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ABSTRACT

Brain-Computer Interface (BCI) is a technology that enables direct
communication between the brain and external devices. BCI systems
often use Electroencephalography (EEG) to measure the electrical

fields produced by brain activities, serving as a prominent brain mapping
and neuroimaging technique utilized extensively within and beyond clinical
settings. Motor imagery (MI), a prevalent BCI paradigm, enables individu-
als, particularly those with disabilities, to regulate brain signals voluntarily,
bypassing the need for external stimuli. By decoding MI-EEG signals, the
gap between motor intention and sensory feedback in motor movements
disrupted by brain disorders is bridged, thereby facilitating swift motor func-
tional recovery. However, the non-linear and nonstationary nature of MI-EEG
signals poses a challenge to MI intention recognition, leaving room for poten-
tial classification enhancement. Moreover, factors such as subject variability,
experimental conditions, and EEG recording devices impact the adaptabil-
ity and robustness of models, consequently constraining the practicality of
MI-EEG applications. The primary objective of this thesis is to investigate
efficient deep learning models for decoding EEG signals and classifying MI
tasks. The specific contributions of the thesis are outlined as follows:

1) A multi-view convolutional neural network (CNN) encoding approach
for MI-EEG signals is proposed in Chapter 3. First, multiple frequency
sub-band MI-EEG signals are created as the CNN model inputs through
bandpass filters based on brain rhythms. Then, temporal and spatial features
are captured based on the whole frequency band and the filtered sub-band
signals, respectively. Further, utilizing two dense blocks with multi-CNN
layers enhances model learning capabilities and strengthens information
propagation. The proposed method achieves an average accuracy of 75.16%
on the public Korea University EEG dataset which consists of 54 healthy
subjects for the two-class motor imagery tasks.

2) Chapter 4 introduces a local and global convolutional transformer-based
MI-EEG classification model. To make up for the shortcomings of the CNN
model, a local transformer encoder is employed to dynamically extract tempo-
ral features. The global transformer encoder and densely connected network
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are combined to improve the information flow and reuse. The spatial features
from all channels and the difference in hemispheres are obtained to improve
the robustness of the model. In the experiment, three scenarios including
within-session, cross-session, and two-session are designed. Results show
that the proposed model achieves up to 1.46%, 7.49%, and 7.46% accuracy im-
provement respectively in the three scenarios for the public Korean dataset
compared with Tensor-CSPNet. For the BCI-IV-2a dataset, the proposed
model also achieves a 2.12% and 2.21% improvement for the cross-session
and two-session scenarios respectively.

3) Chapter 5 presents a cross-subject MI-EEG decoding method with domain
generalization. In this study, the domain-invariant features from source
subjects are extracted. The knowledge distillation framework is adopted to
obtain the internally invariant representations based on spectral features fu-
sion. Then the correlation alignment approach aligns the mutually invariant
representations between each pair of sub-source domains. In addition, we use
distance regularization on two kinds of invariant features to enhance general-
izable information. The results demonstrate that the proposed model achieves
8.93% and 4.4% accuracy improvements on the public Korean dataset and
BCI-IV-2a dataset respectively compared with the ConvNet and Dyanmic
EEGInception model.

4) Chapter 6 proposes a graph convolutional network (GCN) based on trans-
fer learning for cross-device MI-EEG decoding. Leveraging multi-channel
information, the GCN module is employed to aggregate topological features.
The pre-trained model is guided with few-channel signals as inputs through
a knowledge distillation framework and adapted to the few-channel dataset
using a transfer learning strategy with minimal data training. Experimental
results show that the proposed model achieved an accuracy of 71.19% based
on across-dataset, 7.04% higher than filter bank common spatial pattern
(FBCSP) and EEG-ARNN model, demonstrating the effectiveness of our ap-
proach in cross-dataset MI-EEG decoding and enhancing the practicality of
MI-BCI applications.

In summary, this study endeavors to decode MI-EEG signals using deep learn-
ing methods, improve the accuracy of motor intention recognition, and en-
hance the practicality of MI-based systems by enhancing model performance
and robustness on cross-session, cross-subject, and cross-dataset scenarios.
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N OMENCLATURE

Chapter 1. Abbreviations

BCI Brain-computer interface

CNN Convolutional neural network

EEG Electroencephalography

GCN Graph convolutional network

Chapter 2. Abbreviations

AMT Active Motor Training

AR Autoregressive

BN Bayesian network

CSP Common spatial pattern

CSSP Common spatiospectral pattern

CSSSP Common sparse spectral-spatial pattern

CWT Continuous Wavelet Transform

DFBCSP Discriminative �lter bank Common spatial pattern
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EMD Empirical mode decomposition
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ERPs Event-related potentials
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FBCSP Filter bank common spatial pattern
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HHT Hilbert-Huang transform

ICA Independent component analysis
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IMF Intrinsic mode functions

K Key

LDA linear discriminant analysis

LSTM Long short-term memory

NN Neural networks

PCA Principal component analysis

PSD Power Spectral Density

Q Query

RBF Radial Basis Function

RF random forest

RLDA Regularized linear discriminant analysis

RNN Recurrent neural network

SPD Symmetric positive de�nite

SSVEP Steady-state visually evoked potentials

STFT Short-time Fourier transform

SVM Support vector machine

V Value

VL Variance layer

VMD Variational mode decomposition

WT Wavelet decomposition

WT Wavelet transform

Chapter 3. Abbreviations

BCIC-IV-2a BCI Competition IV 2a

CV Cross-validation

DenseNet densely connected network

ELU Exponential linear unit

KU Korean University

RBF Radial bias function

Chapter 3. Parameters and Variables

C Channels

vi



E EEG signal

F l (¢) Non-linear transformation

l The index of a layer

T Time Samples

X i The i ¡ th EEG trial

xl The output of each layer

Yi The matching EEG label

yp The prediction values

yt The true labels

Chapter 4. Abbreviations

CV Computer Vision

NLP Natural Language Processing

PE Positional Encoding

SA Self-Attention

SBCSP Sub-band Common Spatial Pattern

SD Standard deviation

T-Densenet Block Transformer-based densenet block

t-SNE t-distributed Stochastic Neighbor Embedding

TSM tangent space mapping

w/oD i f f ¡ hemi Without the hemisphere difference

w/oT ¡ dense Without T-dense units

w/oT rans Without transform encoders

Chapter 4. Parameters and Variables

¹ The mean value

¾ The standard deviation

d The dimension

dk The dimension of keys

dmodel The dimension of the outputs

hd v The dimension of the values

pos The Position
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x The raw data of each channel

Chapter 5. Abbreviations

CORAL Correlation alignment

DA Domain adaptation

DG Domain generalization

DICA Domain-invariant component analysis

GRL gradient reversal layer

KL Knowledge-leverage

MMD Maximum mean discrepancy

SCA Scatter component analysis

SMM Support matrix machine

TCA Transfer component analysis

TL Transfer learning

Chapter 5. Parameters and Variables

¸ 1, ¸ 2, ¸ 3 The hyperparameters to limit the loss function

L div The divergence

L mse The Mean Squared Error

L cls The cross-entropy loss

µc
S The parameters of feature classi�er in the student network

µ f
S The parameters of feature extractor in the student network

µc
T The parameters of feature classi�er in the teacher network

µ f
T The parameters of feature extractor in the teacher network

C Channels

C i The covariance matrix

d (.) The L2 distance

E The expectation

Gc
S The feature classi�er in the student network

G f
S The feature extractor in the student network

Gc
T The feature classi�er in the teacher network
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G f
T The feature extractor in the teacher network

h(n) The 3-order Butterworth �lter

ks, k t The kernel size

N The number of subdommains

N b The nubmer of sub-band

P tr ) The data distribution in the source domain

PXY The joint distribution

S test The test domain

S train The source domain

T Timepoints

X The input space of EEG signals

X MB The fused multi-band EEG data

Y The output space of EEG signals

z1 The internally-invariant features

z2 The mutually-invariant features

Chapter 6. Abbreviations

GCN Graph convolutional network

GNNs Graph neural networks

SENet Squeeze and Excitation Networks

Chapter 6. Parameters and Variables

eD The degree matrix

A initial The initialized adjacency matrix

A trainable The mask matrix

E The edges

f s The sampling rate

G The graph

k i The kernel size

N The number of channels

PI J The Pearson's correlation coef�cient

V The nodes
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W The adjacency matrix

xstudent The feature maps of the student network

xt eacher The feature maps of the teacher network
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1
I NTRODUCTION

1.1 Background

Electroencephalography (EEG) is a non-invasive technique used to record the brain's

electrical activity. Detected by placing electrodes on the scalp, EEG signals are shown

to re�ect the macroscopic activity of the brain surface underlying various cognitive and

motor functions [ 1], which makes it widely applicable across neuroscience and clinical

medicine. In neuroscience, EEG is used to study brain function and dysfunction, including

sleep patterns [ 2], seizures [ 3], and cognitive processes [ 4][5]. In clinical medicine, EEG

is a valuable tool for diagnosing and monitoring neurological disorders such as stroke [ 6]

and traumatic brain injury [ 7]. Additionally, EEG is increasingly used in brain-computer

interface (BCI) systems.

The brain-computer interface (BCI) establishes a direct, and bidirectional, commu-

nication link between the brain and external devices without the need for muscular

stimulation [ 8]. The EEG signals re�ect patterns of brain activity, which are transmitted

to external devices through BCI systems. By decoding EEG signals associated with

speci�c mental tasks, such as imagining moving or focusing attention on a particular

stimulus, people can control computer cursors, robotic arms, or other assistive devices
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[9]. Motor imagery (MI), as one of the most important mental tasks in EEG experimental

paradigms, refers to the mental simulation of body movements [ 10]. When a person

is imagining or executing motor behavior, the related motor cortex on the brain scalp

generates the corresponding MI responses with massive neuron activities [ 11]. Such a

mechanism represents conscious access to the content of a movement, which is func-

tionally analogous to unconscious motor planning. The framework of a MI-BCI system

is shown in Fig 1.1. First, subjects will be guided to image motor movements. Huge

amounts of MI-EEG signals are generated during the MI paradigm and collected for

further analysis. Then, the MI-BCI system modeling for decoding MI-EEG signals and

classifying MI-task by feature extraction and classi�cation algorithms. The recognized

task labels are then transferred to commands to control external devices, such as robotic

arms and virtual reality (VR) equipment, which subsequently provide feedback to the

subjects.

Figure 1.1: The framework of a MI-BCI system.

MI-BCI have a broad range of applications across various �elds. In rehabilitation,

MI-BCIs can help patients regain motor functions by enabling them to control external

devices through mental imagery alone [ 12]. Beyond rehabilitation, MI-BCIs are also used

in areas like gaming, where they allow players to interact with the game environment

using their thoughts, creating more immersive experiences [ 13]. In the �eld of education,

MI-BCIs offer potential for developing new learning tools that adapt to the mental

2



1.2. CHALLENGES

states of students, enhancing focus and engagement [ 14]. Additionally, MI-BCIs are

being explored for their potential in communication for individuals with severe motor

impairments, providing them with alternative means of expression [ 15]. These diverse

applications highlight the versatility and potential of MI-BCI technology in improving

lives and expanding human-computer interaction.

1.2 Challenges

MI-BCI has been proven to be a potential tool for rehabilitation, but its effectiveness and

performance are limited by the capability of decoding EEG signals. The non-stationary,

noisy, and non-linear nature of the MI-EEG signals makes informative feature extraction

and classi�cation highly dif�cult [16]. The speci�c challenges are as follows:

Low Classi�cation Accuracy - The mainstream research content in MI-BCI involves

binary classi�cation tasks such as distinguishing between left and right-hand imagery

movements, or multi-class classi�cation tasks such as distinguishing between hands,

feet, and tongue imagery movements. Achieving classi�cation accuracy above 75% is

often challenging in both binary and multi-class classi�cation tasks. Additionally, the

generalization performance of models is typically poor, in�uenced by factors such as

individual variability, dataset characteristics, and preprocessing methods.

High Training and Calibration Cost - Signi�cant individual differences often need

to collect substantial data from each subject to build personalized models that achieve

optimal classi�cation performance. However, in real-world scenarios, it is challenging to

gather large datasets, and there is limited data to train new models. Therefore, there is

a growing need for plug-and-play functionality or the ability to train new models with

minimal new data or without the need for extensive experiments. This poses a signi�cant

challenge to the generalization ability of the models, aiming to reduce the training and

calibration cost.
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Poor Generalization Ability and Practicality - The generalization ability and

practicality of classi�cation models are not only limited by individual differences among

subjects but also signi�cantly affected by the quality of data collected using different

devices. The characteristics of MI-EEG signals are highly dependent on various individ-

ual differences. Even for the same individual and the same event, the MI-EEG may be

different at different times [ 17]. Particularly in the experiments, no methodology has

been employed to assess a subject's mental state, such as emotions and cognition. For

instance, when an experiment lasts too long, the subject usually becomes less focused

on the tasks because of fatigue. Signals collected during this period can be corrupted

with more noise. Consequently, experiments conducted by the same individual at varying

times may exhibit markedly disparate data quality. Moreover, the factors contributing

to superior motor imagery performance in some subjects over others remain unclear.

Variations among patients can be magni�ed by individual pathology. These challenges

pose hurdles when applying the pre-trained model to new tasks or subjects. Different

EEG-collected devices also need to be considered. For example, in laboratory settings,

EEG data is often collected using wet electrodes with a resistance of about 10 k ­ , which

requires extensive preparation time but results in better data quality. In practical ap-

plications, to reduce preparation time, semi-dry or dry electrodes are often used, but

the high impedance of these electrodes can lead to poor data quality. Additionally, the

varying number of electrodes across different devices also limits the feasibility of dataset

transfer learning.

1.3 Research Motivations and Objectives

The decoding algorithm in MI-BCI rehabilitation strategies plays a crucial role. The

accuracy and generalization ability of the model directly impacts the effectiveness and

practicality of rehabilitation. Targeting the challenges raised in the last section, the

following objectives will be addressed in this thesis:

• To improve the MI-EEG classi�cation accuracy, feature extraction approaches need
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to extract discriminative features from signals. Since the temporal, spatial, and

spectral features are proven to be informative, effective and highly ef�cient model

structures and processes need to be developed.

• To reduce the high training and calibration costs, the pre-trained model based

on the existing historic dataset needs to be developed. Huge amounts of data in

the existing dataset can help the model learn more feature representations. The

techniques of domain generalization will be investigated to reduce the need for

new data collection and new model training. To improve the model generalization

ability, besides enhancing the training dataset, exploring invariant features across

subjects that represent the common information and essence in MI-EEG signals

should be considered.

• To enhance the model's practicality, it is important to develop models that can

handle various scenarios, including cross-subject, cross-session, and cross-device

challenges. Cross-subject scenarios involve using a model trained on one subject

to recognize another subject's intentions. Cross-session scenarios address vari-

ations within the same subject across different experiment times. Cross-device

scenarios deal with situations where practical devices may collect data of lower

quality and with fewer electrodes, requiring the model to effectively utilize in-

formation transferred from high-quality, lab-collected data with more electrodes.

