains a detailed, topographic map of the body’s musculature,

often referred to as the motor homunculus [6].

The parietal lobe is positioned posterior to the frontal lobe and above the
temporal lobe, separated from them by the central sulcus and lateral sulcus,
respectively. The parietal cortex, composed of grey matter, refers to the outer layer of
this lobe[7]. The parietal lobe is primarily responsible for processing sensory
information from various parts of the body. It houses the primary somatosensory cortex,
which maps the body's sensation of touch, pressure, temperature, and pain. This lobe

also plays a significant role in spatial awareness and proprioception, understanding of



the body’s position and movement in space [8]. When it comes to MI, the parietal lobe
also plays a vital role. It activates some of the same brain regions as RM, including
the parietal cortex. This suggests that during MI, the brain simulates a ‘virtual’
movement that mimics an RM, reinforcing the neural pathways involved in the planning

and RM [9].

Then comes the occipital lobe, located at the brain's rear, primarily responsible
for visual processing. It contains the primary visual cortex, which is the main recipient
of visual information relayed from the retina via the optic nerve [10]. The visual data
first arrive in the primary visual cortex, and then proceed to other parts of the occipital
lobe, where more complex aspects of visual perception take place. These aspects
include object and face recognition, colour differentiation, motion perception, and

spatial processing [11].

Finally, the temporal lobe is situated beneath the lateral fissure on both cerebral
hemispheres and is primarily associated with processing auditory information,
semantic memory, and object recognition. The primary auditory cortex, located in the
superior temporal gyrus, is the region where auditory information first arrives from the
ears via the auditory nerve. This cortex processes basic features of sound, such as

pitch and volume [12].

The human brain, a remarkably intricate network of neurons and synapses,
serves as the pivotal command centre of the body. Its structure and functionalities are
integrally complex, yet precisely organized, providing the foundation for numerous
essential cognitive functions, motor controls, and neural communications. The function
of different brain regions is closely linked to their unique neuronal compositions, which

produce different Electroencephalography (EEG) signals. Therefore, by analysing



these EEG signals, we can gain insights into an individual’s mental activities to a

certain degree.

1.1.2 Generation of EEG signals

The brain is the control centre of the nervous system, which is made up of nerve cells.
It controls and coordinates action, the homeostasis of the organism and mental activity.
The unique information processing ability of the human brain is attributed to its large-
scale parallel and distributed computing methods. A type of cell called a ‘neuron’
undertakes brain information processing tasks [13][14]. Its cell membrane is
composed of a lipid bilayer (as shown in Figure 1.2) [15]. This impervious layer has
ion channels, which can selectively let some specific ions pass through [16][17][18].
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Figure 1.2 Chemical activity of electric ions in neurons. In the figure, there is a greater
concentration of sodium, chloride and calcium ions outside the cell membrane, and a greater
concentration of potassium and anions (maintained by active transport) inside the cell
membrane, which results in a transmembrane resting potential difference of approximately
-70 mV inside and outside the phospholipid bilayer. The proteins embedded in the cell
membrane are ion channels [15].

Neurons exist in aqueous media, and their extracellular concentration of sodium
ion Na*, chloride ion Cl~ and calcium ion Ca?* is greater than that in the cell, the

concentration of potassium ions K *and anions A~ inside the cell is higher than outside



the cell. Due to the imbalance of ion concentration, there is a transmembrane resting
potential difference of approximately -60mV to -70mV in neuronal cells, which is
maintained by the energy consumption of the cells [19][20]. When a neuron receives
strong enough electrical stimulation from other neurons, it will trigger a series of events:
Na*quickly flow into the cell, causing the cell membrane potential to rise rapidly, until
the K*channel opens, triggering K*to flow out of the cell, causing the membrane
potential to fall. The phenomenon of rapid rise and fall of membrane potential is called
an action potential or peak potential (as shown in Figure 1.3), which is the main mode
of communication between neurons [21][22][23][24]. Neurons in different regions of
the brain have different morphological structures, but they all include some typical
structures, as shown in Figure 1.4. The cell body contains the nucleus and other
biochemical components of neurons and is the centre of neuronal information
processing. Dendrites extend from the cell body, receiving signals from other neurons
and transmitting this information to the cell body of the neuron. An axon is a slender
protrusion that extends from a cell body and transmits signals generated by neurons
to other neurons or muscle tissue. The points of contact formed between axonal
branches are referred to as synapses, at which information is directly transmitted to
other neurons within the body. At the synapse, the electrical impulses originating from
the axon are converted into chemical signals. Information flows in only one direction,
much like one cell speaking and another listening. The number of synapses a neuron
can develop varies significantly. Depending on the type of neuron, it can have as few
as one synapse or as many as 100,000, with an average of approximately 1,000
synapses per neuron. EEG signals are electrical signals generated by brain activity.
These signals are the result of communication between brain neurons, which process

and communicate information by generating and transmitting electrical signals. EEG



signals are mainly generated by action potentials and the postsynaptic potential of

neurons. These signals can be detected by EEG equipment on the scalp surface

[25][26].
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Figure 1.3 A series of peak potentials or action potentials are generated after a
sufficiently large current is injected. Each peak potential has a fixed waveform, which
rises rapidly above 0 mv and falls rapidly back to its initial value [22][23].
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1.1.3 Brain computer interface

The Brain-Computer Interface (BCI) is a system that enables users to communicate
with or control computers and other devices using their brain activity, bypassing the
need for any muscular movement [27]. BCls work by recording and analysing brain
signals produced by neurons and translating these signals into commands for a
computer or other device. The concept of a BCl has been proposed for several
decades, but the first practical demonstration of a BCl was made in the 1970s by Dr
Jacques Vidal, who coined the term ‘brain-computer interface’ [28]. Vidal proposed
that the brain’s electrical activity, measured by EEG, could be used to control a
computer. He demonstrated that people could use their brain waves to move a cursor
on a computer screen and even spell out words. The development of BCI technology
was driven by the need to provide alternative communication and control interfaces

for people with severe motor impairments, such as those with spinal cord injuries or



neuromuscular disorders. Since Vidal's early work, there has been significant research
and development in the field of BCI technology aimed at improving the accuracy,
speed and reliability of BCl systems. In addition to its potential applications for people
with motor impairments, BCI research is also being explored in areas such as gaming,
virtual reality and the military. Although still in its early stages, BCI technology has the
potential to change the way we interact with technology and has already shown

promise in a variety of applications [29][30][31][32][33].

The success of a BCI system depends on the effective use of recorded brain
signals, which involves measuring brain activity and converting it into electrical signals
that can be collected. Based on the method of brain signal acquisition, BCls can be
divided into invasive and non-invasive methods. Invasive BCls involve the implantation
of electrodes directly into the brain to record neural activity. Commonly used invasive
techniques include single-unit activity (SUA) [34], multi-unit activity (MUA) [35][36] and
local field potential (LFP) measurements [37][38][39]. These methods offer high
temporal and spatial resolution but are associated with surgical risks and limited

applicability in humans.

On the other hand, non-invasive BCls rely on external sensors to measure brain
activity without surgery. Examples include EEG, magnetoencephalography (MEG)
and functional near-infrared spectroscopy (fNIRS). Among these signals, EEG is
widely used in BCl research due to its low cost, high temporal resolution and portability
[29][40]. Compared to EEG, MEG is less widely used in BCI studies due to its higher
cost and lower portability. However, recent advances in MEG technology using optical
pump magnetometers show great potential to mitigate these limitations, and in the
foreseeable future, MEG systems may be comparable or even superior to EEG

[41][42][43]. In contrast, the principle of fNIRS is based on the ability of near-infrared



light to penetrate biological tissue. It uses near-infrared light in the wavelength range
of 700 to 900 nanometres, which is able to penetrate the scalp and skull and enter the
cerebral cortex, as well as being absorbed by haemoglobin. fNIRS has low sensitivity to
motion artifacts, allowing subjects to make slight head movements during experiments,
making fNIRS suitable for studying tasks that involve movement or interaction [44].
Despite the challenges of EEG, such as the relatively low spatial resolution and
susceptibility to artefacts (e.g. muscle movement or electrical devices), its inherent
advantages, including cost-effectiveness and ease of use, make EEG a popular choice

for BCl research and applications.

1.2 Motivation

BCI has attracted much attention from the scientific community due to its unique nature
of application, and one of the important goals is to construct a motor-related assistive
BCI system to make a breakthrough in clinical application. Current research in the field
of action is focused on the upper limb, with particular emphasis on actions such as
hand movements, grasping, finger tapping and fist shaking [45][46]. Based on these
studies, significant progress has been made in BCI for MI, ranging from the
development of classification models to helping paralysed patients regain motor
function, to improving our understanding of brain function [47]. In contrast, there is still
relatively little research on lower limb movements, and usually studies the lower limb
as a category. It is rare to separate feet into the left lower limb and right limb in MI-BCI
systems. However, among the common movements of the human lower limbs, it is not
only MI that induces physiological mechanisms but also RM and MO. Nevertheless,
studies investigating the relationships and differences between EEG-captured lower

limb MI, RM, and MO are severely lacking, and a major obstacle to such studies is the
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lack of appropriate dataset. In particular, there is a lack of accessible datasets covering
a wide range of lower-limb motor actions. These research gaps represent a significant
barrier to the development of movement-related brain interface systems. The present
study explores the brain activity patterns associated with these action categories by
providing insights into the EEG signals associated with Ml, RM and MO, identifying

their unique and common features.

Another key motivation for this research is to improve the practical applicability
of BCI systems in real-world scenarios. EEG recordings, which form the basis of BCI
systems, are susceptible to overlapping neural activation and noise. This noise poses
significant challenges, especially when classifying multiple motor tasks. To address
these challenges, this study proposes a set of classification models to improve
classification accuracy. This will support the development of lower limb BCI systems

for use in assistive technology and rehabilitation.

The motivation for this research is twofold. On the one hand, there is an urgent
need to fill the research gap in the field of BCI related to separate lower limb
movements. On the other hand, broader scientific research advances the
understanding of the complex mechanisms by which the brain coordinates and
controls movement, thereby supporting clinical applications. With these motivations,
we conducted the present study, the results of which will contribute to the applied and

fundamental fields of neuroscience.

1.3 Main Research Questions and Objectives

This study aims to fill the gap in BCI research on lower limb motor activity and to

enhance the potential of BCl systems for lower limb rehabilitation by investigating EEG
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signals related to lower limb MI, RM and MO. However, there are several challenges

to achieving this goal, starting with the fact that due to the complex topology of the

brain, EEG faces problems of low signal resolution and degradation of signal-to-noise

ratio as it passes through the skull, making data analysis difficult [48]. Secondly,

current classification algorithms still need to be improved in terms of accuracy and

reliability [49]. In light of these challenges, the specific research objectives of this study

are as follows:

1

Construction of a Lower Limb Multi-Action Dataset: Design and implement a
lower limb multi-action experiment containing three tasks, Ml, RM and MO.
Specifically, the experiment included six lower limb movements, namely MI of
left lower limb (Left-MI) and right lower limb (Right-MlI), RM of left lower limb
(Left-RM) and right lower limb (Right-RM), MO of left lower limb (Left-MO) and
right lower limb (Right-MO). During the experiment, we recorded the EEG
signals corresponding to each action, and use these collected EEG data for the
study of lower limb multi-actions.

Investigate neural mechanisms: explore patterns of brain activity associated
with six specific lower limb actions. Identify the specific brain regions
responsible for these actions by analysing the EEG. Compare and differentiate
the EEG signatures during different types of tasks (MI, MO, RM) to find the
similarities and differences between them in order to reveal the neural
correlates of lower limb actions.

Develop classification model: Develop algorithms that can accurately classify
lower limb MI, MO, and RM activities in both temporal and time-frequency

domains, to improve the classification accuracy and reliability of BCI systems.
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The following key points are critical steps in the study of MI-BCls, which will be

discussed in more detail in the subsequent sections.

1.4 Thesis Layout

The layout of the remainder of this thesis is as follows:

Chapter 2 presents the common techniques used in BCI, including
preprocessing, feature extraction and classification methods. In addition, this

chapter reviews the achievements in the research of Ml, RM and MO tasks.

Chapter 3 describes the experiment procedure we designed for multiple lower
limb actions. First, we describe the overall design and the specific steps of the
experiment, covering participant information, the configuration of the
experimental equipment, and the setup of the experimental environment. Then
the detailed arrangement of six lower limb actions, including MI, RM and MO
for the left and right lower limbs, is highlighted. Finally, this chapter also
describes the process of signal pre-processing. It describes how to remove
noise and artefacts from raw EEG data, with specific steps including data
filtering, artefact correction, baseline drift removal and segmentation

processing, among other technical tools.

Chapter 4 presents a signal analysis of multiple lower limb actions, analysing
data in both the temporal and time-frequency domains. By comparing the EEG
characteristics of different actions, the chapter identifies similarities and
differences between them and explores the neural dynamics of the action

preparation, execution and feedback phases to reveal the neural correlates.
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Chapter 5 uses short-time Fourier transform (STFT) as a feature extraction
method. By applying traditional machine learning and deep learning models,
the EEG signals of multiple lower limb actions are classified to determine the
separability of these actions. Based on the initial classification results, four
hybrid models based on convolutional neural networks (CNN) and long short-
term memory networks (LSTM) were then proposed to further improve the
classification accuracy. These hybrid models combine the advantages of

different architectures and aim to improve classification performance.

Chapter 6 presents a proposed novel classification model called
NeuroFusionNet. This chapter describes the structural design and working
principles of NeuroFusionNet. Following this, we evaluate its performance in
classifying lower limb multi-action EEG. The results indicate that the

classification performance is superior to all compared models.

Chapter 7 summarises the main contributions of this study, reflects on the

shortcomings of the study and suggests directions for future research.
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Chapter 2

Literature Review

2.1 EEG Signal Recording

One of the most commonly used techniques for BCI data collection is EEG, which
measures brain electrical activity. Essentially, when neurons receive synaptic input,
the potential changes. EEG records the summed change in voltage as a result of
action potentials that is measurable between pairs of electrodes at the scalp. Although
this fluctuation was initially localized, it diffused due to the conductive properties of the
surrounding brain tissue. When the voltage change is sufficiently large, it can be

measured on the scalp [25][50][51].

EEG signals are captured through strategically placed electrodes attached to
the subject’s scalp. A typical EEG placement system has several channels (electrodes)
to record electrical signals from different areas of the brain. In research on BCI, one
of the internationally recognised methods to standardise electrode placement is to use
a 10-20 system. The international 10-20 system was designed by Herbert Jasper in
1958, based on the relationship between the location of electrodes and the area below
the cerebral cortex [52]. ‘10’ and ‘20’ refer to the actual distance between adjacent
electrodes, accounting for 10% or 20% of the total distance between the front, back,
or left, and right sides of the skull. The electrodes are placed on the scalp, represented
by different letters, corresponding to the cortical area below. Fp ‘represents the frontal

pole,’ F ‘represents the forehead,’ T ‘represents the temporal lobe,” C ‘represents the
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centre,” P ‘represents the parietal lobe’, O ‘represents the occipital lobe, and’” A
‘represents the auricle (ear electrode). In addition to marking the ‘Z’ of the midline
electrode, the left and right hemisphere electrodes are marked with odd and even

numbers, respectively [53][54]. As shown in Figure 2.1.
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Figure 2.1 EEG electrode standard placement of the 10-20 international system ((Image
from http: // www . bci2000 . org, January 2010).

Each electrode can capture the electrical activity occurring around it. The
collected signal is usually differentially amplified, and the reference electrode is used
as the basis for comparison. Once the EEG signal is collected, it is digitized and
processed. The analogue EEG signal is converted into digital format through an
analogue-to-digital converter (ADC) [55]. This enables signals to be stored and
processed by computers. Noise reduction and signal processing techniques, such as

filtering and artefact removal, are subsequently applied to digitized EEG signals.

The digital conversion data in EEG recordings provides a window into
understanding human brain function. The use of EEG signals helps us to study

complex cognitive processes such as MI, RM, and MO. The understanding of the
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neural correlations between MI, RM, and MO enhances our knowledge base, which

helps to advance the research field of BCI [56][57][58].

2.2 Methods for EEG Signal Processing

In the field of BClI based on EEG signals, an essential starting point is the
preprocessing of the captured EEG signals. EEG data is often contaminated by
artefacts such as muscle activity, eye movements, and even power line interference,
etc. [54]. By effective preprocessing, these interferences can be significantly reduced.
After processing, features are extracted from EEG signals for classification and
interpretation of potential brain states or activities. Usually, various temporal domain,
frequency-domain, and time-frequency domain features are extracted for this purpose.
Machine learning algorithms are typically used to classify these features, making it
possible to convert these EEG signals into actionable commands for BCI. This process
ensures that the raw data obtained is of optimal quality for subsequent analyses,
reducing any extraneous noise and enhancing the signal of interest. Two crucial steps
in the preprocessing of EEG data are filtering and artefact removal. These procedures
play a vital role in improving the signal-to-noise ratio, thereby enhancing the reliability

and interpretability of EEG data [59].

2.2.1 EEG filtering

Filtering is typically one of the first techniques applied in EEG signal pre-processing.
The main goals of filtering are to remove frequency noise, select specific frequency
bands of interest, and minimise artefacts caused by sources such as eye movements

or muscle contractions. Several types of filters are used for EEG processing. The first
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is the low-pass filter. This type of filter allows signals with frequencies below a specific
cutoff frequency to pass through and attenuates frequencies above the cutoff
frequency. This type of filter is particularly useful for removing high-frequency noise.
Low-pass filters commonly used in EEG studies include Butterworth filters and
Chebyshey filters [60]. The second is the high-pass filter. These filters are the opposite
of low-pass filters. They allow signals with frequencies higher than a specific cutoff
frequency to pass through. High-pass filters help eliminate slow drift in EEG data,
which can be caused by sweating or other slow-motion factors [61]. The third is the
bandpass filter. It is a combination of a low-pass filter and a high-pass filter, with the
band-pass filter isolating a specific range of frequencies. They are particularly useful
in EEG analysis when researchers are interested in specific frequency bands, such as
alpha (8-12 Hz) or theta (4-7 Hz). In practice, the choice of filtering method depends
on the specific research objectives and the characteristics of the EEG data being
analyzed. Low-pass filters are particularly suitable for studies focusing on slow cortical
potentials or tasks where high-frequency noise is prevalent. High-pass filters are
commonly used when it is important to remove baseline drifts or slow-frequency noise
caused by movement artifacts such as sweating. Bandpass filters are preferred when
the analysis targets specific EEG frequency bands, such as studying cognitive states

or task-related oscillations in alpha or theta ranges [62].

2.2.2 Artefact removal for EEG signals
EEG artefacts are usually divided into physiological artefacts (e.g., slight body

movements, blinking, sweating, heartbeat, muscle movements) and artefacts of
external origin (e.g., from electronic devices) [63]. In the early days, the removal of

artefacts from EEG was achieved by visual inspection of the signals [64]. However,
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manual processing of large amounts of EEG data is extremely time-consuming and

involves a degree of subjectivity [65]. In recent years, researchers have begun to

explore automatic or semi-automatic artefact removal techniques. Currently, several

effective artefact removal methods have been identified and are gradually being widely

applied in EEG signal pre-processing:

Independent Component Analysis (ICA): ICA is a common statistical technique
that used to separate independent sources (e.g., brain signals and artefacts)
mixed in multiple channels. It's commonly used to remove artefacts. After
performing ICA, components related to artefacts are manually or automatically
identified and removed, and the remaining components are recombined to obtain
artefact-free data [50][66][67][68].

Regression Analysis: Regression-based methods estimate artefact signals and
subtract them from EEG data, such as removing influences unrelated to the
variables of interest (e.g., eye movements, electromyographic noise, and scalp
conductivity). These methods are also used for feature extraction and noise
reduction, employing multivariate regression models to eliminate artefacts like
electrooculogram (EOG)-related noise effectively [69][70].

Wavelet Transform: Wavelet Transform provides a time-frequency representation
of the EEG signals, which is useful for isolating and removing transient and short-
lived artefacts [71].

Signal Space Projection (SSP) and Signal Space Separation (SSS): These are
methods often used in MEG but can also be applied to EEG data. SSP eliminates
artefacts based on the calculation of projection operators from artifact-laden
epochs. SSS, on the other hand, separates magnetic sources from internal

(inside the sensor array) and external origins [72][73][74].
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V. Artifact Subspace Reconstruction (ASR): ASR is a recent method for removing
artefacts in EEG data. It uses a sliding window PCA to identify and repair

corrupted segments of the data [75][76][77].

Additionally, volume conduction effects in EEG arise from the propagation of
neural signals through the conductive tissues of the head, such as the scalp, skull,
and cerebrospinal fluid, leading to signal distortion, false zero-lag connectivity, and
localization errors. Key factors influencing these effects include skull holes, brain
lesions, ventricular conductivity, and tissue anisotropy, which can magnify or alter EEG
signals. To mitigate these effects, advanced modelling techniques such as extended
multivariate autoregressive models (eMVAR) and finite element methods (FEM) using
realistic head models that incorporate anatomical details like skull defects and brain
ventricles are employed. Data preprocessing methods like high-pass filtering, ICA, and
ASR effectively reduce artifacts [78][79]. Both filtering and artefact removal collectively
constitute the bedrock of EEG data preprocessing. They contribute to enhancing the
reliability of EEG signals, providing clean and interpretable data for subsequent
analysis. This not only bolsters the performance and reliability of BCl systems but also

substantially aids researchers in understanding brain functions and disorders.

2.3 EEG Feature Extraction Methods

In the field of BCI, a significant part of research is devoted to feature extraction of EEG
signals for better classification and understanding [80]. In essence, feature extraction
is the transformation of EEG data into a reduced set of more interpretable features
that retain the relevant information while reducing noise and redundancy [81]. The
main advantages of feature extraction are its ability to reduce data dimensionality,

improve the performance of the subsequent machine learning algorithms, and facilitate
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better understanding and interpretation of the cognitive process. It aids in highlighting
the variations and similarities in data, allowing for more accurate classifications and
predictions [82]. In the context of EEG signals, features typically represent specific
characteristics of the brainwave patterns, such as power in certain frequency bands,
waveform morphology, connectivity patterns, and other statistical or mathematical
properties of the signals. They can be extracted using various methods. Common EEG
feature extraction approaches primarily fall into three categories: extraction from the
temporal domain, frequency domain, and spatial domain [83][84]. In temporal domain
analysis, common methods include mean, variance, Root Mean Square (RMS), Hjorth
parameters, and skewness [85]. These methods are typically used to extract temporal
features at different time points or during various time segments within the signal.
Spectral features include frequency-domain features, such as fast Fourier transform
(FFT) [86]. The goal of spatial features is to recognise characteristics from particular
electrode positions on the scalp, such as common spatial patterns (CSP) [87]. In fact,
CSP and its derivatives have become the most prevalent methods for feature
extraction in MI-EEG data [88]. To enhance the effectiveness of the CSP approach,
several researchers have endeavoured to expand and refine its functionality. For
instance, Sparse CSP introduces regularization features to enforce sparsity in CSP
values [89]. Additionally, novel variations such as Stationary CSP [90], divergence
CSP [91], and probabilistic CSP [92] have been proposed to further enhance the
capabilities of CSP. Another notable extension is the Filter Bank CSP (FBCSP) method
[93], which incorporates both spatial information from EEG channels and frequency
data from MI EEG signals. Notably, FBCSP has exhibited superior performance in Ml
classification compared to other methods reliant on manual feature extraction. By

incorporating spatial and frequency information, FBCSP demonstrates promising
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potential in Ml analysis. In the study of Ml based EEG, feature extraction plays a pivotal
role, simultaneously finding extensive application in research related to the neural
correlates of MO and RM [94][95]. This is primarily due to its capacity to extract signals
of interest from raw EEG data, thereby fuelling and enriching the investigative

processes.

EEG signals are dynamic and exhibit temporal-varying characteristics due to
the complex nature of brain activity [96]. In the context of EEG research, the
combination of temporal domain and frequency-domain analysis is commonly
employed to gain a comprehensive understanding of brain activity. Time-frequency
methods are signal processing techniques that combine the analysis of signals in both
the temporal and frequency domains. The temporal domain analysis provides
information about the temporal dynamics of the signal, including the timing and
duration of specific events or patterns. On the other hand, the frequency-domain
analysis reveals the spectral composition and distribution of different frequency
components present in the EEG signal [97]. By using time-frequency methods,
researchers can capture the changes in the spectral content of the EEG signal over
time, enabling the identification of transient events, frequency modulations, and
oscillatory patterns that are crucial for studying brain activity [98]. This combined
approach provides a more detailed and nuanced representation of the underlying
neural processes. Common Time-frequency analysis includes STFT and wavelet
transform (WT). The STFT evolved from the Fourier Transform and gained popularity
in the early 20th century [99]. Its advancement was further accelerated by the
development of FFT algorithms [100]. The STFT has since become a fundamental tool
in signal processing, including EEG analysis, due to its ability to capture changes in

spectral content over temporal [101]. In EEG analysis, the STFT decomposes a signal
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into its frequency components by applying a series of Fourier transforms to short
overlapping windows. By sliding these windows over the signal, temporal-varying
frequency content can be observed, offering insights into the signal’s temporal-varying
spectral characteristics [102]. K. Keerthi Krishnan et al. proposed a novel method to
preprocess EEG signals. They extracted the variational mode decomposition (VMD)
modes of EEG signals. From these modes, the STFT of all modes is sorted into EEG
spectrum images. The generated EEG spectrum image is provided as an input image
to the CNN. Compared to the results in recent literature, the use of VMD-STFT to
generate EEG spectral images has always yielded better results [103]. WT is another
popular temporal domain analysis method. WT operates on the principle of multi-
resolution analysis, allowing for the analysis of signals at different scales or resolutions
[104]. It transforms the signal into a series of wavelets, which can effectively capture
both frequency and location information. Moreover, WT can capture rapid changes in
EEG signals, it can handle non-stationary signals, making it particularly suitable for
EEG analysis. There are multiple transformations of the basic WT, with the Continuous
Wavelet Transform (CWT) and the Discrete Wavelet Transform (DWT) being the most
notable [105]. CWT provides high-resolution representations but at the cost of
computational intensity [105]. DWT, on the other hand, utilizes a down-sampling
method to produce a more computationally efficient, though coarser, representation
[105]. In research on classifying left and right hand MI tasks. Pattnaik et al. [106]
explored the use of DWT to extract features of brain motor activity and classify signals.
They extracted feature vectors from the beta rhythm as inputs for the feedforward
neural network classifier. Three input feature vectors, such as mean, standard
deviation, and peak power, achieved better classification performance results with an

accuracy of 80.71%.
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In addition to the methods mentioned above, functional connectivity provides a
crucial and insightful understanding of the brain’s network activities, describing the
statistical interdependence between distinct neuronal units [107]. For normal higher
cognitive functions of the brain, it is often not just the activity of an individual brain area
at play, but rather a collaborative effort between different brain regions. Functional
connectivity measures can be broadly categorized into linear and non-linear methods.
Linear methods include Pearson correlation and coherence, which are based on the
linear relationship between signals. Non-linear methods, including phase
synchronization measures like Phase-Locking Value (PLV), Phase Lag Index (PLI),
and Mutual Information, are developed to capture the complex non-linear interactions
between EEG signals [108]. Phase synchronization measures like PLV and PLI
provide phase-related connectivity between different signals, which could capture the
synchronization of neuronal oscillatory activities. Specifically, PLV measures the
phase consistency over time, and PLI considers the asymmetry of the phase
difference distribution, reducing the influence of common sources of activity [109]. In
cognitive neuroscience, functional connectivity has been employed to study the brain’s
functional networks during different tasks or resting states [110]. In the field of BCI,
functional connectivity measures have been used to enhance the classification of Ml
tasks [111]. For example, Xu et al. conducted a study where they used the concept of
betweenness centrality (BC) from graph theory to investigate and compare the
functional connectivity during two finger-tapping tasks of RM and MI. Their findings
demonstrated that the central node for the RM task was primarily concentrated in the
supplementary motor area, whereas for the Ml task, it was predominantly situated in

the right premotor area. This delineation of connectivity patterns for RM and MI could
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potentially offer novel perspectives on the neural mechanisms governing RM and MI

[112].

