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Abstract: In Brain-Computer Interface Motor Imagery (BCI-MI) systems, Convolutional Neural Networks (CNNs)
have traditionally dominated as the deep learning method of choice, demonstrating significant advancements in
state-of-the-art studies. Recently, Transformer models with attention mechanisms have emerged as a sophisticated
technique, enhancing the capture of long-term dependencies and intricate feature relationships in BCI-MI. This
research investigates the performance of EEG-TCNet and EEG-Conformer models, which are trained and validated
using various hyperparameters and bandpass filters during preprocessing to assess improvements in model
accuracy. Additionally, this study introduces the EEG-TCNTransformer, a novel model that integrates the
convolutional architecture of EEG-TCNet with a series of self-attention blocks employing a multi-head structure.
The EEG-TCNTransformer achieves an accuracy of 82.97% without the application of bandpass filtering. The

source code of EEG-TCNTransformer is available on GitHub.

Keywords: brain-computer interface; motor imagery; electroencephalography; convolutional neural network;

transformer; self-attention; bandpass filter

1. Introduction

Artificial intelligence (Al) is versatile and supports people in various areas, such as intelligent
medicine, transportation, education, and entertainment. Brain-control interface (BCI) is a research field
in Al that learns and extracts information in human brain waves to control assistive devices such as
prosthetic hands [1], intelligent wheelchairs [2], and exoskeletons [3]. In 2013, the Centers for Disease
Control and Prevention estimated that about 5.4 million people, which accounted for 1.7% of the
United States population, had been living with paralysis [4]. Regarding the methods of collecting brain
waves, BCI can be categorised into invasive, partially invasive, and non-invasive. Electrode devices
are implanted directly into human skulls for invasive methods. However, the risk and potential
complications after surgery restricted patients to invasive methods. Non-invasive methods place
electrodes on the scalp’s surface to record the data. There are many non-invasive modalities such as
electroencephalography (EEG) [5], Positron Emission Tomography (PET) [6], Magnetoencephalography
(MEG) [7], functional Near-Infrared Spectroscopy (fNIRS) [8], and Magnetic Resonance Imaging (fMRI)
[9].

Convolutional neural network methods have contributed to most of the significantly advanced
studies in brain control interfaces by effectively extracting spatial and temporal features from EEG
signals. However, the emergence of Transformer methods, which advanced techniques with powerful
self-attention mechanisms, promises to enhance the modelling of long-term dependencies and feature
relationships. This study explores the integration of CNN and Transformer techniques, aiming
to leverage their combined strengths for improved accuracy and efficiency in motor imagery BCI
applications. By extensively evaluating the EEG-TCNet and EEG-Conformer models, including their
architecture, hyperparameters, and the impact of bandpass filtering, this research seeks to identify
the most effective strategies for enhancing overall performance. Additionally, this study introduces
EEG-TCNTransformer, a novel BCI-MI model that incorporates TCN and self-attention and achieves
an accuracy of 82.97% without a bandpass filter.

© 2024 by the author(s). Distributed under a Creative Commons CC BY license.
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2. Background

Traditional machine learning methods require handcrafted feature extractors and a classification
network. In terms of extracting the spatial features, common spatial pattern (CSP) [10] or extended
version of CSP, which is filter bank CSP (FBCSP) [11], are the most common methods. Moreover, short-
time Fourier transform (STFT) [12] and continuous wavelet transform (CWT)[13] are used to extract
the time-frequency features. Additionally, the feature extractors must be combined with classification,
such as support vector machine (SVM) [14], Bayesian classifier [11], and linear discriminant analysis
(LDA) [15] to classify the target tasks. However, EEG signals are non-stationary and have a low
signal-to-noise ratio, so deep learning methods are researched to improve the weaknesses of traditional
machine learning methods.

Regarding traditional deep learning methods, convolutional neural network (CNN) methods are
the most common methods that achieve various state-of-the-art studies. Lawhern proposed EEGNet
[16], which is applied to multiple BCI paradigms, including movement-related cortical potentials
(MRCP), error-related negativity responses (ERN), sensory-motor rhythms (SMR) and P300 visual-
evoked potentials. ShallowNet, proposed by Schirrmeister (2017) [17], measured the performance
of different deep levels in convolution networks, from 5 convolution layers to 31 convolution layer
residual networks, using ResNet architecture. EEG-TCNet [18] incorporates convolution layers in
EEGNet and temporal convolutional networks (TCN) [19], which can exponentially increase the
receptive field size by using dilated causal convolution. Moreover, recurrent neural networks (RNN),
gated recurrent unit (GRU), and long short-term memory (LSTM) are combined with CNN methods to
learn long sequence data [20].

The transformer method is an advanced method that allows learning features in parallel and
improves learning long sequence dependency [21]. Because of the structure of multi-head attention, the
transformer method can efficiently capture the relationships in features through attention mechanisms.
Liu proposed a Transformer-based one-dimensional convolutional neural network model (CNN-
Transformer), which uses 1D-CNN to extract low-level time-frequency features and a transformer
module to extract higher-level features [22]. Hybrid CNN-Transformer [23] was proposed as a complex
architecture with spatial transformer and spectral transformer to encode the raw EEG signals to
attention map, then utilise CNN to explore the local features and temporal transformer to perceive
global temporal features. EEG-Conformer [24], proposed by Song, is a lightweight model with a
shallow convolution to extract temporal and spatial features and self-attention mechanisms to learn
the relationships in the time domain.