These scenario-based MI-BCI systems face practical challenges, such as individual

differences between subjects and variations in channels and data quality, which

can lead to discrepancies in data distribution and impact the model's classi�cation

performance. Developing suitable models for different applications and ensuring

high classi�cation accuracy are key measures of the model's practical effectiveness.

1.4 Main Contributions

The thesis focuses on using deep learning methods to decode MI-EEG signals. To achieve

the objectives above, different model structures are designed and validated on different
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datasets and scenarios. The speci�c contents are outlined as follows:

• A Multi-View convolutional neural network (CNN) encoding approach for MI-EEG

signals is proposed. First, multiple frequency sub-band MI-EEG signals are created

as the CNN model inputs through bandpass �lters based on brain rhythms. Then,

temporal and spatial features are captured based on the whole frequency band

and the �ltered sub-band signals, respectively. Further, utilizing two dense blocks

with multi-CNN layers enhances model learning capabilities and strengthens

information propagation. The proposed method achieves an average accuracy of

75.16% on the public Korea University EEG dataset which consists of 54 healthy

subjects for the two-class motor imagery tasks.

• A local and global convolutional Transformer-based MI-EEG classi�cation model

is proposed. To make up for the shortcomings of the CNN model, a local trans-

former encoder is employed to dynamically extract temporal features. The global

transformer encoder and Densely Connected Network are combined to improve

the information �ow and reuse. The spatial features from all channels and the

difference in hemispheres are obtained to improve the robustness of the model.

In the experiment, three scenarios including within-session, cross-session, and

two-session are designed. Results show that the proposed model achieves up to

1.46%, 7.49%, and 7.46% accuracy improvement respectively in the three scenar-

ios for the public Korean dataset compared with current state-of-the-art models.

For the BCI-IV-2a dataset, the proposed model also achieves a 2.12% and 2.21%

improvement for the cross-session and two-session scenarios respectively.

• A cross-subject MI-EEG decoding method with domain generalization is proposed.

In this study, the domain-invariant features from source subjects are extracted.

The knowledge distillation framework is adopted to obtain the internally invariant

representations based on spectral features fusion. Then the correlation alignment

approach aligns the mutually invariant representations between each pair of

sub-source domains. In addition, we use distance regularization on two kinds of
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invariant features to enhance generalizable information. The results demonstrate

that the proposed model achieves 8.93% and 4.4% accuracy improvements on the

public Korean dataset and BCI-IV-2a dataset respectively compared with current

state-of-the-art models.

• A graph convolutional network (GCN) based on transfer learning for cross-device

MI-EEG Decoding. Leveraging multi-channel information, the GCN module is

employed to aggregate topological features. The pre-trained model is guided with

few-channel signals as inputs through a knowledge distillation framework and

adapted to the few-channel dataset using a transfer learning strategy with mini-

mal data training. Experimental results show up to 7.04% accuracy improvement

compared to state-of-the-art models, demonstrating the effectiveness of our ap-

proach in cross-dataset MI-EEG decoding and enhancing the practicality of MI-BCI

applications.

1.5 Thesis Structure

The thesis is organised in seven chapters and the relationship between each chapter is

shown in Figure 1.2.

• Chapter 1 introduces the background of the MI-BCI and EEG signals. The main

research purpose of this thesis is to use deep learning methods to decode MI-EEG

signals for better rehabilitation.

• Chapter 2 reviews the literature related to MI-BCI for rehabilitation and the

current classi�cation methods for MI-EEG decoding. The following chapters include

four main contributions of the study to address the issues mentioned in Chapter 1.

• Chapters 3 and 4 target the within-subject modelling based on deep learning

methods. Chapter 3 divides MI-EEG signals into multi-subbands based on different

brain rhythms. The CNN structure combines with the DenseNet Block to enhance

the information �ow which improves the classi�cation accuracy. On this basis,
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Chapter 4 adopts the Transformer structure with global and local schemes to

make up the defects of CNN layers. Three practical scenario experiments including

within-session, cross-session and two-session are conducted to validate the model's

robustness and performance.

• Chapter 5 focuses on the cross-subject modelling. To realize the plug-and-play

function, the model is trained to explore the invariant features across different

subjects. Without retraining on new data, a pre-trained model can achieve excellent

classi�cation performance.

• Chapter 6 concentrates on the cross-device modelling. EEG signals collected in

practical applications may have poor data quality with fewer electrodes due to the

high impedance of the EEG-collected device. To harness the dataset in the lab with

higher quality and more electrodes, a novel deep learning model is proposed to

transfer useful MI information across different datasets or devices.

• Chapter 7 concludes the thesis. The main �ndings and contributions of the research

conducted in the previous chapters are summarised. Re�ections and suggestions

for future work are given.

Figure 1.2: Thesis structure.
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L ITERATURE R EVIEW

2.1 An Overview of Motor Imagery Brain-Computer

Interface

The MI-BCI system is gradually emerging as an effective tool and applied in multiple

�elds, particularly in rehabilitation. For instance, stroke is the third leading cause of

adult disability worldwide [ 18]. Recovery of the motor function after a stroke is crucial to

performing activities of daily living, but this recovery is often variable and incomplete

[19]. Traditional rehabilitation strategies mainly include non-invasive stimulation and

robotics assistance. Non-invasive procedures are elegant and powerful neuromodulatory

techniques that create electric currents in the brain to change cortical excitability [ 20].

However, there is currently con�icting evidence regarding the ef�cacy due to unclear

stimulation site, frequency, and intensity. Robotics provide intensity by increasing the

number of repetitions that a therapist could impose. However, it is less effective for

acute stroke patients due to passive mode and is limited since physical movements of

stroke patients are often impossible [ 21]. In comparison, MI-BCI can potentially engage

the same neural circuitry as actual movement, highlighting the prospects of BCI for
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rehabilitation. Neurofeedback training and operant conditioning in MI-BCI get patients

involved in the experiment which actively restores the nerves between the brain and the

muscles [6].

In the medical application �eld, MI-BCI is intended for the replacement or restoration

of central nervous system (CNS) functionality [ 22]. Elstob et al [ 23] propose a low-cost

BCI prosthetic arm based on MI, which has 5 degrees of freedom of movement. An

accuracy of between 56% and 100% depending on the movements were carried out,

demonstrating that MI-based systems might be preferable to steady-state visually evoked

potentials (SSVEP) systems because they are more intuitive and eliminate the fatigue

caused by viewing �ickering stimuli. Müller-Putz et al [24] also developed an MI-based

robotic arm system utilizing a novel 64-electrode sleeve that can be worn by the user.

This sleeve provides feedback on the movements performed through electrical pulses in

a process called functional electrical stimulation (FES), which can offer feedback and

assist in restoring certain aspects of CNS functionality in some patients.

Besides these biomedical applications, neurogames have also become increasingly

more advanced by incorporating MI-BCI systems with other devices such as Virtual

Reality (VR) and Augmented Reality (AR) environments [ 13]. Regular exposure to video

games has improved their visual and spatial attention, memory, and mental rotation

abilities over time [ 25] and sensorimotor learning, leading to better performance in tasks

with consistent and predictable structures. Li et al [ 26] conducted the experiment based

on a MI-BCI system in a 3D Tetris and an analogous 2D game-playing environment

to enhance the player's BCI control ability. Certain contemporary technologies rely on

evoked potentials, exempli�ed by the basic SSVEP-based implementation described in

[27] and a system in [ 28] that integrates SSVEP and MI data to control a version of

Tetris.

To sum up, MI-BCI plays an important role in various �elds. For the entire BCI

system, effective decoding of EEG signals is a crucial step, as it not only improves

the accuracy of MI task classi�cation but also advances the application of MI-BCI in

real-world scenarios.

10



2.1. AN OVERVIEW OF MOTOR IMAGERY BRAIN-COMPUTER INTERFACE

2.1.1 The Principle of EEG Decoding Algorithms

Event-related potentials (ERPs) are brain electrical activities recorded by EEG following

speci�c stimuli or events, re�ecting the neural activity response of the brain to particular

stimuli or events [ 29]. ERPs arise from synchronous neuronal �ring following speci�c

events, and they manifest as distinct waveforms observable in EEG recordings. The

event-related phenomena re�ect frequency-speci�c alterations in ongoing EEG activity,

generally characterized by decreases or increases in power within speci�c frequency

bands. These changes are attributed to either a decrease or an increase in synchrony

among underlying neuronal populations, respectively [ 30]. The former is termed event-

related desynchronization (ERD), while the latter is known as event-related synchro-

nization (ERS). The paradigm in MI-BCI is a classical event-related task. Taking the

example of motor imagery tasks involving left and right-hand movements, ERD/ERS

phenomena can be observed based on EEG decoding. Speci�cally, during the execution of

the task, an increase in EEG energy is observed in the motor cortex corresponding to the

same side as the limb involved in the task, while a decrease in EEG energy is observed

in the motor cortex corresponding to the opposite side limb [31].

EEG signals contain information about various brain neural activities, which are

typically divided into �ve frequency bands: ± (1-4Hz), µ (4-7Hz), ® (8-13Hz), ¯ (14-30Hz),

and ° (31-45Hz). The ± band appears during deep sleep, extreme fatigue [ 32], drowsiness

[33], or anesthesia [ 34]; the µ band is associated with hypnosis [ 35], and correlates with

personality traits, anxiety, and working memory; the ® band is present during eyes-

closed resting states and represents normal physiological signals, remaining constant

in the absence of external stimuli and disappearing momentarily upon exposure to

external stimuli such as light; the ¯ band appears during focused attention, tension,

or excitement [ 36]; and the ° band is associated with cognitive processes [ 37]. As MI

represents a normal physiological signal of the brain, it is typically decoded using the ®

and ¯ bands in research [ 38]. With the advancement of EEG decoding techniques, the

entire frequency spectrum of EEG signals is increasingly utilized in decoding.
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2.1.2 The Preprocessing Approaches of EEG signals

Overall, the preprocessing methods for EEG signals can be categorized into three steps:

channel selection, band-pass �ltering, and artifact removal [ 39]. The choice of channels is

closely related to the brain regions of interest and the conditions of the EEG acquisition

equipment. For MI tasks, feature extraction primarily focuses on the channels related

to motor areas or utilizes all brain channels to ensure suf�cient spatial information is

captured. Some studies also employ machine learning and deep learning approaches to

re�ne channel selection. For instance, Tong et al [ 40] incorporated an ef�cient channel

attention module into a neural network, allowing it to evaluate and assign weights to

each channel based on their relative importance to BCI classi�cation accuracy. Gaur et

al [ 41] computed the correlation between EEG signals and selected highly correlated

EEG channels for a speci�c subject without including classi�cation accuracy by using the

Pearson correlation coef�cient. Jin et al [ 42] used the sum of logarithmic amplitudes and

the �rst-order spectral moment features captured from bispectrum analysis to choose

suitable EEG channels. In conclusion, the number of EEG channels can be reduced

without signi�cantly affecting accuracy, decreasing computational time and memory

requirements.

In the step of signal frequency �ltering, previous studies have explored the impact of

different frequency bands on Mi classi�cation results [ 43–45]. Avilov et al [ 44] analyzed

the performance of deep learning models for MI classi�cation using (4–38 Hz) and (0–38

Hz) frequency bands. In [ 45], the inclusion of the delta band (0–4 Hz) was proven to

give better performance. According to [ 46] showed that the accuracy of MI classi�cation

using the neural network was higher using a wide frequency band (1–100 Hz) compared

to 8–30 Hz . [43] showed that all three bands (0.5–4 Hz , 0.5–38 Hz , and 0.5–100 Hz

gave better performance than the commonly used frequency range (4–38 Hz), and the

best performance was achieved using the raw full-band without frequency �ltering. In

summary, for MI, the alpha and beta EEG rhythms have been proven effective, but

there is no universally accepted standard for selecting other rhythms or frequency

bands. Additionally, the optimal brain rhythms vary from person to person, sometimes
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signi�cantly impacting the �nal classi�cation results.

Artifact removal approaches are also mainstream to preprocess the EEG signals.

Among them, independent component analysis (ICA) [ 47] and common average reference

(CAR) [48] are most common methods. ICA is a computational method that separates a

multivariate signal into additive, independent components. When applied to EEG data,

ICA can isolate and remove artifacts such as eye blinks, muscle activity, and electrical

noise, thus enhancing the clarity of the neural signals [ 49, 50]. CAR, on the other hand, is

a referencing technique that improves the signal-to-noise ratio by averaging the signals

from all EEG electrodes and subtracting this average from each electrode's signal. This

approach reduces common noise shared across channels, such as electrical interference,

and highlights the differences between individual channels [ 51, 52]. However, the noise

removal process is not always necessary, according to [ 39], the automatic and manual

removal only occupied 24% among previous studies while 40% studies do not have any

removal process.

2.2 Machine Learning-Based Decoding Algorithms

for MI-EEG

2.2.1 Feature Extraction Approaches

Traditional machine learning-based processes for MI-EEG decoding can be divided

into two steps: feature extraction and feature classi�cation. In the initial research

on EEG decoding, frequency-domain features, and temporal-domain features are two

common types [53]. Band power features can be computed using diverse methods and

are widely employed in BCIs that leverage oscillatory activity. Fast Fourier transform

(FFT) is a classical frequency-domain method used to analyze EEG signals facilitating

the transformation of signals from the time domain to the frequency domain for spectral

analysis [ 54]. With FFT, features are extracted by utilizing mathematical tools to compute

the Power Spectral Density (PSD) which converts the amplitude of EEG signal over time
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into the spectrum of EEG signal power, thus visually observing the distribution and

changes of EEG rhythm [ 55]. The spectral features of EEG signals can be captured by

various methods such as Welch's periodogram [ 56], though its main contribution lies

in visualization and interpretability. Besides FFT, other similar methods such as the

Fourier decomposition method [ 57], the variational mode decomposition (VMD) method

[58], and the Hilbert-Huang transform (HHT) method [ 59] have been developed for

analyzing EEG signals.

Among the temporal-domain analysis approaches, independent component analysis

(ICA) [ 60], principal component analysis (PCA) [ 61] and autoregressive (AR) [ 62] models

are usually employed. ICA is a computational technique used to separate a multivariate

signal into additive, statistically independent components. It assumes that the observed

data is a linear combination of underlying independent components, each of which has a

distinct statistical distribution. The goal of ICA is to �nd a set of basis vectors, known

as independent components, such that the observed data can be represented as a linear

combination of these components with maximally independent coef�cients. PCA has

a similar core idea used for dimensionality reduction and data compression. Both of

them are more suitable for noise removal from EEG signals. AR assumes that real EEG

signals can be predicted with the order and parameters of the approximation model.

However, the effectiveness of analyzing nonlinear and non-stationary EEG signals based

on AR models is not satisfactory, and they often require huge computational costs [ 63].

Besides that, combining time-domain and frequency-domain analysis is also one of the

mainstream approaches. For instance, wavelet transform (WT) analyzes the features of

EEG signals in the frequency domain while maintaining precise localization in the time

domain [ 64]. This approach demonstrates strong performance in analyzing irregular and

nonstationary signals across various window sizes [ 65]. The key advantages of the WT is

its ability to offer precise frequency and time information for low and high frequencies,

respectively.