Functional connectivity, effective connectivity, and network based approaches
may each be used to reveal information exchange and network characteristics
between brain regions. Effective connectivity focuses on inferring causal relationships
and information flow between brain regions, while network-based methods analyze
the structural characteristics and dynamic changes of the overall brain network. In
EEG analysis, effective connectivity methods allow exploration of the information flow
and causal relationships between brain regions. Common methods include Granger
causality analysis (GC), which identifies causal relationships between brain regions
through time series prediction; Partial Directed Coherence (PDC) and Directed
Transfer Function (DTF) are used to quantify the directional information flow of
different frequency bands based on a multivariate autoregressive modelling (MVAR);
Additionally, Dynamic Causal Modeling (DCM), based on biophysical models, can be
used to evaluate causal connections between brain regions through Bayesian
inference, and is suitable for task related EEG analysis [113][114]. The network-based
approach focuses on the overall characteristics of brain networks and combines graph
theory tools to analyze the complexity and dynamics of brain functional networks [115].
For example, graph theory analysis provides features such as node centrality,
clustering coefficients, and global and local efficiency measures to study the
importance of brain regions and information transmission efficiency [115]; Modularity
analysis reveals the collaborative patterns of task related brain regions by dividing
brain activity measures into network modules [116]; Time-frequency network analysis
combines wavelet transform or STFT to construct dynamic brain networks and reveal

connection patterns at different times and frequencies. These network features have
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been applied in BCI, for example to improve the classification performance of Ml tasks

[115][117][116].

2.4 Classification for EEG

Accurate classification of EEG signals is fundamental for successfully decoding user
intentions and enhancing the overall performance of BCI systems. However, due to
the inherent complexity and variability of EEG signals, achieving precise classification
of brain states or intentions remains a challenging task. This section describes the
most popular classification methods currently available in BCI. These methods include
traditional machine learning algorithms and the latest deep learning techniques, which
excel at accurately classifying EEG signals, decoding user intent and improving the

overall performance of BCI systems.

Numerous classification models have been proposed by researchers to
enhance the accurate identification efficacy of MI-EEG signals based on machine
learning. Various traditional machine learning algorithms have been used for the
classification of MI-EEG signals, for example, linear discriminant analysis (LDA) is a
widely used linear classifier in MI-EEG signal classification [118]. It projects the data
into a lower-dimensional space while maximizing the separation between the classes.
A Support Vector Machine (SVM) is a powerful and versatile classifier that has been
extensively applied in MI-EEG signal classification [119]. It seeks to find the optimal
hyperplane that separates the classes with the maximum margin. SVM can be used
with various kernel functions, such as linear, polynomial, and radial basis function
(RBF), to handle non-linear relationships in the data [120]. kNN is a non-parametric
classifier that assigns a class label to an input sample based on the maijority class of

its k nearest neighbours in the feature space [121]. A decision tree can be employed
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for both classification and regression problems. The process of creating a decision
tree involves the algorithm choosing the most critical feature as the root node and
partitioning the dataset into two or more subsets based on this feature. This process
is recursively performed until all instances are accurately classified, or until a pre-set
stopping condition is met [122]. Random Forest is an ensemble learning method
composed of multiple decision trees. Each tree is trained on a random subset and
makes predictions through a voting mechanism. This method effectively reduces the
risk of model overfitting and enhances prediction performance [123]. Feature selection
in random forest is analogous to that in decision trees. The above are common
traditional machine learning methods, they have been used for MI-EEG signal

classification in several studies.

Notwithstanding the accomplishments of traditional traditional learning
approaches, there remain inherent limitations and challenges when employing these
techniques for the classification of EEG signals. Firstly, traditional machine learning
methodologies typically necessitate manual extraction and selection of features,
rendering the process labour-intensive and temporal-consuming. Owing to the
reliance on domain expertise and the potential for human error, this may culminate in
suboptimal performance. Secondly, the high-dimensional nature of EEG data can
present obstacles for traditional machine learning algorithms, as they grapple with the
so-called ‘curse of dimensionality’. This phenomenon describes the degradation of an
algorithm’s performance as the number of dimensions (i.e., features) escalates.
Thirdly, EEG signals are intrinsically non-stationary, signifying that their statistical
properties evolve over temporal. Consequently, traditional machine learning methods
may struggle to adapt to these variations, leading to diminished classification accuracy.

Fourthly, traditional machine learning algorithms are prone to overfitting, a situation in
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which the model excels with the training data but falters when faced with new, unseen
data. This issue can impede the practical applicability and generalizability of the model.
Lastly, traditional machine learning approaches may encounter scalability challenges
when confronted with large datasets and intricate problems, potentially resulting in
augmented computational expenses and protracted training durations

[124][125][126][127].

In light of these aforementioned challenges, numerous efficacious algorithms
have been proposed in recent years, garnering considerable interest among
researchers. These innovative solutions can be primarily classified into three distinct

categories:

(1) Adaptive Classifiers

Adaptive classifiers are machine learning algorithms that can adjust their parameters
and structures based on the data they encounter. This flexibility allows them to cope
with changing patterns in the input data, making them particularly useful in applications
that involve non-stationary or temporal-varying data [128]. One area where adaptive
classifiers have shown great potential is MI, a field that focuses on predicting and
reconstructing human movement patterns based on various types of input data.
Adaptive classifiers can learn and adapt their parameters and structures as they
process new data. This allows them to better handle changing data distributions and
adjust to new patterns, providing more accurate and reliable predictions. In addition,
they have good robustness to noise, which can be designed to be more robust to noise
and outliers in the input data. By continuously updating their models, they can adapt

to changes in the underlying data distribution, making them less susceptible to errors
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caused by noisy or corrupted data. However, their complexity, potential for overfitting,
and parameter tuning requirements should be carefully considered when designing

and implementing these algorithms [129].

So far, most of the work on BCIl adaptive classifiers has been founded on
supervised adaptation. Various adaptive classifiers, such as LDA or quadratic
discriminant analysis (QDA) for Ml based BCls, have been explored offline [128]. An
adaptive LDA based on the Kalman filter has also been proposed to track the
distribution of each class [130]. To address the potential imperfect labels in supervised
adaptation, an adaptive Bayesian classifier based on sequential Monte Carlo sampling,
which explicitly models the uncertainty in the observed labels, was suggested and
evaluated offline [131]. For ERP-based BCls, offline adaptive SVM, adaptive LDA,
adaptive linear classifiers based on stochastic gradients, and online passive-
aggressive (PA) algorithms have been investigated [132]. Interestingly, McFarland
and his colleagues demonstrated in offline analyses of EEG data from multiple
sessions that continuously retrained the weights of the linear classifier in a supervised
manner can improve the performance of sensory motor rhythm (SMR) based BCls but
not the performance of P300-based BCI spellers [133]. However, results from [134]
indicated that continuous adaptation is beneficial for asynchronous P300-BCl spellers,
and the results from [132] suggested the same for passive BCls based on P300.
Vidaurre et al. delved into the concept of co-adaptive training, a continuous learning
process for both the machine and the user, by employing adaptive features along with
an adaptive LDA classifier [135]. This facilitated a statistically significant classification
performance for some users who initially found it challenging to control the BCI. This
approach was later enhanced in [136] by employing a less complex yet fully adaptive

framework with auto-calibration, which turned out to be effective for both able-bodied
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individuals and those with disabilities [137]. The use of adaptive CSP patches in co-

adaptive training was shown to yield even higher efficiency [138].

(2) Matrix and tensor learning classifiers

Matrix and tensor learning classifiers have emerged as powerful tools in the realm of
machine learning, and show good performance in feature extraction, clustering, and
classification tasks in BCI [139][140][141]. These are machine learning algorithms that
extend traditional vector-based approaches by leveraging the inherent structure in
multi-dimensional data. Matrices are two-dimensional data structures, while tensors
are multi-dimensional generalizations of matrices. These classifiers can capture
complex relationships in data by exploiting the higher-order structure and
dependencies between features, making them particularly useful for applications
involving high-dimensional, multi-modal, or structured data. They can perform
dimensionality reduction by learning low-dimensional representations of the input data,
allowing for efficient storage and computation. This can be particularly useful when
dealing with high-dimensional or large-scale data sets, as it reduces computational
complexity and helps mitigate the curse of dimensionality (degree of data complexity)
[139][142]. Moreover, they can naturally handle multi-modal and multi-relational data,
making them suitable for applications that involve the integration of multiple data
sources or types. By modelling different data modalities and relationships jointly, these
classifiers can learn more informative and robust representations of the underlying
patterns. Many classification algorithms can be extended to tensors. For instance, the
classification SVM has been seamlessly expanded to tensor support machine (TSM),

Kernel TSM, and higher rank TSM. In addition, the typical LDA technique has been
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broadened to include tensor Fisher discriminant analysis (TFDA) and/or higher order
discriminant analysis (HODA) [143]. Furthermore, tensor formats of BCI data can be
highly beneficial in counteracting the issue of limited sample size in the selection of a
discriminative subspace. This is because tensors usually encapsulate data structure
information, which serves as a natural limitation and assists in diminishing the quantity
of unidentified feature parameters in the depiction of a learning model. Consequently,
when the count of EEG training readings is restricted, tensor-based learning
mechanisms are frequently anticipated to surpass their corresponding vector- or
matrix-based counterparts. This is due to issues related to vector representations,
such as data loss for structured data and overfitting for high-dimensional data [144].
The advantage of this method is that it improves the generalization ability and
classification accuracy of the classifier, but its disadvantages are also obvious. Due to
the relatively high complexity of the algorithm and high requirements for the computing

power of hardware devices, it is more suitable for offline EEG signal analysis.

(3) Deep learning

Deep learning (DL) classifiers have significantly impacted the field of machine learning,
demonstrating exceptional potential across various domains. Since 2015, the
outstanding performance of DL algorithms has garnered considerable attention from
scholars in diverse fields, particularly in regard to feature extraction and training
classification [145]. DL classifiers, a subset of machine learning algorithms, use multi-
layer artificial neural networks (ANN) to model complex patterns and representations
in data. By employing neuron layers and non-linear activation functions, DL classifiers

can autonomously learn hierarchical and abstract features from raw input data [146].
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In addition, a back-propagation procedure using gradient descent was developed and

applied to minimize the error function [147].

DL offers several advantages over traditional machine learning algorithms. First,
DL can automatically extract features from raw data without relying on manually
designed features. Through the hierarchical abstraction of multi-layer neural networks,
DL models can learn high-level representations of data, making them exceptionally
good at handling complex data. Second, DL models excel at processing high-
dimensional and unstructured data, such as images, audio and text. These models
can capture intricate patterns and relationships within the data, demonstrating superior
performance in areas such as image recognition, speech recognition, and natural
language processing. In addition, DL models have excellent scalability; by increasing
the number of layers and nodes in the network, the capacity and performance of the
models can be increased. Supported by large datasets and powerful computing
resources, DL models can handle extremely large datasets and achieve leading
performance in various tasks. Finally, DL enables end-to-end learning, mapping
directly from input data to output results without the need for intermediate manual
feature extraction and selection. This end-to-end learning approach simplifies the data
processing pipeline and improves the overall efficiency and performance of the models.
In EEG-based MI classification, DL is advantageous due to its ability to handle the
complexity and nonlinear nature of EEG signals. At present, the most prevalent DL
algorithms for MI-EEG classification include CNNs, generative adversarial networks
(GANSs), deep belief networks (DBNs), auto-encoders (AE), recurrent neural networks
(RNNs), and their variant structures. For example, Tabar and Halici proposed a novel
DL method for classifying EEG in MI. They used CNN and stacked autoencoders (SAE)

to improve classification performance. By integrating time, frequency and location
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information from EEG signals, they developed a CNN with one-dimensional
convolution and max-pooling layers and combined it with SAE for improved feature
extraction and classification. Their method achieved a kappa value of 0.547 on the
BCI Competition IV dataset 2b, outperforming the winning algorithm in the competition
by 9%. This study demonstrates the effectiveness of DL in improving the classification
of EEG-based motor imagery (Ml) [148]. Schirrmeister and colleagues conducted an
exploration of DNN for MI classification [149]. Diverging from most of the
aforementioned papers, their study meticulously evaluated and presented various
DNN structures, all of which were rationally selected rather than arbitrarily selected.
Furthermore, a rigorous comparison was conducted between these networks and
cutting-edge methodologies. They explored a range of models, including shallow CNN
(one temporal convolution, one spatial convolution, squaring and mean pooling, and
a SoftMax layer), deep CNN (i.e., temporal convolution, spatial convolution, followed
by three layers of standard convolution and a SoftMax layer), a combination of shallow
and deep CNN, and a residual neural network (i.e., temporal convolution, spatial
convolution, 34 residual layers, and SoftMax layer). The shallow and deep CNN
models significantly outperformed FBCSP, while the hybrid CNN and the residual
Neural Network fell short. The shallow CNN proved to be the most efficient, showing
a 3.3% increase in classification accuracy compared to FBCSP on the participant
mean. This indicates that, compared to traditional machine learning methods, DL

frameworks are more flexible in design and offer greater classification potential.

In addition to the well-known neural network architectures mentioned above, a
model named Transformer has also received a lot of attention [150]. The Transformer
is composed of two main components: the encoder and the decoder [151][152]. The

encoder consists of multiple identical layers, each comprising two sub-layers: a multi-
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head self-attention mechanism and a feed-forward neural network. It is responsible for
converting the input sequence into a set of hidden representations. The decoder,
similarly composed of multiple identical layers, includes three sub-layers: a multi-head
self-attention mechanism, an encoder-decoder attention mechanism, and a feed-
forward neural network. The decoder's role is to transform the hidden representations
output by the encoder into the target sequence [152]. Before the introduction of
transformer models, most state-of-the-art models for NLP were variants of RNNs or
CNNs. These models were proficient in handling sequential data but were burdened
with the challenge of long-range dependencies in a sequence due to the ‘vanishing
gradient’ problem [153]. The transformer model was proposed as a remedy for these
limitations. Its unique design entirely ditched recurrence and convolutions, which were
the cornerstone of prior models, and introduced a novel mechanism termed ‘self-
attention’ or ‘scaled dot-product attention’. This mechanism allowed the model to
consider different words in the context of others, thus addressing the long-range

dependencies issue and facilitating parallel computation [152].

Compared with CNN, RNN and LSTM, The attention mechanism in the
Transformer model shows better performance in dealing with long-term dependencies.
In applications, to compensate for the shortcomings of the Transformer model in
capturing spatial information, it can be integrated with other machine learning
architectures (e.g., CNN) to form hybrid models. These hybrid models combine the
strengths of different architectures to improve performance. This trend is likely to
continue, further improving the classification performance of the models. Recently,
transformer-based models have been deployed for various EEG tasks. Pedoeem et
al. [154] constructed a hybrid architecture consisting of convolutional layers, fully

connected layers, and a transformer for epilepsy detection and achieved good
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classification results. Guo et al. [155] proposed a novel neural network model
equipped with deep convolution and transformer encoders. This model explored the
dependence of emotion recognition on each EEG channel and carried out EEG-based
emotion recognition through the visualization of acquired features. Long-term
dependencies are a crucial characteristic of temporal series, making the transformer
model an excellent choice for sequence data recognition. Studies leveraging the
transformer model for MI-EEG applications are increasingly gaining momentum. Song
et al. introduced a Transformer-based method, Spatial-Temporal Tiny Transformer
(S3T), for EEG decoding. Their approach achieved state-of-the-art performance with
fewer parameters by leveraging attention mechanisms to capture spatial and temporal
features. This was validated on two BCIl Competition IV datasets, demonstrating the
potential of Transformer-based models in enhancing BCl systems [156]. Furthermore,
Xie et al. developed a Transformer-based method for EEG classification, combining
DL with spatial-temporal information. They tested five model categories on the
PhysioNet EEG Motor Movement/Imagery Dataset, achieving state-of-the-art
accuracy. Positional embedding improved performance [157]. With the ever-
increasing application of the Transformer model in the field of MI-EEG classification,
this innovative architecture demonstrates increasingly superior classification
performance. Looking ahead, it is plausible that further research and development will
enhance the Transformer model’s capabilities, possibly leading to models that can
handle even more complex and nuanced EEG data. The potential advancements in
interpretability, a key aspect for clinical acceptance, also provide a promising outlook.
Therefore, in our study, we further explored the potential of the Transformer model for

multi-action classification of lower limb actions.
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(4) Transfer learning

Transfer learning is a rapidly emerging area in machine learning, In recent years,
transfer learning has emerged as a focal point in machine learning research due to its
unique approach of exploiting knowledge from one or more source tasks to improve
learning performance in a target task [158]. It is a practical solution to one of the major
challenges in machine learning, which is the necessity for large amounts of labelled
training data—an requirement that is not always feasible or readily available [159].
Transfer learning can significantly mitigate the required amont of the labelled data and
improve the classification across domains [159][160]. It also speeds up the training
process, thus making machine learning models more suitable in practical applications
[159]. Fundamentally, transfer learning aims to avoid the starting-from-scratch problem
by leveraging shared knowledge across domains/tasks [160]. It assumes that the
source and target tasks are relevant to a certain extant, hence allowing the transfer of
knowledge from the source to the target [160][161]. Understandably, the success of
transfer learning heavily relies on the degree of similarity between the two tasks. For
example, executing transfer learning would be more fitting between two P300 speller
tasks conducted by different individuals, rather than between a P300 speller task and
a Ml task carried out by the same person [162]. The effectiveness of transfer learning
can be compromised if the source and target tasks are not closely related [163]. Also,
negative transfer, a situation where the knowledge transfer from the source task hurts
the performance of the target task, can occur [131]. Careful selection of source tasks

is crucial to prevent these drawbacks.

In recent years, transfer learning has garnered extensive attention for its role in
enhancing classification within BC| systems. Most BCI research has predominantly

focused on transductive transfer learning, wherein the tasks between the source and
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the target are identical. Ml has consistently been the most commonly used paradigm
for testing transfer learning methodologies, possibly due to the availability of BCI
competition datasets [164][165][166][167]. Some studies have contemplated other
paradigms, such as P300 spellers [168][169], as well as visual and spatial attention
paradigms [170]. In the research of Ml using EEG signals, Chaudhary and colleagues
employed the CWT for feature extraction, transforming the one-dimensional EEG
signals into a two-dimensional time frequency amplitude representation. In conjunction
with transfer learning based on deep learning, this method improved classification
accuracy [171]. Currently, few transfer learning methods are used online. However,
computational capacity does not pose a limitation as these methods do not demand

substantial computational resources and can operate on simple desktop computers.

2.5 The Comprehensive Study for Motor Imagery, Movement
Observation and Real Movement

The study of MI, MO, and RM represents three interconnected pillars of understanding
motor control and cognition. Each aspect contributes unique insights to the
understanding of how the brain processes and executes motor tasks. The
interconnections between these three elements are integral to the comprehensive
understanding of motor cognition. However, EEG-based decoding studies on lower
limb movements are fewer than those on upper limb movements. Therefore, the
majority of the literature reviewed in this subsection focuses primarily on the upper
extremity. The intent behind this approach is not to ignore the importance of lower
extremity activities, but rather to draw from well-established research on the upper
extremity. By doing so, we aim to bridge the knowledge gap and extrapolate findings

that can provide valuable insights into the multiple aspects of lower extremity action.
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2.5.1 Motor imagery
Research on Ml in BCI can be traced back to the 1970s. With the growing interest in

mental practice, the literature on this topic has also increased significantly [172][173].
However, the findings and conclusions derived from these studies exhibited some
degree of inconsistency. Driskell, Copper, and Moran attributed this inconsistency to
the absence of a uniform definition of ‘mental practice’ in 1994 [174]. In their seminal
work, Driskell et al. defined ‘mental practice’ as the symbolic, covert, mental rehearsal
of a task in the absence of actual, overt, physical movement [175]. It is worth noting
that this mental practice is also called MI in the field of BCI research. Ml refers to
imagining movements without actual physical movement. It involves vivid
psychological representations of motor actions, including the sequence of movements
and the timing of those movements. In study of Ml found that individuals mentally
simulate the performance of a specific movement or task, activating similar neural

pathways as when physically performing the action [176].

In recent decades, the effectiveness of Ml in influencing motor performance has
been validated by various research initiatives. For instance, a meta-analysis by
Driskell et al.[174] offered a synthesized overview of the findings from multiple studies,
underscoring that M| practice does indeed exert an impact on motor performance,
albeit less potent than that secured through physical training. Importantly, they
determined that the nature of the task serves as a significant modulator of the effects
of MI practice, with greater effects being manifested for tasks that incorporated
cognitive components, such as maze solving [177], as opposed to tasks predominantly
physical in nature, like sit-ups [178]. Further, in a series of studies, Jeannerod and

colleagues [179][180] elucidated that MI can be perceived as the conscious
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anticipation of the content of an intended movement, a process which traditional
transpires unconsciously during the preparation of movement. The conscious M| and
unconscious motor preparation were found to employ shared mechanisms and exhibit
functional equivalence. This understanding likely illuminates the observed
enhancements in motor performance subsequent to mental practice incorporating Ml
training, as documented in prior athlete-cantered reviews [181]. This observation is
complemented by the considerable overlap discerned in brain activation regions
between RM and MI, an overlap that should not be regarded as surprising. Indeed,
compelling findings have surfaced suggesting that a vivid Ml of intended actions can
exist even in the absence of the limb usually involved in RM. This intriguing
phenomenon has been demonstrated in patients who have experienced traumatic limb
amputation [182] or complete deafferentation of one side of the body following a
complete thoracic spinal cord injury [183]. An increasing body of academic research
has demonstrated that integration of BCI technology with Ml holds promise for
advancing therapeutic interventions in this domain. By leveraging the principles of
neurophysiology and cognitive neuroscience, researchers are exploring the feasibility
and efficacy of employing Ml in conjunction with BCI to facilitate motor rehabilitation,
enhance motor control, and restore motor function in individuals with motion disorders.
This interdisciplinary approach amalgamates knowledge from the fields of
neuroscience, engineering, and rehabilitation, paving the way for innovative solutions

in the realm of motor disorder treatment.
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2.5.2 Real movement

RM, or motor execution, refers to the physical performance of an action. It involves the
activation of a series of brain areas known as the motor system, which controls the

body’s muscles to carry out movements.

The primary motor cortex plays a pivotal role in generating neural impulses that
lead to RM [184]. Neurons in this area project directly to the spinal cord and are
responsible for initiating and directing voluntary movement [5]. In addition to the
primary motor cortex, other areas such as the premotor cortex and the supplementary
motor area also contribute to RM. These areas are involved in planning and preparing
for movement [185]. For example, neuroimaging studies have shown that these areas
become active before the onset of movement, suggesting a role in motor planning
[186]. Furthermore, the cerebellum and basal ganglia, two subcortical structures, also
play essential roles in RM. The cerebellum is involved in coordinating and timing
movements, while the basal ganglia contribute to movement initiation and the

execution of learned movement patterns [187][188].

In recent years, more and more studies have begun to explore the relationship
between M| and RM, especially the overlap and differences in their neural
mechanisms. Research has shown that Ml and RM both involve the activation of
distributed motor-cognitive networks, including the premotor cortex, supplementary
motor area, and inferior parietal lobule [189]. Solis-Escalante et al. [189] demonstrated
that beta rebound—a short-lasting burst of EEG activity in the beta band (13—-35 Hz)
following movement or Ml — plays a import role in both processes. Their findings
highlight that beta rebound is stronger and more sustained during RM compared to Ml,
reflecting the higher degree of motor cortex engagement required for physical

movement. Interestingly, beta rebound also occurs during the withholding of
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movement, with overt movement producing a stronger response than covert imagery.
This indicates a shared inhibitory mechanism in motor control, whether the action is
executed or merely imagined. Mustile et al. [190] extended this understanding by
examining real-world dynamic behaviors such as walking. Using mobile EEG, they
observed that both MI and RM of walking activate similar neural patterns, including
modulations in beta and alpha power. However, Ml elicited more distributed beta
activity, especially at the onset of the task, suggesting additional cortical resources are
required to simulate the action mentally. This finding supports the "functional
equivalence hypothesis," which posits that Ml serves as a cognitive rehearsal of RM
by engaging overlapping neural substrates. Despite these similarities, Ml involves
distinct neural patterns underlining its key role in motor planning and learning. Liu et
al. [191] investigated self-paced lower-limb movement intentions and identified key
factors influencing decoding performance, such as the type of movement and the
frequency bands engaged. Their research revealed that lower-limb MI activates
distinct cortical networks, with beta band activity playing a critical role in differentiating
various types of movements. These findings align with prior evidence that lower-limb
Ml is less studied than upper-limb movements, underscoring the need for more

focused research in this area.

2.5.3 Movement observation

MO refers to the process of watching another individual perform a specific action. This
phenomenon is key to several cognitive functions, including action understanding,
motor learning, and empathy, and plays a significant role in social interactions. The
brain areas activated during MO form the basis of the ‘mirror neuron system (MNS),’

which contributes to these cognitive and social functions [192]. The MNS, first
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identified in macaque monkeys, comprises neurons that fire both when an animal
performs an action and when it observes another animal performing the same action
[193]. In humans, this system includes areas such as the inferior frontal gyrus, the
premotor cortex, and the inferior parietal lobule [192]. The activation of the MNS during

MO suggests a shared neural substrate for understanding and RM.

Several studies have investigated the role of MO in motor learning. For instance,
Mattar and Gribble [194] showed that observing others perform a motor task can
facilitate learning of that task. This finding has important implications for skills training
and rehabilitation. For example, in stroke rehabilitation, MO therapy has been used to
improve motor function, likely by promoting reorganization of the damaged motor

cortex [195].

2.5.4 Neural oscillations in EEG analysis

Different patterns of brain activity are associated with MI, RM, and MO and can be
recorded and analysed by EEG. These activities are fundamentally related to neural
oscillations, which play a key role in the coordination of motor tasks and reflect the
underlying physiological mechanisms of the central nervous system. Understanding
the neural oscillatory patterns during these motor tasks can provide deeper insights
into motor learning, rehabilitation, and cognitive processes. Studies of EEG signalling
have revealed a strong link between brain activity and neural oscillations. Neural
oscillations are characterised by rhythms of specific frequencies that reflect the
excitation and inhibition of cortical neurons caused by changes in physiological
conditions within the central nervous system. These oscillations do not occur randomly
but are regulated by physiological mechanisms. To date, EEG rhythms that have been

identified based on frequency dependency include five frequency bands: Delta band
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(1-4 Hz), Theta band (4-8 Hz), Alpha band (8-12 Hz), Beta band (12-30 Hz) and
Gamma band (30-70 Hz) [18]. While the primary and secondary relationships between
various rhythmic neural oscillations and cognitive processing in the brain are not yet
clearly understood, decoding EEG neural oscillations has become a conventional and
effective means of investigating specific brain states or mechanisms of cognitive
activity. Quantitative characterization of neural oscillations, acquisition of
corresponding spatial and spectral patterns, reflection of the rhythm of the oscillations
through frequency patterns, and reflection of the intensity of the activity of the rhythm
in the brain region through spatial patterns are some of the main goals of EEG neural
oscillation decoding. Alpha rhythm is an important type of neural oscillation. Studies
have shown that thalamocortical loops, local intermediate neurons, and neuronal
synaptic inputs can all generate alpha oscillation [196]. In fact, the characteristics of
alpha rhythm, such as amplitude, duration, and peak frequency, vary with cognitive
tasks, cortical regions, and cortical layers [197][198]. Due to the volume conduction
effect, the EEG signals recorded from the scalp undergo a low-pass filtering process,
leading to very low amplitudes of the gamma rhythmic signal. However, gamma
rhythmic neural oscillations that are linked to active sensory processing have been
used to explain the perceptual grouping and maintenance of visual memory, as well
as the large-scale functional integration of distributed neural activity at multiple

locations [199].

Studies have shown that M| can induce sensory motor rhythm changes similar
to those observed during actual movement. SMR is a type of neural oscillation that is
recorded in the sensorimotor cortex, which is in the central frontoparietal, posterior
frontal, and anterior parietal lobes. The SMR is typically divided into three main

frequency bands: alpha (also known as the Mu rhythm), beta, and lower frequency
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gamma activities [200]. SMR has been found to be modulated by motor behaviour,
including actual and imagined body movements. Studies have confirmed a decrease
in SMR during exercise behaviour, which is called event-related desynchronization
(ERD) [201]. ERD is the suppression of the power of the SMR oscillations, which is
measured through EEG. ERD is also known as rhythmic blocking. The brain’s
processing of motor behaviour increases the excitability of nerve cells from the
thalamus to the cerebral cortex, and the corresponding EEG signal now exhibits a low
amplitude ERD phenomenon. The increase in the intensity or extension of the range
of ERD may be the result of larger neural networks or more neuronal clusters
participating in information processing. Factors leading to enhanced ERD may be
increased task complexity, increased efficiency in task completion, or increased
energy and attention required for tasks. Event-related synchronization (ERS) is the
opposite of ERD, characterized by an increase in power of sensorimotor rhythms
(SMR) during a task or stimulus. ERS typically occurs after the completion of a motor
task or immediately before the onset of a task [202]. While ERS has been shown to
be related to M, its occurrence is not limited to a single frequency range. Studies have
demonstrated that Ml tasks can produce ERS across multiple frequency bands,
including the alpha and beta bands, over the sensorimotor cortex. ERS can manifest
within specific frequency bands (e.g., alpha or beta) depending on the task or condition,
but it can also span multiple frequencies in more complex scenarios, reflecting distinct
neural mechanisms. The intensity and duration of ERS depend on factors such as the
complexity of the imagined movements and the subject's level of expertise [203].
Furthermore, ERS and ERD phenomena have practical applications, such as their use

in sports training for enhancing athletes' performance, especially when combined with
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neurofeedback or other feedback modalities [204]. In studies of MI, RM and MO, the

ERD/ERS phenomenon can provide a basis for the classification of EEG signals.

2.6 Conclusion

This chapter systematically reviews the main techniques of BCl and the background
of our study. First, the process of recording EEG signals is described in detail. EEG
recording involves placing electrodes on the scalp to record the electrical activity of
cortical neurons and amplifying the signals using a device. However, there can be
various types of noise in these recorded signals, which can affect the signal quality
and classification. It is therefore necessary to pre-process the EEG signals to remove

noise and artefacts.

The chapter then describes the three core techniques of the BCI system:
preprocessing, feature extraction and classification. The preprocessing steps include
filtering and artefact removal to improve the signal-to-noise ratio. Feature extraction
extracts useful information from the pre-processed EEG signals, which can be
temporal, frequency domain, or time frequency domain features. Finally, the extracted
features are fed into a machine learning or DL model to classify the EEG signal. This
chapter explains these methods and presents the most common implementation

techniques and algorithms.

Mastering the basic techniques described above is fundamental to the study of
lower limb multi-action based on EEG signals. However, due to limited literature on
lower limb actions, we mainly rely on research on upper limb movements. For this
reason, the chapter reviews the research on MI, RM and MO and finally summarises

the application of neural oscillations in EEG analysis. This lays the foundation for the
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lower limb multi-action analysis based on EEG signals in the following chapters and

provides theoretical support for our study.
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Chapter 3

Experiment and EEG Data Processing

3.1 Introduction

This chapter introduces a novel experimental protocol designed to explore the
differences in brain region responses to six lower limb tasks and assess the feasibility
of distinguishing between different action types based on EEG signals. This study is
unique in its focus on systematically comparing brain activity associated with six
distinct lower limb actions, aiming to uncover the underlying neural mechanisms that
differentiate these actions. To the best of our knowledge, this is the first time to conduct
such comprehensive investigation on lower limbs with three conditions, integrating
experimental design, data acquisition, and advanced EEG signal processing to

address these questions.

The chapter begins by detailing the general design and specific steps of the experiment,
including task design, participant instructions, and experimental conditions. Following the
experimental design, we describe the process of EEG signal acquisition, highlighting the use
of EEG recording systems to capture detailed neural responses. A significant part of this
chapter focuses on the pre-processing of the EEG signals, including methods for filtering,
artefact removal, and channel selection. Additionally, we provide an overview of the criteria
used to evaluate the pre-processed signals, ensuring they meet the requirements for further

classification and analysis.
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3.2 Recruitment of Participants for the Experiment

Twenty-eight participants were recruited in the experiment. They were 10 females and
18 males, aged between 20 and 28 years old (Mean + STD, 22.5 + 1.97). Their
handedness was assessed by a questionnaire, including a series of questions
inquiring about their habitual behaviours in activities such as drawing, writing, and
using tools (e.g., bottle openers, hammers, screwdrivers, and matches). The purpose
was to identify the participant’'s dominant hand based on these activities. The survey
results showed that 15 people used their right hand in all the activities listed in the
survey, and these people were identified as right-handed. Thirteen people use their

left or right hand in the activities listed, andthese individuals are considered ambidextrous.

The study was reviewed and approved by the Institutional Review Board of the
National University of Singapore, and the Humanities, Science and Health, or Social
Science Ethics Sub-Committee at the University of Essex. All participants were
informed of the study’s objectives, procedures, and potential risks. Written informed

consent was obtained from each participant before the start of the experiment.

3.3 Electrode Layout and EEG Acquisition

The international 10-20 and international 10-10 systems were frequently used. Among
them, the International 10-20 system is the most widely used standard for electrode
placement and provides a method for placing EEG electrodes based on anatomical
features of the skull. It uses fixed points on the head (such as the nasion and inion) as
references to proportionally divide the scalp into multiple regions and uniformly place

electrodes in these areas. The international 10-10 system is an expansion of the 10-
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20 system, offering more electrode placement points. The 10-10 system maintains a
basic layout similar to the 10-20 system but adds additional electrodes between each
original electrode. This study adopted the international 10-20 electrode placement

system.

There are two configurations for EEG signal recording: unipolar and bipolar
leads. For unipolar leads, one electrode is located in a cortical area, while the
reference electrode is placed in a non-cortical area, such as the earlobe. Conversely,
bipolar leads involve placing two electrodes in areas of neuronal activity within the
cortex; the recorded waveform thus represents the potential difference between these
two cortical sources. The characteristics of the waveform can vary depending on the
lead configuration and the choice of electrode positions. Besides the leads, there are
some options for the number of electrodes used on the scalp for signal collection.
Choosing fewer electrodes offers participants convenience, such as quicker setup and
reduced computational demands in data processing. However, a major drawback is
the reduced coverage area. Conversely, increasing the number of electrodes provides
higher spatial resolution but also presents challenges, such as increased experimental
complexity and more temporal needed for data preprocessing. Weighing these factors,
in this study we chose an electrode system with 62 electrodes to capture signals. The

electrode layout is shown in Figure 3.1 [205].
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Figure 3.1 The electrode layout used in our study. A total of 62 electrodes were used to
cover the whole scalp (generated by the use of EEGLAB with our own electrode layout)
[205].

In the EEG collection system, the raw EEG signals are too weak to capture the
subtle changes in brain electrical activity effectively. Therefore, they need to be
amplified to increase their amplitude, making them sufficiently large for recording and
analysis. Moreover, EEG signals are susceptible to external environmental noise
(such as electromagnetic interference from electrical equipment) and physiological
noise, and filters can effectively remove or reduce these unwanted signals. Thus, the
signals recorded by the electrodes first need to go through amplification and filtering
and then are converted into digital signals by an analogue-to-digital (A/D) converter to
be input into a computer for further processing and analysis. The composition of the
EEG signal acquisition system is shown in Figure 3.2. This study collected EEG data

using the BioSemi ActiveTwo system, a research-grade EEG device manufactured by
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BioSemi B.V., a company based in Amsterdam, Netherlands, known for its expertise

in developing advanced electrophysiological recording systems.
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Figure 3.2 The framework diagram of EEG collection shows the process of collecting EEG
signals in our experiment.

International
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3.4 Experiment Protocol

In our experiment, we instructed participants to follow the cues displayed on the
computer screen to execute the tasks. The entire experimental process was divided
into six distinct sessions. Every session consisted of 72 trials, to ensure participants
remained focused and avoided fatigue, a break was provided after each session,
allowing them to rest before proceeding to the next session. Each participant
completed the entire experimental process in a single day. Two pairs of electrodes
were used to record vertical and horizontal Electrooculography (EOG) signals (VEOG
and HEOG), respectively. We recorded all signals at a sampling rate of 500 Hz and
then down-sampled them to 250 Hz, referencing them to the average of both mastoids.

The impedance was maintained below 15 kilo-ohms.
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The experimental timing for a trial is illustrated in Figure 3.3. We instructed
participants to follow the cues displayed on the computer screen, positioned
approximately 1 meter away, to execute the tasks. The appearance of a fixation cross
at the centre of the screen marks the beginning of a trial. The display time of the
fixation cross varied randomly between 1.5 seconds and 2.5 seconds (the average
was two seconds). After the fixation cross, a triangle coloured with either red, green,
or blue served as the condition cue. These colours corresponded to the three task
conditions: RM, MI, and MO. The alignment of colours to task conditions was shuffled
among participants, and task prompts were presented randomly to prevent habitual
mental preparation or conditioned responses before each ftrial. For instance, red
represents MI for one participant and could mean RM or MO for another. One second
after the appearance of the conditional cue, an arrow appeared above the triangle
prompt, pointing to the left or right to indicate whether the participant was to perform
tasks related to the left or right lower limb. Both the triangular condition cue and the
directional arrow persisted on the screen for six seconds. During these six seconds,
the participants were asked to perform relevant lower limb actions until the fixation
cross reappeared on the screen, which meant the end of this trial and the subsequent

trial was about to begin. The experimental design encompassed six tasks.

All actions in the experiment involved full leg movement, rather than isolating the feet
or other parts of the legs. For Ml tasks, participants used visual imagery and were instructed
to imagine full leg. During MO tasks, participants watched videos showing full leg movement

performed by real individuals. In the RM tasks, participants physically moved their full leg.
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Figure 3.3 The sequence of events within a trial is as follows: Initially, a fixation cross is
displayed on the screen for a duration ranging between 1.5 to 2.5 seconds. Subsequently,
during the condition cue phase, a triangle emerges on the display for a span of one second.
Different colours correspond to RM, MI, and OM conditions, and their associations with
these conditions are randomized. Finally, in the combined condition and direction cues
phase, both a triangle and a directional arrow are shown on the screen.

3.5 EEG Preparation for Artifact Removal

In an experimental setting, the raw EEG signals collected usually contain a lot of noise.
These noises mainly come from external disturbances, such as those caused by
electrical equipment, as well as internal disturbances caused by the participants’
physiological activities. Such factors can affect the quality of the EEG data. Given
these challenges, artefact removal is a critical procedure to process raw EEG data
before further data analysis and classification can be performed. The flowchart of data
processing for artefact removal is depicted in Figure 3.4. There are numerous software
toolboxes available for the processing of EEG data. In this study, we opted for
EEGLAB because it is an open-source environment written in MATLAB and is widely

recognized for its comprehensive capabilities in EEG data processing [205].
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Figure 3.4 The flowchart of data processing for artifact removal.

Since only the potential difference between two points can be measured, a
reference electrode needs to be set. However, after collecting EEG signals, the
reference electrode is usually reset to remove common environmental noise and
improve the signal-to-noise ratio. Generally, there are two main approaches to setting
up this reference electrode. One approach is to select a single electrode, typically
either an electrode near the mastoid (e.g., M1 or M2) or the Cz electrode. The other
method involves averaging across multiple electrodes, either using all electrodes or
averaging the signals from the bilateral mastoids (M1 and M2). Given that M1 and M2
are located on either side of the head near the ears, they are less susceptible to

artefacts such as eye movements and electromyographic interference. As a result,
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they offer a relatively stable and low-noise reference. Hence, the M1 and M2 were
averaged in this study to serve as the reference electrode. The average reference

signal (AR) for the EEG signal X can be represented as

AR ==Y, X; (3.1)

where X; is the scalp potential at the i'th sampling point of the n’th electrodes.

In EEG signal acquisition, some electrodes may shift, fall off or fail due to some
external interference, and these electrodes are usually recognized as abnormal
electrodes. If these abnormal electrodes were removed, it would result in missing
information. To avoid this effect, if abnormal electrodes are found, we use the
interpolation of the four neighbouring electrodes to replace the abnormal electrodes.
If it is an edge electrode, replace it with the nearest three around it. Figure 3.5
compares the differences before and after interpolation replacement of abnormal
electrodes. In the figure, the T8 channel was identified as an abnormal electrode, and
after interpolation replacement through the surrounding normal electrodes, the signal

is smoother than the raw abnormal channel signal.
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Figure 3.5 (A) shown abnormal channel (T8) is replaced by the average of the surrounding
normal electrodes. (B) represents the electrode after correction, which can be used
normally, scale is 120.

Before removing the artefacts, the EEG signal also needs to be filtered. We use
finite impulse response (FIR) filters to filter the EEG signals because FIR filters are
always stable, their impulse response is finite and does not grow infinitely with time,
and FIR filters provide a good linear phase response [206]. The filters were applied to
each data block, treating each session for every participant as a separate block for
filtering. This approach avoided edge effects that could occur when filtering smaller

segments, such as individual epochs. We use filters with a high pass cut-off frequency
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of 0.5 Hz and a low pass cutoff frequency of 45 Hz to select the frequency band of

interest (as shown in Figure 3.6).
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Figure 3.6 (A) shows the high pass filtering corresponding curve. (B) shows the Low pass
filtering corresponding curve.

3.6 Ocular Artifacts Removal

The eye is an electric dipole with polarity. The cornea at the front of the eye has a
positive charge relative to the retina at the back, which has a negative charge [207].
The presence of this electric dipole allows the eyeball to be viewed as a tiny battery.
As the eye moves, the change in relative position between the cornea and retina
results in a change in the electric field in the surroundings, and the EEG electrodes
detect an increase in potential as the eye moves toward the electrode and a decrease
in potential as the eye moves away from the electrode. When this signal propagates
across the scalp, it appears as ocular artefacts in the recorded EEG. In such cases,
this study adopted a noise cancellation technique based on adaptive filtering to
eliminate eye artefacts in EEG. This method suits our application as it does not require

calibration trials.
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In such cases, this study adopted a noise cancellation technique based on
adaptive filtering to eliminate eye artefacts in EEG. This method is suitable for our
application as it does not require calibration trials, making it efficient and practical for
dynamic EEG studies. We selected the recursive least-squares (RLS) algorithm from
the range of adaptive filtering methods due to its high convergence speed and superior
accuracy in estimating time-varying signals. Unlike other adaptive algorithms such as
the least mean squares (LMS) method, which has a slower convergence rate and is
less effective in non-stationary environments, the RLS algorithm is capable of quickly
adapting to changes in the signal. This makes it particularly effective for removing eye
artefacts, as these artefacts can vary significantly in amplitude and frequency over
time [207]. The RLS algorithm uses vertically recorded EOG and horizontally recorded
EOG signals as two reference inputs. Each reference input is first processed by an
FIR filter of length M (in this application, M= 3) and then subtracted from the raw EEG.
The algorithm employs a forgetting factor (set to 4 =0.9999) to track the non-
stationary components of the EOG signal. Figure 3.7 depicts the block diagram of the
noise canceller used in this application. The primary input of the system is the EEG
signal s(n) captured by specific electrodes. This signal is modelled as a mixture of the
genuine EEG x(n) and the noise component z(n). r,(n) and r,(n) are two reference
inputs, representing VEOG and HEOG, respectively. r,,(n) and r,(n) are associated
with the noise component z(n) in the main input in some unknown manner. h,,(m) and
h;,(m) denote two FIR filters of length M (both filters might have distinct lengths). The
anticipated output of the noise canceller e(n) is the corrected or noise-free EEG. See

Appendix A for a derivation of the key equations.
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Figure 3.7 Adaptive filtering with two reference inputs [207].

M
Fo) = 2 (m)ry{n+1-m)

3.7 Artifact Removal Using ICA

In the preprocessing of EEG signals, EEG signals were segmented into eight-second
durations, spanning from one second before the onset of a condition cue to the
termination of the condition and direction cue. These EEG segments were then
decomposed into components using ICA. Components associated with artefacts were
manually identified and subsequently removed. In previous work, adaptive filters were
used to eliminate the majority of EOG artefacts, while residual EOG artefacts were
removed using ICA. The remaining components were used to reconstruct artifact-free
EEG segments. ICA deals with a set of mixed signals produced by a linear combination
of statistically independent sources [205]. The ultimate goal is to extract each
independent signal component from the mixed signals. The theoretical foundation of
the ICA algorithm lies in the statistical analysis of observed signals, denoted as
[X,(t), X, (t), ..., Xy(t)]. This analysis aims to identify the underlying independent

source signals [S;(t), S,(t), ..., Sy (t) [208]. In the ICA model expressed by

X=AS (3.2)
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The observed signal X(t) is a linear amalgamation of the source signal S(t) and the
mixing matrix A. The primary goal of the ICA algorithm, when both the mixing matrix
A and source signal S(t) are unknown, is to determine the source signal S(t) using
the known observed signal X(t) [208]. Two key prerequisites for employing the above
equation are: Each independent component S;t should be statistically independent,

and these independent components should have a non-Gaussian distribution.

Once the mixing matrix A has been estimated, its inverse matrix W can be used,

and the source signal S(t) can be separated from the observed signal X(t) using

S=WX (3.3)

The ICA decomposition is shown in Figure 3.8. The rows of the input matrix X are the
EEG signals recorded at the different electrodes and the columns are the
measurements recorded at different time points. ICA identifies a ‘decomposition’
matrix W, that dissects multichannel scalp data into a summation of temporally
independent components with spatially fixed orientations. The rows of the output data
matrix, given by S = WX, describe the temporal activations of the ICA components.
Conversely, the columns of the inverse matrix, inverse matrix (W), delineate the
relative projection strengths of each component on every scalp sensor. These scalp
weights give each component its scalp morphology and provide evidence for the
physiological origin of these components. Figure 3.8 illustrates some typical artefacts
in our recorded EEG signals. In this study, we utilized the EEGLAB software to
automatically classify and identify artifacts. Components with an artefact probability
exceeding 90% were flagged by the software and subsequently removed, ensuring

the retention of clean and reliable EEG data for analysis.
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Figure 3.8 Common EEG artifacts and their corresponding visual representations. The
middle of the figure shows the raw EEG signal, and the dashed boxes on the left and right
sides indicate the categories of artifacts.

After decomposing the components using ICA, we set all the components that
want to remove to zero, and then multiply by the complete mixing matrix. This will
project the sum of the non-artefactual ICA components back onto the scalp. The

formula is as follows
activations (:,~a) = 0 (3.4)

Cleang,y = Win,(:,a) X activations (:,a) (3.5)

where a is the vector of selected non-artifact components and Winv is the weight
inverse matrix (W;,, = inv (w)). The sum of non-artifactual ICA components is

projected back onto the scalp, with the EEG signal as shown in Figure 3.9 (taking
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Participant 1 as an example). The left side of the figure shows the EEG signal before
removing artefacts using ICA, while the right side shows the EEG signal after removing
artefacts using ICA. In Figure 3.9, Panel A represents the comparison before and after
the removal of ocular noise, Panel B represents the comparison before and after the
removal of muscle noise, and Panel C shows the comparison before and after the
removal of channel noise and other noise. It can be observed that the processed
trajectories are significantly smoother, with a notable reduction in high-frequency noise

and transient spikes.

Al AZ

N .
e — [ ——

ICA

Bl ] B2

A —— Artifact S ———
e " S

Removal ———

Cl C2
Before Artifact Removal After Artifact Remowal

Figure 3.9 Plot Al represents the EEG signal before the removal of ocular noise, and A2
represents the signal after the removal of ocular noise. Bl is the EEG signal before the
removal of muscular noise, and B2 is the signal after the removal of muscular noise. C1
indicates the EEG signal before the removal of other types of noise, and C2 represents the
signal after the removal of other noise.
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3.8 Conclusion

This chapter provides a detailed introduction to the lower limb multi-action experiment
designed for our study and the data processing procedure for artefact removal. The
experiment includedsix actions associated with lower limbs, including Left-MI, Right-
MI, Left-RM, Right-RM, Left-MO and Right-MO. This chapter also describes the
experiment settings, including the electrode layout. It then introduces EEG data
processing, providing the steps of the procedure used for removing artefacts.
Meanwhile, it describes the methods used for artefact removal. The data processing
in this chapter prepares the data for the following data analysis and classification

stages, detailed in chapters 4, 5, and 6.
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Chapter 4

EEG Analysis for Multiple Actions of Lower

Limbs

4.1 Introduction

This chapter presents the results of the analysis and comparison between the actions
of lower limbs (i.e., three types of tasks: MI, RM, and MO; involving the left lower limb
and right lower limb for each type of action). We attempt to understand the brain’s
responses to these different actions by exploring the EEG signals recorded during the
execution of different actions in the lower limbs. The chapter begins with data analysis
in the temporal domain. First, we explore event-related potentials (ERPs) to
understand the brain’s immediate response to specific events. Then we explore the
sustained changes in EEG activity after the ERP and use statistical analysis to identify
the differences between them. In time-frequency analysis, STFT-based frequency-
domain analyses show changes in different frequency bands of brain activity (e.g.,
Delta, Theta, Alpha, Beta, and Gamma bands). These frequency bands in the EEG
are closely related to the functional and cognitive states of the brain. This analysis
investigated how the brain dynamically changes over temporal and frequency regions,
while coordinating different actions, as well as how certain activity bands in the brain
increase or decrease during the movement execution or planning processes. We also

used statistical analysis methods to identify which brain regions and frequency bands
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are most responsive to lower limb actions, and explore whether there were significant
differences between different actions. We aim to determine which brain regions are
most active during lower limb actions and how these active regions change with
different actions. The novelty of this work lies in its focus on lower limb actions, as
most existing studies have concentrated on upper limb movements. Research that
systematically investigates multiple types of lower limb tasks, particularly combining
MI, RM, and MO, is still very limited. This chapter contributes to the field by filling this
gap, providing new insights into how the brain controls lower limb actions and how
these mechanisms differ across tasks. By analysing EEG signals, we identify patterns
of brain activity during these tasks, offering an understanding of the neural processes

underlying lower limb actions.

4.2 Temporal Domain Analysis of Lower Limb Actions

In this section, we provide an in-depth analysis and exploration of the differences
between lower limb actions in the temporal domain. Temporal domain analysis is
divided into two parts. We first conduct an ERP analysis. Through this analysis, we
aim to understand the ERP characteristics and changes induced by different lower
limb actions. These features reflect the brain's immediate response to lower limb
actions. However, ERP analysis only reveals the brain’s initial response to lower limb
actions. Therefore, to gain a more comprehensive understanding of the dynamic
process of the brain in processing lower limb action information, we continue to explore
the sustained EEG activity following the ERP response in the second part. This part
aims to understand the brain’s sustained activity after the initial phase of the lower limb

actions.
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This study selected nine key electrodes (covering the frontal lobe, central lobe
and parietal lobe regions) to determine the temporal and spatial brain regions that are

most involved in coordinating the relevant lower limb actions.