Spatial features are also highly discriminative features within EEG signals. Common

spatial pattern (CSP), as one of the most successful algorithms, can be used to extract

14



2.2. MACHINE LEARNING-BASED DECODING ALGORITHMS FOR MI-EEG

common spatial patterns underlying the EEGs from two MI tasks [ 66]. These spatial

patterns explain the maximum variance in EEGs from one class and the minimum

variance in the other, making them optimal for quantitatively discriminating between

individual EEGs in the two tasks. [ 66]. The covariance of the mixed space can be

expressed as:

Cc ÆC l Å Cr C Æ
EE T

trace(EE T )
(2.1)

where C l and Cr represent normalized covariance matrix from two kinds of signals. In

MI signals, it usually represents the signal from two tasks (imagine moving right/left

hand)

Cc ÆU c¤ cU
T
c (2.2)

U c represents eigenvector matrix and ¤ c represents eigenvalue diagonal matrix. Then

whitening:

P Æ¤
¡ 1

2
c U T

c (2.3)

S l ÆPC l P
T Sr ÆPCr PT (2.4)

S l ÆB l ¤ l B l
T Sr ÆB r ¤ r B r

T (2.5)

The sum of the eigenvalues of the two kinds of matrices is always one. The maximum

eigenvalue of S l corresponds to the minimum eigenvalue of Sr . The eigenvectors of the

two matrices B l and B r are equivalent. The eigenvector corresponding to the maximum

eigenvalue of S l causes Sr to have the minimum eigenvalue and vice versa. The eigen-

values in ¤ l are arranged in descending order, then the corresponding eigenvalues in ¤ r

are arranged in ascending order. m eigenvalues are selected for each of the maximum

and minimum eigenvalues in ¤ r , and the corresponding eigenvectors are integrated as B.

The space �lter can be represented as:

W Æ(BT P)T (2.6)

Multiply the raw EEG data En¤d with the space �lter, d represents the number of data

and n represents the number of channels:

Zn¤d ÆWn¤nEn¤d (2.7)
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the eigenvector f p is computed as:

f p Ælog

Ã
var

¡
Z p

¢

P 2m
i Æ1 var (Z i )

!

p Æ1 : 2m (2.8)

Many studies also developed other variants based on CSP. In [ 67], the common spatio-

spectral pattern (CSSP) is proposed which adopts the technology of delay embedding to

extend the CSP algorithm to the state space. Dornhege et al proposed a new approach

namely the common sparse spectral-spatial pattern (CSSSP) that optimizes both the

spatial �lter and the spectral �lter together to enhance the difference between multi-

channel EEG signals [ 68]. In 2007, Novi et al decomposed the EEG signals into sub-bands

using a �lter bank and got a score from each sub-band after using CSP [ 69]. The �nal

decision is based on the scores based on different sub-bands. Based on the fusion of

different sub-band scores, Ang et al [ 70] proposed a method namely �lter bank common

spatial pattern (FBCSP) to choose the optimal features based on CSP by several band-

pass �lters with different band ranges. Higashi et al proposed a discriminative �lter

bank CSP (DFBCSP) that considers the combination of �nite impulse response �lters

and spatial weights. This method optimized the corresponding weights by a function

which can be regarded as another variation of the CSP algorithm. [71].

2.2.2 Feature Classi�cation Approaches

Conventional machine learning methods like random forest (RF), linear discriminant

analysis (LDA) [ 72], support vector machine (SVM) [ 73], and neural networks (NN) [ 74]

are adopted as various classi�ers for the MI-EEG decoding tasks.

RF is a versatile ensemble learning method widely used for classi�cation tasks

in machine learning. It operates by constructing a multitude of decision trees during

training and outputting the mode of the classes of the individual trees. Each decision tree

is trained on a random subset of the training data and a random subset of the features,

ensuring diversity among the trees. During prediction, the output of multiple trees is

aggregated to provide a more robust and accurate prediction compared to individual

trees. In 2014, Bentlemsan et al used RF to combine bagging for bootstrap aggregation
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and features that are selected randomly [ 75]. In research [ 76], Luo et al proposed a

feature-selected approach namely the dynamic frequency feature selection (DFFS) with

an RF classi�er to decode MI-EEG signals. Nonetheless, the performance of Random

Forest models is impacted by over�tting and instability, especially when dealing with

trees of varying sizes.

LDA is a supervised learning algorithm utilized for dimensionality reduction and

classi�cation tasks. By maximizing the separation between classes while minimizing

the variation within each class, LDA constructs linear combinations of features that

effectively discriminate between classes. The calculation cost of the LDA classi�er is low

which is bene�cial for use in BCI applications based on MI-EEG [ 77]. Chen et al used

LDA to obtain the classi�cation results using multiple frequency band signals and vote

through probability summation [ 78]. Fu et al adopted regularized linear discriminant

analysis (RLDA) to enhance the dimension of the diagonal elements of the scatter

matrices to improve classi�cation accuracy [ 79]. However, the noisy and non-linear

nature of EEG signals makes it dif�cult for the LDA classi�er to get excellent results.

SVM is another common classi�er in the BCI �eld. It works by �nding the hyperplane

that best separates the classes in the input space. This hyperplane is chosen to maximize

the margin, which is the distance between the hyperplane and the nearest data points

from each class, known as support vectors. Islam et al used SVM on features with

reduced dimensions obtained by adopting multi-band PCA for four-class classi�cation

problems [ 80]. Although SVM produces better classi�cation results, it cannot deal with

the multiclass problem and decode complex EEG signals effectively [77].

The NN has been extensively used in the BCI �eld for providing a reasonable balance

between accuracy and training speed. Sagee et al used a Bayesian network (BN) for

maximum probable channel selection and NN for feature classi�cation [ 81]. Hamedi et

al employed Radial Basis Function (RBF) neural networks to reduce training time while

ensuring high accuracy [82].
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2.3 Deep Learning-Based Decoding Algorithms for

MI-EEG

Deep learning (DL) has emerged as a prevalent methodology in machine learning in

recent years, leading to signi�cant breakthroughs in computer vision and speech recog-

nition [ 83]. The learning capacity of deep neural networks stems in part from their

ability to discover intricate feature representations from raw data. This has inspired

a growing interest among neuro-engineering researchers to apply deep learning to the

development of BCI systems because it largely alleviates the need for manual feature

extraction as seen in conventional BCI, which requires domain-speci�c expertise in the

signal [ 84]. Deep learning is an end-to-end process, researchers can focus on the input

formulation, structure, and parameter optimization factors. However, there are no clear

advantages or disadvantages to the in�uence of these factors. Despite more and more

examples have shown impressive progress based on deep learning, there is still room

for considerable improvement with respect to several important aspects of information

extraction from the EEG, including its accuracy, interpretability, and usability for of�ine

or online applications [85].

2.3.1 Input Formulation

EEG signals inherently exhibit noise and are susceptible to channel crosstalk. In conven-

tional scalp EEG recording setups, each electrode captures signals from its surrounding

area, resulting in coarse spatial resolution (typically several centimeters) [ 86]. The de-

composition of these signals is complex due to the conduction properties of human brain

tissues, skull, scalp, and hair. Consequently, a prominent challenge in EEG data analysis

lies in formulating suitable inputs. As outlined in the survey by Craik et al. [ 86], many

neural networks, particularly CNNs, utilize various inputs such as images generated

from EEG data, raw signals, and computed features.
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2.3.1.1 Images Input

The CNN's unprecedented ability to learn images encouraged researchers to transform

raw EEG signals into images as input to the classi�er. Among them, PSD, wavelet

decomposition (WD), and short-time Fourier transform (STFT) are the three most com-

mon methods used in the reviewed studies. For instance, Xu et al used WT to convert

multichannel EEG signals into two-dimensional time-frequency images, to obtain its

comprehensive information, including both the time-frequency features and the relative

position of the electrodes [ 51]. Li et al used Continuous Wavelet Transform (CWT) to

map MI-EEG signals into two-dimensional image signals and extract the mu and beta

rhythms from these image signals [87]. The expression of the continuous WT is given

Ws (®,¿) Æ
1

p
®

Z
s(t)Á¤

µ
t ¡ ¿

®

¶
dt (2.9)

where s(t) is the input signal, ® is the scale of WT, Á is the wavelet basis function, and ¿is

the time shift. The wavelet function is the Morlet wavelet. Its expression is as follows:
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The expression of frequency is:
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where Á(t) is the time domain expression after CWT and ©(t) is the frequency domain

expression after CWT. Kant et al used a similar method to deal with EEG signals [ 88].

In the experiment, the wavelet used for CWT is the analytic Morse wavelet as it has

better time-frequency localization. For Morse wavelet symmetry parameter (gamma) and

time-bandwidth product were kept at 3 and 60 respectively. Data from electrodes C3 and

C4 are stacked together, C4 after C3 to represent all the data into a single representation

of one event (Left or Right) hand imagery.

Besides using WT or the variant from WT, STFT is also an easy way to get time-

frequency images. Dai et al extracts EEG signals with a length of 2s from each MI

EEG recording [ 89]. The STFT was conducted with time lapses = 14 and window size
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= 64. Among all 500 samples, the STFT was computed for 32 windows on the �rst

498 samples. Therefore, a 257 × 32 image is produced, where the numbers 32 and 257

represent the samples on the axes of time and frequency. Subsequently, the beta and mu

frequency bands were extracted from the spectrum of the output. Frequency bands of 6

» 13 and 17 » 30 are taken as the mu and beta bands, respectively. Fig 2.1 shows the

transformed images using different mother wavelets. Table 2.1 shows the classi�cation

results using different channels and mother wavelets [ 51]. Besides directly using images

Figure 2.1: Transformed images using mother wavelet: db4(a), sym(b), cmor3-3(c) and
haar(d).

transferred from WT or CWT, some studies also combine several images as one input.

Piyush et al [ 88] used the analytic Morse wavelet as the wavelet for CWT to have better

time-frequency localization. For Morse wavelet symmetry parameter (gamma) and time-

bandwidth product were kept at 3 and 60 respectively. Voices per octave were kept at

10. Data from electrodes C3 and C4 are stacked together, C4 after C3 to represent all
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Table 2.1: Classi�cation results using different channels and mother wavelets.

Wavelet
name

Accuracy(%)
2 channels 3 channels

Worst Best Mean Worst Best Mean
db4 77.63 81.25 79.25 71.43 80.6 75.6

sym4 80.14 85.5 81.398 71.43 82.14 73.21
cmor3-3 87.5 92.75 89.56 78.25 83.5 82.37

haar 68.25 72.5 70.31 64.3 69.6 67.13

the data into a single representation of one event (Left or Right) hand imagery as shown

in Fig 2.2 (a) and (b) [ 88]. Processed data is further used to train the model using deep

neural networks. STFT is suitable for processing linear nonstationary signals, while

WT and CWT can process nonlinear nonstationary signals in theory, but they can only

process linear nonstationary signals in the actual algorithm implementation. Therefore,

Huang et al used Hilbert–Huang transform (HHT) to transform EEG signals into time-

frequency representation [ 90]. Fig 2.3 shows the decomposed EEG signals. HHT [ 91]

is an adaptive signal processing method that is suitable for processing nonlinear and

nonstationary signals. It mainly consists of two parts: The �rst part is empirical mode

decomposition (EMD); the second is Hilbert transform (HT). In the �rst part, EMD

adaptively decomposes any complex signal into a series of intrinsic mode functions

(IMFs) according to the signal characteristics. This satis�es the two following conditions:

(1) the average value of the mean value tends to be 0, and (2) the difference between

the number of extreme points of the original signal (including the number of maximum

points + the number of minimum points) and the number of intersections of the original

signal cannot be greater than 1 (less than or equal to 1). For the original signal x(t) EMD

can be used to decompose it into

x (t) Æ
KX

i Æ1
IMF (i ) (t)Å r K (t) (2.12)

where x(t) is the original signal, and IMF (i ) is K intrinsic mode functions r (K ) is the

negligible residue of the signal, which is the remainder of the subtraction of the original

signal and IMF (i ). The decomposition process of EMD is divided into four steps. Step 1:

calculate the mean value m(t) according to the envelope line of the original signal x(t).
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Figure 2.2: Scalogram representation for both hand motor imagery.

Meanwhile, h(t) can be obtained:

h (t) Æx (t) ¡ m (t) (2.13)

Step 2: Judge whether the h(t) meets the two conditions of the IMF. If not, take h(t) as

the input signal and go back to step 1. If the conditions are met, get an IMF and go to

the next step. Step 3: set the kth IMF as hk (t), assign it to ck(t), obtained as follows:

ck (t) Æhk (t) (2.14)
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ck(t) is separated from the original sequence and a new residual term is obtained:

r k (t) Æxk (t) ¡ ck (t) (2.15)

Step 4: judge whether the new remaining item meets the end condition of EMD, if not,

bring the remaining item back to step 1; if it meets, end the EMD. After decomposition,

the original signal can be expressed in the form of (nIMF+1 residual item):

x (t) Æ
nX

i Æ1
ci Å r n (2.16)

Finally, HT is used to calculate the instantaneous frequency and amplitude to transform

signals into Hilbert spectrum as inputs sent into deep learning structure.

Figure 2.3: Schematic diagram of processed EEG signal, (a) is the original signal of EEG,
and then (b) » (h) is IMF.

2.3.1.2 Signal Values Input

Signal values are also used directly as inputs to the neural networks. In contrast to

two-dimensional static images, the EEG signal is a dynamic time series from electrode

measurements obtained on the three-dimensional scalp surface. Also, the EEG signal
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has a comparatively low signal-to-noise ratio, that is, sources that have no task-relevant

information often affect the EEG signal more strongly than the task-relevant sources.

These properties could make learning features in an end-to-end fashion fundamentally

more dif�cult for EEG signals than for images. Thus, the existing structures from the

�eld of computer vision need to be adapted for EEG input and the resulting decoding

accuracies rigorously evaluated against more traditional feature extraction methods. For

that purpose, in 2017, Robin et al created three ConvNets with different structures, with

the number of convolutional layers ranging from 2 layers in a “shallow” ConvNet over

a 5-layer deep ConvNet up to a 31-layer residual network (ResNet) [ 85]. Among them,

the “Shallow” and “Deep” ConvNet structures have a great in�uence on the following

new models. The most two important steps proposed by the team are that one dimension

�lter is �rst used to get the time feature from each channel and then uses depthwise

convolution to get the space feature from signals. The detail is shown in Fig 2.4. These

Figure 2.4: The �rst block structure in “Shallow” and “Deep” ConvNet.

two models are tested in the BCI Competition IV 2a&2b datasets. The accuracy of the

four categories can reach around 70%, surpassing the champion method �lter bank

common spatial patterns (FBCSP) [ 70] by 2% ¡ 5%. This is a huge improvement based

on deep learning and the team also uses visualization to add more interpretability to

deep learning.

However, the number of trainable parameters per model is around 152219 which is

time-consuming to compute. To reduce parameters, Lawhern in 2018 proposed a new
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structure called “EEGnet” [ 92]. Fig 2.5 shows the details of its structure. The network

Figure 2.5: The structure of EEGNet.

starts with a temporal convolution to learn frequency �lters and then uses a depthwise

convolution, connected to each feature map individually, to learn frequency-speci�c

spatial �lters. The separable convolution is a combination of a depthwise convolution,

which learns a temporal summary for each feature map individually, followed by a

pointwise convolution, which learns how to optimally mix the feature maps. The number

of parameters in the EEGnet is only 796, less than the one used in Deep ConvNet. Table

2.2 is the result of parameters used in different deep learning models and datasets.

Meanwhile, Deep ConvNet uses the cropping method to generate more data but EEGnet

does not use any data augmentation methods. It reduces much time to train and test

while only sacri�cing a small accuracy rate. Fig 2.6 shows the accuracy result compared

with deep and shallow ConvNet. The team also tried the model on other BCI paradigms

such as P300 besides MI and got success.

Besides these three classical models' structures, researchers have made other changes

to these models. For instance, Syed Umar Amin [ 92] proposed a multi-layer CNNs

method for fusing CNNs with different characteristics and structures to improve EEG

MI classi�cation accuracy. There are four CNN structures with different depths, and then
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Figure 2.6: 4-fold within-subject classi�cation performance for the SMR dataset for each
model, averaged over all folds and all subjects.

Table 2.2: Number of trainable parameters per model and per dataset for all CNN-based
models.

Trial Length(sec) DeepConvNet ShallowConvNet EEGNet-4,2 EEGNet-8,2
P300 1 174,127 1,004,002 1,006 2,258
ERN 1.25 169,927 91,602 1,082 2,290

MRCP 1.5 175,725 104,722 1,098 2,322
SMR 2 152,219 40,644 796 1,716

a connected layer combines the outputs of each CNN structure. More parameters need to

be trained, but the accuracy rises from 72% to 75.7% in dataset BCI Competition IV 2a.

In 2020, Mane proposed the FBCnet [ 93] which uses a Variance layer (VL) that computes

the temporal variance of the individual time series. Following the VL features from all

parallel branches are concatenated and fed to a FC layer with linear activation. The

output of the FC is then passed through the softmax layer to get the output probabilities

of each class. The binary classi�cation accuracy on Korean Dataset [ 94] can reach 74%,

26



2.3. DEEP LEARNING-BASED DECODING ALGORITHMS FOR MI-EEG

9% higher than EEGnet and Shallow CovNet. Furthermore, many studies show the

advantages of using raw signals as input.

Figure 2.7: The structure of FBCNet.

2.3.1.3 Calculated Features Input

Compared with the other two types of input, using calculated features as input based

on deep learning is not popular. The main reason is that deep learning is an end-to-end

process. As a black box, researchers do not know if the traditional features can be learned

or given useful information to a deep learning model. Therefore, more studies prefer

to let the DL models learn everything by themselves. However, some studies still use

traditional arti�cial features and have achieved good results. For instance, Ce et al [ 95]

used covariance matrices of EEG signals as symmetric positive de�nite (SPD) matrices

and sent them into the DL models. SPD is compatible with calculations in Riemannian

space which can better handle high-dimensional data and capture the nonlinear struc-

tures and complex features. Ma et al [ 52] calculated the Pearson correlation coef�cient

and captured coherence frequency band features. Calculated features often contain prior

knowledge, which can enhance the interpretability of the model and reveal potential

neural mechanisms.

27



CHAPTER 2. LITERATURE REVIEW

2.3.2 Model Structure

A crucial choice in the DL-based EEG processing pipeline is the neural network archi-

tecture. In the systematic review [ 96], until the end of 2014, DBNs and FC networks

comprised the majority of the studies. However, since 2015, CNNs have been the ar-

chitecture type of choice in most studies. This can be attributed to its capabilities of

end-to-end learning and of exploiting hierarchical structure on the data, as well as their

success and subsequent popularity on computer vision tasks, such as the ILSVRC 2012

challenge [ 97]. The proportion of studies using CNNs and combinations of recurrent and

convolutional layers has been growing steadily.

2.3.2.1 Convolutional Neural Networks

In deep learning, a CNN is a class of arti�cial neural networks, most commonly applied

to analyze visual imagery. CNNs are regularized versions of multilayer perceptrons.

Multilayer perceptron usually means fully connected networks, that is, each neuron in

one layer is connected to all neurons in the next layer. The "full connectivity" of these

networks makes them prone to over�tting data. CNNs take a different approach towards

regularization: they take advantage of the hierarchical pattern in data and assemble

patterns of increasing complexity using smaller and simpler patterns embossed in their

�lters.

A CNN consists of an input layer, hidden layers, and an output layer. In a feed-

forward neural network, the middle layers are called hidden because their inputs and

outputs are masked by the activation function and �nal convolution. The hidden layers

include layers that perform convolutions. As the convolution kernel slides along the

input matrix for the layer, the convolution operation generates a feature map, which

in turn contributes to the input of the next layer. This is followed by other layers such

as pooling layers, fully connected layers, and normalization layers. Fig 2.8 shows the

process of the feed-forward in CNN structure.

Compared to other deep learning models, CNN is more �exible, especially in dealing

with EEG signals [ 86]. When the EEG signals are transformed into images, researchers

28



2.3. DEEP LEARNING-BASED DECODING ALGORITHMS FOR MI-EEG

Figure 2.8: Process of the feed-forward in CNN structure.

analyze them as traditional image processing. When the input type is a raw signal,

the CNN can also extract different kinds of features. 1D convolution layer creates

a convolution kernel that is convolved with the layer input over a single spatial (or

temporal) dimension to produce a tensor of outputs. Because EEG signals are dynamic

series, a 1D CNN layer can be used to get temporal information from each channel.

Depthwise 2D convolution is a type of convolution in which a single convolutional �lter

is applied to each input channel. It is implemented via the following steps: 1) Split the

input into individual channels; 2) Convolve each input with the layer's kernel (called a

Depthwise kernel); 3) Stack the convolved outputs together (along the channels axis).

Unlike a regular 2D convolution, depthwise convolution does not mix information across
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different input channels. Fig 2.9 is the process of using depthwise convolution to get

the feature map from each channel from the input. After using a 1D convolution layer

to get each channel's temporal feature, depthwise convolution is usually used to learn

information from all channels. For instance, there are 20 channels used in the EEG

Figure 2.9: Process of the feed-forward in CNN structure.

signals. Each instant time point has 20 feature samples. Then each instant timepoint

map is regarded as a channel. If there are 500 time points, it will be 500 channels and

each channel has 20 feature samples. The depthwise convolution can get the information

from these 20 feature samples which are regarded as the spatial feature. Therefore, 1D

convolution and depthwise convolution are always used to learn temporal and spatial

features from EEG signals in a CNN model. The �exibility of the CNN layer brings

different styles to different kinds of features.

There are three classical variants of CNN models namely Inception (GoogLeNet) [ 98],

VGGNet, and ResNet. GoogLeNet is notable for its "Inception modules," which allow the

network to perform convolutions with multiple �lter sizes in parallel. This design (shown

in �g 2.10) enables the network to capture features at various scales, making it highly

ef�cient in terms of both computation and memory usage. Riyad et al [ 45] developed

a ConvNet based on Inception and Xception modules to extract temporal and spatial

features. Amin et al [ 99] combine the attention mechanism with the inception module

to capture features based on importance from MI data. Zhang et al [ 100] adopted an

inception-time network to analyze EEG signals, which showed to be highly ef�cient and

accurate for time-series classi�cation.
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Figure 2.10: Inception modules where each 5 × 5 convolution is replaced by two 3 × 3
convolution.

VGGNet is characterized by its use of very small (3x3) convolutional �lters and a

deep architecture, with networks typically having 16 or 19 layers (shown in �g 2.11).

Despite its simplicity, VGGNet is highly effective and has been widely used in image

classi�cation tasks [101]. Owing to its deeper architecture, the variants of VGGNet are

frequently employed in the construction of pre-trained models using extensive historical

data. Through the application of transfer learning strategies, speci�c parameters are

�ne-tuned, thereby extending the model's generalization capabilities. For instance, Li

et al [ 102] adopted pre-trained VGG-16 CNN model for MI classi�cation and �n-tuned

parameters based on the target domain data. Xu et al [ 103] introduced a framework

that utilizes a VGG-16 CNN model pre-trained on ImageNet, paired with a target CNN

model that mirrors the VGG-16 architecture, except for the softmax output layer. The

parameters from the pre-trained VGG-16 model are directly transferred to the target

CNN model, which is then employed for the classi�cation of MI EEG signals.

ResNet is also is known for its deep architecture, which can go hundreds of layers

deep. The key innovation is the introduction of "residual blocks," where the input to a

layer is added directly to the output of a few layers ahead (shown in �g 2.12), helping

to address the vanishing gradient problem and allowing for the training of very deep

networks [ 104].This module is highly �exible, allowing it to be used in combination
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Figure 2.11: The framework of the VGGNet.

with many other modules. For example, Khademi et al [ 105] utilized pre-trained CNN

networks, speci�cally ResNet-50 and Inception-v3, within a hybrid network to help

address the challenge of limited MI-EEG dataset size. Jia et al [ 106] employed ResNet

in the graph convolutional neural network to address the degradation problem led by

deeper networks.

Figure 2.12: The framework of the residual block.

2.3.2.2 Long Short-Term Memory

Besides CNN, recurrent neural network (RNN) is also a popular model in the �eld of

BCI. 1D convolution layer is used to get temporal features. In theory, RNN is better
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for learning temporal features. Long short-term memory (LSTM) is an arti�cial RNN

architecture [ 107] used in the �eld of deep learning. Unlike standard feedforward neural

networks, LSTM has feedback connections. It can process not only single data points

(such as images) but also entire sequences of data (such as speech or video). For example,

LSTM applies to tasks such as unsegmented, connected handwriting recognition[ 108],

speech recognition [ 109], and anomaly detection in network traf�c. A common LSTM unit

is composed of a cell, an input gate, an output gate, and a forget gate. The cell remembers

values over arbitrary time intervals and the three gates regulate the �ow of information

into and out of the cell. LSTM networks are well-suited to classifying, processing, and

making predictions based on time series data since there can be lags of unknown

duration between important events in a time series. LSTMs were developed to deal with

the vanishing gradient problem that can be encountered when training traditional RNNs.

Relative insensitivity to gap length is an advantage of LSTM over RNNs, hidden Markov

models, and other sequence learning methods in numerous applications. The forget gate

is used for discarding useless information of the prior LSTM cell, Considering the EEG

signal is a dynamic time series from electrode measurements, LSTM may get temporal

features from the EEG signal better than CNN. However, Tayeb et al compared the

classi�cation accuracies achieved using the developed neural classi�ers (RCNN, LSTM,

pCNN) and two other models dCNN and sCNN proposed by Schirrmeister et al [ 110].

The LSTM-based raw EEG data approach did not outperform any of the other developed

models and the results remained slightly inferior to those obtained by state-of-the-art

methods. There may be several reasons. Firstly, the EEG signals have low SNR which

causes the LSTM model not to gain useful temporal features. Secondly, the relationship

between different electrodes and brain regions or other space features is hard to learn

through LSTM. LSTM is not as �exible as CNN. Therefore, more studies prefer using

CNN. To sum up, the CNN model is widely used in EEG signal processing. Although

RNN and LSTM do not perform as well as CNN, it still deserves to study the hybrid of

CNN with other types of models such as LSTM, VAE et al.
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Figure 2.13: The framework of LSTM cell, `S' denotes sigmoid activation function, `tanh'
denotes hyperbolic tangent activation function, `+' is plus, and `×' is multiplication. The
'C t ' represents the state of the LSTM cell at the current moment. The ' C t¡ 1' represents

the state of the LSTM cell at the last moment. The ' hl t ' represents the output of the
LSTM cell at the current moment. The ' hl t¡ 1' represents the output of the LSTM cell at

the last moment.

2.3.2.3 Transformer

The Transformer model is a deep learning architecture that has gained popularity for

its effectiveness in various tasks. Unlike traditional RNNs or CNNs, the Transformer

architecture relies entirely on self-attention mechanisms to weigh the importance of

different input tokens when generating output tokens [ 111]. This self-attention mecha-

nism allows the model to capture long-range dependencies in sequences more effectively,

making it particularly suitable for tasks involving sequential data. The Transformer

model consists of an encoder-decoder structure, where the encoder processes the input

sequence and generates a representation that can be sent to the classi�ers or decoders

(shown in Fig 2.14).

The multi-head attention mechanism in the Transformer model enables the model

to focus on different parts of the input sequence simultaneously. It achieves this by

projecting the input embeddings into multiple subspaces namely Query (Q), Key (K), and

Value (V) (shown in Fig 2.15), and computing attention scores independently for each
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Figure 2.14: The Transformer model architecture.

subspace. These attention scores are then combined across all heads, allowing the model

to attend to different aspects of the input sequence in parallel. This parallelization (Fig

2.16) enhances the model's ability to capture diverse relationships and dependencies

within the input sequence, leading to more effective representation learning. Additionally,

the use of multiple attention heads provides the model with the �exibility to attend to

different parts of the input sequence with varying levels of granularity, enabling it to

capture both local and global dependencies effectively.
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Figure 2.15: Scaled Dot-Product Attention framework.

Figure 2.16: Multi-Head Attention framework.

In the BCI �eld, the transformer is also adapted to handle signals in the applications

such as person identi�cation [ 112], emotion recognition [ 113], visual stimulus classi�-

cation [ 114] and signal denoising [ 115]. For MI-EEG decoding, Ma et al [ 116] proposed

a hybrid CNN-Transformer model to weigh spatial features and frequency signals by

employing the attention mechanism. Song et al [ 117] proposed a hybrid model with

six transformer encoders after extracting features from MI-EEG by CNN layers. Tao

et al[ 118] employed the gating mechanism on the transformer to improve the model

performance. Xie [ 119] designed �ve hybrid models with different layers in the CNN and

transformer. Although research on using transformers for EEG decoding is still limited

overall, transformers remain a promising tool for exploring long-time-series data like
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EEG signals.

2.4 Transfer Learning-Based Decoding Algorithms

for MI-EEG

Transfer learning solves insuf�cient data problems by adjusting the model via prior

knowledge to make it adaptable to new tasks. The transfer learning model keeps learning

ability without a large amount of data based on prior knowledge learned in related tasks.

Unlike traditional machine learning, the focus of transfer learning is on the target task

with one or multiple source tasks which are trained to provide priori knowledge for the

target task [ 120]. Transfer learning is mainly used for data augmentation and saving

time for building a new model by transfer parameters. Santana et al. proposed a cross-

subject classi�er to predict the stimulus presented to a subject from the analysis of the

brain activity [ 121]. In the previous study, there are three transfer learning approaches

based on EEG [122]:

• Feature representation transfer: Encode the transferred information into a new

feature representation, which enables later classi�cation models to generalize

well on the target test set. Discriminative information across subjects or sessions

may be transferred to reduce calibration time, and stationary information may be

transferred to avoid repeated calibrations before each use of BCIs. So far, many

transfer learning methods in this setting have learned a new feature representation

by spatial �ltering with data collected and organized in matrixes.