4.2.1 Introduction to event-related potential

ERPs are a non-invasive measure of the brain’s electrophysiological response to
specific sensory, cognitive or motor events [209]. ERPs originate from complex
interactions of neuronal populations and are detectable changes in the ongoing EEG
that correspond to the brain’s response to internal or external stimuli. The generation
of ERP waves is primarily attributed to the postsynaptic potentials produced by cortical
pyramidal neurons. When a significant number of these neurons are synchronously
activated, their combined electrical activity generates a dipole, which is then detected
as a change in voltage at the scalp level during EEG recording. The neural circuits
involved fundamentally determine the nature and characteristics of these ERPs, and
the stimulus's nature and the individual's cognitive state modulate these circuits. Upon
the presentation of a stimulus, sensory receptors transmit signals to the associated
primary sensory cortices, initiating a cascade of neural activation that spreads to
various brain regions, including associative and higher-order processing areas. This
cascade results in the generation of distinct ERP components, each characterized by
their specific latency and amplitude. For example, early ERP components, often
occurring within the first 100 milliseconds post-stimulus, are typically associated with
basic sensory processing, while later components, emerging hundreds of milliseconds
after the stimulus, are linked to more complex cognitive processes such as attention,

memory encoding, and decision-making [209].
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The amplitude and latency of these ERP components can be influenced by
various factors, including the physical attributes of the stimulus (e.g., intensity and,
duration), the participant’s selective attention, and the relevance of the stimulus to the
ongoing task. Moreover, individual differences, such as age, cognitive abilities, and
neurobiological factors, also play a crucial role in shaping the ERP response. In
addition to these endogenous factors, exogenous variables like the experimental
design, stimulus presentation rate, and methodological approaches in ERP recording

and analysis can significantly impact the observed ERP waveforms.

4.2.2 Event-related potential analysis

EEG signals contain both task-related and task-irrelevant information. Task-related
signals, such as event-related potentials (ERPs), reflect brain activity that is directly
related to a specific task or stimulus. Non-task related signals are background
potentials (BP). In this study, we partitioned the recorded EEG signals based on action
categories. All trials were then averaged across all participants in each action category
separately, with the aim of effectively cancelling out the BP and making the ERP more
pronounced. We used a 200 ms segment before the onset of action execution (i.e.,
when the direction cue appears) as a baseline, the first second after the start of action
execution is taken as the research object, we then subtracted this baseline from the
EEG within the research object to study the impact of different actions on EEG

changes.

In terms of channel selection, we selected nine typical EEG channels covering
the frontal lobe (F4, FZ, F3), central lobe (C4, CZ, C3), and parietal lobe (P4, PZ, P3)
regions for ERP analysis, as the selection of these specific channels ensures that the
study covers the key brain regions to observe the process from sensory reception to

cognitive processing. Through comparative analysis, we observed that among the six
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actions, ERPs showed a positive peak around 200ms after the onset of action
execution. This may be related to early visual processing of stimuli and allocation of
attentional resources. In the context of the RM action, this means that the participant’s
brain quickly focuses attention and performs preliminary information processing upon
receiving stimuli related to actions. After approximately 500 ms of action execution,
the observed fluctuations gradually returned to baseline levels. This corresponds to
the cognitive process of initialising the action. The phenomenon of returning to the
baseline indicates that the brain has transitioned from the response stage to specific
action stimuli to a relatively calm state, completing the main cognitive and information
processing of the event. Over time, although the brain continues to participate in M,
RM, or MO, its response to the initial cue may weaken due to the adaptive effect of
the brain. Another key factor is the visual stimulus provided by the sudden appearance
of the cue. The combination of visual stimuli and cognitive activity leads to more
pronounced oscillations. In addition, the patterns of changes in brain activity during
the ERP were very similar in Ml and RM. This similarity suggests that the brain’s
response mechanisms follow the same neural pathways during Ml and RM.
Furthermore, compared to MI, the ERP amplitude was higher during RM. This
suggests that although the dynamic responses of the brain are similar in Ml and RM,

the intensity of brain activity in the RM exceeds that in MI.

The pattern of ERP changes reveals the brain’s initial response in processing
actions. Within the first few hundred milliseconds of an action, the brain needs to
recognize and process stimuli related to the action and start planning and executing
the action. Afterwards, as the actions continue to be executed and completed, brain

activity gradually stabilizes, reflecting monitoring and adjustment of the actions. This
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process demonstrates the coordination and dynamic adaptability of the brain in action

recognition, planning, execution, and subsequent processing.

To investigate whether there are significant differences in the ERP
characteristics between the left and the right lower limbs, we conducted paired t-tests
to analysed the ERP data across different channels and time points. To account for
multiple comparisons, we applied the Bonferroni correction. Figure 4.1 shows the ERP
changes and their confidence intervals for the right and left lower limbs of MI. A
significant difference was observed in the F3 channel at 600 ms (t(27) = 3.45, p <
0.05), whereas no significant difference was observed in the other channels. Figure
4.2 illustrates the ERP changes for RM, where again a significant difference is labelled
at 300 ms in the F3 channel (t(27) = 2.89, p < 0.05), but no significant difference is
observed in the other channels. Figure 4.3 illustrates the ERP changes for MO, where
significant differences are shown at 500 ms in the P4 channel (t(27) = 3.16, p < 0.05),
not in the other channels. There were no significant differences in ERP in most of the
channels observed, this phenomenon is mainly attributed to the fact that the brain uses
common neural correlates for the processing of these motor activities, which results in
very similar ERP patterns for different tasks in the lower limbs. The consistency of
these ERP patterns is also related to how the brain encodes and processes motor
information. Whether directly involved in the action, observing another person's action,
or mentally simulating the action, the brain uses similar information processing
pathways in the early stages of the action. In addition, many of these ERP components
are likely to be visual evoked potentials (VEPs), which are directly related to the timing
of stimulus presentation. In our study, when a visual stimulus is presented, the visual
processing regions of the brain, mainly located in the occipital lobe, are activated and

generate VEPs. These potentials can overlap with motor-related ERP components,
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making it difficult to distinguish between the neural activity associated with visual

processing and motor execution or imagery.

In the MO task, the absence of significant ERP peaks can be attributed to the
lack of abrupt visual stimuli (cues) that are typically present in Ml and RM tasks. In Ml
and RM, these cues trigger strong activity in the brain’s visual processing regions,
such as the occipital lobe, leading to the generation of VEPs and other ERP
components. However, in MO, participants observe continuous full-leg movements
without discrete time-locked stimuli, which limits the occurrence of cue-related VEPs.
Instead, MO primarily activates the MNS, which is associated with understanding and
simulating observed actions. This activation results in motor-related cortical potentials
(MRCPs) rather than traditional ERP peaks. Furthermore, the absence of time-locked
stimuli in the MO protocol prevents the generation of readiness potentials or other
preparatory motor ERP components typically seen in Ml and RM. Therefore, the lack
of significant ERP in MO reflects the task’s focus on continuous observation and action

understanding, rather than on discrete event responses.
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Figure 4.1 ERP image comparison of MI in left and right lower limbs. Horizontal axis:
milliseconds; vertical axis: amplitude. The baseline is defined as the period before the
dashed line (i.e., -200 to 0 ms). Shadow around line: 95% confidence interval. Difference
greater in left hemisphere than right for lower limbs.
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Figure 4.2 ERP image comparison of RM in left and right lower limbs. Horizontal axis:
milliseconds; vertical axis: amplitude. The baseline is defined as the period before the
dashed line (i.e., -200 to 0 ms). Shadow around line: 95% confidence interval. Difference
greater in left hemisphere than right for lower limbs.
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Figure 4.3 ERP image comparison of MO in left and right lower limbs. Horizontal axis:
milliseconds; vertical axis: amplitude. The baseline is defined as the period before the
dashed line (i.e., -200 to 0 ms). Shadow around line: 95% confidence interval. Difference
greater in left hemisphere than right for lower limbs.

4.2.3 Sustained potential analysis

ERP analysis mainly focuses on rapid and instantaneous electrophysiological
responses. However, the limitation of ERP analysis is that it mainly focuses on the
potential changes within a short time window after an event, typically lasting only a few
hundred milliseconds. For situations where more sustained or complex actions need
to be analysed, ERP analysis alone may not be sufficient to capture all relevant
information. Therefore, for the sustained EEG analysis, we extracted the 5s time
window following the ERP (1000ms-6000ms), then averaged the EEG data of all
participants during that period. Sustained potential analysis of the three tasks revealed
that during RM (Figure 4.5), the EEG waveforms at each electrode showed greater
and wider range of amplitude compared to the other two tasks. This suggests that the
brain response during RM is more active than during Ml and MO. Moreover, we noticed

that the EEG amplitude was generally higher for right lower limb actions in RM than
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for left lower limb, except for the Cz channel. This phenomenon may at first seem to
contradict the principle of contralateral control of the brain, which states that one side
of the brain predominantly controls the actions of the other side of the body. However,
the MI task demonstrated clear contralateral control (Figure 4.4), especially in the four
channels F3, F4, C3, and C4. This difference may be due to the fact that RM involves
more sensory inputs and feedback mechanisms than MI, and the involvement of
sensory feedback and other motor control elements may alter the activity pattern and
thus show different features in the EEG signal. Compared to MI, MO showed a
different pattern in the C3 and C4 channels in the central region, which may be related
to the activity of mirror neuron system (MNS), which are activated during the
observation of others’ actions. In contrast, MO (Figure 4.6) showed more pronounced
differences in P3 and P4 channels in parieto-occipital regions compared to RM,
reflecting the processing of action and spatial information during observation. To
visually compare the significant differences between the left and right lower limbs
under the same task conditions, we averaged the mean EEG amplitude over the entire
period (1000ms ~ 6000ms). Statistical analyses were performed for each channel
using t-tests. Bonferroni correction was applied for multiple comparisons. The results
of the analyses are shown in Table 4.1 to Table 4.3 and indicate that there is no
significant difference between the left and right lower limbs for all channels in the MO
condition, a significant difference in the C4 channel in the MI condition (p < 0.05), and
a significant difference between the C3 and P3 channels in the RM condition (p <

0.05).

While these results provide some insight into the potential differences across
tasks, it is important to note that the significant difference observed in the sustained

potential analysis appears to be sporadic. These sporadic findings could be influenced
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by noise, variability across sessions, or specific characteristics of a small subset of
participants rather than reflecting consistent patterns across the entire sample. Such
variability could arise from individual differences or variability in task execution.
Therefore, we do not think that clear and significant differences between the left and
right lower limbs can be observed in the sustained potential analysis in the lower limb
multi-motor tasks (MI, MO, RM). This assumption aligns with the literature review,
which highlights that differences in the lower limbs are smaller and more challenging

to classify compared to the upper limbs.
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Figure 4.4 Sustained potentials on MI of the left and right lower limbs. Red colour
represents the sustained potential of the left lower limb, blue colour represents the right
lower limb.
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Figure 4.5 Sustained potential on RM of the left and right lower limbs. Green colour
represents the left lower limb, black colour represents the right lower limb.
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Figure 4.6 Sustained potential on MO of the left and right lower limbs. Cyan colour
represents the left lower limb, purple colour represents the right lower limb.
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Table 4.1 The statistical analysis of MI shows significant differences in the channel F4.
Mean and STD represent the mean and standard deviation of all participants, respectively.

Electrode Mean = STD Mean 2 STD p-value
(left - MI) (Right - MI)

F3 -0.02 = 7.04 -0.45+6.94 0.078
Fz -0.22 +£7.38 -0.07 £7.39 0.573
F4 -0.29 = 7.04 0.25£6.72 0.024
C3 0.00£6.51 -0.21+£6.54 0.359
Cz -0.14+7.12 -0.19+7.70 0.858
C4 -0.13+6.61 0.07 £6.82 0.380
P3 0.02 £6.31 -0.06 £ 6.44 0.718
Pz -0.12 £ 6.94 -0.08 +7.52 0.892
P4 0.15+6.57 0.15+7.06 0.969

Table 4.2 The statistical analysis of RM shows significant differences in the channels C3,
Cz, and P3. Mean and STD represent the mean and standard deviation of all participants,

respectively.

Electrode Mean = STD Mean = STD pvalue
(left - RM) (Right - RM)
F3 1.31 £7.58 1.47 £8.18 0.541
Fz 0.84 £8.24 1.21+9.55 0.219
F4 1.04 +£7.79 1.28 £8.33 0.371
C3 1.40 +£7.27 1.96 £9.10 0.037
Cz -0.16 +8.23 0.17£10.53 0.282
C4 1.61 £7.42 1.45+£9.71 0.563
P3 1.60£7.11 2.31+£8.42 0.006
Pz 1.89 £7.76 2.27+9.32 0.185
P4 2.23+7.29 2.14+9.35 0.746
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Table 4.3 The statistical analysis of MO shows no significant difference among these nine
channels. Mean and STD represent the mean and standard deviation of all participants,
respectively.

Electrode Mean = STD Mean & STD p-value
(left - RM) (Right - RM)
F3 -0.87 £ 8.69 -1.26 + 8.47 0.176
Fz -0.88 £8.85 -1.03+9.21 0.627
F4 -0.95 £ 8.36 -0.67 + 8.46 0.318
C3 -0.66 + 8.19 -1.08 +£7.80 0.118
Cz -0.62+£9.44 -1.04 £ 8.62 0.173
C4 -0.54 £ 8.49 -0.60 +7.88 0.812
P3 -0.29 £ 8.03 -0.69 = 7.57 0.136
Pz -0.53£9.05 -0.94 + 8.24 0.163
P4 0.01 +8.52 -0.20 +7.78 0.461

In our analysis of sustained potentials, we found distinct characteristics for
different types of lower limb tasks. However, we need further verification to determine
if these differences are statistically significant. For statistical analysis, the sample unit
was the individual participant. Specifically, we calculated the average across all trials
for each action type for every participant as the sample. Based on the above findings,
we focus on the key channels C3 and C4 to identify differences between the tasks
through statistical analysis. We first calculated the mean of the left lower limb for each
action during the sustained potential analysis period and subtracted the corresponding
mean of the right lower limb to quantify the difference between the left and right limbs.
Subsequently, we used analysis of variance (ANOVA) methods to identify significant
differences among the MI, RM and MO tasks in both the C3 ( F;g1) = 6.31, p < 0.5)
and C4 (Fg1) = 7.06, p < 0.05) channels. In this analysis, we used the calculated

differences in mean EEG amplitude between the left and right lower limbs during the
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sustained potential period as the input variable, analysed the variance in limb
differences across the three task types as the output variable. We used a t-test to
further identify the specific differences between tasks, the sample is all participants.
As shown in figure 4.7, there are significant differences between Ml and RM (p < 0.05),
as well as between MI and MO (p < 0.05) in the C3 and C4 channels, indicating that
there is a difference in the degree of neural mechanism activation between Ml and RM
and MO. Notably, the significant difference in the C4 channel was greater than that in
the C3 channel, which may indicate that the right hemisphere may play a more

important role in processing information related to lower limb actions in our data set.
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Figure 4.7 The left plot and right plot show the comparisons of EEG averages under MI,
RM, and MO. Between the left lower limb and the right lower limb, * indicates significant
difference (p < 0.05), ** indicate higher significance (p < 0.0001).

4.3 Time Frequency Analysis

Temporal domain analysis focuses on potential changes and is used to understand
how EEG activity changes over time. However, time-frequency domain analysis
provides a different perspective. It displays the spectral power of EEG activity at

different frequencies. To achieve a comprehensive understanding of how EEG activity
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evolves across both temporal and frequency domains, we selected STFT as the time-
frequency analysis method due to its simplicity, computational efficiency, and suitability
for analyzing the relatively stable EEG patterns observed during short task-specific
windows in our lower limb tasks (MIl, RM, and MO). Compared to other approaches,
such as wavelet transform (WT) and Hilbert-Huang transform (HHT), STFT provides
a straightforward framework with fixed time-frequency resolution, making it easier to
interpret and apply consistently across large datasets. While WT offers adaptive
resolution and HHT is highly effective for non-stationary signals, both methods require
more complex parameter tuning and are computationally more intensive. In contrast,
STFT strikes a balance between simplicity and effectiveness. Therefore, we used the
STFT to observe the change in spectral power over time. In this section, we first
introduce our time-frequency analysis based on STFT, we describe the principles of
STFT and its application to our data set. The STFT was then used to compare power
changes in the delta, theta, alpha, beta, and gamma bands for different tasks (i.e., Ml,
RM, MO), and topographic maps were used to visualize the changes in EEG power
across multiple frequency bands. This method can visually observe the differences in
activity between the contralateral and ipsilateral brain regions of Ml, RM, and MO
during lower limb action. Subsequently, the focus was on studying the four key
channels, C3, C1, C2, and C4, regions with significant differences in the 0.5 to 45 Hz
band were then highlighted using event-related spectral perturbation (ERSP) and
statistical analyses. In addition, we also explored which channels are most relevant to

lower limb action in the identified critical time-frequency regions.
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4.3.1 Time frequency analysis based on short-time Fourier transform

Due to the dynamic and non-stationary nature of EEG signals, STFT as a time-
frequency domain analysis method has demonstrated good performance in EEG data
analysis. The main advantage of STFT is that it is able to provide localised analyses
in both time and frequency, which allows researchers to track the frequency changes
in EEG activity during a specific event or action in response to an experimental
stimulus or action performed. The flexibility of STFT is highlighted by its customisable
window length, which allows researchers to make an effective trade-off between
temporal and frequency resolution according to their specific research needs [210]. In

our application, the Fourier transform is defined as.

F(w,1) = foo fOP*(t — t)e /Wi, (4.1)

When utilizing a Gaussian function as the window ¥ (t) the STFT is referred to as a
Gabor transform. This transformation’s basis functions arise through the modulation
and transformation of the window function y(t), with w and t representing modulation
and translation parameters, respectively. The STFT is constrained by a constant time
window Y (t), leading to a predetermined time-frequency resolution. This constraint is
articulated by the uncertainty principle (also known as the Heisenberg inequality),
which stipulates a trade-off between time resolution and frequency resolution for the

pair of transforms

b)) o Y(w);
AtAw > 12, (4.2)
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where Aw represents the bandwidth and At denotes the time spread (meaning that
two-time pulses can only be distinguished if their separation exceeds A(t) of Y (t),

respectively

Az = J EW@17de

IVIGIRY:
_fw2|‘P(W)|2dW
[ Yw))2dw

)

(4.3)
2

When t increases, the window function translates over time. On the other hand, the

increase in w causes a translation in frequency with a constant bandwidth [211][212].

In this time-frequency analysis, we applied the STFT in each trial, with the
window length of the STFT set to 250 data points and the overlap length to 225 data
points. The data dimension for each trial in the experimental data is 2000 x 62, where
2000 represents the number of data points, and 62 corresponds to the number of
channels. Considering that the first second of the experiment was designated as the
participant’s preparation phase, we did not include this period in our analysis of the
task-related EEG data. The time after the first second to the eighth second of each
trial served as the focus of the study (7s in total). As a result, the data dimension
entered into the STFT analysis was reduced to 1750 x 62 for the calculation of PSD.

The PSD P(w, t) is calculated from F(w, T) by

Pw, 1) = |F (w,D)|° (4.4)

P(w, 1) is a two-dimensional matrix with the size of 61x129 for each channel,

where 61 represents the number of time points, and 129 represents the number of
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frequencies. In terms of frequency selection, we focused on the range from 0.5 to 45
Hz, covering frequencies from the low-frequency delta band to the high-frequency
gamma band. Consequently, the dimension of the PSD matrix of interest is 61 x 46
(i.e., time x frequency). To reduce the impact of individual differences among
participants on the experimental results, we averaged all experiments for each action

to ensure the reliability of the results.

4.3.2 Spatial distribution of PSD

To explore the distribution of PSD induced by lower limb actions in different frequency
bands. PSD data obtained by STFT were analysed in five frequency bands: delta,
theta, alpha, beta and gamma. For each frequency band, the first second of data from
each trial was used as a baseline (condition cue, 1s-2s) to analyse the changes in the
following six seconds (after direction cue). Specifically, the baseline values were
subtracted from each frequency band and then averaged for total power. This process

was applied to all trials for all participants. The calculation is as follows

1<
Ppasetine = T_Z Pf,t (4.5)
1
t=1
1 FN T
Py = T =T }Z{ ;1 (Pf¢ — Ppasetine) (4.6)
{ M N
P = mz z Pa” (47)
j=1 k=1

Where, f represents the frequency point, t represents the time point, T is the total

number of time points, T; is the number of time points before the baseline, i indicates
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the first frequency involved in the considered frequency band, Fy represents the total
number of frequency points, M and N represent the total number of participants (28
participants in the study) and the number of trials (72) each participant undertook,

respectively.

For each type of task (i.e., MI, RM, or MO), the average power of the left lower
limb was subtracted from the average power of the right lower limb, and the results
were shown in a topographic plot to observe and compare the differences in brain
activity. This approach investigates the lateralization characteristics of neural control
for actions. It can be shown from the topography (Figure 4.8) that in the delta frequency
band (0.5-4Hz), Ml and RM tasks prominently exhibit contralateral control, where the
power in the brain’s left hemisphere increases while that in the right hemisphere
decreases. This reflects the theory of brain contralateral control, wherein the left
hemisphere governs the action of the right side of the body and vice versa. This pattern
is particularly pronounced in Ml and RM tasks as they directly involve the planning and
execution of specific limb actions, thereby activating brain regions associated with
motor control. In contrast, the MO task did not show significant contralateral control
within the delta band, which was characterised by a decrease in power in the frontal
and prefrontal regions, and an increase in power in the midline and occipital regions.
This difference may result from the brain’s involvement in processing visual
information and understanding the intent of the observed action during the MO task.
These processes activate regions associated with the MNS, which plays a key role in
imitating and learning from observed actions. Unlike the Ml and RM tasks, which
predominantly rely on direct involvement in motor planning and execution, MO tasks
rely more on processing visual information and cognitive functions. This change

reduces activity in the frontal and prefrontal regions and increases activity in the
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midline and occipital regions. In the alpha frequency band, Ml also displays a similar
trend of gradual power increase from the frontal to posterior regions. Although alpha
waves are usually associated with a state of relaxation, tasks that require focused
attention and cognitive processing often result in alpha wave suppression in some
regions of the brain (e.g., the frontal lobes) [196]. The decrease in frontal and prefrontal
activity during Ml tasks may indicate that the brain’s attention is increasing. Decreased
power in the frontal lobe and increased power in the occipital lobe could mean that
areas of motor planning and visuospatial processing are also activated. The occipital
lobe acts as the visual processing centre of the brain, even without visual input during
the MI task, occipital regions may be activated to manage motion-related visual
representation and spatial localisation. In the alpha band, both RM and MO tasks
demonstrated contralateral control. Compared to the expected contralateral
dominance observed in RM tasks, the lack of lateralization in the alpha band during
MI tasks may be attributed to MI’s heavy reliance on internal simulation and cognitive
processes in lower limb actions, which are believed to involve more bilateral and
distributed neural networks rather than the more localised and contralateral motor
activation seen in RM. This bilateral engagement in M| could weaken the contralateral
dominance typically observed during direct motor execution. Another explanation
might lie in the strength of neural activation. In RM, the direct execution of motor tasks
results in robust activation of contralateral motor regions, leading to pronounced
lateralization. In contrast, Ml involves weaker activation of motor-related areas, which
may fail to generate a strong enough signal to exhibit clear lateralization, particularly
in the alpha band In the theta band, all three tasks also demonstrated contralateral
control. In the beta and gamma bands, there was no apparent contralateral control

between the left and right hemispheres, which may indicate that the brain activity
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required for the MI, RM, and MO tasks is more balanced in these two bands, or due
to the broader frequency range of these two frequency bands compared to the first
three, they contain more power, resulting in the loss of relevant information on
contralateral control after averaging. In the next subsections we examine this issue in

more detail.

Topographic maps provide a method for observing general patterns of change
within the brain. The advantage of this method lies in its ability to reveal overall
patterns of scalp-recorded brain activity. In this study, we used the EEGLab package
in Matlab software to generate the topographic maps, leveraging its robust
functionality for visualizing spatial distributions of EEG activity across the scalp [205].
This approach allowed us to effectively compare the differences in brain region
activation associated with various lower limb tasks especially when comparing the

relative activation of different brain regions during different actions.
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Figure 4.8 Topographic map of EEG signal power spectrum in different frequency bands
during lower limb multi-actions, the left column is for MI tasks, the middle column is for
RM, and the last column is for MO.
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4.3.3 Event-related spectral perturbation analysis of lower limb actions

In exploring the effects of lower limb actions on brain activity, topographic map analysis
based on power differences is an effective way to observe overall changes in brain
activity. This approach provides a macroscopic demonstration of action induced power
changes. However, although topographic map analysis helps to reveal general trends
in brain activity, it has limitations in capturing the dynamics of brain activity, as it can
only show the average power at a given time-frequency point or within a given time-
frequency window. In addition, after averaging data across all frequency bands and
time points, an analysis can obscure important details at a given time-frequency
window. For example, specific action phases may activate a region of the brain within
a specific frequency band, while after averaging, this activation may be overridden or
not apparent. This may also be the reason why contralateral control was not observed

in the topographic maps of beta and gamma bands in the previous subsection.

To overcome this limitation, we used the ERSP to analyse the time-frequency
characteristics of the ERD/ ERS in the EEG signal during lower limb actions. ERSP
describes the increase or decrease in power of EEG signals within different frequency
ranges relative to a specific event, such as a stimulus or Ml task. It reflects power
changes over a period of time at specific frequencies, rather than instantaneous
changes at a single time point or frequency. In this section, we applied time-frequency
analysis using STFT to decompose the EEG signals into a two-dimensional
representation of time and frequency. The resulting ERSP plots provide a three-
dimensional visualization of time, frequency, and power changes. This approach
provides a more detailed description of EEG power changes and captures a richer

dynamic characterisation of the brain’s response to lower limb actions
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ERSP(f, £) = %Z | Fo(f, ) 12 (4.8)
k=1

In the formula, n represents the number of trials; Fj, (f, t) denotes the power spectral
estimation of the k" single trial EEG signal at frequency f and time t, where F,(f, t)

is the power spectrum after baseline subtraction.

To reduce inter-individual variability, all trial data from all participants were
averaged and then analysed together. A frequency range of 0.5~45Hz is selected for
conducting ERSP time-frequency analysis to explore the ERD/ERS characteristics of
the EEG. Previous topographic map analysis has revealed that the power changes
induced by lower limb action are concentrated near the brain’s midline. Based on this,
we selected typical electrode channels representing the left and right hemispheres of
the brain (C1, C2, C3, C4) for analysis. To more intuitively analyse and compare the
power distribution between the two hemispheres of the brain, a differential analysis
method is employed, namely by calculating the power difference between channels
C1 and C3 and between channels C2 and C4 (as shown in Figure 4.9). This method
can visually compare and understand the changes and differences in power

distribution in each hemisphere of the brain when performing lower limb actions.

During MI, the left hemisphere of the brain exhibits contralateral control,
characterized by event-related desynchronization (ERD) in the frequency band
between 0.5 and 30 Hz. This is reflected in the decreased relative power of the right
lower limb and increased relative power of the left lower limb, as shown inFigure 4.9.
It is indicated that the power changes were more obvious in channel C1 than in

channel C3, suggesting that the brain regions associated with the lower limb Ml action
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were closer to the midline. In the Ml task in the right hemisphere of the brain, although
a general decrease in power was observed in the left lower limb and an increase in
power in the right lower limb, this difference was not as significant as in the Ml task in
the left hemisphere of the brain. The RM demonstrated similar properties, but it is
worth noting that both in the left and right hemispheres of the brain, the right and left
lower limbs of the RM showed an increase in power in the frequency range of 12 to 18
Hz, which may be due to the activation of the motor-related cortex, such as primary
motor cortex and premotor areas, which are highly active during the execution of an
action, resulting in an increase in power within this frequency band. In addition, the
power changes in the left and right lower limbs of RM are similar in the left and right
hemispheres, this may be due to RM making the motor cortex of the brain more greater
neural active without showing significant differences in two adjacent channels (C1 and
C3, or C2 and C4). In the MO task, the brain’s left hemisphere responded to
contralateral control, which is consistent with the traditional understanding of brain
activity patterns during action control. In the right hemisphere of the brain, power in
the left lower limb decreased compared to the left hemisphere, indicating that the
nerves controlling the left side of the body are activated in the right hemisphere. In
addition, the right lower limb action shows similarity in the left and right hemispheres,
which may be due to the bilateral brain activity caused by the activation of mirror
neurons in the right lower limb MO, resulting in an increase in power. The study
suggests that the beta frequency band plays a key role in understanding motor-related
brain activity. It is closely associated with motor planning, execution, and the
coordination of motor-related neural networks. ERD in the beta band was observed
during both RM and MI, reflecting the involvement of motor-related cortical areas and

highlighting the beta band's role in capturing these neural processes.
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To delve deeper into the time-frequency areas relevant to multiple lower limb
actions, we performed a significance analysis on the differences in left and right lower
limb actions within the same task. Based on findings from this studies indicating that
brain electrical activity related to lower limb action is primarily concentrated near the
midline of the brain, channels C1 and C2 were selected for further analysis. Utilizing
these two channels, we first used the t-test to examine the time-frequency areas with
significant differences between the left and right lower limbs for each task. We then
highlighted the time-frequency regions with significant differences (p < 0.05) in left
lower limb power minus right lower limb power and do not show the regions with no
significant differences. Figure 4.10 demonstrates the specific time-frequency
distribution of significant brain activity differences caused by lower limb actions in M,
RM, and MO tasks, and illustrates the activations that remained significant after
applying the Bonferroni correction for multiple comparisons with a threshold of p <
0.05. In the MI task, these significant differences were primarily concentrated within
the 15 to 30 Hz frequency band. In contrast, RM and MO tasks showed significant
differences across a broader frequency range, suggesting that the brain may deploy
different processing mechanisms for these tasks. Notably, the area outlined by the
blue dashed line, located between 18 to 22 Hz and 2 to 6 seconds, represents the
intersection with the most significant differences across all task types, indicating this
area may play an important role in lower limb action control. This analysis further
confirms that the high beta frequency band (18 to 22 Hz) is strongly associated with
lower limb multi-action tasks, demonstrating significant activation during Ml, RM, and
MO. This activation may be linked to essential cognitive processes such as motor
prediction, attention focus, or action encoding.Although the degree of activation and

direction of change varied among actions, reflecting differences in the brain’s
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information processing for different types of lower limb tasks. This also suggests that
EEG signals generated during control of multiple lower limb actions are distinguishable

in the high beta band.
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Figure 4.9 ERSP differences in lower limb multiple actions. The left column shows the
power difference between C1 channel and C3 channel, while the right column shows the
power difference between C2 channel and C4 channel.
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Figure 4.10 The figure shows the statistical analysis results for MI, RM, and MO tasks on
channels C1 and C2. Each task is divided into left (L) and right (R) actions, displaying
ERD/ERS intensity. The upper is the C1 channel, the lower is the C2 channel, and the
middle displays the time-frequency regions with significant left-right lower limb for each
task, with dashed boxes indicating their common overlap.
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4.3.4 Statistical analysis of inter-category significance differences in lower
limb actions

For each task type (i.e., MI, RM, MO), we have analysed the differences between their
left and right lower limbs. However, whether there are significant differences between
task types has not been investigated. To investigate this issue, we chose the time-
frequency window (i.e., 18 to 22 Hz, 2 to 6 s) that showed significant differences in the
shared frequency band, as shown in Figure 4.10. Within this window, we averaged all

power values and used participants as the unit of study for statistical analyses

F
_ 1
Pi:TxFZZP”" (4.9)

j=1 k=1

Where P, represents the power value of the i" participant at the j* time point and

the k" frequency point, P; is the average power calculated for a specific time-
frequency window, defined as the time range from 2 to 6 seconds and the frequency

range from 18 to 22 Hz for the it" participant.

First, ANOVA is used to assess whether the observed changes between
different task types are significant. ANOVA determines if the mean differences among
groups have statistical significance. By conducting ANOVA across various EEG
channels, we are able to identify brain regions particularly sensitive to lower limb
actions within the time-frequency window (i.e., 18 to 22 Hz, 2 to 6 s). As illustrated in
Figure 4.11 (Multiple comparison correction using Bonferroni correction), areas
signified by blue electrodes indicate no significant differences, suggesting that these

peripheral regions are not sensitive to lower limb actions. Green (F(;g1) = 7.28, p <

0.05) and orange (F(;g1) = 11.25, p < 0.001) colours indicate significant electrodes,
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typically concentrated approximately symmetric around the midline regions. In
particular, orange electrodes primarily appear in the central, parietal, and occipital
areas, suggesting that these regions play a more crucial role in multiple lower limb

actions.

Figure 4.11 Blue electrodes indicate no significant differences between the three types of
tasks, green electrodes indicate significant differences ( p < 0.05) and orange electrodes
reflect more significant differences (p < 0.01).

After revealing the overall significant difference in the three lower limb tasks on
a global scale via ANOVA, we used t-tests to perform more detailed pairwise
comparisons to confirm the differences between tasks. For the t-test, we selected C1,
C2, C3, and C4 as representative channels because they are located near the brain’s
midline and cover the motor and sensory cortices. Figure 4.12 displays the mean
ERSP values for the three different lower limb tasks across these four electrodes,
where the height of the bar graphs represents the average activity for each task,

statistics have been corrected for multiple comparisons using the Bonferroni correction



95

method to ensure the reliability of the results. The results on channel C1 show that RM
activity is particularly prominent, with significant differences from MI and even more
extreme differences from MO (p < 0.0001). Channel C2 indicates that while there is
no difference between Ml and RM, MO is significantly different (p < 0.0001), with
significant variations also observed between RM and MO. On channel C4, both Ml
and MO, and RM and MO, exhibit significant activity differences. The two highly
significant (p < 0.0001) of ERSP in channels C1 and C2 indicate that the RM task
elicits a significantly increased brain activity in these channels compared to the Ml and
MO tasks. The regions encompassed by C1 and C2, situated near the brain’s midline,
are intimately linked with action planning and execution, further substantiating the
pivotal role of central areas in lower limb actions. Particularly during the execution of
action, regions near the midline may exhibit higher activity, indicating that the central

areas are key in coordinating and controlling lower limb actions.
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Figure 4.12 This figure compares the average values of MI, RM, and MO for three lower
limb tasks on four electrode channels, C3, C1, C2, and C4. The height of the bar chart
represents the average brain activity level of each task on each channel. The asterisk
indicates a statistically significant difference, with one asterisk (*) indicating a p-value less
than 0.05 and two asterisks (**) indicating a p-value less than 0.0001.
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4.4 Conclusion

In this chapter, the EEG signals recorded during performing multiple actions with the
lower limbs are analysed in both the temporal and time-frequency domains. For the
temporal domain analysis, the characteristics of ERP and Sustained Potential after
ERP were selected to be analysed on nine typical channels. | found that the ERPs of
the left and right lower limbs for each type of task were not significantly different across
the nine channels, possibly because the ERP only detects the brain’s response within
the hundreds of milliseconds after action onset. It is possible that the left and right
lower limbs of these three types of tasks have a high degree of similarity in neural
control during these initial hundreds of milliseconds, resulting in highly similar
performance in terms of brain activity. This phenomenon may be due to that the
differences in brain activity are simply not apparent in the EEG, due to the poor signal-
to-noise ratio, volume conduction effects etc. Therefore, EEG-based analyses of lower
limb multi-action need to be performed over a longer time window. The analysis of
sustained potentials revealed no significant differences between various lower limb
actions. This finding suggests that within a few hundred milliseconds following action
execution, lower limb multi-actions may not generate distinct patterns of sustained
neural activity. During this phase, neural signals appear to stabilize, making it difficult
to differentiate specific action types in the time-domain analysis based on sustained
potentials. It was also found that RM generated the highest amplitude EEG signals,
which can be explained by the fact that this type of activity requires the involvement of
a wide range of neurons, involving sensory input, motor planning, execution and
feedback regulation. Comparatively, the EEG amplitude of MO was the next highest
because although relevant brain regions, including the mirror nervous system, were

activated, direct motor execution and sensory feedback were lacking. The smallest
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amplitudes were observed in MI, mainly because such activities were mainly confined
to intracerebral simulation processes, with fewer brain regions involved and weaker
intensity of neuronal activity. In addition, the EEG signals of RM contain richer sensory
feedback, such as physical sensations in the lower limbs, which significantly enhance
the brain’s electrical activity. However, due to the lack of more direct physical sensory

input, the amplitude of brain waves in Ml and MO is correspondingly lower.

Our study in the time-frequency domain have found that the low-frequency band
(delta) and the alpha band showERS, characterized by higher power. This increase in
power was observed predominantly in specific regions, e.g., frontal or occipital areas,
which we believe can be explained by several physiological and cognitive
mechanisms. . First, low-frequency waves are typically associated with synchronised
activity in large populations of neurons, and this synchronisation results in enhanced
overall signal power as more neurons are active simultaneously, generating a stronger
electric field. In addition, the physical spreading properties of low-frequency waves
allow them to cover a wider area of the brain. that alpha-band oscillations play an
important role in inhibiting sensory input and filtering out irrelevant information [213].
When performing lower limb actions, the brain may need to increase inhibition of other
sensory inputs in order to focus on the completion of the action, resulting in increased
alpha wave activity, these oscillations may enhance selective processing of target
stimuli by decreasing the activity of irrelevant neurons. Secondly, alpha waves are also
associated with states of physical and mental relaxation, and the relaxation of some
of the body’s muscles may need to be modulated by increased alpha wave activity
during precise action tasks. It was also found that Ml, RM and MO activated both the
primary and secondary motor cortex. This suggests that the primary and secondary

motor cortex not only reflect motor execution but are also closely related to motor
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planning and preparation. In addition, we consider that these two regions overlap to
some extent with the prefrontal mirror system, so these areas are also responsible for
understanding others’ actions and motor intentions and are closely related to self-
awareness. It was also found that the regions of most significant interest for lower limb
actions were near the midline and parieto-occipital regions of the brain, which are very
active in lower limb multi-action. It is crucial in the cognition, planning, and execution

of lower limb actions, especially in the frequency band between 18Hz and 22Hz.

In the present study, we analysed the EEG signals of lower limb multi-actions
in both temporal and time-frequency domains. Although our findings reveal some
interesting neurophysiological phenomena and provide some clues to understanding
the neural correlates of lower limb actions, we are also aware that more studies and
deeper analyses are needed to fully understand these complex processes. We hope
that these efforts will provide a valuable foundation for future research on action control

and neurorehabilitation.
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Chapter 5

Deep Learning Models for Classifying Lower Limb

Multiple Actions

5.1 Introduction

In Chapter 4, the analysis results show that there are EEG differences in temporal and
spectral domains between lower limb actions. However, it is unclear how well they can
be classified by machine learning methods. We, therefore, investigated the feasibility
of classifying multiple lower limb actions based on EEG. Then, DL was used to explore

more suitable algorithms for classifying multiple lower limb actions.

First, we use STFT as the feature extraction method. STFT is an effective
method for analysing the time-frequency characteristics of non-smooth and non-linear
signals [214][215]. To reduce the EEG signal’'s complexity and highlight its time-
frequency characteristics, we use STFT to determine the EEG signal’s power spectral
density (PSD). In each trial, the 2s time period before the direction cue is the
participant’s preparation period. Therefore, we focus on the EEG period most relevant
to the tasks (i.e., features were extracted within a 6 s time window following the
directional cue for each trial). We extract power information from the 8 to 30 Hz

frequency band by STFT and feed these data into the classifier as features.
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Next, some typical classifiers are applied to classify the data. First, we reviewed
two typical classifiers in traditional machine learning - SVM and kNN - as well as the
classic DL algorithm (CNN). The chapter then turns to hybrid models, based on the
model framework in the literature, we proposed four hybrid models using CNN and
LSTM as layers. After the introduction of the classifiers, we evaluated their
performance in lower limb multi-action classification by five-fold cross-validation, The
results from each fold are averaged to determine the final classification accuracy. The
performance of these classifiers on the task of lower limb classification is measured
by four indicators: precision, recall, accuracy, and F1-score. Finally, the contributions

of this chapter are summarised at the end of the chapter.

5.2 Lower Limb Multi-Action Classification Using Traditional
Machine Learning Models

Machine learning algorithms are widely used in EEG research, from signal processing
to behaviour prediction. Among many traditional algorithms, SVM and kNN are widely
used for EEG signal classification. SVM is a supervised learning method that can
distinguish different classes by finding the optimal decision boundary, and its kernel
function can effectively handle data in high-dimensional spaces. This is effective for
classifying EEG signals, which tend to be high-dimensional and have irregular
samples. In contrast, kNN is an instance-based learning method that classifies
features by measuring the distance between their points. Its main advantage is
simplicity and intuitiveness, especially when samples accurately reflect the data
distribution. In recent years, DL algorithms have become increasingly popular. CNN is
a popular DL model because it shows significant advantages in classifying EEG

signals by learning data through spatial relationships. This section presents the results
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of applying the three aforementioned classification models to our EEG dataset of lower
limb actions, answering whether machine learning classifiers can distinguish these

actions based on EEG data.

For the signal feature extraction, we extracted the power information using the
STFT method. For each trial, there are 62 channels to collect the signals, and a data
length of 6s is extracted on each channel during the action period. As the sampling
frequency is 250 Hz, there are 1500 data points in total in the 6s period, and the
resulting matrix of all inputs is 62 x 1500. When setting the STFT parameters, we use
a Hamming window with the window length set to 253 and the overlap length to 125,
the band range of 8 to 30 Hz is selected. After feature extraction, we obtained PSD
matrices for each channel with dimensions of 23 x 11 (frequency x time).
Subsequently, these feature matrices (23 x 11) are reshaped into vectors of 253
elements. Finally, these vectors were combined into a 2D matrix (62 x 253) as feature
sets for classification. Three models (SVM, kNN and CNN) are used to assess the
severability of lower limb multi-actions. This section first introduces SVM, kNN and
CNN classifiers, we then describe their parameter settings, and finally discusses their

classification performances.

5.2.1 SVM for lower limb multi-action classification
The SVM classifier was first proposed by Cortes and Vapnik [216] in 1995 and has

been widely used in the fields of image classification, disease diagnosis, and face
recognition, etc. The goal is to construct an optimal hyperplane so that it separates as

many samples as possible correctly, meanwhile, makes the separated samples
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farthest away from the optimal hyperplane. The model of the hyperplane can be shown

as

f(x)=w-x+b (5.1)

where w is the normal vector representing the direction of the hyperplane and b is the
intercept representing the distance of the hyperplane from the origin. To find the
interval maximal dividing hyperplane, it is necessary to find the optimal parameter set
(w, b) that satisfies the constraints. Assuming that the training dataset on one of the

input feature spaces is

T ={(x1,¥1), (x2,¥2), ., (xy, Yn) } (5.2)

where x; € R%,i =1,2,...,N, x; is the x! feature vector, y' is the class label. For a given
dataset T and hyperplane w-x + b = 0 , the geometric interval of the hyperplane
about the sample point x;, y; is defined as

(W + 2 ) (5.3)
. = . -x. .
V= Yi(iwn "  iwl

The minimum value of the geometric interval of the hyperplane with respect to all

sample points is

Y=, mn v (5.4)
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The SVM model for solving the maximum segmentation hyperplane can be stated as

the following constrained optimization issue
max w,b Y

w N b
. x
ITwil ™ 1wl

S.t.yi< >2y,i=1,2,...,N

Dividing both sides of the constraint simultaneously by y, gives

ey
; - X >
Yiiwiy T iwiy

Since || w |l, y are scalars, for the sake of simplicity of expression

w
w =
Iwiy

b
lwly

We then get the formula

yiw-x;+b)>1,i=1.2,..,N

(5.5)

(5.6)

(5.7)

(5.8)

(5.9)

Maximising vy, is equivalent to maximising L , Which is equivalent to minimising

Iwli

% Il w lI? (the factor % is used for the sake of simplicity after the derivation, and does not

affect the result). The SVM model of solving the maximal segmentation hyperplane
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problem can be expressed as the following constrained optimisation problem. When
the samples are not linearly divisible, a nonlinear SVM classifier is usually used. This
classifier utilizes a kernel function to map the samples from the original space to a
high-dimensional feature space. In this high-dimensional feature space, the originally
nonlinear samples become linearly differentiable. The use of the kernel function is
based on Mercer’s theorem, which permits the indirect construction of a high-
dimensional feature space without specific knowledge of the form of the nonlinear
mapping, thus avoiding the increased computational complexity due to higher
dimensionality. Setting ¢(x) to denote the feature data after the sample x is mapped

by the kernel function, then the hyperplane model at this point can be expressed as

f@(xX)=w-x+b (5.10)

The optimization objective of the parameter set (w, b) is transformed into

1
min = ||lwl|
wb 2

s.t.yiiw-¢p(x;)+b)=>1,i=12,--,N (5.11)

Using the duality of Lagrangian functions to transform

1
mgxz a; — EZ Z a;a;y;y;d(x) () (5.12)
i

l

s.t.z a;y;=0,a,20,i=12,--,N (5.13)

i
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where a is the solution to the dyadic problem. The computation of the above equation
is more complicated because it involves the computation of the inner products «a;a; of
the high-dimensional features. The nonlinear SVM simplifies the computation of the
above equation by the method of computing the inner product of features first and then
mapping the kernel function

1
mgxz a; _EZ Z aiajyiyjl((xi,xj) (5.14)
. ~ 5

L

S. tz ay; = 0, a; = O,l = 1,2,"',N (515)

i

where K is the kernel function after computing the inner product. By introducing the
kernel function, SVM can perform nonlinear classification. For our lower limb multi

action classification problem, we use a Gaussian kernel function

202

K(x,z) = exp <— M) (5.16)

The corresponding SVM is a Gaussian RBF classifier, in which case the classification

decision function is

N

_ 2
f(x) = sign (Z aly; exp (— %) + b*) (5.17)

i=1
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5.2.2 kNN for lower limb multi-action classification

The kNN algorithm is a supervised machine learning technique frequently used for
classification tasks [217]. This classifier is widely used for BCI classification due to its
simple parameters [218], including for emotion recognition, diagnosis of diseases (e.g.,
epilepsy or sleep disorders), and decoding MI. kNN classification often uses the
principle of ‘majority voting’, where new instances are assigned to the most common
class among their k neighbours. This process can be optimised by giving higher
weights to closer neighbours, usually using the inverse of the distance as the weight.
In KNN regression, the predicted value is the average of the target values of the k
neighbours, which can also be weighted based on the distance from the neighbour to
the new instance. For both classification and regression problems, using the average
of the k neighbours or the majority vote aims to minimise empirical losses. In this

section, Euclidean distance is used to measure the distance between samples

d(x,y) = (5.18)

An n-dimensional Euclidean space is a set of points, each represented as (x,,
X5, -, Xp), Where x; (i = 1,2...n) is a real number called the ith coordinate of x. The

distance between two points x and y, d(x, y) is defined as the above equation.

In the KNN algorithm, k is a key hyperparameter that represents the number of
neighbours considered. When the k value is small (e.g., k = 1), the model relies only
on the nearest training sample to make its decision, meaning it focuses solely on the
closest data point in the feature space. This allows the model to capture very specific

and localized patterns in the. However, it is also susceptible to the influence of noisy
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samples, leading to overfitting, i.e., an increase in the variance of learning. Conversely,
a larger k value means that the model will consider more neighbours when making
decisions, which helps to mitigate the effect of noise, but may lead to oversimplification
of the model and underfitting. Thus, the selection of an appropriate k value is crucial
to balance the bias and variance of the model. Based on this consideration, we tuned
the choice of k to values that are odd in the range 1 to 10 for the kNN classifier. After
comparing by our data, we found that the classifier reached its highest performance

when k was set to 5. Hence, we determined the value of k to be 5.

5.2.3 CNN for lower limb multi action classification

CNN is one of the DL models. A typical CNN architecture consists of convolutional
layer, batch normalisation layer, activation function, pooling layer, fully connected layer
and dropout layer. The combination of these layers enables CNN to perform multi-
layer feature extraction from simple to complex and to efficiently perform classification.
One of the strengths of CNN is to capture spatial features efficiently. In the previous
chapter, we found that EEG information has spatial features in addition to temporal
features. Therefore, we use CNN to identify the spatial features of the EEG to aid

classification.

We input the previously obtained feature matrix (253 x 62), where 253 is the
feature data and 62 is the number of channels. First, a convolutional layer is used to
extract local features from the input data. Applying convolutional kernel to convolve

feature matrix

H(i,j) = Z z F(m,n)G(i +m,j +n) (5.19)
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where (i, ) is the element of the output matrix, F(m, n) is the convolution kernel, and
G(i + m,j + n) is the input matrix. This form is a generic representation of convolution,
and the basic principle is the same as the convolution operation we described earlier,

i.e., summing and multiplying by a sliding convolution kernel F on the input matrix G.

To facilitate computation, we use padding to make its output structure keep the
same size (253 x 62), then we use batch normalisation layer to normalise the feature
map obtained after the convolution operation to stabilise the learning process and
speed up the convergence rate. The output of the convolution operation has a size of
253 x 62, which can be considered as 62 feature maps. The size of each feature map
is 253 x 1. For each feature map in the convolutional network, the batch normalisation

first calculates the mean value of all elements in the feature map

1 H w
He = H % WZ Z Xh,w,c (5.20)

where H and W are the height and width of the feature map respectively (H=253, W
=1), c refers to the index of the feature map (from 1 to 62), and xp,,, . are the pixel
values of the feature map at the height h and width w position of the feature map c.

The variance of each feature map is then calculated

H w
2= DY Gl o)? (5.21)
HXxXW "

We then normalise each pixel
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_ xh,w,c — U¢

5C\h,w,c -
JoZ+e

(5.22)

where € is a small constant used to prevent division by zero, each pixel value was
further scaled and shifted so that the network was able to learn the distribution that

was appropriate for the batch normalisation process

Yhw,e = cheh,w,c + B (5.23)

where y. and B, are learnable parameters representing scaling and offset,

respectively.

The output yy, ,, . Will have the same dimension 253 x 62, but the values of each

feature map have been normalised scaled and offset according to the best way learned
for that feature map. This treatment helps speed up training and improves the model's
generalisation as it reduces the model's dependence on the specific distribution of the
input values. For batch normalised outputs, which are y,, , ., ReLU is applied to these
outputs using ReLU as an activation function to enhance the nonlinearity of the
network. For each pixel location (h,w) and each channel ¢ , the output of ReLU can

be expressed as

Zpw,e — max(O, yh,w,c) (5.24)

where y,,, . are the data after batch normalisation and z,,, . are the results after
RelLU activation. If the input y, ,, . is positive or zero, the output of the function is y,,

itself; if yp, ,, . is negative, the output of the function is zero.
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The feature map Z processed by the RelLU activation function has the
dimensions H x W X C (i.e., height x width x number of channels). This is applied to
each channel independently by a maxpooling operation, where the size of the pooling
kernel is set to 2 x 2 and the stride is set to 1. Only the maximum value is taken in

each 2 x 2 region. The calculation of the pooled output p can be expressed as

Pn'w'c = max(zh’+i,w'+j,c)' fOI‘i,j € {0»1} (5-25)

where (h',w") are the height and width indices of the output feature map. h' +i,w’ +j
are the corresponding height and width positions in the original feature map. The max
is the operation to find the maximum value within the covered 2 X 2 region. The
indices (i,j) iterate through the selected region of all rows and columns that are

integers from O to 1.

The output Z, which has the dimension H' x W’ x (C, is flattened into a one-
dimensional vector x with the dimension D = H' x W’ x C before being input into

the fully connected layer. The fully connected layer can be represented as

y=Wx+b (5.26)

where x is the input vector after flattening. W is the weight matrix with dimension N x
D, where N is the number of neurons in this fully connected layer. b is the bias vector
of dimension N, y is the output of this layer with dimension N and each element
corresponds to the output of one neuron. The number of learned parameters in this
layer is usually large and therefore may be overfitted, for this we will use the dropout

technique for mitigation. Dropout can be expressed as
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a=aQ@r (5.28)

r; ~ Bernoulli(p) (5.29)

where a is the original activation output vector of dimension N (the number of neurons
in the fully connected layer), r is a random vector, also of dimension N. Each element
r; in the vector is independently sampled from a Bernoulli distribution, i.e., r; can take
the value 0 or 1. The term © denotes multiplication at the element level (Hadamard
product) and a’ is the vector after dropout. In the dropout process, the probability that
each neuron is ‘retained’ (i.e., not dropped) is controlled by the parameter p, which is
typically chosen between 0.5 and 0.8. This means that each neuron has a probability
of activation during training of p and a probability of dropout of 1 - p. Thus, r; has a
probability of p (‘ retained ‘) with a value of 1, and a probability of 1 with a value of O -
p (‘dropped’). Finally, the predicted probabilities of the categories are obtained using
the Softmax function. The Softmax function converts a vector of real numbers into a
probability distribution, where the value of each element in the vector is compressed
to a value between 0 and 1, and the sum of all elements is 1. For our output vector z ,
the dimension is K, where K is the total number of categories. The Softmax function

is computed for each element zi in this vector as follows

e’
= = 5.30
o(2); T on (5.30)

where ¢ (z); is the output corresponding to z; and denotes the value of the i*"* element

of the input z after transforming it into a probability. The term e?/ is the exponent of z;.
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The denominator 2521 e’ is the exponential sum of the outputs of all K categories,

ensuring that all values in the output vector sum to one.