• Instance-transfer: Transfer information by reusing certain parts of data from the

source domains. Different from the feature-representation-transfer approach, the

instance-transfer approach transfers discriminative information by weighting data

from source domains instead of changing their feature representations. Approaches

in this case weight data from source domains to reuse certain parts of data. How-
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ever, few instance transfer approaches have been proposed to transfer stationary

information across domains.

• Classi�er-transfer: Reuse classi�ers learned from other domains to aid the target

task. Domain adaption of classi�ers and ensemble learning of classi�ers are two

major techniques. This case can be further organized into two rough subcategories:

domain adaption of classi�ers and ensemble learning of classi�ers. Domain adap-

tion of classi�er is a common method, which reuses learned classi�ers from source

domains and adjusts classi�er parameters according to the target domain. This

type of approach generally requires that there are enough parallels between source

domains and target domains. Therefore, a common scenario using domain adaption

of the classi�er is to transfer the discriminative and stationary information from

session to session. Different from the former, ensemble learning of classi�ers is

a promising method to combine base classi�ers learned from multiple domains

into a single one. Generally, diversity among the base models is deemed to be a

primary cause for the �nal classi�er to obtain an accurate performance and a good

generalization ability.

2.5 Summary

This section has performed a comprehensive review of MI-BCI background and corre-

sponding EEG decoding algorithms. In Section 2.1, the principles of MI-BCI systems are

introduced and prove the effectiveness for rehabilitation. By decoding EEG signals, the

recognized motor intentions can be employed as commands to control external devices or

bring neuro-feedbacks which help patients get involved in the rehabilitation training

for a better recovery effect. The ERS/ERD phenomenons generated by the correlated

brain area based on MI stimulations provide theoretical foundations for classi�cation

algorithms. In Section 2.2, conventional machine learning approaches including fea-

ture extraction and classi�cation are presented. Although previous studies have gained

progress on MI-EEG decoding, the mismatch between feature extraction and classi�-
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cation may limit the capability of machine learning models. Deep learning has been

proven a potential tool for analyzing signals in diverse �elds and Section 2.3 shows two

important factors namely input formulation and model structure in DL methods. The

main types of input include images, signal values, and calculated features while the

mainstream structures involve CNNs, LSTM, and transformers. Selecting appropriate

input signals and designing ef�cient model structures will be discussed in the next

four chapters. Section 2.4 investigates the transfer learning strategy for improving DL

models' performance and practicability which will be used in Chapter 6.
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Since CNN has gained lots of attention in decoding MI-EEG for improving stroke reha-

bilitation strategies, the extremely non-linear, nonstationary nature of the EEG signals

and diversity among individual subjects results in the over�tting of a CNN model and

limits its learning ability. In this chapter, a densely connected convolutional network

with multi-view inputs is proposed. First, different data subsets from the original EEG

signals are created as the CNN model inputs through bandpass �lters applied to the

EEG signals to generate multiple frequency sub-band signals based on brain rhythms.

Then, temporal and spatial features are captured based on the whole frequency band and

the �ltered sub-band signals, respectively. Further, two dense blocks with multi-CNN

layers, which connect each layer to every other layer in the feed-forward path, are used

to enhance the model learning capabilities and strengthen information propagation.

Finally, a concatenation fusion method is used to integrate the extracted features and a

fully connected layer for �nalizing the classi�cation. The proposed method achieves an

average accuracy of 75.16% on the public Korea University EEG dataset which consists

of the EEG signals of 54 healthy subjects for the two-class MI tasks, demonstrating

that the proposed method effectively extracts much richer MI information from the EEG

signals and improves classi�cation accuracy.
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3.1 Introduction

The DL-based algorithms have been demonstrated to be effective in decoding MI-EEG

signals. However, few models considered the in�uence of frequency band range which

varies from subject to subject, and the reuse of features in a deep learning structure.

There exist two key challenges in frequency band selection in the data preprocessing

step. The �rst is the dif�culty to determine brain rhythms as they vary with time and

with different subjects, the other is the diversity among different subjects. The brain

rhythms re�ect the functional states of different neuronal cortical networks. The most

common frequency band used in the MI-EEG �eld is ® rhythm [ 123] which is about 10

Hz and ¯ rhythm which is around 20 Hz [ 38]. In the research [ 67], 7 - 30 Hz was selected

as the ® and ¯ rhythm. In another study [ 12], it is shown that 26 Hz is the upper limit

of the ¯ rhythm. Besides that, µ rhythm (4-7 Hz) was also proved useful in decoding

MI-EEG signals [ 124, 125]. It is clear that, the frequency band range for special brain

rhythms is found to be different in these studies. Meanwhile, Novi et al [ 69] proved that

the variation among different subjects is enormous. That is also the reason that FBCSP

and other later methods focused on selecting the appropriate operational frequency band

for extracting discrimination. In DL methods, if no band selection is performed before

building the classi�er model, redundant information and noise will lead to the over�tting

problem and make it dif�cult to learn useful features. However, on the other hand, if the

band selection is performed, the differences among different subjects may have a great

impact on the �nal classi�cation result. All these have to be taken into account.

The other challenge is the lack of reusable feature maps in the deep learning model.

In the computer vision �eld, many works have demonstrated that the CNN model with

shorter connections between layers close to the input and the ones close to the output

can be trained more ef�ciently and accurately, and these shorter connections can help

reuse features in the previous layers [ 126]. ResNets [104] redesigned the layers that

learn residual functions concerning the layer inputs and side signals from one layer to

the next through connections. Larsson et al [ 127] proposed FractalNets that combine

several parallel layer sequences with different numbers of CNN and maintain many
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short connections in the network. The densely connected network (DenseNet) [ 126] uses

direct connections between any two layers with the same feature-map size. Short paths

lead to feature map reuse which can ensure ef�cient information �ow between layers

in the network and improve model learning capabilities. Liu et al [ 128] connected the

DenseNet with 3D CNN to decode MI-EEG. However, the 22 input channels were forced

to be the size of 7 £ 7 by padding with the mean of all the EEG signals which introduced

lots of redundant information. Yu et al [ 129] proposed a model combining the attention

mechanism with DenseNet. However, the model only used three channels (C3, C4, Cz)

to generate the input images by Continuous Wavelet Transform (CWT), which ignored

massive spatial information provided by the other channels in the cortex.

To address the two outstanding issues in deep learning for EEG signal decoding in

BCI systems, this chapter proposes a novel end-to-end CNN architecture with multi-

views of EEG signals based on the densely connected convolutional network. First, the

MI-EEG signals are fed to a 3-order Butterworth �lter with different frequency bands

(1-5 Hz, 4-8 Hz, 8-13Hz, and 13-32 Hz) according to the brain rhythms. Then each of

the four EEG sub-band signals and the raw data covering the whole frequency band is

fed into a CNN model respectively. Then two CNN layers are used to capture temporal

and spatial features. Next, these features pass two dense blocks with multi-CNN layers,

which helps to connect each layer to every other in a feed-forward mode. In the dense

block, the feature maps extracted by the preceding layers are used as inputs, and their

feature maps are fed into the succeeding layers, which help reuse feature maps and

reduce over�tting on tasks. The �nal extracted features from each kind of input signal

are fused in a fully-connected layer and end with the softmax classi�er.

The remainder of the chapter is organized as follows. The details of the proposed

method including data description, preprocessing steps, the detailed structure and

parametrization of the proposed CNN model are given in Section 3.2. Experimental

results and discussions are presented in Section 3.3 and Section 3.4 respectively. Finally,

Section 3.5 concludes Chapter 3.
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3.2 Methods

This chapter �rst introduces the public dataset used in the experiment. Then the prepro-

cessing steps and the proposed method are given in detail. The structure and parameters

are shown at the end.

3.2.1 Data Description

1) The public Korean University (KU) dataset [ 94] which includes �fty-four healthy

subjects (ages 24-35; 25 females) is the largest binary dataset so far available in the

public domain. Every subject had 200 trials of data (100 trials for imaging the left hand

and right hand respectively). The EEG signals were collected with 62 electrodes based

on the standard international 10–20 system placement. The sampling rate was 1,000 Hz.

To ensure a fair comparison with other methods, the raw signals was downsampled to

250 Hz. 20 electrodes from the region related to motor function were selected (shown in

Fig 3.1). The channel selection is based on the previous model [ 93, 130] which performed

well on this dataset. The black �xation cross on the center of the monitor lasted for 3

seconds for subjects to prepare for the MI task. Next, the subject was asked to image

the MI task for 4s according to the left or right arrow that appeared on the monitor

and relaxed after a blank screen. We only intercept 4 s data for the MI tasks for the

subsequent processing. The 10-fold cross-validation (CV) method was adopted to check

the performance and robustness of our proposed model. 8 folds are used for training, 1

fold for testing, and the remainder for validation. Hence, for each subject's model, a total

of 160 training trials and 20 validation and testing trials were administered.

2) BCI Competition IV 2a (BCIC-IV-2a) dataset [ 131] consists of recordings from 9

healthy subjects performing 4 different MI tasks: left-hand, right-hand, both-foot, and

tongue. The signals were acquired using 22 EEG electrodes with a sampling frequency of

250 Hz and were bandpass �ltered between 0.5 Hz and 100 Hz, as well as notch �ltered

at 50 Hz. Two sessions were recorded on different days for each subject, with each session

comprising 288 trials. So there is an inherent drift in the statistical distributions between
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Figure 3.1: EEG electrodes position (KU dataset). The EEG electrodes shown in gray
were used in the proposed model.

the two sessions. We used the �rst session for training and the second session for testing

to validate the performance of the proposed model. Each trial lasts 4 seconds for the MI

task, and we used the entire length of the data for decoding.

3.2.2 Preprocessing

We use a 3-order Butterworth �lter to obtain multi-views of EEG signals based on

different brain rhythms. Compared with the Chebyshev �lted used in the [ 93], Butter-

worth �lter provides a �at passband without ripples, making it ideal for applications

requiring consistent signal quality. It also has a more linear phase response, reducing

phase distortion and preserving signal integrity. We select four sub-bands with 1 Hz

overlap, which are ± rhythm (1-5 Hz), µ rhythm (4-8 Hz), ® rhythm (7-13 Hz) and ¯

rhythm (12-32 Hz). As aforementioned, earlier work has already shown that the signals

from these sub-bands can better decode MI-EEG signals and identify the intentions of

the subjects. However, suitable boundaries of sub-bands for MI-EEG signals vary from

person to person. To ensure that the feature diversity of each individual is properly

learned, raw signals with the overall band covering the full frequency spectrum are also

fed into the proposed model. Therefore, altogether �ve types of EEG signals are used as
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Figure 3.2: The overview of the proposed model structure. The structure is divided into
three blocks: (a) Temporal-Spatial Block; (b) Dense Block; (c) Fusion Block. In the Dense
Block, 7@1£ 64 means each CNN layer in the dense block has 7 �lters with the size of

(1£ 64). C means the concatenation procedure.

inputs including speci�c information related to the MI and the diversity among subjects.

3.2.3 The Proposed Model

The schematic of the proposed model is shown in Fig 3.2. Each view of speci�c MI-EEG

signals is processed using the same deep-learning structure. Therefore, the �nal fully

connected layer receives the same size of features through these �ve parallel structures.

3.2.3.1 De�nitions

De�ne the raw EEG signals as E Æ(X i ,Yi )j i Æ1,2, ..., N , where X i 2 RC£ T represents

i ¡ th EEG trial with C channels and T samples. N is the total number of EEG signal

trials. In our experiment, C equals 20 and T is 1000 because each trial has 4 s data with

a 250 Hz sampling rate. Yi is the matching label of X i , which comes from the label set

M Æ{m1 : r ight ,m2 : le f t }.
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3.2.3.2 Temporal and spatial block

As a time series, EEG signals contain abundant temporal features. Meanwhile, the

different electrode positions on the scalp allow for spatial characterization of brain

activities. Therefore, we use two CNN layers to extract temporal and spatial features

which are the most important and commonly used in decoding MI-EEG tasks. First,

a CNN layer with the kernel size of 1 £ k is adopted on each channel to perform a

convolution over time. According to the experience of previous studies [ 132, 133] and

ablation experiments on the kernel size selection, we allow k Æ64 in the proposed model.

Then, a depthwise CNN layer is applied across all channels. The number of the �lter is

set to one so that signals from all channels at each time instant were compressed into one

feature map. This approach facilitates a reduction in the number of trainable parameters

and enables the ef�cient extraction of features [ 132]. No activation function intervenes

between the two layers [ 85]. Then, the exponential linear unit (ELU) [ 134] and batch

normalization [135] techniques are employed to mitigate the over�tting problem.

3.2.3.3 Dense block

Assume that the network has L layers, each of which implements a non-linear trans-

formation F l (¢) where l is the index of the layer and the output of each layer is xl .

Traditional transition with a single connection between each CNN layer is:

xl ÆF l (xl ¡ 1). (3.1)

As the network becomes deeper with more layers, some useful features may also be

�ltered. Meanwhile, more parameters need to be optimized which leads to over�tting,

especially for MI-EEG signals with a limited number of subjects. To address this problem,

we refer to [ 126] and build direct connections from any layer to all subsequent layers.

The detailed structure is shown in Fig 3.2. In a dense block, the l th layer receives the

feature maps of all preceding layers, and the activation function is:

xl ÆF l ([x0, x1, ..., xl ¡ 1]). (3.2)
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where [ x0, x1, ..., xl ¡ 1] are the feature maps from the preceding CNN layers [ l 0, l 1, ..., l ¡ 1].

Each CNN layer adopts ELU as activation, followed by batch normalization and dropout

techniques. If a CNN layer produces k new feature maps, the l th layer has k0 Å k £ (l ¡ 1)

inputs, where k0 is the number of feature maps from the input. The k is called the

growth rate of the network which re�ects how much new information a CNN learned and

contributed to the proceeding layer. The short paths from preceding layers to proceeding

layers are greatly increased to L(LÅ1)
2 whereas traditional architecture only has L ones in

a L layers network. Through the dense block, each layer has access to all the preceding

feature maps which enhances the �ow of information and feature reuse.

In summary, in the proposed model, the dense block receives an input consisting of

40 feature maps. To mitigate the risk of over�tting, we set k=7, and use 4 CNN layers in

each block. Following the �rst CNN layer, we concatenated the 7 extracted feature maps

combined with the original 40 feature maps to form a new input that is then fed into

the subsequent CNN layer to learn 7 additional feature maps. This process is repeated

before the third CNN layer, thereby allowing for the extraction of more informative

and discriminative features. Each subsequent layer of CNN is not only connected to the

previous layer but also has connections to the outputs of all previous layers, enabling the

establishment of shorter paths that help the �ow of the information.