Based on these CNN components, we construct a typical CNN architecture. As
the parameter setting not only affects the learning efficiency of the model but also
directly determines the performance of the model. Thus, we performed a series of
parameter tunings, including the decay of the learning rate, the size and number of
convolutional kernels, the dropout rate, the kernel size of maxpooling, and the number
of neurons in the fully connected layer. The tuning of these parameters is based on an
extensive review of the existing literature [219], see Appendix B for parameter tuning.
We determined the final optimal parameter settings by comparing the model
performance under different parameter settings. Table 5.1 summarises the parameter
combinations that show the best performance in classification. The final architecture
is shown in Figure 5.1. The first layer of the model is the input layer, where the feature
matrix (253 X 62) is fed into the CNN model. The model consists of two convolutional
layers, each followed by a maxpooling layer. The first layer is a convolutional layer
with a kernel size of 8 x 5, and the number of filters is 32. This is followed by a
maxpooling layer with a 2 x 2 kernel size to reduce the feature dimensions and
highlight the features in the representation. A second convolutional layer increases the
number of filters to 64 to improve the network’s ability to capture more complex
patterns, followed by a maxpooling layer with a 2 x 2 kernel size to further reduce the
spatial complexity of the data. Following these convolutional and pooling layers, the
network’s output is flattened and passed to a fully connected layer of 128 neurons.
Finally, the model completes the classification through a fully connected layer with six
output neurons corresponding to the six actions performed with the lower limbs (i.e.,

Left-MI, Right-MI, Left-RM, Right-RM, Left-MO and Right-MO). To enhance the
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model’s non-linear learning capability, a ReLU activation function is used after each
convolutional layer. Additionally, batch normalisation and dropout are applied
throughout the network to reduce the risk of overfitting and improve the model’s
robustness ability. Batch normalisation optimises the internal covariate bias during
training, while dropout reduces the model's dependence on specific training samples
by randomly dropping a fraction of neurons. The specific transformation is shown in

Table 5.1.

128

CONVOLUTION-1  MAXPOOLING-1 CONVOLUTION-2 MAXPOOLING-2 SOFTMAX

= \

a
A

!

- W) Leftm
OIS
e

INPUT 32@55X249 32@54X248 B4@47X244 64@46X243
N
_/
FULLY-CONNECTED

Figure 5.1 The architecture of the CNN model. The model consists of two convolutional
layers, two maxpooling layers, and two fully-connected layers. Adam was used as the
optimization algorithm for this study.
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Table 5.1 Architecture of CNN.

Number Size of Number ) o
Layer type ) ) Size of Output Activation
of Filters Kernel of Stride
Input (62,253,1)
Conv2D 32 (8,5) 1,1 (55,249,32)
BN layer / / / (55,249,32) ReLU
Max pooling layer / (2,2) (1,1) (54,248,32)
Conv2D 64 (8,5) 1,1 (47,244,64)
BN layer / / / (47,244,64) ReLU
Max pooling layer / (2,2) 1,1 (46,243,64)
Fully connected
128 / / (1,1,128)
layer
BN layer / / / (1,1,128) RelLU
Dropout layer / / / 0.5
Fully connected
6 / / (1,1,6)

layer

5.2.4 Results and discussions

We use traditional machine learning algorithms (i.e., SVM and kNN) and a DL
algorithm (i.e., CNN) to investigate the separability of multiple lower limb actions. Table
5.2 shown that CNN outperforms our SVM and kNN models overall in terms of
classification accuracy. On average, our CNN achieves a classification accuracy of
35.52%, while our SVM and kNN have classification accuracies of 33.90% and 24.21%
respectively. Specifically, participant P1 achieved the highest classification accuracy
of 56.17% with the CNN. In addition, most participants had higher classification
accuracies using the CNN than the other two methods (Figure 5.2). The kNN
classification accuracy is the lowest of the three models for all participants. This may
be because kNNs are very sensitive to noisy data, as an outlier can significantly

change the result of the nearest neighbour calculation. In contrast, SVMs and CNNs
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have more robust capabilities, especially after proper regularisation and training, and
these models are more effective at learning the relevant features from the training data
and suppressing the effects of noise. In the comparison of classifier performance,
although CNN models generally outperform SVM in classifying lower-limb multi-
actions for most participants, certain cases, such as P8, show a notably higher
accuracy with SVM than CNN. We considered this phenomenon may be attributed to
the relatively simple data distribution for P8, potentially resulting from more consistent
or less noisy EEG signals during the collection process. This simplicity could make the
data more suitable for SVM's kernel-based approach, while CNN, designed to capture
more complex patterns, might overfit the data. Additionally, CNN performance is
sensitive to hyperparameter tuning, and suboptimal parameter settings could lead to
a decline in classification performance for P8, whereas SVM, with fewer

hyperparameters, is less affected by such issues.
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Table 5.2 Performance metrics for our proposed CNN, SVM, and kNN classifiers across
all participants.

Accuracy (%)
Participants

CNN SVM kNN
P1 56.17 51.16 37.03
P2 36.62 33.8 20.62
P3 39.12 29.19 23.17
P4 54.19 50.54 39.33
P5 32.88 31.24 19.88
P6 26.89 30.11 17.82
P7 38.45 35.42 31.07
P8 20.62 38.84 26.12
P9 18.29 32.44 21.79
P10 40.50 37.50 234
P11 41.89 38.43 23.81
P12 30.13 32.65 2291
P13 36.79 31.01 17.42
P14 48.17 45.4 30.58
P15 45.81 37.21 25.26
P16 40.26 34.02 19.67
P17 33.61 28.84 20.84
P18 28.72 27.65 19.67
P19 28.48 23.85 17.59
P20 342 33.04 28.24
P21 29.19 28.73 23.62
P22 32.6 25.56 23.77
P23 33.6 30.57 20.82
P24 31.78 31.72 23.61
P25 34.79 32.56 30.57
P26 33.18 32.88 2223
P27 33.11 32.79 26.4
P28 34.48 31.94 20.6

Mean+ STD 35.5248.37 33.90+6.44 24.21+5.45
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Figure 5.2 Comparison of classification accuracy among the three models. The yellow line
represents the kNN classifier, the red line represents the SVM classifier, and the blue line

represents the CNN classifier. The classification accuracy of the CNN is higher than the
other two classifiers for most participants.

We used a confusion matrix to analyse the classification accuracy of each
action. The confusion matrix shows the percentage of each correctly classified action
and how it is misclassified in relation to other actions. In our study, we calculated the
average confusion matrix across participants, providing a comprehensive overview of
classification performance and misclassification trends at the group level. Figure 5.3
shows the average of the confusion matrices over all participants. In the CNN classifier,
the left_RM action achieved the highest correct classification rate of 53.8%, while the
right_RM action also had a classification accuracy of 39.0%. In the SVM classifier, the

highest classification accuracy also appears in the left and right RM
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actions with accuracies 0f40.4% and 36.1% respectively. Ml has the worst
classification accuracies. The classification accuracies of MO were intermediate
between the Ml and RM actions. This may be because during MlI, participants engage
in motor imagery rather than physical execution, which typically results in weaker and
more diffuse activation patterns in the brain. Unlike RM, where physical movements
generate distinct PSD patterns, MI relies on internal simulation processes involving
less localized and lower-intensity neural activity, making it more difficult to distinguish
specific features in EEG data. Additionally, Ml often requires significant cognitive effort,
leading to variability in task performance and neural responses across trials and
participants. This variability blurs the PSD patterns, reducing the model's ability to
accurately classify Ml actions. In contrast, MO involves observing external movements,
which stimulates more defined visuomotor pathways and produces clearer neural
signatures compared to the internal cognitive processes of MI. These factors
collectively contribute to the lower classification accuracy of Ml compared to RM and
MO.

A detailed comparison of the performance metrics for the three models is
presented in Table 5.3.In our 6-class classification task, precision and recall were
calculated using a one-vs-all approach for each class. This method involves treating
each class as the positive class while grouping all other classes together as the
negative class. This process was repeated for each of the six classes to obtain class-
specific precision and recall values. The F1-score combines precision and recall into
a single metric, providing a harmonic mean to balance their trade-off. In this evaluation,
CNN performs well in most metrics, especially in the left and right RM classes with the
highest F1 scores of 44% and 41% respectively. SVM performs slightly worse than

CNN, with high precision (41.31%) for the left RM and high recall (41.99%) for the left
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MO, indicating a high percentage of truly positive class samples. In contrast, kNN is
lower than the other models, as reflected in its F1 score, suggesting that KNN may

struggle to classify EEG signals from high-dimensional feature spaces.

Table 5.3 Comparative performance metrics of SVM, kNN, and CNN for lower limb action
classification.

Class Left-Ml Right-MI Left-RM Right-RM
Precision 27.21% 28.65% 41.31% 37.60%
SVM Recall 25.32% 27.88% 40.38% 36.11%
F1-Score 26.23% 28.26% 40.84% 36.84%
Precision 19.58% 21.62% 26.37% 27.24%
kNN Recall 17.56% 16.96% 26.29% 20.83%
F1-Score 18.51% 19.01% 26.33% 23.61%
Precision 35.00% 33.00% 37.00% 41.00%
CNN Recall 27.00% 26.00% 54.00% 42.00%
F1-Score 31.00% 29.00% 44.00% 41.00%
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Figure 5.3 Confusion matrices for the three models under the MI, RM, and MO tasks. The
diagonal of the matrix shows the average classification accuracy for the 28 participants.
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To compare the classification performance, we first use ANOVA to conduct
statistical analysis on these three models and found a significant effect of model
(Frz,81) = 21.84, p < 0.0001). We then performed two-tailed paired t-tests to further
evaluate the significance of these differences, using the classification accuracies of
the participants as samples (Figure 5.4). The results show that the performance
difference between CNN and kNN has a highly significant difference (p < 0.0001).
Although the CNN produces a higher average classification accuracy than SVM, this
difference is not statistically significant (p > 0.05). Compared to kNN, the classification
accuracy of SVM is significantly higher than that of kNN ( p < 0.0001), further
highlighting the limitations of the kNN approach in the classification of these six lower
limb actions. On the other hand, based on a binomial model, the 95% confidence
interval for the chance level was determined to be 14.36% to 18.98%. The roughly
estimated chance level for a 6-class classification task was 16.67%. We found that the
performance of all classification models was significantly higher than this level. This

indicates that six different lower limb actions can be separated and identified using

machine learning models.
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Figure 5.4 Classification accuracy comparison among three methods: CNN, SVM, and
kNN (* indicates p < 0.0001).
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5.3 Hybrid Deep Learning Models for Classifying Multiple Lower
Limb Actions
When comparing the three classification methods, SVM, kNN and CNN, we found that

both CNN and SVM outperformed kNN. Although there is no significant difference
between CNN and SVM from the point of view of classification accuracy, CNN shows
greater potential when other parametric metrics such as recall are considered.
Therefore, we moved on to explore classification models based on CNN in an attempt
to find a more suitable approach for lower limb multi-action classification. Recent
studies have shown that CNN and LSTM models are successful in a wide range of
classification applications. This is due to the fact that CNN has the property of spatial
invariance and LSTM captures the temporal associations among features. The
combination of CNN and LSTM has been shown to improve the classification
performance of EEG signals due to their complementary advantages [220]. This
combination has been applied to EEG-based MI classification. However, most studies
have focused on the upper limbs or treated both lower limbs as a separate category.
Few studies have focused on the lower limbs. To address this research gap, we
systematically evaluated and optimized hybrid CNN-LSTM models for lower limb multi-
action classification. Our work involved extending existing architectures and
introducing modifications such as tuning key parameters and incorporating a novel
attention layer to enhance feature selection. These adjustments were designed to
better capture the unique characteristics of EEG signals associated with lower limb
actions. Based on their architectures, we categorized the models into four distinct
types.Finally, we evaluate the classification performance of the four hybrid models

across multiple lower limb actions.
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LSTM outperforms CNN in dealing with long-term dependencies in time-series
data. It efficiently manages the flow of information through a control mechanism that
includes a forget gate, memory cell, and output gate. This structure enables the
network to retain information that needs to be remembered in the long term while
discarding information that is no longer important. Specifically, the role of the forget
gate is to decide which information should be removed from the prior cell and is given

as [221]

fe = o(wrlhe—1, X¢] + by) (5.31)

The memory cell receives long term memory i, from the forget gate and short-term

forget gate, which subsequently merges the two directly

iy = o(w;[he—q, X¢] + by) (5.32)
¢, = tanh(w,[hy_y, X;] + be) (5.33)
Co=fe Ceq +ip- ét (5.34)

Then, the output h; is derived from the output gate.
0 = o(wolh¢—1, X¢] + bg) (5.35)

h’t = Ot ) tanh(Ct) (5-36)

Where h; represents the output from the previous cell, X; is the input to the hidden
layer, while w and b are the weight matrix and bias value, respectively. The sigmoid

function o determines the extent to which information will be forgotten.



124

5.3.1 Type_1: Segmented multiscale cnn-lstm model for lower limb action
classification

In our proposed model, the type 1 architectural feature is to segment the data and
input it into the model. As shown in Figure 5.5, the 6s of EEG data for each trial were
segmented into three discrete segments. For each segment (2s), the STFT converted
the EEG for each channel into a two-dimensional (2D) time-frequency representation
with dimensions of 23 x 3 (i.e., frequency x time). Then combined maps from all
channels into large 2D time-frequency maps for each segment, with a synthetic
dimension of 1426 x 3. After conversion, these time-frequency maps were fed into an
initial CNN block, designated CNN_1 1 in Figure 5.5. This block consisted of one
convolutional layer and a batch normalization layer. The kernel size was 3 x 3 with 32
filters. The second CNN block, CNN_1_2 contains three hidden layers, each
consisting of a convolutional layer, a normalisation layer and a maxpooling layer. The
convolutional layer maintains a kernel size of 3 x 3, with the number of filters set to 4,
8, and 16, respectively. In each maxpooling layer, a 2 X 2 kernel was applied to
downsize the feature matrix. ReLU was used as an activation function. In addition, the
output of CNN_1_1 was fed not only to CNN_1_2 for further spatial feature decoding
but also fed into LSTM layer with 100 neurons to decode temporal features. The
merged outputs of CNN_1_2 and LSTM were fed into a fully connected layer with 512
neurons and using the ReLU activation function. A softmax layer is built into the

architecture to provide the final classification results.
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Figure 5.5 Model architecture of type 1. Architecture of the segmented multiscale CNN-
LSTM model for classification of EEG

5.3.2 Type_2: Integrating 3d CNN-LSTM for lower limb action classification

In this model, we propose a model architecture that retains the spatial layout of the
electrodes. EEG is spatial correlated across neighbouring regions of the brain. During
EEG collection, each channel is surrounded by four neighbouring channels (edge
electrodes have only three neighbouring electrodes). This spatial correlation can be
retained by keeping the physical neighbourhood of the electrodes unchanged. In
classification, spatial features are more efficiently extracted from data with this
retained original spatial arrangement. In light of this fact, the EEG signal input should
be organised according to the electrode layout for classification, known as model
type_2 (Figure 5.6). We kept channel locations and arranged them into a matrix,
padding zeros as placeholders for positions without recording channels, such as
around the corners. We applied STFT to each channel to obtain a time-frequency map
with size 23 x 11, then this map was reshaped into a vector of 253 dimensions. After
applying the STFT to all channels, we obtained 3D tensor of size 9 x 9 x 253. This 3D
tensor was fed into a CNN with a 3D kernel, consisting of two convolutional layers and
two maxpooling layers. The convolutional layers use 3 x 3 x 3 kernels with 40 and 80

filters respectively. The kernel size in the maxpooling layer was 2 x 2 x 2 kernels to
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reduce the spatial dimensions. The activation function used RelLU and the
normalisation layer is placed after each convolutional layer to stabilise the learning
process. The expressed features are then passed fully connected layers to extract
high-level features, which are further fed into the LSTM layer with 100 neurons. After
the LSTM, another fully connected layer of 100 neurons is used to merge the LSTM
outputs, which are then fed into a softmax layer. This final layer classifies the EEG
based on the learned spatio-temporal features. With this architecture, our model
exploits the spatial layout of the EEG electrodes and the signal's time series, improving

the EEG data's spatial and temporal resolution.
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5.3.3 Type_3: Cascaded structure of CNN-LSTM for lower limb action
classification

In our research on lower limb action classification models based on EEG, cascade
structures are relatively common. Our proposed type 3 model adopts a cascaded
structure of CNN and LSTM, as shown in Figure 5.7. The STFT first performs EEG
feature extraction. Specifically, 2D time-frequency maps (23 x 11) are obtained for
each channel. These 23 x 11 maps were then reshaped into feature vectors (253 in
length). All vectors from the 62 channels were combined into a comprehensive 2D
matrix (62 x 253), which was used as input to the type 3 model. The Type_3 cascade
structure has two convolutional layers (i.e., CNN_3 1 and CNN_3 2 ) and two
maxpooling layers (i.e., MAX POOLING_3 1 and MAX POOLING_3 2). The first
convolutional layer (i.e., CNN_3_1) used kernels with size of 62 x 4 focused on spatial
convolution of the input features, while CNN_3 2 used kernels with size of 1 x 8
focused on convolution of features along the temporal dimension. The numbers of
filters were 40 and 80, respectively. The maxpooling’s kernels are of size of 1 x 4 and
1x8 in MAX POOLING 3 1 and MAX POOLING_3 2 r, respectively. After
convolution and maxpooling features are delivered to the fully connected layer
containing 1024 neurons. After this, the features are fed into an LSTM layer with 100
neurons and then into another fully connected layer containing 1024 neurons. Each
convolutional and fully connected layer is followed by RelLU activation and batch
normalization. Finally, the features are classified by a softmax layer. This cascading
approach attempts to increase the depth and accuracy of the classification process by

sequentially applying spatial and temporal feature extraction.
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Figure 5.7 Model architecture of type 3 with the cascaded structure of CNN-LSTM.

5.3.4 Type_4: Parallel structure of CNN-LSTM for lower limb action
classification

In contrast to the Type_3 cascade structure described above, the parallel structure is
another typical structure [220]. Itis characterised by the parallel use of different
methods to process data, thus allowing the efficient fusion of multiple features. Based
on this idea of a parallel structure, | propose the Type_4 model, which is detailed in
Figure 5.8. This model first generates a time-frequency map (23 x 11) for each EEG
channel by STFT, which is then combined into a larger map (1426 x 11) from all
channels. The parallel CNN-LSTM structure was employed to capture both spatial and
temporal features. The CNN component of this structure included two convolution
layers (i.e., CNN_4 1 and CNN_4_2), followed by two maxpooling layers (i.e.,

MAXPOOLING_4 1 and MAXPOOLING_4 2), and a fully connected layer. The size
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of the kernels in the CNN_4 1 and CNN_4_ 2 layers was set to 3 X 3, with filter counts
of 32 and 62 respectively. The maxpooling size was set to 3 x 3. The number of
neurons in the fully connected layer was 512. In addition, in parallel with the CNN there
is an LSTM layer with 100 neurons and a fully connected layer with 1024 neurons. It
is designed to capture the temporal features of the EEG. For the output features of the
CNN and LSTM, feature fusion is performed in another fully connected layer consisting
of 512 neurons. This layer combines spatial and temporal features into the merged
feature set. The merged features are then passed to the softmax layer for classification.
Each convolutional and fully connected layer is followed by ReLU activation and batch
normalisation. This parallel structural approach in Type 4 aims to ensure robust

feature extraction using CNN and LSTM.
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Figure 5.8 The model architecture of type 4 with the parallel structure of CNN-LSTM.
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5.3.5 Results and discussions

This section presents four hybrid models that combine CNN and LSTM to exploit
enhanced EEG classification accuracy. Each model treats spatial and temporal
features in different ways. The results show slight differences in performance among
the models (see Table 5.4). The Type_1 model has the highest average classification
accuracy of 35.84% with a standard deviation of 7.18. The Type_2 model has an
average accuracy of 35.74% with a standard deviation of 9.24, which is the highest
standard deviation of all the models. The Type_3 model has an average accuracy of
35.54% with a standard deviation of 7.88, which is slightly less robust than
Type_1. The Type_4 model has the lowest average accuracy of 35.13% with a
standard deviation of 7.52, which is roughly comparable in performance to the other
models but slightly less effective on average. Figure 5.9 provides a visualisation of the
variation and differences in classification accuracy between the four models. Overall,
all models show large variations in classification accuracy across participants, with
accuracies as high as 50% or more for some participants and as low as around 30%

for others.



131

60

55

50

45

40

Accuracy (%)

35

30

25

20

R Y I
1 2 345 6 7 8 9 101112 1314 1516 17 18 19 20 21 22 23 24 25 26 27 28

15 !

Participants

Figure 5.9 Comparison of classification accuracy among four models. The green line
represents the type 1 classifier, the grey line represents the type 2 classifier, the cyan line
represents the type 3 classifier, and the brown line represents the type 4 classifier.



132

Table 5.4 Accuracies of four hybrid models in the context of multiple action classification.

o Accuracy (%)
participants Type 1 Type 2 Type 3 Type 4
1 50.87 55.11 50.18 51.11
2 37.27 32.87 37.74 33.11
3 34.95 36.57 34.69 34.74
4 50.97 51.61 50.21 50.72
5 27.99 30.08 29.43 30.07
6 28.00 34.05 31.71 31.27
7 38.42 36.36 34.46 35.73
8 27.82 22.79 21.57 20.89
9 38.87 17.36 22.94 29.37
10 37.96 44.17 39.11 38.13
11 39.12 39.16 37.94 36.57
12 34.27 40.95 37.30 34.57
13 29.66 30.81 36.76 31.72
14 44.92 46.77 42.11 45.63
15 35.19 40.29 38.17 4331
16 41.18 37.74 37.51 39.36
17 31.71 31.72 33.56 31.95
18 27.99 30.57 35.86 31.24
19 23.61 27.29 28.24 27.09
20 34.47 34.23 35.64 3243
21 29.42 27.27 28.50 30.54
22 38.62 39.06 39.72 38.76
23 29.62 33.17 34.07 33.80
24 31.26 38.40 37.28 35.90
25 50.24 53.23 54.20 48.13
26 35.64 36.09 34.25 34.46
27 39.56 17.61 19.06 20.20
28 34.02 35.40 32.98 33.09
Mean+STD 35.84+7.18 35.7449.24 35.54+7.88 35.13+7.52

To further understand how the ground truth for each class of the model matched

the model-predicted labels, we used confusion matrices to specifically differentiate the
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classification accuracy of each action. Figure 5.10 shows the confusion matrices for
the type_1 and type_2 models, and Figure 5.11 shows the confusion matrices for the
type 3 and type_4 models. These four confusion matrices show that each model
achieves high accuracy in Left-RM and Right-RM recognition, the Type 4 model
achieves the highest accuracy of 55.6% in classifying the Right-RM. MO is lower than
RM, while MI has the lowest accuracy. This difference can be explained in terms of
brain activity. RM activates a broader range of neural networks in the brain, including
the sensorimotor cortex and motor executive areas, and the motor feedback of the
limbs makes the EEG signals more intense, allowing the classification model to
recognise and classify these signals more efficiently. In contrast, although MO includes
a certain amount of visual input, which provides the brain with a certain degree of
neural activity simulation, the lack of direct body action involvement is still insufficient
to reach the activation level of RM, resulting in a lower classification accuracy than
RM. As for MI, although it involves the same brain regions as RM, its activation
strength is even weaker due to the lack of visual input and motor feedback from the
limbs, this makes the signal it produces insufficiently strongto be recognised
effectively by the classification model. Compared to MO, MI exhibits stronger ERSPs
in certain channels, as shown in Chapter 4. However, the neural activation patterns
associated with Ml are typically more diffuse and distributed across multiple brain
regions, resulting in less distinct spatial features that are more challenging for machine
learning models to classify. Additionally, Ml heavily relies on participants' ability to
effectively imagine movements, leading to significant variability in EEG signals due to
individual differences in task performance. This variability is further exacerbated by
the cognitive complexity of MI, which adds complicates the classification process.

Therefore, the classification accuracy of Ml is lower than that of RM and MO.
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Figure 5.10 Confusion matrices for the type 1 and type 2 models under the MI, RM, and

MO tasks. The diagonal of the matrix shows the average classification accuracy for the 28

participants.
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Figure 5.11 Confusion matrices for the type 3 and type 4 models under the MI, RM, and
MO tasks. The diagonal of the matrix shows the average classification accuracy for the 28

participants.

For the assessment of model performance, we further analysed it through
precision, recall and F1 score. In this context, precision, recall, and F1-scores were
calculated using a one-vs-all approach to evaluate the performance of the 6-class
classification task. Precision measures the proportion of correctly predicted samples

for a specific class relative to all samples predicted as belonging to that class,
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providing the accuracy of positive predictions. Recall assesses the proportion of
correctly predicted samples for a specific class out of all actual samples of that class,
reflecting the model’s ability to identify true instances of the class. The F1-score, which
combines precision and recall into a single metric, represents their harmonic mean,
balancing the trade-off between these two measures. These metrics were computed
for each class individually, and their average was used to provide a comprehensive
evaluation of the model’s performance across all six classes. As shown in Table 5.5,
the Type_3 and Type_4 models outperformed the Type_1 and Type_2 models in terms
of comprehensive performance. In particular, the Type 3 model is able to effectively
identify true positives while keeping the false positive rate low, showing a high F1 score,
which indicates a good balance between precision and recall. Comparatively, the
Type_4 model showed slightly higher recall in some classes, but with a slight decrease
in precision, which may lead to an increase in false positives. Although Type_1 and
Type_2 models perform better in terms of accuracy, they perform poorly in recall, which
may indicate that these models missed some true positives while avoiding false
positives. Overall, the Type_3 model was considered the most effective model in this
study due to its balanced performance on several performance indicators. However,
the statistical analyses showed that there was no significant difference between the
four models (as shown in Figure 5.12). Even though there is no significant difference
in performance among them, the accuracy of all the models is significantly higher than
chance level, suggesting that even the lower performing models have classification
validity. Furthermore, although no statistically significant differences were found
among the models, from an application point of view, it is still important to choose the
model that best suits a particular need. For example, if the tolerance for false positives

in a given scenario is extremely low, the model with higher precision should be
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preferred, even if its recall is not optimal. Conversely, if the cost of missing a real event

is very high, a model with higher recall should be chosen.

Table 5.5 Comparative performance metrics of four models for lower limb actions
classification.

Class Left-MI ~ Right-MI Left-RM  Right-RM  Left-MO  Right-MO
T . Precision 19.67% 35.59%  50.70% 48.05% 35.53% 46.59%
ype_
Recall 16.67% 29.17%  50.00% 51.39% 37.50% 56.94%

F1-Score 18.04% 32.06% 50.35% 49.66% 36.49% 51.25%
Precision 20.41% 38.98% 35.00% 42.25% 30.43% 26.57%
Type_ 2 Recall 13.89% 42.59% 37.84% 52.63% 28.81% 24.69%
F1-Score 16.13% 40.68% 36.36% 46.88% 29.58% 25.53%
Precision 19.57% 42.22% 54.69% 50.00% 46.88% 50.00%
Type 3 Recall 12.50% 43.18% 53.03% 59.52% 55.56% 58.62%
F1-Score 15.25% 42.70% 53.85% 54.55% 50.85% 54.24%
Precision 26.95% 28.99% 50.00% 45.15% 44.29% 43.14%
Type_4 Recall 26.39% 33.33% 50.82% 53.41% 54.39% 44.90%
F1-Score 26.67% 30.97% 50.41% 48.98% 48.78% 43.99%

60

Accuracy (%)
w
o

20

10 -

Type_1 Type 2 Type_3 Type_4

Figure 5.12 The means and standard deviations of the classification accuracies for four
hybrid models.



138

5.4 Conclusion

In this study, we first investigated the separability of multiple lower limb aactions based
on EEG signals, the STFT was used for feature extraction and traditional machine
learning methods (i.e., SVM and kNN) and DL (i.e., CNN) were used for classification.
The study results show that multiple lower limb actions can be discriminated, and in
the model performance comparison, itis found that CNNs have a better overall
performance. Based on this, we further explored DL models based on the combination
of CNN and LSTM. We propose and evaluate four hybrid models, and although the
performance differences between these models are not statistically significantly
different, we can reveal each model's characteristics and the most appropriate
scenarios through the comprehensive analysis of multiple metrics such as precision,

recall, accuracy and F1 score.

Although there is no significant difference between the models, all of them
perform significantly better than the chance level, which proves the potential of
adopting a DL approach in dealing with such problems. In addition, our study found
that in terms of classification accuracy, RM demonstrates the highest performance.,
followed by MO, while MI has the lowest accuracy. This phenomenon can be
explained in terms of neurophysiological activity. RM involves distinct body actions and
extensive activation of brain regions, including the motor and sensory cortex, and the
strength and clarity of these physiological signals are higher than those of other types,
which makes it easier for the classifier to perform recognition and classification.
Although MO does not involve direct body actions, activation of the visual and mirror
neural systems provides the classifier with information to simulate the RM state, thus
making recognition better than Ml and lower than RM. While MI demonstrates stronger

ERSPs in certain channels, as discussed in Chapter 4, these stronger signals do not
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necessarily translate into more distinguishable patterns for classification. The neural
activation in Ml tends to be more diffuse and distributed across multiple brain regions,
making it less localized and harder to differentiate. Furthermore, Ml relies heavily on
internal cognitive processes without the benefit of direct motor actions or external
visual stimuli. This combination of diffuse activation and reliance on subjective
cognitive contributes to the classifier's difficulty in effectively distinguishing Ml
tasks. Therefore, the neural signals generated during lower-limb multi-actions tend to
be weaker and lack sufficiently discriminative features, making it challenging for the
classifier to effectively distinguish such data. Overall, through this study, we verified
the feasibility of using EEG signals for lower limb action classification and provided

experience and direction for future research.
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Chapter 6

NeuroFusionNet for the Improvement of

Classification Performance

6.1 Introduction

In the previous study, it was validated that multiple actions of individual lower limbs
can be classified by traditional machine learning methods and a typical DL model (i.e.,
CNN). However, the classification performance of these methods is not ideal. To
attempt to improve the performance, we used STFT to extract spectral features and
explored four hybrid DL models. The results show that the improvement is not as large
as we expect. This might be due to the fact that STFT is not optimal for the lower limb
multi-action classification task. In addition, a separate step is required to calculate
spectral powers when using STFT for feature extraction, which increases the system’s
response time in practical applications. Given the above facts, we proposed a novel
classification model that aims to achieve better performance in multi-action
classification of individual lower limbs while there is no separate step for feature

extraction.

In our proposed model, a one-dimensional convolutional layer (i.e., 1D-CNN)
first extracts spatial and local temporal features directly from EEG signals. Then, we
applied global bidirectional encoding to the extracted temporal features, capturing the

forward and backward dependencies of the features and thereby learning the feature
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relationships among temporal series. After that, Transformer architecture is used for
further encoding so that the model can further learn the global long-range dependency
relationships. The coded features are then fused with the features coded by the global
bidirectional encoding. Lastly, the fused features are combined and weighted through
a fully-connected layer. A spectral normalisation technique was used to ensure
robustness and improve the training process's stability to optimise the model's

performance. We named this model ‘NeuroFusionNet’.

The proposed model is compared to other models to see whether the proposed
model is better in terms of classification performance. One of the compared models is
the Type 2 model (see the detail of the Type 2 model in Section 5) as this model is the
best one among the hybrid models compared in the previous study. It serves as the
baseline model in the comparison in this chapter. Additionally, we included three state-
of-the-art models—Deep ConvNet, EEGNet, and Transformer—into this comparison

to evaluate the performance of our model.

The remainder of this chapter is organised as follows. First, we introduce each
model included in the comparison. Then, we present our proposed model architecture
along with the parameter settings used in the dataset. Finally, the comparison results
are presented. In addition to the classification accuracy, we also used precision, recall
and F1 score as performance metrics to evaluate model performance. The reported
results are obtained using the five-fold cross-validation to mitigate the bias due to data

splitting.
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6.2 Compared Models

In EEG classification, researchers have developed various models to improve the
accuracy of classification tasks. Deep ConvNet and EEGNet have shown excellent
performance in the classification of EEG signals compared to many other models
[149][222]. Deep ConvNet, a variant of the convolutional network, can handle large
data and learn detailed features from EEG data using its multiple convolutional
layers. This advantage makes Deep ConvNet widely used for EEG classification
[223][224]. EEGNet is also built using convolutional layers, which is a lightweight and
compact CNN designed for the use in BCI applications. It is suited to various EEG
classification tasks, such as Ml and emotion recognition [222][225]. Furthermore, it is
especially adept at handling small sample sizes, providing enough flexibility
for different EEG tasks. In addition to the aforementioned models, the Transformer
model has also begun to demonstrate its potential in EEG classification in recent years
[150]. This model was originally developed for NLP tasks, and its unique self-attention
mechanism allows it to effectively process time series data [226][152]. This model can
effectively handle complex relationships between different time points without relying
on traditional recursive neural network structures, thereby improving processing speed
and efficiency. This feature is also suitable for classifying EEG data. For example,
Siddhad et al. [227] used a Transformer to classify age, gender and mental workload
from EEG data. Their results showed that the constructed Transformer model
achieved accuracy better than state-of-the-art methods on both datasets,
demonstrating that this method can achieve high accuracy without complex feature

extraction.

In the following, we briefly introduce four models that were used as compared

models:
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Type_2 model: This model maintains the spatial arrangement of the electrodes
as input. Because EEG channels are spatially correlated they are arranged next
to each other during the acquisition process. By keeping the physical proximity
of the electrodes unchanged, we can effectively preserve this spatial correlation.
In the process of data classification, by preserving the original spatial
arrangement of the electrodes, spatial features can be more effectively
extracted from the data. In view of this, we propose to organise the EEG signal
inputs according to the electrode layout and apply STFT for feature extraction
to the data of each channel. Then, further decoding and classification by
combining a hybrid architecture of CNN and LSTM.

Deep ConvNet: The model processes the input signal through four main
convolutional layers, where features are progressively extracted by increasing
the number of filters layer by layer, specifically 25, 50, 100 and 200. Each
convolutional layer is followed by batch normalisation and an Exponential
Linear Unit (ELU) activation function to improve the non-linear processing
capability and stability of the network. In addition, max-pooling was applied after
each convolution operation to reduce the dimensionality of the data, and
dropout (dropout rate of 0.5) was used to prevent overfitting.

EEGNet : The model consists of four main parts: First, the temporal convolution
layer is responsible for extracting the temporal features in the EEG signal, this
layer captures the short-term variations in the signal by applying a convolution
operation to the input signal; next, the deep convolution layer further processes
the data from each channel to enhance the model’s ability to learn the internal
features of a single channel; subsequent separable convolution layers process

the spatial and depth information separately This is followed by Batch
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Normalisation, Max Pooling and Dropout Layers. Classification is performed
with Softmax.

e Transformer: The main components of the model include a Transformer
encoder layer and a fully connected layer. The Transformer encoder layer
consists of multiple encoders stacked on top of each other, and each encoder
includes a multi-head self-attention mechanism, feed-forward neural network,
residual connection and layer normalization. The number of unit feature
dimensions in the encoder is equal to the number of channels. After processing
by the Transformer encoder, the data is fed into the fully connected layer, and
then an ELU activation function helps to increase non-linear processing
capability. Finally, there is a fully connected layer that uses Softmax for

classification.

6.3 NeuroFusionNet Architecture

The CNNs have been widely used in EEG processing due to their great performance
in extracting local spatio-temporal features in recent years [228]. In decoding EEG
signals for lower-limb multi-action tasks, incorporating sequence dependency learning
is crucial, as these tasks often involve temporal dynamics lasting several seconds.
Although EEG signals are inherently non-stationary and the current data may have
limited correlation with distant past signals, certain temporal patterns, such as gradual
changes in synchronization or desynchronization, still provide valuable information for
capturing task-related neural activity. However, CNNs have limitations in capturing
long-term global dependencies. To address this issue, we developed a hybrid model
combined 1D spatio-temporal CNN, BIiLSTM and Transformer models. The main

advantage of this approach is its ability to combine local temporal features and global
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sequence dependencies to achieve efficient detection and classification of complex
patterns in EEG data. This section introduces the proposed model (NeuroFusionNet)
in detail. The model consists of 4 blocks. These are the 1D Spatio-Temporal CNN
block, BILSTM block, Transformer block, and Classifier block. We set PRelLU
(Parametric Rectified Linear Unit) as the activation function throughout the model's
construction process. Compared to traditional ReLU, PReLU allows negative inputs to
have a small non-zero output, which improves the model’s nonlinear representation
and helps maintain the number of activated network neurons to avoid the ReLU dying

problem. The model architecture is shown in Figure 6.1.
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Figure 6.1 The NeuroFusionNet framework: There are four blocks, namely 1D Spatial
Temporary CNN block, BiLSTM block, Transformer block, and Classifier block. Ch
represents the channels, S represents the samples.

6.3.1 1D Spatio-temporal CNN block

Considering our data, the last six seconds of each trial correspond to the phase of the
action execution (from the direction cue to the end of the trial). Therefore, we use out
the EEG during this period. The size of the clipped matrix is 62 x 1500 as input, where

62 is the number of channels and 1500 is the data points sampled during the six
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seconds (sampling frequency is 259 Hz). The matrix is fed into a 1D spatio-temporal
CNN block for local spatio-temporal feature extraction. we use 1D-CNN first to extract
the spatial features with a kernel size of channels (62) x 1, stride length is 1; the
number of filters is twice the number of channels (124). Then, we use spectral
normalisation to regularize each spatial filter by applying a maximum norm constraint
of 1 on its weights (Il w II>°< 1). Next, we used batch normalisation, PReLU activation
function and dropout (set to 0.5) to avoid overfitting. The output is a spatial feature
vector with size of 1 x 1500. Subsequently, we extracted the temporal features of
spatial features by applying a temporal filter layer with a kernel length of K. We set K
as 15, stride length is 2. The number of filters is set to four times the number of
channels. Following this, batch normalization, PReLU activation function, and dropout
(set to 0.5) are applied. The final output feature matrix of the spatio-temporal CNN

block is 248 x 743, where 743 represents the size of the feature vector.

We innovatively introduce the spectral normalisation technique in building the
above spatial feature extraction architecture. This technique is widely used in
adversarial generative networks (especially discriminators) to prevent gradient
disappearance and gradient explosion [229]. By introducing spectral normalisation, we
aim to improve the stability and robustness of the model. Spectral normalisation
constrains the weight matrix update to the Lipschitz condition, which means that the
magnitude of change in the function is limited to a fixed range. In our case, W is
assumed to be the weight matrix of the convolutional layer. Spectral normalisation
normalises W to restrict its maximum singular value. For a given weight matrix W €

R™ ™ " a singular value decomposition (SVD) is defined as flowing

W = uzyT (6.1)
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where U and U are orthogonal matrices and X is a diagonal matrix, on the diagonal is

singular values of W.
The maximum singular value is extracted from the diagonal matrix

o(W) = max(X) (6.2)

To make the weight matrix W meet the K-Lipschitz continuous condition, the minimum

value of K will be

o(W) =4 (6.3)

where 1, denotes the maximum singular value for matrix WTW .

To make the weight matrix W satisfy the 1-Lipschitz continuity and to make the

network’s training process more stable, we need to normalise all the elements in /.

w

W= a(W)

(6.4)

The normalised weight matrix I is used as the new weights for the subsequent

forward and back propagation.

6.3.2 BiLSTM block

In the previous spatio-temporal CNN block, the model can only extract local features
due to the local receptive fields of the convolutional kernel. However, local feature

extraction cannot adequately capture the global changes and long-range
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dependencies of the EEG. To exploit this information effectively, we extract global

features using a sequence decoding model.

In traditional neural networks, inputs and outputs are usually considered
independent events. However, when processing serialised data, this type of data often
exhibits temporal dependencies. To explore this temporal dependence, researchers
have proposed several temporal sequence decoding models, such as the
LSTM as mentioned above. Based on LSTM, BiLSTM is an extension of LSTM that is
comprised of two LSTM cells: forward LSTM and backward LSTM [230]. This design
allows the network to comprehensively consider the contextual information of each
point in the sequence, greatly enhancing the model’s ability to analyse time-series

data (as shown in Figure 6.2).

Forward
LSTM

Backward

LSTM LSTM

Figure 6.2 BILSTM block: X is the input at different times, with the green part representing
forward LSTM and the yellow part representing backward LSTM [230].

Forward LSTM

he = LSTM(x¢, hy_y) (6.5)
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Backward LSTM

h, = LSTM (x;, hpvy) (6.6)

Where x, is the input at the time t, in the forward LSTM, ﬁt_l and x; are calculated in
the LSTM network to obtain the state ﬁt. In the backward LSTM, ﬁtﬂ and x, are
calculated in the LSTM network to obtain the state Et. Finally, the output of the BILSTM

is obtained by concatenating the forward and backward states, denoted as ht=[7zt, th].

In this block, we use BiLSTM to extract features from the output of the spatio-
temporal CNN block. The feature matrices are fed into a BiLSTM block with a hidden
layer of 128 hidden units. Thus, the BiLSTM module has an input dimension of
248 x 743 and an output dimension of 743 x 256 (128 x 2), a setup that helps capture

the backward and forward dependencies in the time series.

6.3.3 Transformer block

In our proposed NeuroFusionNet model, although BiLSTM is able to capture forward
and backward dependencies of sequential data to provide information about temporal
dynamics, it still has limitations in integrating global contextual information. The
addition of a transformer effectively fills this gap. Transformers can consider the
dependencies between global time series through its self-attention mechanism,
regardless of how far apart they are. Thus, by processing the output of the BiLSTM,
the Transformer module is able to further enrich and refine the representation of the

temporal sequence data. The model processes the input vector by multiplying it with
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three distinct weight matrices to generate the query vector (Q), key vector (K), and
value vector (V). The ‘Scaled Dot-Product Attention’, illustrated in Figure 6.3 (a),

calculates the dot products of the queries with all keys and normalizes each by dividing

by \/dy. This is shown in formula (6.7)

. QKT
Attention(Q, K, V) = softmax | — (6.7)

Nen

Multi-head attention comprises multiple ‘Scaled Dot-Product Attention’ layers, enabling
the model to simultaneously attend to information from various representation
subspaces across different positions. This ‘Multi-Head Attention’ mechanism is

depicted in Figure 6.3 (b) and described in formula (6.8-6.9)

MultiHead(Q, K,V) = Concat(heady, ..., head; )W?° (6.8)

wherehead; = Attention(Q WiQ, Kwk,vwY) (6.9)

Where the projections are parameter matrices W,° € Rmoderdk K € Rdmoderxdi

WiV € ]Rdmod9|xd7J and WO € thv X dmodel-

In this study, we employ h = 8 parallel attention layers, known as 8 attention
heads. As shown in Figure 6.3 (C), the transformer module consists of two submodules.
The first submodule consists of a multi-head attention layer followed by a
normalisation layer. The second submodule consists of a positionally fully connected
feedforward layer, followed by a normalisation layer. In the feedforward layer, the input
matrix size is 743 x 256. We set up two linear layers, the first linear layer with 2048

neurons and the second with 256 neurons, ensuring that the dimensions of the output
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match those of the input. In addition, residual connections were applied around each

submodule to enhance learning stability.

(a) (b) (c)

Scaled Dot-Product Multi-Head Attention Transformer module
Attention

Linear Multi-Head

Dot Product

Tt Attention
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Attention 1
+ a~ [ Y
v
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K| |V
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Figure 6.3 Transformer block: (a) Scaled dot-product attention, (b) Multi-head attention,
(¢) Transformer module [152].

6.3.4 Classifier block

In the classifier block, we fused the outputs of the BiLSTM block and the Transformer
block for feature fusion and then classified them. First, BiLSTM extracts the
bidirectional dependencies of the temporal data, capturing both local and global
features with an output size of 743 x 256. The transformer then performs further
feature extraction on the output of BILSTM, using a self-attention mechanism to
capture a wider range of global dependencies, with the output size remaining the same.
The features extracted by BiLSTM are merged with those extracted by Transformer.
The final output size is also 743 x 256, resulting in a richer feature set. The
complementary nature of the BiLSTM and Transformer effectively reduces the bias of
a single model, thus this should improve overall performance. The merged features

were first passed through the PReLU activation function to increase the non-linear
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properties. These features were then flattened into a feature vector of size 190208.
This feature vector was then fed into a fully connected layer with 1024 neurons,
followed by a PReLU and dropout layer (set to 0.5) to prevent overfitting. Finally,
classification is performed by the Softmax layer to produce the final prediction. The
parameters of NeuroFusionNet that were tuned to achieve optimal classification
performance are listed in Table 6.1. Some additional hyperparameters are shown in

Appendix C.
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Table 6.1 Structure of the NeuroFusionNet framework.

Block Component Input Parameters Output
Kernel Size (62,1), Stride
1D Spatial CNN 62x1500 (1,1), Number of Filters 124x1500
(124)
Spectral i i i
Normalisation
BatchNorm - 124 Features -
Spatio-Temporal PRel.U ) ) _
CNN Block Dropout - P=05 -
Kernel Size (1,15), Stride
1D Temporal CNN 124x1500 (1,2), Number of Filters 248x743
(248)
BatchNorm - 248 Features -
PRelLU - - -
Dropout - P=05 -
BiLSTM Block BILSTM 248x743 Hidden Units = 128 743x256
(Bidirectional)
Multihead Attention  743x256 Multiple Heads = 8 743x256
Layers of Encoder = 3
Linear Layer 1
(256x2048)
Transformer Feedforward Layer 743x256 Linear Layer 2 743x256
Block (2048x256)
Residual Connection 743%256 - 743x256
Layer Normalization - - -
PReLU - - -
Flatten 743%256 - 190208
Classifier Block Fully Connected 190208 Neurons = 1024 1024
PReLU - - -
Dropout - P=05 -
Softmax 1024 - 6
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6.4 Results and Discussions

Here, we performed a comparative analysis of the NeuroFusionNet model, the
baseline model and the state-of-the-art models. First, we compared their accuracy and
standard deviation, which reflects the performance of each model in the classification
task. Then, we further compared precision, recall and F1 scores to evaluate the
performance of each model comprehensively. Finally, through feature visualisation, we
can visually observe the classification results and further validate the model’s

classification performance.

6.4.1 Performance comparisons

The results are shown in Table 6.2. The proposed NeuroFusionNet achieved the
highest average accuracy (55.21 + 8.24, Mean * Standard Deviation) among all
models. The model also produced the highest classification accuracy for a single
participant (75.54% in Participant 16). Among the compared models, the Type 2,
Deep ConvNet, EEGNet, and Transformer model achieved accuracies of
35.74%19.24, 41.13%+7.14, 51.97%+9.45, and 42.27%+6.82, respectively. In terms
of classification accuracy, Deep ConvNet and Transformer have comparable
performance, while the Type_2 model performs the worst and EEGNet is superior to
the first three. To check whether there is a significant difference between models. We
first use ANOVA for statistical analysis to confirm whether there is a significant
difference between them. The results of the ANOVA indicated that there was a

significant difference between the models (F(,g) = 26.82, p < 0.0001). We then

compared the models pairwise using t-tests.
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Table 6.2 Models’ comparison.

Models
Participants
Type_2 Transformer EEGNet Deep ConvNet NeuroFusionNet

P1 55.11 51.74 57.19 46.33 65.05
P2 32.87 49.05 59.73 50.02 59.98
P3 36.57 40.29 56.71 48.4 56

P4 51.61 48.42 68.83 53.24 65.05
P5 30.08 50.86 54.64 46.1 58.58
P6 34.05 39.54 45.13 31.72 47.72
p7 36.36 45.24 49.52 40.03 48.59
P8 22.79 35.22 44.74 37.75 43.1
P9 17.36 40.95 47.01 45.61 57.91
P10 44.17 46.85 65.04 45.37 62.29
P11 39.16 35.08 42.59 34.27 45.13
P12 40.95 39.33 54.43 44.64 59.22
P13 30.81 52.06 60.29 41.22 66.29
P14 46.77 41.86 59.72 44.45 56.94
P15 40.29 43.55 46.05 35.63 46.74
P16 37.74 56.58 71.58 56.01 75.54
P17 31.72 39.56 53.97 39.82 46.77
P18 30.57 39.87 56.24 38.65 57.65
P19 27.29 30.32 43.75 35.66 45.78
P20 34.23 46.17 53.96 44.22 57.96
P21 27.27 35.61 375 31.93 46.9
p22 39.06 41.69 45.13 40.28 55.64
P23 33.17 36.25 31 34.93 48.61
P24 38.4 30.77 49.31 29.14 42.43
P25 53.23 33.66 42.23 43.53 62.05
P26 36.09 37.08 47.33 40.06 50.26
p27 17.61 46.62 47.91 25.9 55.21
P28 354 49.2 63.67 46.76 62.48

MeanzSTD 35.74+9.24 42.27+6.82 51.97+9.45 41.13+7.14 55.21+8.24

The t-test results are shown in Figure 6.4. There was a significant difference

between the Type 2 model and all models (all p < 0.05). The most significant
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differences were between EEGNet and NeuroFusionNet (p < 0.0001). For Deep
ConvNet and Transformer models, there was no significant difference (p = 0.546).
However, there were significant differences between these two models compared to
EEGNet (Deep ConvNet: p < 0.0001; Transformer: p < 0.01) and NeuroFusionNet
( p<0.0001 ). There was no significant difference between EEGNet and
NeuroFusionNet (p = 0.178). Although there was no significant difference between the
two models, NeuroFusionNet has a smaller standard deviation, which means that the

classification results of the NeuroFusionNet model are more stable.
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Figure 6.4 The figure shows the average classification accuracy and standard deviation of
all models. The top of the figure shows the statistical analysis, where * denotes p < 0.05,
** denotes p < 0.01, *** denotes p < 0.0001.

In evaluating the performance of models on classification tasks, in addition to
classification accuracy and standard deviation, commonly used performance metrics
include precision, recall and F1 score. The precision and recall metrics in this study
are calculated for each individual class within the 6-class classification task using a

one-vs-all approach. Precision represents the proportion of correctly predicted
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samples for a specific class out of all samples predicted as belonging to that class.
Recall, on the other hand, reflects the proportion of correctly predicted samples for a
specific class out of all actual samples of that class, highlighting the model’s sensitivity
to identifying true instances of that class. These metrics are then averaged across all
six classes to provide a comprehensive evaluation of the classifier’'s performance
across the multi-class task. The F1-score is the harmonic mean of precision and recall,
offering a evaluation when there is a trade-off between these two metrics. These
metrics comprehensively reflect the model’s ability to correctly identify positive
samples. We further compared the performance of the model using these metrics. The
results are shown in Table 6.3. First, in terms of precision, NeuroFusionNet performed
best with 56%, followed by EEGNet with 51.69%. The higher precision indicates that
these two models are more effective in reducing false positives. Deep ConvNet and
Transformer have a precision of 40.47% and 41.86% respectively. On the recall metric,
NeuroFusionNet still performs best with 56.77%, followed by EEGNet with 47.69%.
The higher recall indicates that both models are better at identifying true positives, and
Transformer’s recall is higher than Deep ConvNet’s. In terms of F1-score,
NeuroFusionNet is still in the top position with 56.77%, followed by EEGNet with
51.4%. The higher F1 score indicates that these two models can accurately identify
positive examples as well as effectively reduce false positives in the classification task.
Transformer has a higher F1 score than Deep ConvNet. The Type_2 model has the
lowest of all metrics, suggesting that it has the worst performance. In general,
NeuroFusionNet outperforms the other models in all three metrics. Therefore,
NeuroFusionNet is the best performing model overall, providing higher accuracy and
stability in the classification task. EEGNet’s performance comes second, while Deep

ConvNet and Transformer perform similarly.
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Table 6.3 Comparison of models for all participants.