3.2.3.4 Fusion block

As mentioned earlier, in addition to the complete raw EEG data, four different inputs

represent different views of the MI-EEG signals. These sub-band datasets are based on

brain rhythms related to MI tasks. While the raw signals without �ltering re�ect the

diversity of features that varies from person to person. After further learning by two

dense blocks, the extracted features are sent into a 1 £ 1 CNN layer to reduce the size of

feature maps before fusion. Fewer maps help to improve computational ef�ciency and

reduce �uctuations in the loss function trajectory along the training. Finally, features

obtained through all parallel branches are fed to a fully connected layer with a softmax

classi�er.
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Using the single-band input can reduce a number of computational parameters, as

demonstrated in classical models such as ConvNet [ 85] and EEGNet [ 132]. However, this

approach often ignores the impact of differences across different frequency bands. When

using multi-branch input that divides EEG into different frequency bands, the learned

features need to be integrated before being fed into the classi�er. The previous models

such as HS-CNN [ 133] used a simple fully connected layer to fuse the information. In

contrast, our model has multiple layers for each branch, leading to numerous calculated

feature maps. As a result, we need to reduce the dimensionality through one-dimensional

CNN and pooling procedures to prevent over�tting and reduce the model complexity.

3.2.3.5 Training

The cross-entropy function is selected as a loss function which calculates the distance

between the probability distribution of the neural network prediction values yp and the

true labels yt [136]:

L
¡
yp, yt

¢
Æ ¡

X

m
yp,m log yt ,m . (3.3)

where m is the index of y. The optimizer is Adam [ 137] and learning rate l r Æ0.0001. The

training takes 1000 epochs for each fold in the CV with 16 batches per epoch. The early

stopping technology was used to save the best weights during each fold. The training

step ended after checking if the validation loss value decreased for the last 150 epochs.

After reaching the threshold, the model with the best weights produces the classi�cation

results of the test fold.

3.2.3.6 Baseline models

We use two traditional machine learning methods (CSP [ 138] and FBCSP [ 70]) and

three state-of-the-art deep learning architectures (Shallow ConvNet [ 85], Deep ConvNet

[85], and EEGNet 8-2 [ 132]) as baseline models to demonstrate the effectiveness of our

proposed method. Since the baseline models use different datasets in the initial research,

we have used the best parameters of these models and ensure a fair comparison. The

details of the baseline models are described as follows:
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1. CSP: The basic principle of the CSP algorithm is to �nd the optimal set of spatial

�lters for mapping data by using the diagonalization of the matrix. In this way,

the difference between the variance values of the two tasks is maximized, thus

gaining a feature vector with high discrimination. The methods CSSP, CSSSP, and

DFBCSP mentioned earlier all use CSP as the kernel algorithm.

2. FBCSP: FBCSP is also a successful algorithm commonly used in the BCI �eld.

After extracting the features through CSP, FBCSP used a feature selection method

to automatically select discriminative pairs of frequency bands. According to [ 70],

we decompose EEG signals into nine frequency bands with a bandwidth of 4 Hz

from 4 to 40 Hz through a Chebyshev �lter. The classi�er is the SVM with the

default kernel radial bias function (RBF).

3. ConvNet: ConvNet included the shallow and deep two structures. Shallow ConvNet

is a DL model with only two CNN layers and an average pooling layer, which

achieved a better performance than FBCSP on the public dataset BCI competition

IV 2a [ 139] and high-gamma dataset [ 85]. Deep ConvNet includes a temporal and

spatial �lter which are similar to the head of the Shallow ConvNet. Then the

layer was followed by several convolution-max-pooling blocks and a fully-connected

layer with a softmax classi�er. It extended the choice of learning parameters and

optimization plans and has achieved excellent results [140].

4. EEGNet 8-2: Based on the Shallow ConvNet, this model adopted a separable CNN

layer after extracting temporal-spatial features, which ensured the quality of the

classi�cation results with reduced calculation cost.

5. FBCNet: FBCNet divides the raw EEG signals into several frequency bands. Then

the depthwise CNN layer was used to extract spatial features. After that, the

model employed a variance layer to compute the temporal variance of the time

series. Finally, the features are fused in a fully-connected layer and ended with

the softmax. The model referred to the principle of FBCSP and achieved the best

classi�cation result on the Korean public MI dataset[93]
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3.3 Results

The computer used in this experiment had 8 Intel cores Intel processors and 16 GB

RAM. GTX 2080 GPU with 8 GB memory was used for training and testing EEG data.

Keras was used for building the proposed model and the baseline models. The results

and statistical analysis of the proposed model are reported in this section, including the

performance comparison with other baseline models.

3.3.1 Overall Performance

The averaged classi�cation accuracy of different methods is shown in table 3.1. The

results from different methods are 64.69% ( § 15.25), 63.50% (§ 19.09), 67.81% (§ 17.55),

61.83% (§ 16.89), 68.96% (§ 17.17), 73.44% (§ 13.28), 75.16% (§ 14.01) for CSP, FBCSP,

EEGNet 8-2, Deep ConvNet, Shallow ConvNet, FBCNet and our proposed method in KU

dataset, respectively. The proposed method achieves 1.72% higher than the best result

among the baseline models. To better validate the results, we use statistical signi�cance

tests including an Analysis of Variance (ANOVA) test for the multiple comparison tests

and paired t-tests between each baseline method and the proposed method. In an ANOVA

test, the proposed method signi�cantly exceeds the others [ F Æ5.054, p Ç 0.001]. The

results of paired t-test are CSP [ t (53) Æ ¡6.074, p Ç 0.001], FBCSP [ t (53) Æ ¡6.220, p Ç

0.001], EEGNet 8-2 [ t (53) Æ ¡5.931, p Ç0.001], Deep ConvNet [ t (53) Æ ¡8.226, p Ç 0.001],

Shallow ConvNet [ t (53) Æ ¡5.788, p Ç 0.001] and FBCNet [ t (53) Æ ¡1.875, p Ç 0.01]. The

performance comparison for individual subjects based on the scatter plots is presented

in Fig 3.3. There is a signi�cant improvement in classi�cation accuracy for most of the

subjects. The proportions of subjects who had classi�cation accuracy over 80% were in

the proposed model than in the baseline models are 81.4% (44 of 54), 85.2% (46 of 54),

79.6% (43 of 54), 87.03% (47 of 54), 77.8% (42 of 54), and 55.5% (30 of 54) for CSP, FBCSP,

EEGNet 8-2, Deep ConvNet, Shallow ConvNet and FBCNet, respectively. In the BCI IV

2a dataset, while FBCNet exhibited 0.26% higher than the proposed model, our model

demonstrated notable classi�cation performance when compared with other baseline
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Table 3.1: Comparison of average classi�cation accuracy (%) with standard deviation
(SD) for different methods.

KU Dataset BCI IV 2a Dataset
CSP [138] 64.69 (15.25) 54.01 (12.77)
FBCSP [70] 63.50 (19.09) 65.79 (14.21)
EEGnet 8-2 [132] 67.81 (17.55) 67.81 (17.55)
Deep ConvNet [85] 61.83 (16.89) 65.34 (13.54)
Shallow ConvNet [85] 68.96 (17.17) 68.96 (14.28)
FBCNet [93] 73.44 (13.28) 72.71 (14.67)
Proposed model 75.16 (15.03) 72.45 (14.10)

Figure 3.3: Scatter plot of individual classi�cation performance. The horizontal axis
represents the classi�cation accuracy from baseline methods (CSP, FBCSP, EEGNet 8-2,

Deep ConvNet, Shallow ConvNet, and FBCNet), and the vertical axis represents the
classi�cation accuracy from our proposed method.

models.

3.3.2 Model Performance on Different Sub-bands

Features extracted from different sub-bands have different impacts on the �nal classi-

�cation accuracy. We tested different methods based on both the four commonly used

sub-bands related to brain rhythms in MI-EEG decoding tasks and the raw data covering
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Table 3.2: COMPARISON OF AVERAGE CLASSIFICATION ACCURACY(%) FOR
METHODS BASED ON DIFFERENT RHYTHMS.

Algorithm ± µ ® ¯ Overall
CSP[138] 52.93 53.81 64.50 63.29 54.39
EEGNet 8-2[132] 55.71 54.09 66.63 67.34 69.69
Deep ConvNet[85] 54.19 51.07 62.56 61.32 65.68
Shallow ConvNet[85] 53.68 52.53 64.38 68.57 64.16
Proposed method 57.43 54.07 66.52 67.47 73.52

the whole frequency spectrum. Our proposed model fuses extracted features through

�ve paralleled structures with the same parameters. Therefore, to validate the effect of

different sub-bands on the proposed model, only one paralleled structure without the

fusion step is used in this experiment. The comparison results based on the KU dataset

are shown in Table 3.2. On the µ and ® sub-bands, EEGNet 8-2 achieved 54.09% and

66.63% respectively which are the best results. The Shallow ConvNet method performed

well on the ¯ sub-band. The proposed methods also produced good classi�cation results

based on different sub-bands, especially having much higher accuracy in decoding the

raw MI-EEG signals over all frequency bands.

Fig 3.4 shows the accuracy of the proposed method based on different brain rhythms

for each subject. The classi�cation results based on ® and ¯ rhythms are higher than

other cases for most subjects, which further con�rms the �ndings reported in the previous

research [123][38]. µ and ± rhythms also contain useful MI information which can

signi�cantly improve the accuracy of some subjects. Furthermore, the proposed model

extracts the most comprehensive information from the raw MI-EEG data covering the

whole frequency spectrum without applying any �ltering and has achieved the best

classi�cation results for 33 out of 54 subjects.

3.3.3 Effect of Hyper-parameters

The kernel structure of the proposed model is the dense block. To improve the model

learning capacity, we test the effect of different numbers of feature maps on the classi�-

cation performance based on all subjects in the KU dataset. The results are shown in
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Figure 3.4: The average accuracy of the proposed method using a 10-fold CV based on
different brain rhythms.

Fig 3.5(a). The highest accuracy is achieved when the CNN �lter in a dense block learns

7 feature maps each time. Fewer feature maps limit the information learned while too

many ones lead to the over�tting problem. Besides that, the number of feature maps

in the �nal 1 £ 1 CNN layer also plays an important role. The in�uence on the model is

shown in Fig 3.5(b). When the dimension of feature maps is compressed to 20, the model

has the best performance. From the results, we can �nd that the difference between

different numbers of feature maps is not huge. However, if there are no 1 £ 1 CNN layer in

the fusion block, the classi�cation rate only reaches about 68% which is similar to other

excellent methods. One possible reason is that there are many extracted features from

each sub-band signal and the raw data comprising all bands. Without decreasing feature

maps by 1 £ 1 CNN layer, a large number of parameters with redundant information

will be calculated in the fully connected layer and in the �nal softmax layer which will

have a negative impact on the �nal classi�cation results. Besides that, we also test the

in�uence of different activation functions (Fig 3.6). The ELU function performs best with

the highest accuracy and runs fast.
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(a) (b)

Figure 3.5: The effect of numbers of feature maps of the proposed model. (a) The feature
maps come from the CNN �lters in the dense block. (b) The feature maps come from the

1£ 1 CNN �lters in the fusion block.

Figure 3.6: The effect of activation functions on example subject
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3.3.4 Effect of Fusion of Sub-bands and The Overall Band

The classi�cation results for methods based on different rhythms are shown in Table 3.2.

Although the accuracy of the proposed model on the raw EEG signals covering the full

frequency spectrum (overall band) is good enough, the combination with subset signals

of speci�c brain rhythms can achieve better performance. As shown in Fig 3.7, without

combining with the features from the raw data covering the full spectrum (whole bands),

the results of the combination of only sub-bands covering brain rhythms ±, µ, ® and

¯ are no more than 68%. When we introduced the features from the overall band, the

accuracy signi�cantly improved. The proposed model with all sub-bands and the overall

band together achieves 75.16% while the combination of the overall band with ( ®, ¯ ) and

(µ, ®, ¯ ) reaches 74.42% and 74.94% respectively.

3.4 Discussions

3.4.1 Comparison of Different Methods

Traditional machine learning methods included feature extraction and classi�cation

steps. Inappropriate combination of the feature extraction methods and classi�ers leads

to poor classi�cation results. Deep learning, which has an end-to-end projection, shows

great performance in decoding MI-EEG tasks [ 86]. Our proposed model uses different

MI-EEG representations based on various sub-bands and raw data covering the overall

band as inputs. The proposed CNN structure improves the model performance through

feature reuse and fusion technology. In Fig 3.3, we show the comparison results with

other methods on each subject. For most subjects, the classi�cation accuracy has been

signi�cantly improved based on our proposed method, even more than 50% than some

benchmark models. The number of subjects whose accuracy is over 80% is 11 for CSP,

15 for FBCSP, 16 for EEGNet 8-2, 12 for Deep ConvNet, 17 for Shallow ConvNet, 16 for

FBCNet and 22 for our model, which further veri�es the superiority and robustness of

the proposed method. Additionally, we utilize the t-SNE [ 141] to achieve full visualization
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Figure 3.7: The classi�cation rate of different combinations of sub-bands and the overall
band based on the proposed model.

of the learned features from different methods. The t-SNE algorithm was used on the

last fully connected layer. All inputs of the t-SNE are reshaped to trials £ features

to show the feature distribution in a two-dimension space. For a fair comparison, the

extracted features of all methods are taken from the same subject (Fig 3.8). Compared

with the other three baseline CNN models, our proposed model was able to extract

more discriminative features through the dense blocks after learning temporal-spatial

information from MI-EEG signals.

3.4.2 Analysis of Fusion of Features from Sub-bands

To learn useful information related to MI, the signals will pass a �lter whose frequency

bands are associated with the brain rhythms (commonly use ® and ¯ rhythm). The

Previous study has shown the signi�cant impact of frequency selection on the �nal

classi�cation results [ 67]. However, unclear EEG rhythm boundaries and differences

in optimal frequency bands for each individual make it dif�cult to build an effective
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Figure 3.8: The feature map of the sixth subject obtained by various methods in 2-D
embedding based on t-SNE. Part (a) is the distribution of the raw EEG data. Parts (b),
(c), (d) and (e) show the distribution of extracted features in trained EEGNet 8-2, Deep
ConvNet, Shallow ConvNet and the proposed method. The proposed method achieved

89.5% classi�cation results, whereas EEGNet 8-2, Deep ConvNet and Shallow ConvNet
resulted in 67.5%, 53.5% and 65.0% respectively.

model. In Table 3.2, the same method gives completely different results in decoding

MI-EEG signals on different rhythms. These methods tend to give about 10% higher

classi�cation results on the ® and ¯ rhythm than on the µ and ± rhythm. Our proposed

method does not show better performance than other baseline methods on these four

commonly used rhythms. However, our method produces much better results on the

overall frequency band which reaches 73.52%. Although using signals covering the whole

frequency spectrum may introduce more redundant information and noise, it ensures

that all MI information and individual diversity among different subjects. The baseline

models such as the EEGNet 8-2 and Deep ConvNet also proved that the classi�cation

accuracy on the overall bands is higher than on the ® or ¯ rhythm. We again use t-SNE

before the �nal fully connected layer to show the distribution of the extracted features
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Figure 3.9: The feature map of the sixth subject with various inputs in 2-D embedding
based on t-SNE. Part (a) is the distribution of the raw EEG data. Parts (b), (c), (d), (e)

and (f) show the distribution of extracted features from ± rhythm, µ rhythm, ® rhythm,
¯ rhythm and the overall bands. The proposed method achieved 89.5% classi�cation on

this subject.

from different inputs (shown in Fig 3.9). Except for the features extracted from ± rhythm,

other ones can be distinguished clearly through the t-SNE visualization on the sixth

subject.

3.4.3 Analysis of Dense Block

Compared with EEGNet 8-2, Deep and Shallow ConvNet, our proposed model has the

same structure in the �rst and second CNN layers to extract temporal-spatial features

from EEG signals. The difference is that we have further introduced two dense blocks

to make the whole structure deeper. The deeper CNN layers can usually learn more

abstract and high-level features which help to improve the model performance. However,

a complex model also leads to the over�tting problem, especially on limited data such as

MI-EEG signals. Further, the non-linear and nonstationary characteristics of EEG may
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let deeper CNN layers learn more noise and redundant information rather than useful

information embedded in the signals. Therefore, previous studies in the literature usually

adopted a structure with only one or two CNN layers [ 86]. From the results listed in

Table 3.1, EEGNet 8-2 and Shallow ConvNet with fewer CNN layers than Deep ConvNet

perform much better. However, fewer CNN layers may limit the learning capability of a

deep learning model. In [ 85], Schirrmeister et al combined ResNet structure to decode

MI-EEG tasks, but the performance was worse than traditional methods like FBCSP.

One possible reason is that ResNet evaluates the difference between the output of one

layer and the input in the preceding layer. However such information is not suitable to be

fed into the following layers because simple addition and subtraction can lose useful EEG

information, since the EEG signals are nonstationary and include a mass of noise signals.

Our proposed model learns all features in the preceding layers instead of the difference

between the inputs and outputs. In the dense blocks, the features learned by any of the

CNN layers are connected by all subsequent layers which encourage information �ow

and feature reuse over the whole model. In the softmax classi�er, the outputs are not

only in�uenced by the features fed from the latest layer which may include redundant

information due to the over�tting problem but also affected by the feature maps fed

from all other preceding layers, which avoid unnecessary information loss as signals

pass across through different layers. From table 3.2, it is evident our proposed model

can extract more valuable features from the overall frequency bands, while reducing

the effects of noise, achieving a better trade-off between model complexity and model

learning capability.

3.5 Conclusions

In this chapter, a novel DL architecture based on the densely connected CNN is proposed

for the recognition of MI tasks. The model employs both �ltered MI-EEG signals based

on four commonly used brain rhythms and the overall frequency band as inputs. The

network �rst extracts temporal and spatial features using the �rst two CNN layers.
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Then, two dense blocks connect each CNN layer to all the rest layers in a feed-forward

mode to further learn discriminative MI-EEG information. The dense block encourages

feature reuse and strengthens information propagation. Next, average pooling layers and

1£ 1 CNN layer help to reduce computation and avoid the over�tting problem. Finally,

the fully connected layer fuses the extracted feature from different inputs and ends

with a classi�er. The fused features include special MI information based on different

brain rhythms and also consider individual diversity among subjects without �nding

the optimal sub-bands. Both the classi�cation accuracy and the distribution of extracted

feature maps have demonstrated the superiority of the proposed method in the decoding

MI-EEG tasks when compared with benchmark models, achieving an average accuracy of

75.16% on the public Korea University EEG datasets, higher than other state-of-the-art

deep learning methods.
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4
L OCAL AND GLOBAL CONVOLUTIONAL

T RANSFORMER -B ASED MI-EEG C LASSIFICATION

Transformer, a deep learning model with the self-attention mechanism, combined with

the CNN has been successfully applied for decoding EEG signals in MI-BCI. In this

chapter, a local and global convolutional transformer-based approach for MI-EEG classi-

�cation is proposed. The local transformer encoder is combined to dynamically extract

temporal features and make up for the shortcomings of the CNN model. The spatial

features from all channels and the difference in hemispheres are obtained to improve the

robustness of the model. To acquire adequate temporal-spatial feature representations,

the global transformer encoder and Densely Connected Network are combined to improve

the information �ow and reuse. To validate the performance of the proposed model, three

scenarios including within-session, cross-session, and two-session are designed. In the

experiments, the proposed method achieves up to 1.46%, 7.49%, and 7.46% accuracy

improvement respectively in the three scenarios for the public Korean dataset compared

with current state-of-the-art models. For the BCI competition IV 2a dataset, the pro-

posed model also achieves a 2.12% and 2.21% improvement for the cross-session and

two-session scenarios respectively. The results con�rm that the proposed approach can
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effectively extract a much richer set of MI features from the EEG signals and improve

the performance in the BCI applications.

4.1 Introduction

In the BCI �eld, the transformer based on a self-attention mechanism is adopted for MI-

EEG decoding. For instance, Ma et al [ 116] proposed a hybrid CNN-Transformer model

to weigh spatial features and frequency signals by employing the attention mechanism.

However, the model uses the CSP features as inputs which loses the advantage of the

end-to-end process in the DL model. Song et al [ 117] also proposed a hybrid model with

six transformer encoders after extracting features from MI-EEG by CNN layers. The

model performs well in the hold-out tests, but the huge computational costs caused by

encoders limit the actual use. Tao et al [ 118] employed the gating mechanism on the

transformer to improve the model performance but missed the extraction of EEG spatial

information. Xie [ 119] designed �ve hybrid models with different layers in the CNN

and transformer. This study adapted the model in the cross-subject scenario with much

more training data than small data scenarios like within-subject and within-session

applications, limiting the model's robustness. Besides that, the shortfall of these studies

is that they only extract the spatial features from the fusion of all channels, neglecting

the possible information learned from the differences between the hemispheres.

To address the above issues, a novel approach with the local and global transformer

combined with CNNs for MI-EEG classi�cation is proposed in this study. First, the

local transformer and 1-dimension CNN �lter with the same kernel size is adopted to

extract temporal features from each channel. Although the respective �elds from the

local transformer and CNN are the same in the beginning, the different mechanisms

allow the model to learn a comprehensive set of useful and subtle features from multi-

views. The local transformer also avoids the over�tting problem compared with the

global transformer which extracts more subtle features from raw EEG signals in the

�rst layer. Then, two parallel branches use different depthwise CNNs to extract and

64



4.2. MATERIALS AND METHODS

fuse different spatial information. One branch focuses on all channels in the motor

cortex and the other one extracts the features of channels from the left and right motor

regions respectively. Next, for better mining the temporal-spatial features, the Densely

Connected CNN (DenseNet) [ 126] is used on both CNN and global transformer layers

by connecting each layer to every other in a feed-forward way. The short path helps the

information reuse and �ow which improves the model's adaptability and robustness.

Finally, the proposed model is validated and compared with other baseline models in

different scenarios including within-session and cross-session to verify its performance.

The remainder of the chapter is organized as follows. In Section 4.2, the materials and

methods including dataset, preprocessing, scenario descriptions, and detailed model are

developed. Section 4.3 shows the results of experiments and visualization. Section 4.4 is

discussion and Section 4.5 concludes this chapter.

4.2 Materials and Methods

In this chapter, the dataset and preprocessing approach used in the experiment are

brie�y introduced. The different scenarios are given in detail. Then, the proposed model

including the mechanism, structure, and hyper-parameters is presented.

4.2.1 Dataset and Preprocessing

We used the Korea University dataset [ 94] and the BCI Competition IV 2a [ 131] dataset

to evaluate the proposed model performance on the two-class and four-class MI tasks

classi�cation.

1) Korea University (KU) Dataset: We used the Korea University Dataset containing

54 subjects with binary MI tasks of the left hand and right hand. Two sessions were

conducted on different days in the dataset, each with 200 trials for every subject. The

MI-EEG signals were collected by 62 Ag/AgCl electrodes with impedances of less than

10 k­ . To better decode MI information, 20 electrodes in the motor cortex region were
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selected (C-z/1/2/3/4/5/6, CP-z/1/2/3/4/5/6, FC-1/2/3/4/5/6) according to previous studies

[93, 95, 130]. The sampling rate was 1,000 Hz and we downsampled to 250 Hz.

2) BCI Competition IV 2a (BCIC-IV-2a) Dataset: The BCIC-IV-2a consists of record-

ings from 9 healthy subjects performing 4 different motor imagery tasks: left-hand,

right-hand, both-foot, and tongue. The signals were acquired using 22 EEG electrodes

with a sampling frequency of 250 Hz and were bandpass �ltered between 0.5 Hz and 100

Hz, as well as notch �ltered at 50 Hz. Two sessions were recorded on different days for

each subject, with each session comprising 288 trials. The dataset only has 22 channels

so we feed all channel signals into the proposed model.

The most common frequency band used in the MI-EEG �eld is ® rhythm [ 123] which

is about 10 Hz and ¯ rhythm which is around 20 Hz [ 38]. The �lter bands that include

useful spectral MI information vary from person to person [ 69]. Therefore, some studies

[93, 116, 130] divided the raw MI signals into several bands with a 4 Hz length ranging

from 4 to 40 Hz by spectral �lters. Considering the extra calculations caused by multi-

inputs, we only feed three inputs including the raw signals and two �ltered bands based

on ® (7-12 Hz) and ¯ (13-32 Hz) rhythms. Each trial has 4 seconds with 1000 samples in

total. We employed the Z-score normalization to handle the signals, as shown:

Z Æ
x ¡ ¹

¾
(4.1)

where x was the raw data of each channel. ¹ was the mean value of x and ¾ represents

the standard deviation.

4.2.2 Scenarios Description

We design three scenarios of the within-subject analysis using data from the same subject

for training, validation, and testing (Fig 4.1). Different scenarios help verify the models'

adaptability and robustness for actual applications. The details of different scenarios are

described as follows:

1) Within-Session Scenario: This scenario only uses one session with 200 trials for

10-fold cross-validation (CV). Although the training data is limited, within-session
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(a)

(b)

(c)

(d)

Figure 4.1: Descriptions of different scenarios (KU dataset). (a) Within-Session Scenario.
(b) Cross-Session Scenario Case 1. (c) Cross-Session Scenario Case 2. (d) Two-Session

Scenario.

ensures the stability of the data distribution as far as possible.

2) Cross-Session Scenario: The �rst session is used for training and the second one

for testing. Two cases are presented in this scenario considering the different

applications in reality. The �rst namely the hold-out scenario uses the part of the

data in session two for validation and the rest for the test. The other case only

uses the whole data in session two for the test, ensuring no data participates in

validation at the modeling stage. In either case, the data from session two will

not be used in training. Due to the circumstance that two sessions were conducted
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on different days, the drift of statistical distributions brings the challenge for

classi�cation.

3) Two-Session Scenario: Two sessions of one subject are grouped for a 10-fold CV to

show the performance of the models in big data.

In the BCIC-IV-2a dataset, each phase contains 144 trials because there are 288 trials

for each session while one phase in the KU dataset has only 100 trials.

4.2.3 The Proposed Model

4.2.3.1 Architecture

The proposed model has three branches which were fed from �ltered data and concen-

trated by a fully connected layer for fusing features from multi-bands. Each branch has

the same structure consisting of the temporal block, spatial block, and transformer-based

densenet block (T-Densenet Block) (Fig 4.2).

4.2.3.2 Temporal block

Considering that the MI-EEG signals are time series, the previous studies [ 85, 93, 132]

preferred using a 1-D CNN �lter to extract the temporal feature which is one of the most

distinguished MI information. CNN �lter has a strong inductive bias of weight sharing

[142]. Such a characteristic reduces a huge amount of computation and makes a model

more parameter-ef�cient, but it ignores the dynamic relationship among the input data

in a kernel with the �lter sliding because the weights learned by the CNN are �xed after

training.

Self-attention The self-attention mechanism focuses more on the correlation between

each value in the kernel and all other values. First, the transformer encoder divides the

input into three representations namely Queries (Q), Keys (K), and Values (V) by the

linear dense layers. Then the speci�c attention "Scaled Dot-Product Attention" (shown

in Fig 4.3(d))) computed the dot products of the queries with all keys. The results were
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Figure 4.2: The proposed model structure

divided by
p

dk and ended with a softmax function to obtain the weights on the values.

The formula is:

Attention (Q,K ,V ) Æsof tmax

0

B
B
B
@

QK T

r

dk

1

C
C
C
A

V (4.2)

where dk was the dimension of keys. To better jointly learn the information from different

representation subspaces at different positions [ 111], the scaled dot-product attention
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Figure 4.3: The proposed model structure. (a) Temporal Block; (b) Spatial Block; (c)
T-DenseNet Block; (d) Transformer Encoder; (e) T-Dense Unit.

was embedded in the structure of the "Multi-head Self Attention" (Fig 4.3(d)):

MultiHead (Q,K ,V ) ÆConcat (head1, ..., headh)WO

head i ÆAttention (Q,K ,V ) (4.3)

where WO 2 Rhd v£ dmodel , hd v resprents the dimension of values and dmodel is the dimen-

sion of the outputs. We employ h Æ2 parallel attention layers in the proposed model.

From equations (2) and (3), the calculation of the output is determined by a weighted

total of the values, and the weight for each value is determined by a function that

assesses the compatibility between the query and its corresponding key. Therefore, the

weights are dynamic rather than �xed like CNN �lters.

Local transformer encoder In this work, to take full advantage of the characteristics

of the modes of CNN and transformer, we add the outputs from the local transformer

encoder and those from the CNN �lter together as the �nal temporal features (Fig 4.3(a)).

Compared with the global transformer that obtains the attention score of a query based

on all keys (Fig 4.4(b)), the local transformer encoder reduces the number of keys to

ensure that the queries are multiplied by the limited keys every time (Fig 4.4(a)). Such
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(a) (b)

Figure 4.4: Attention patterns in the transformer. The blue squares represent
corresponding attention scores are calculated and the blank ones mean the attention

score is discarded. (a) Local pattern. (b) Global pattern.

a mode improves the temporal feature decoding by increasing the locality. Although

the local mode cannot learn the global features, it selects local subtle features that

otherwise are largely ignored in the global mode. It can further overcome the over�tting

and under�tting problems for long raw EEG signals.

Positional encoding Considering that the MI-EEG signals are the sequence that has

the order, the position information is injected by the sum of the Positional Encoding (PE)

value and the raw signals. According to the successful PE application in the MI-EEG

�eld [119], we used sine and cosine functions to represent the position as follows:

PE (pos,2i ) Æsin
µ

pos

100002i /d

¶
(4.4)

PE (pos,2i Å1) Æcos
µ

pos

100002i /d

¶
(4.5)
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where pos means the position and i is the dimension. d represents the dimension of the

inputs.