Model Precision Recall F1-score
Type_2 32.27% 33.41% 32.53%
Deep ConvNet 40.47% 40.58% 40.50%
EEGNet 51.69% 51.40% 51.60%
Transformer 41.86% 42.29% 41.30%
NeuroFusionNet 56.00% 56.77% 56.20%

We further explored the classification performance separately for each class
and drew the confusion matrix. Because NeuroFusionNet achieved the best
performance among all the compared models, we show the confusion matrix based
on NeuroFusionNet (see Figure 6.5). The diagonal elements of the confusion matrix
indicate the proportion of correctly classified categories, while the off-diagonal
elements show the misclassifications. The model performs best for MO actions, with
a high classification accuracy of 75.1% for Left-MO and 77.6% for Right-MO. For the
Left-RM and Right-RM tasks, the model also shows strong performance with
accuracies of 59.2% and 43%, respectively. In contrast, the model’s classification
performance in the MI task was relatively low, with classification accuracies of only
39.6% and 39.8% for Left-MI and Right-MI. This is because MI does not involve actual
muscle activity and is usually weaker than EEG signals from RM and MO. Overall,
these results demonstrate the potential of NeuroFusionNet in handling complex lower

limb action classification, especially in RM and MO tasks.
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Figure 6.5 Confusion matrix for NeuroFusionNet under the MI, RM, and MO tasks. The
elements in the matrix are the averaged 28 participants, the elements on the diagonal
represent the number of correctly classified samples

6.4.2 t-distributed stochastic neighbor embedding data visualization

The t-distributed Stochastic Neighbor Embedding (t-SNE) is a commonly used method
for visualizing multi-class high-dimensional data. By assigning a position to each data
point in a two-dimensional graph, t-SNE can intuitively display high-dimensional data’s
internal structure and relationships. In t-SNE visualizations, each point represents a
sample from the original high-dimensional dataset projected into a lower-dimensional
space (2D).This method is suitable for revealing complex patterns and clustering
tendencies between data, as it preserves local relationships and similarities between
samples by minimizing the Kullback-Leibler divergence between the high-dimensional

space and its low-dimensional representation [231].
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In this section, we compared the high-dimensional feature performance of all
models using the t-SNE method. The purpose is to visually demonstrate and analyse
the performance differences of the different models in classification tasks. By
converting the high-dimensional features of all models into two-dimensional graphs for
visual observation of the feature distribution of each model, we can intuitively evaluate

the performance of each model. The results are shown in Figure 6.6.
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Figure 6.6 Visualize the feature distribution of all models using t-SNE. Participant 16
serves as a representative example to demonstrate the distribution of features. The smaller
the intersection between clusters, the better the classification performance.

The Figure 6.6 compared five models using participant 16’'s data as a
representative example. Each plot represents a different model: Type 2 Model,
Transformer, EEGNet, Deep ConvNet, and NeuroFusionNet. The grey-shaded areas
cluster Ml tasks, the lavender-shaded areas cluster RM tasks, and the cyan-shaded
areas cluster MO tasks. In the Type 2 Model, there is significant overlap between the
different task clusters, this suggests that the Type 2 Model struggles to differentiate
between MI, RM, and MO tasks effectively. In the Transformer model, there is a

significant overlap between Ml and RM, whereas in Deep ConvNet, the MI region
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covers almost the entire MO region. This suggests that the performance advantages
of the models vary when dealing with different tasks, e.g., the Transformer model may
have more advantages in classifying Ml and MO tasks compared to Deep ConvNet.
Overall, the three tasks have less overlap than the Type 2 model, but the different
actions in each task are not clustered with sufficient separation. This indicates some
improvement over the Type 2 Model, but the feature separation is still not optimal.
EEGNet’s feature distribution is significantly better than the first three, the clustered
features have more clear boundaries, and there is little mixing of other action features
in the clustered regions. In contrast, NeuroFusionNet has the best feature cluster,
there is no obvious overlap between the three tasks (i.e., Ml, RM and MO). Each action
in a task also has clear boundaries, especially for the RM and MO tasks, where the

distribution of points is relatively tight and clearly separated.

6.4.3 Discussions

In the aforementioned classifier performance comparison, although NeuroFusionNet
demonstrated the highest classification performance, its closest competitor, EEGNet,
which relies solely on convolutional layers, performs comparably in certain tasks. At
first glance, this may seem counterintuitive. However, this phenomenon can be
explained by several factors. Firstly, We believe that EEGNet's lightweight architecture
is highly efficient, making it particularly suitable for small datasets or tasks dominated
by clear spatial patterns, thereby reducing the risk of overfitting. Secondly, some of
EEGNet’'s convolutional operations are performed along the temporal dimension,
enabling it to capture temporal dependencies in the EEG signals. This explains its
competitive performance despite lacking explicit temporal modeling. However,

NeuroFusionNet's advanced design, which integrates bidirectional encoders and
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Transformers, offers a more comprehensive approach by capturing complex temporal
dynamics, particularly in tasks with long-range dependencies or intricate temporal
patterns. While EEGNet may perform well in tasks with limited temporal complexity,
NeuroFusionNet provides superior robustness. This also explains why
NeuroFusionNet shows higher classification performance in lower limb multi-action

classification.

NeuroFusionNet is designed to address key limitations in existing DL
classification methods by leveraging its unique architectural components. First, the
use of a 1D-CNN allows the model to directly extract spatial and local temporal
features from EEG signals, ensuring the preservation of critical information that might
otherwise be lost during preprocessing. This feature extraction step is optimized for
EEG data, which inherently contains both spatial and temporal dependencies. Second,
the incorporation of global bidirectional encoding captures forward and backward
temporal dependencies, a capability that many traditional DL models, such as
standard CNNs or unidirectional RNNs, lack. This bidirectional encoding ensures a
comprehensive representation of the temporal dynamics within EEG signals. Third,
the Transformer architecture further enhances the model by learning global long-range
dependencies, which is essential for understanding complex temporal relationships in
EEG signals that span across longer time scales. Transformers have shown superior
performance in tasks requiring global feature integration, and their inclusion ensures
that NeuroFusionNet can handle the multi-scale dependencies inherent in lower limb
multi-action classification. Finally, the fusion of encoded features from both the
bidirectional encoder and Transformer allows the model to combine local, global, and
contextual information effectively. This fusion ensures that the model captures a

holistic representation of the EEG signal. The inclusion of spectral normalization
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further improves model robustness and stabilizes the training process, addressing
common issues such as overfitting and vanishing or exploding gradients in deep

models.

Theoretically, this architectural design combines the strengths of CNNs,
bidirectional encoders, and Transformers, creating a synergistic effect that enables
NeuroFusionNet to outperform traditional DL classification methods. Its ability to
capture multi-scale dependencies and robustly integrate diverse features makes it

suited for the complex task of lower limb multi-action classification.

6.5 Conclusion

In order to improve the classification accuracy of lower limb multi-actions, we proposed
a model called NeuroFusionNet, which extracts temporal and spatial features directly
from the EEG signals using three feature extraction blocks and finally classifies them
in a classification block. To validate the performance of NeuroFusionNet, we
performed a comparative analysis from several perspectives, including comparisons
with other models in terms of classification accuracy, standard deviation, precision,

recall and F1 score.

In our comparison, the compared models include the Type 2 model, Deep
ConvNet, EEGNet and Transformer. First, the significant differences between the
models were determined by statistical analysis. The results showed that the Type 2
model had the lowest classification accuracy and was significantly different from all

the models. There were no significant differences between the Deep ConvNet and
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Transformer models, but both were significantly different from EEGNet and
NeuroFusionNet. In addition, although EEGNet and NeuroFusionNet have similar
classification accuracies, NeuroFusionNet has a smaller standard deviation, indicating

more stable classification results.

In terms of other metrics, NeuroFusionNet showed the best performance in all
three metrics, with a precision of 56%, a recall of 56.77% and an F1 score of 56.2%.
This indicates that NeuroFusionNet outperforms the other models in terms of reducing
false positives, identifying true positives and overall classification performance. This is
followed by EEGNet, Transformer, Deep ConvNet and Type_2 model. In addition, we
further investigated the specific performance of NeuroFusionNet in lower limb multi-
action classification. The confusion matrix shows the classification efficiency of the
model for six actions. The results show that NeuroFusionNet has the highest
classification performance for MO actions, with accuracies of 75.1% and 77.6% for
left-MO and right-MO actions, respectively. In contrast, Ml actions have the lowest
classification performance, with accuracies of 39.6% and 39.8% for Left-MI| and Right-
MI, respectively. For the Left-RM and Right-RM tasks, the model’s classification
accuracy achieved 64.3% and 40.0%, respectively. This was also verified in the

subsequent t-SNE data visualisation.

Through comparisons and analyses, we confirmed that NeuroFusionNet is a
suitable model for lower limb multi-action classification tasks, which can significantly
improve classification accuracy. Future research can further optimise the model to
improve its performance in complex action classification, thus providing more reliable

technical support for practical applications.
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Chapter 7

Conclusions and Future Work

This chapter draws the conclusions of the study, explores its limitations, and proposes
directions for future research in lower limb multi-action, pointing the way for

subsequent exploration and development.

7.1 Research Summary

In this study, we conducted an EEG-based lower limb multi-action with the aim of
building a richer motor-related BCI system, as most current studies focused on the
upper limbs. To this end, we designed a lower limb multi-action experiment that
included MI, RM, and MO tasks, each involving the left lower limb and the right lower
limb. Prior to the study, we conducted extensive background research focusing on the
knowledge of BCI, mainly in signal pre-processing, feature extraction, and
classification algorithms for EEG. In signal pre-processing, we reviewed various
techniques to reduce noise and artefacts and improve signal quality, including filtering
and artefact removal. In feature extraction, we reviewed various techniques for
extracting features from EEG signals, such as time-frequency analysis and statistical
features. We discussed feature selection and its effective extraction methods. In terms
of classification algorithms, we described typical supervised learning algorithms,
including traditional machine learning and DL. This research is based on the three

main techniques mentioned above, and the main work is as follows.
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This study focuses on separate lower limb multi-action investigations. First,
based on the time-domain analyses, we found that the individual tasks did not differ
significantly in ERPs. This may be due to the high similarity in neural control within the
first few hundred milliseconds after the onset of actions, which in turn shows very
similar characteristics in terms of brain activity. In the analysis of sustained potentials,
we observed no significant differences between different lower limb actions. This
suggests that within a few hundred milliseconds after action execution, lower limb
multi-actions may not involve distinct sustained neural activity patterns. Neural signals
tend to stabilize during this phase, making it challenging to differentiate specific action
types in the time-domain analysis using sustained potentials. The results also showed
that RM produced the highest amplitude in the EEG signal. This can be explained by
the fact that this type of activity requires extensive neuronal involvement. In contrast,
MO had the second highest EEG amplitude, while MI had the lowest amplitude. We
then performed a time-frequency analysis of the data with STFT and found that the
difference between the left and right lower limbs was most pronounced in the low
frequency bands (i.e., delta and alpha bands). In addition, the study found that the
regions most involved in the lower limb actions for all three tasks are near the midline
and parieto-occipital regions of the brain. These regions are active for all actions.
Particularly in the frequency band of 18-22 Hz, these regions are critical for the
perception, planning and execution of lower limb actions (refer to Chapter 4 for more
details). Our study not only further confirmed the importance of the beta frequency
band in distinguishing multiple lower limb actions, but also precisely identified a more
detailed key frequency band of 18-22 Hz, thus providing theoretical support for more

accurate movement classification.
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Although we observed differences between brain regions for lower limb multi-
action, we are not sure if these differences can be classified by machine learning.
Therefore, we used STFT as a feature extraction method and applied typical traditional
classifiers KNN and SVM, and CNN in DL for classification. The results show that the
lower limb multi-actions are separable. In the performance comparison of these three
classifiers, we found that the DL model (i.e., CNN) has the best classification
performance at the classification accuracy of 35.52%. In view of this, we further
proposed four hybrid models based on CNN and LSTM, still using STFT as the feature
extraction method. However, the classification accuracy of these models has not
significantly improved compared with CNN. It is reassuring that the robustness of the
model has increased. In order to improve the classification accuracy of the model, we
propose a new model named NeuroFusionNet. This model directly extracts spatio-
temporal features from EEG via four blocks and finally performs feature fusion
classification. The results show a classification accuracy significantly improved
compared to all models involved in the comparison, the classification accuracy

achieved 55.21%.

Through this study, we achieved a comprehensive exploration from
experimental data collection, data analysis, to EEG classification, revealed the neural
correlates of lower limb multi-action, demonstrated the potential of advanced
classification models, and further advanced the development of BCI technology. These
research results may potentially play an important role in enhancing patient
rehabilitation, improving quality of life, advancing neuroscience research and

developing novel BCI system.
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7.2 Future Work

This study has progressed in lower limb multi-action research based on EEG, but
some parts still need further exploration. This study focuses on experimental design,
data analysis and EEG classification. However, in order to achieve more
comprehensive research results and better apply these techniques to real life, we need

to expand and deepen the following aspects.

7.2.1Decoding using fMRI

EEG has a significant advantage in terms of temporal resolution, being able to record
the brain's electrical activity with millisecond precision, but its spatial resolution is
relatively low. This is because EEG records electrical signals picked up by electrodes
on the scalp, which travel through the scalp, skull and cerebrospinal fluid before being
recorded, resulting in a lower spatial resolution of the signal source. This limitation
makes it difficult for EEG to pinpoint precise brain regions, particularly in studies of
complex brain function and activity in deep brain regions. In the present study,
although we identified several brain regions associated with lower limb multi-action by
analysing the EEG data, these results were constrained to wide areas and could not

provide detailed information about the activity of small brain regions.

In contrast, fMRI (functional magnetic resonance imaging) has high spatial
resolution and the ability to map the entire network of brain regions that a participant
engages in while performing a specific task [232]. fMRI identifies active brain regions
by detecting blood oxygen levels dependent signal (BOLD) signals, which reflect the
metabolic activity of brain regions [233]. This high spatial resolution allows fMRI to
pinpoint activity in specific brain regions, for example, Patricia Maria Duarte de
Almeida et al. conducted a study using fMRI to investigate brain activity in healthy

participants performing multi-joint lower limb actions while receiving different stimuli
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(verbal stimulus, manual facilitation and a combination of the two) [234]. The results
showed that left lower limb actions elicited activation in bilateral cerebral cortex
(including Brodmann’s areas 1, 2, 3, 4, 5 and 7) and subcortical areas (e.g. specific
white matter areas, thalamus, pons and cerebellum) in response to both manually
facilitated and verbally commanded stimuli. Lower right actions mainly elicited
activation in the contralateral cortex, reflecting the lateralised nature of the brain’s
processing of lower limb actions. Using fMRI, the team was able to analyse and
differentiate between action-related cortical and subcortical activations in more detail,
and thus better understand the specific functions of these brain regions in movement
control. In terms of practical applicability for BCI, fMRI-based systems excel in tasks
requiring highly detailed spatial information about brain activity. They can be used to
study complex neural mechanisms, and validate findings from other BCl modalities

like EEG.

In future studies, the introduction of fMRI technology will allow us to more
accurately subdivide the specific brain regions that dominate lower limb action. We
can further explore the specific roles of motor cortex, sensory cortex and
supplementary motor areas in lower limb actions. By combining the high spatial
resolution of fMRI with the temporal dynamic information of the EEG data in this study,
we will be able to gain a more comprehensive understanding of the activity of these
brain regions as these two techniques have complementary strengths. This multimodal
data fusion will not only help to localise the activities of brain regions but will also reveal
the synergistic roles of different brain regions in the control of lower limb actions, thus

providing a theoretical basis for optimising BCI and neurorehabilitation techniques.
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7.2.2 Online evaluation and advancing EEG classification

In future work, the first priority will be to conduct online evaluation of the model. While
the current study demonstrates promising offline classification accuracy, the dataset
size is relatively small, and offline performance does not provide a definitive measure
of the model’s practical utility for real-world BCI applications. Online evaluation will
help assess the model’s performance in real-time scenarios, ensuring its effectiveness

in dynamic and noisy environments typical of EEG-based systems.

Additionally, We will determine the robustness of the model to the inherent non-
stationarity of EEG signals through longitudinal evaluation. EEG data can vary
significantly across different sessions, days, or conditions, which poses a challenge
for classification. DL models, due to their limited adaptive capabilities, often struggle
with this variability. Developing adaptive mechanisms to address non-stationarity will
be a critical step to ensure sustained performance over time. Future research will
explore adaptive mechanisms to mitigate these issues and maintain stable

performance.

Another important direction is the exploration of transfer learning to achieve
subject-independent models. The current research predominantly focuses on subject-
specific analyses, which limits the model’s generalizability. By leveraging transfer
learning techniques, future studies will aim to create models capable of performing
reliably across different subjects without extensive calibration, thus enhancing

scalability and usability in broader BCI contexts.

In parallel, our study found that classification accuracy is correlated with model
complexity. In particular, classification accuracy seems to improve as model
complexity increases. For example, in the initial classification, we used traditional

machine learning methods, such as kNN and SVM, which were able to separate
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multiple actions of the lower limbs, but the classification accuracy was relatively low.
However, the classification performance was further improved when we used DL
models such as CNN and hybrid models. In particular, the classification accuracy was
significantly improved when using our proposed more complex model. This
improvement suggests that reasonably complex DL models have advantages in
capturing differences in lower limb actions. But this comes at the cost of increased
computational complexity and model training time. Future research should optimise
model architectures to reduce computational complexity while maintaining high
classification accuracy. For example, we can design lightweight DL models to reduce
computational resource requirements while maintaining high classification

performance.

In the future compact and fast model construction, we plan to improve
classification accuracy by introducing the Mamba model. Mamba is a relatively new
modelling framework used primarily for processing sequence data. It is a state space
model (SSM) specifically designed to capture long term dependencies and has shown
efficient performance in analysing time series data [235][236]. A key innovation of the
Mamba model is its ability to discretise the representation of continuous systems,
using the Zero Order Hold (ZOH) method to process signals, making it adaptable to
the needs of digital computers for processing discrete signals. This structure gives
Mamba a distinct advantage when dealing with long data sequences that need to
capture complex dynamics, such as speech modelling and biosignal processing [237].
Albert Gu and Tri Dao proposed a Mamba framework based on the special state space
model (SSM) [238]. They pointed out that although Transformer-based models are
very efficient in dealing with sequential data, it is computationally inefficient in dealing

with long sequences. For this reason, they developed the Mamba model, which is a
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structured state space model. It achieves efficient data transfer and processing
through a simplified neural network architecture. This architecture removes the
traditional Attention and MLP modules and uses a selective state space to improve the
performance and efficiency of the model, making the model simple and efficient (5
times higher throughput than Transformers). Furthermore, Saarang Panchavati et al.
also confirmed the performance of the Mamba architecture in a study [239]. They
explored the potential of Mamba models in EEG-based medical data [239]. While
traditional machine learning methods have made progress in automating EEG analysis,
they often fail to effectively capture its complex spatio-temporal dynamics. Therefore,
they propose to innovate with Mamba-based models. By training both a self-
supervised reconstruction task and a downstream epilepsy detection task on a large
public dataset containing epileptic and non-epileptic EEG recordings, they
demonstrate the model's potential. The results show that epilepsy detection using the
pre-trained Mamba model can achieve an area under the curve (AUROC)
performance of 0.72, validating it as an important step in the development of large-
scale predictive models for clinical applications. At present, the Mamba architecture
has not been applied to the area of multi-action classification of the lower limb. In future
studies, combining the Mamba model with other advanced DL methods will potentially
help us to classify lower limb actions more accurately through this multi-level feature

extraction mechanism.

Building on the above works, we will be able to further improve the classification
accuracy and practical application of the model to support the development of BCI
technology and neurorehabilitation engineering. We aim to understand more about
how the brain controls the lower limbs and construct efficient, accurate, stable

classification models to advance research and application in this field.
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Appendix A: Derivation of the Recursive Least-
Squares (RLS) Algorithm

The principal formula is derived as follows

e(n) =s(n) —f,(n) — (M) = x(n) + [z(n) — 7, (n) — F,(n)] (A1)
Where
f,(n) = X=1 hy(M)r,(n + 1 —m) (A.2)
and
o) = LMoy hy(m)ry(n+ 1 —m) (A.3)

The EEG signals are represented by the filtered reference signals. Based on the
presumption that x is a stationary random signal with a zero mean and holds no

correlation with z, r,,, and 7, we can determine the expected value of e2.

Ele?| =E[(x+z -7, — )% = E[x*] + E[(z — %, — #)?] (A.4)

The objective of the noise canceller is to adjust the filter coefficients h,,(m) and h;, (m)
so that the output signal e(n) closely resembles x(n). From a statistical standpoint,
this involves reducing E[(z — #, — #,)2]. Since E(x?) remains unaffected by changes

in the filter coefficients, decreasing E[(z — 7, — #,)?] effectively reduces E[e?].

In the RLS algorithm, the details of algorithm development for the scenario with

two reference inputs are as follows. Given samples s(i), n,(i), r,(i), and e(i) at time
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t,, for i ranging from 1 to n, our objective is to configure the function ¢(n) for

optimization

e(n) = Z Aie2(i) = e2(n) + Ae2(n — 1) + - + A" Me2(M) (4.5)

i=M

Where
0 < A < 1 is called the forgetting factor

and

M M
e(i) = s(i) — 2 h, (m)r, (i + 1 —m) — Z hy, (M) (i + 1 —m) (A.6)
=1 m=1

To approximate the expected value, we opt to minimize s(n) rather than E[e?].
Additionally, with the inclusion of the forgetting factor I, the algorithm becomes
adaptable to random processes that aren't strictly stationary. The filter parameters
h,(m) and h;(m), where m ranges from 1 to M, which minimize £(n) can be derived

by addressing the subsequent two sets of equations, totalling two equations

de(n) O 06D N g o ~
= =zZMA e(z)ahv(m)_—z;A e(r,(i+1—m) =0 (A7)

9 o de(i o
5(72 — 9 z Aie(i) ahigzl) = -2 ;An“e(i)rh(i +1-m)=0 (A.8)

Where m =1,2,3,...,M
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The above pairs of equations can be depicted in the subsequent matrix

representations

Ry,(n) - Hy, + Ryp(n) - Hy = B,(n)

th(n) "H, + th(n) ‘Hy = Bh(n)

(A.9)

(A.10)

Where each of R, Ry, Ryn, and Ry, is an (MxM) matrix, while H,, Hy, P,, and P,are

all column vectors of dimension M.
Ry k) = Xy A" i+ 1= i +1-k)
Ron(M) (k) = Ziey AV (i + 1= (i + 1 - k)
Ry k) = Biey A" P+ 1= r (i + 1 - k)

th(n)(jr k) = ?:Mﬂ.n_i Th(i +1 _])Th(l +1-— k)

Where j,k =1,2,..,.M

BM() = D A s(On i +1-))
i=M

BMG) = ) A s@n+1-))

H, = [hy(Dhy(2) ... by (MD]T

Hp, = [hp(Dhp(2) ---hh(M)]T

(A.11)

(A.12)

(A.13)

(A.14)

(A.15)

(A. 16)

(A.17)

(A.18)
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The matrix equation can be derived by consolidating Equations (3.10) and (3.11).

R(n)-H =P(n) (A.19)
Where
R(n) = g;’; gzﬂ (A.20)
H= g"h] (A.21)
p= :g"h] (A.22)

The filter coefficients minimizing e(n) can be determined from Equation (3.20).

H=[RM)]™-P(n) (A.23)
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Appendix B: Parameter Tuning

We systematically optimised several parameters to optimise the performance and
generalisation ability of convolutional neural networks (CNNSs). First, we tuned the
number of convolutional kernels in the first layer, setting them to 16, 32, and 34 to
determine the optimal number for feature extraction. Next, we set the number of
convolutional kernels in the second layer to 32, 64 and 128 to further improve the
feature representation. We also explored different convolutional kernel sizes, setting
both the first and second dimensions to 3, 4, 5, and 8 to investigate the effect of kernel
size on feature extraction capabilities. To prevent overfitting, we optimised the dropout
rates, setting them to 0.5, 0.85, and 0.99, which involved randomly ignoring some
neurons during training to improve the model's generalisation ability. Finally, we
adjusted the learning rate drop factor, setting it to 0.2 and 0.5, to improve the stability
and convergence speed of the model training. The parameter tuning ranges are shown
in Table B.1. These optimisation efforts identified the best-performing combination of

CNN parameters, as detailed in Chapter 5.
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Table B.1 Parameter tuning ranges for CNNs.

Number of Convolutional Kernels in the First Layer (16, 32, 34)
Number of Convolutional Kernels in the Second Layer (32,64,128)
Convolutional Kernel First Dimension Size (3,4,5,8)
Convolutional Kernel Second Dimension Size (3,4,5,8)
Dropout (0.5, 0.85, 0.99)

LearnRate DropFactor (0.2,0.5)
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Appendix C: NeuroFusionNet Architecture
Hyperparameter Settings

In our study, we designed the NeuroFusionNet architecture specifically to classify
multiple lower limb actions. To optimise its performance, we systematically tuned

several key hyperparameters. The results are shown in Table C.1.

The momentum factors, called betas, used in the Adam optimiser were set to
(0.9, 0.999). We set the weight decay coefficient to 0.0001 to prevent overfitting by
adding a regularisation term to the loss function. We set the number of epochs to 250,
ensuring that the entire training data set was passed through the network multiple
times to facilitate thorough learning. The batch size was set to 64, which balances
memory usage and training efficiency by using 64 samples in each iteration to update
the model weights. The learning rate was set to 0.001, which controls the step size at
each iteration during the optimisation process. In this case, the learning rate jitter was
set to false, indicating that the learning rate remained constant and was not randomly
adjusted during training, a strategy sometimes used to improve generalisation. The
optimiser chosen for training was the Adam optimiser, which is known for its efficiency
and effectiveness, particularly in dealing with sparse gradients. By carefully tuning
these hyperparameters, we aimed to achieve an optimal configuration that would
significantly improve the performance of the NeuroFusionNet architecture for

classifying multiple lower limb actions.



210

Table C.1 Optimized hyperparameters for NeuroFusionNet architecture.

Hyperparameter settings
Momentum Factors (0.9, 0.999)
Weight Decay /
Number of Epochs (250)
Batch Size (64)
Learning Rate (0.001)
Weight Decay (0.0001)

Optimizer Adam