4.2.3.3 Spatial block

Previous research has already demonstrated the feasibility of using the brain hemi-

sphere to control both the left and right hands, but the degree of control for each hand

differs due to lateralization [ 143, 144]. Therefore, the spatial feature differences between

the two hemispheres may potentially be useful for motor imagery classi�cation. After

concatenating the temporal features learned from the CNN and the local transformer

encoder, the depthwise CNNs are used to extract spatial information from the EEG

channels. The proposed model sends the input into three parallel paths (Fig 4.3(b)). The

�rst CNN �lters extract the spatial features from all C channels in the motor region.

The rest two CNN �lters extract features from C¡ 1
2 channels in the left hemisphere and

the right hemisphere respectively. The extra channel Cz was deleted because it was set

in the central position. Then the difference was obtained by subtracting the features of

the two hemispheres. Finally, the spatial features based on the channels from the motor

region and the difference caused by hemispheres are fed into the next block.

4.2.3.4 T-Dense block

This block comprises one T-Dense Unit and a 1-D CNN �lter, as shown in Fig 4.3(c).

The T-Dense Unit (Fig 4.3(e)) has two branches with the CNN �lters and the global

transformers (Fig 4.4(b)) respectively. Both branches in the T-dense unit has the similar

structure and processing steps as shown in Fig 4.3(e). For instance, in the CNN �lter

branch, the features of the �rst CNN �lter are concatenated with the ones from the

second �lter to feed into the third CNN �lter. Each subsequent layer of CNN is not

only connected to the immediate preceding layer, but also to all other preceding layers,

enabling the establishment of shorter paths to help the �ow and reuse of the information

[126]. Meanwhile, batch normalization and dropout techniques are applied to address

the over�tting issue. In the T-dense unit, the global mode is applied to the transformer
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to retain its original advantages of extracting the global information using all neurons

based on the SA mechanism while CNN �lters work differently, as they learn the global

information by sliding and pooling layers steps given the limited size of a �lter. The

branches in the T-Dense Unit are combined to learn a comprehensive set of features that

otherwise can not be achieved using a single feature extraction mechanism. After the

T-Dense Unit, the 1-D CNN layer is used to reduce the dimension thus reducing the

calculation burden for the subsequent output neurons after three parallel branches.

4.2.3.5 Training Setup

The cross-entropy function is employed as a loss function which evaluates the distance

between the probability distribution of the model prediction values yp and the true labels

yt :

L
¡
yp, yt

¢
Æ ¡

X

m
yp,m log yt ,m . (4.6)

where m is the index of y. The optimizer is Adam [ 137] and the learning rate is set to

0.0001. The training takes 800 epochs with 32 batches per epoch. The early stopping

technology was used to save the best weights. The training step ended after checking if

the validation loss value decreased for the last 100 epochs. After reaching the threshold,

the model with the best weights produces the classi�cation results of the test fold.

The computer used in this experiment had 15 Intel processors and 80 GB RAM. GTX

3090 GPU with 24 GB memory was used for training and testing MI-EEG signals. Keras

based on TensorFlow was used for constructing the proposed model.

4.3 Results

4.3.1 Performance Comparison

We evaluate the proposed model and other models in the different scenarios. The average

classi�cation accuracies of all subjects of the KU dataset and BCIC-IV-2a with standard

deviation (SD) are shown in Table 4.1 and Table 4.2 respectively.
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In the KU dataset, our proposed model achieved the best performance in all scenarios,

especially on the cross-session and two-session ones. Constrained by the limited data

size of each subject, which only comprises 200 trials per session, achieving even slight

improvements can be a challenge. In the within-session scenario, the proposed model

achieved an accuracy of 75.94% and 77.38% in session 1 and session 2 respectively.

which are 0.99% and 1.46% higher than the best public model namely tensor-CSPNet.

When utilizing twice the amount of data in the two-session scenario, the proposed model

achieved a classi�cation rate exceeding 80%, 7.46% higher than the Shallow ConvNet.

In two cases of cross-session scenarios, as Fig 4.1(b) and Fig 4.1(c) presented, both of

them used the data from session 2 as the test and did not allow them to present in the

training step. The difference was that case 1 used half of the data from session 2 to

validate while case 2 did not use it. Considering the drift of data distributions caused by

the different sessions conducted on different days, the results of cross-session are lower

than the ones of within-session. The performances of most compared methods decrease

including the proposed model. The existing high-performing models such as FBCNet

and Tensor-CSPNet exhibited reduced performance to less than 70% while the proposed

model only lost an average of 0.24% accuracy and still produced the best accuracy of

77.14% in case1. Given the BCI application that people often only used the data collected

in one day to build the model without training or updating the following day to save

patients' time, case 2 is more suitable in practical applications. The proposed model

achieved 74.51%, a much higher accuracy than the benchmarks, which con�rms the

superiority of our proposed model on adaptability and robustness. The statistical test

was also conducted to compare the performances of different models. We observed that

the proposed model outperformed most baseline models ( p Ç 0.001), FBCNet( p Ç 0.05),

and Tensor-CSPNet ( p Ç 0.05) in different scenarios.

In the BCIC-IV-2a dataset, FBCNet performed best in two within-session scenarios

while the proposed model showed an accuracy decrease of 3.07% and 0.33% respectively in

session 1 and session 2. However, in the two cross-session scenarios, our proposed model

improved signi�cantly reaching 75.84% in case1, 1.24% higher than the Shallow ConvNet,
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and 75.08% in case2, 2.12% higher than the Tensor-CSPNet. The result in the two-

session scenario also reached 81.04% which improved the accuracy by 2% compared to

the Shallow ConvNet. The statistical test showed that the proposed model outperformed

all baseline models ( p Ç 0.05) in both the cross-session and two-session scenarios.

We also checked the statistical signi�cance of each scenario. The t-test result of within-

session 1 with within-session 2 was [ correlation Æ0.781, p Ç 0.001; t (53) Æ ¡1.062, p Æ

0.293] and [ correlation Æ0.88, p Ç 0.01; t (53) Æ ¡1.024, p Æ0.336] in KU and BCIC-IV-2a

dataset separately, which shows that there is consistency between different sessions for

each subject, but the difference between two sessions is not statistically signi�cant. In

the KU dataset, the t-tests of within-session1 with case 1 and case 2 in the cross-session

scenario were [ t (53) Æ ¡0.838, p Æ0.406] and [ t (53) Æ1.182, p Æ0.242]. The t-tests in BCIC-

IV-2a were [ t (53) Æ ¡0.627, p Æ0.548] and [ t (53) Æ ¡0.475, p Æ0.648]. Both results of the

t-test did not have statistically signi�cant differences. Hence, the data quality of an

individual varies on different days. Building a model for each day is time-consuming and

impractical, but employing a cross-session model may result in a decrease in classi�cation

accuracy, making it a challenging task. The t-tests results of within-session 1 with

two-session and within-session 2 with two-session are [ correlation Æ0.882, p Ç 0.001;

t (53) Æ ¡4.514, p Ç 0.001] and [ correlation Æ0.901, p Ç 0.001; t (53) Æ ¡3.102, p Ç 0.01]

separately. Evidently, an increase in the volume of data contributes to the enhancement

of model performance even though the sessions were collected on different days.

In summary, for the KU dataset, the proposed model outperforms other models,

achieving up to 0.99% and 1.46% for the session 1 and 2 respectively in the within-

session scenario, up to 7.49% and 8.19% for cases 1 and 2 in the cross-session scenario

and up to 7.46% for the two-session scenario. When testing on the BCIC-IV-2a dataset,

the model can also improve the classi�cation accuracy by 1.24% and 2.12% for cases 1

and 2 in the cross-session scenario and 2.21% for the two-session scenario, con�rming

the superiority of the proposed model in decoding MI-EEG information.
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Table 4.1: Comparison of average classi�cation accuracy (%) and standard deviation (SD)
for different methods (KU dataset).

Within-session Cross-session Two-session
Session1 (SD) Session2 (SD) Case1 (SD) Case2 (SD) Session 1&2 (SD)

CSP [138] 56.53(13.10) 58.38(14.63) 61.70(16.14) 60.43(13.98) 55.80(11.07)
FBCSP [70] 64.41(16.28) 66.47(16.53) 59.67(14.32) 61.57(14.73) 65.62(14.75)
MDM [145] 50.47(8.63) 51.93(9.79) 52.33(6.74) - -
TSM [145] 54.59(8.94) 54.97(9.93) 51.65(6.11) - -

SPDNet [146] 57.88(8.68) 58.88(8.68) 60.41(12.13) - -
Shallow ConvNet [85] 67.73(17.58) 68.47(17.65) 67.79(19.16) 66.32(16.18) 72.74(15.82)

Deep ConvNet [85] 56.19(13.71) 57.38(15.27) 56.59(15.29) 56.75(13.03) 62.91(17.64)
EEGNet [132] 63.37(17.06) 64.73(17.97) 65.26(19.31) 63.28(15.69) 69.73(17.05)
FBCNet [93] 74.16(12.60) 73.81(13.99) 67.83(14.34) - -

Tensor-CSPNet [95] 74.95(15.27) 75.92(13.99) 69.65(14.97) - -
Proposed model 75.94(14.71) 77.38(15.29) 77.14(14.76) 74.51(13.93) 80.20(13.01)

Table 4.2: Comparison of average classi�cation accuracy (%) and standard deviation (SD)
for different methods (BCIC-IV-2a dataset).

Within-session Cross-session Two-session
Session1 (SD) Session2 (SD) Case1 (SD) Case2 (SD) Session 1&2 (SD)

CSP [138] 57.75(13.71) 60.60(14.29) 54.01(12.77) 54.07(12.13) 57.15(12.26)
FBCSP [70] 73.57(16.28) 72.46(16.53) 65.59(17.51) 65.79(14.21) 75.01(12.97)
MDM [145] 62.96(14.01) 59.49(16.63) - 50.74(13.80) -
TSM [145] 68.71(14.32) 63.32(12.68) - 49.72(12.39) -

SPDNet [146] 65.91(10.31) 61.16(10.50) - 55.67(9.54) -
Shallow ConvNet [85] 71.83(15.63) 72.64(19.62) 74.61(12.36) 68.96(14.28) 78.83(12.32)

EEGNet [132] 69.26(11.59) 66.93(11.31) 61.65(14.20) 60.31(10.52) 70.67(17.27)
FBCNet [93] 77.26(14.82) 76.58(13.09) - 72.71(14.67) -

Tensor-CSPNet [95] 75.98(14.26) 74.92(14.63) - 72.96(14.98) -
Proposed model 74.19(10.60) 76.25(12.67) 75.85(14.11) 75.08(12.66) 81.04(8.54)

4.3.2 Ablation Study

The purpose of an ablation study is to assess the impact of speci�c components on the

overall performance of a model by removing them and analyzing their contribution. We

conducted the ablation tests to evaluate the effectiveness of the transformer encoders, the

hemisphere difference in the spatial block, and the T-Dense units in different scenarios. 1)

The proposed model without transform encoders (w/o _Trans) removes both the local and

global transformer encoders; 2) The proposed model without the hemisphere difference

in the spatial block (w/o _Diff-hemi) removes the structures in Fig 4.3(b) which extract

the spatial features from each hemisphere and calculate the difference. The previous

models proposed in the literature were shown to achieve good classi�cation results

in the KU EEG dataset such as EEGNet [ 132], Shallow ConvNet [ 85] and FBCNet
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Table 4.3: Ablation study of the proposed method on the different modules.

KU dataset
Within-session Cross-session Two-session

Session1(SD) Session2(SD) Case1(SD) Case2(SD) Session 1&2(SD)
w/o_trans 75.81(14.22) 68.01(13..31) 75.02(14.89) 66.42(11.01) 72.88(12.63)

w/o_diff-hemi 75.20(14.92) 75.98(15.59) 73.89(16.01) 73.20(13.98) 78.89(13.60)
w/o_T-dense 67.88(12.36) 68.53(13.12) 68.54(12.88) 66.74(11.39) 73.61(12.81)

Proposed model 75.94(14.71) 77.38(15.29) 77.14(14.76) 74.51(13.93) 80.20(13.01)
BCIC-IV-2a dataset

w/o_trans 74.64(11.21) 76.07(12.58) 73.14(13.64) 73.64(11.54) 84.01(8.60)
w/o_diff-hemi 72.56(11.09) 73.95(14.59) 70.67(15.15) 73.72(11.82) 78.91(10.08)
w/o_T-dense 63.31(8.43) 65.74(10.11) 68.82(13.73) 63.12(6.47) 77.21(8.66)

Proposed model 74.19(10.60) 76.25(12.67) 75.85(14.11) 75.08(12.66) 81.04(8.54)

[93] focus on the spatial features from all channels in the motor region and ignore the

available information that might be learned from the hemispheric differences. 3) The

proposed model without T-dense units (w/o _T-dense) replaces the two T-dense units

with common CNN layers. The results of the ablation study in different scenarios

are shown in Table 4.3. In the KU dataset, the T-test results indicated that there is

no statistical signi�cance ( p È 0.05) to show the w/o_trans brings a negative impact

on the classi�cation accuracy in session 1 of the within-session scenario. Apart from

this, the absence of any speci�c components will make the accuracy drop( p Ç 0.05).

Especially for session 2 in the within-session scenario, without the transformer encoders,

the classi�cation result decreased by 9.37%. In the BCIC-IV-2a dataset, although in

within-session1 and two-session scenarios, the model without transformer encoders

performed better, other cases still show the importance of the different modules. The

statistical analysis showed that w/o_trans decreased the classi�cation accuracy in the

cross-session scenario (p Ç 0.05). The w/o_Diff-hemi had signi�cance in within-session

and cross-session scenarios (p Ç 0.05) while the T-test result in the two-session scenario

was p Æ0.127. The w/o_T-dense had statistical signi�cance in all scenarios (( p Ç 0.01)).

The T-dense has signi�cant contributions to the classi�cation accuracy improvement, as

it produces a comprehensive set of temporal-spatial features. Without this module, using

a simple temporal block and spatial block is unable to capture suf�cient and subtle useful

features embedded in the highly corrupted and diffused EEG raw data. We also tested

the selection of the activation functions on cross-session case 1 from the KU dataset (Fig
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Figure 4.5: The effect of activation functions of all subjects in KU dataset

4.5). The ELU function performed best with the highest accuracy.

4.3.3 Complexity

Table 4.4 shows the model complexity based on the number of trainable parameters. The

results show that there is no decisive relationship between the complexity of a model and

its performance. Deep ConvNet has the most parameters because of more CNN layers

used in the structure. However, regardless of the scenarios, the Deep ConvNet performs

badly even worse than the traditional approach FBCSP. Among these compared models,

the EEGNet only has no more than 2k trainable parameters because the depthwise

separable convolution layer is employed to reduce the dimensions. However, EEGNet

performs much better than the Deep ConNet in each scenario. The Tensor-CSPNet

divides the raw signals into several frequency bands to learn subtle features within

different frequency bands, thus encompassing the spectral differences among different

subjects. This approach adds additional computational parameters but the model perfor-

mance is the best as demonstrated in the previous studies. The proposed model includes

12K of trainable parameters that are only half of the Tensor-CSPNet but have better

classi�cation results, which demonstrates its ef�cacy and effectiveness.
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