This study aims to research the contributions of different hyperparameters and different bandpass
filter parameters to CNN method and Transformer method in MI-BCI. The EEG-TCNet and EEG-
Conformer were selected for the study. Therefore, there are two sub-projects as follows

¢ First sub-project: EEG-TCNet and EEG-Conformer are trained and validated with different

hyperparameters (i.e. filters, kernel sizes).
¢ Second sub-project: Pre-processing EEG signals with a bandpass filter, then input in training and

testing EEG-TCNet and EEG-Conformer.

In this research, a new model is introduced, EEG-TCNTransformer, inspired by EEG-TCNet and
EEG-Conformer. EEG-TCNTransformer has the advantage of learning the low-level temporal features
and spatial features by the novel convolution architecture from EEG-TCNet and extracting the global
temporal correlation from the self-attention mechanism. Moreover, the EEG-TCNTransformer uses the
raw EEG data, so the bandpass filter is omitted.

3. Methods

3.1. Dataset

The data studied in this project are from the BCI Competition in 2008 [25]. Data Group 2A is a set
of experimental data on motor imagery for electric wheelchair control. It includes four motor tasks:
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move the left hand, move the right hand, move both feet and move the tongue, which represents turn
left, turn right, move forward and move backward, respectively. This dataset includes 22 EEG channels
and 3 EOG channels, collected from nine participants over two sessions on two different days. Each
session consists of 6 runs with 48 trials each. The data of each session is stored in one MATLARB file.
In Figure 1, each trial is between 7.5 seconds and 8.5 seconds. It starts with a prompt beep and a
cross displayed on the screen. Two seconds later, the cue of this trial displays on the screen in the form
of an arrow. The four directions it points to represent moving forward, moving backward, turning left,
and turning right, respectively. This instruction stays on the screen for 1.25 seconds. The participant is
required to perform motor imagery for the next 3 seconds. At the end of the trial, there is a 1.5-second
short break before the next trial, which could be increased randomly to 2.5 seconds to avoid adaption.

Beep

|

Fixation cross

Figure 1. Time scheme of data record. [25]

At the beginning of the data collection, EOG data for each subject was also recorded for the
elimination of interference information. These EOG data are removed from this study.

In this study, EEG-LAB is used as the primary tool for data visualisation. EEG-LAB is an add-
on for MATLAB that provides various features for analysing electrophysiological data, including
processing of EEG, visualisation and integration of algorithms. Figure 2 shows the visualisation of the
EGG signals in EEG-LAB.

Chan Tma Valie

e S e e

Figure 2. EEG signals visualised in EEG-LAB.

]

3.2. Preprocessing

Data preprocessing was conducted to ensure the best and most relevant data for training the
models, employing multiple techniques.

The three extra EOG channels measure eye movements and are easily influenced by non-study-
induced factors such as attention levels and blinks. Therefore, these channels were excluded from
training to avoid introducing noise and confounding variables.
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During motor imagery, there is usually a change in neural oscillations indicating Event-Related
Desynchronisation (ERD) and Event-Related Synchronisation (ERS), which are mostly observed in the
alpha (8-13 Hz) and beta frequency bands (18-24 Hz) [26]. These provide good features for model
training. Signal filtration was employed to increase the signal-to-noise ratio. The sharp transition band
between the pass and stop bands, as well as the low ripple in the pass band, made the Chebyshev Type
II BandPass Filter (Figure 3) the filter of choice. The effectiveness of this filter is primarily determined
by the order of the filter N and, to a lesser extent, the stop-band attenuation requirement Rs; The

amplitude response is given as
1
H(| = ———— 0
1+¢2 T%(TS)

Where
e A parameter related to the ripples in the stop-band

T, Is the n''-order Chebyshev polynomial
fs  Is the stop-band edge frequency
f  Is the frequency variable

G Chebyshev type 2

1.0
0.8
0.6
0.4}
0.2}

0.0
0.0

Figure 3. Transfer function of the Chebyshev filter (Type II). [27]

The ripple factor is related to the stop-band attenuation by

e =1/10%1R —1 )

These two hyper-parameters, N and R; were included in the hyper-parameter optimisation
process.

In addition, z-score normalisation is applied to the signals to ensure all channels are on the same
scale, increasing comparability and handling variability in the dataset. The z-score normalisation is

defined as

_X—H
i ®)
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Where

standardised value
original value
mean of the distribution
standard deviation of the distribution

Furthermore, due to the limited size of the training dataset, data augmentation was applied by
segmenting and recombining signals in the time domain [28]. As illustrated in Figure 4, each training
trial is divided into multiple non-overlapping segments. A large amount of new data is generated
by randomly concatenating segments from different trials of the same class. This technique was
specifically applied to the Conformer model. Further research is needed to analyse the impact of data
augmentation across a broader range of models.

Q= r N

Segmentation Recombination

A Bl 1 B2 cl

time(ms) ) L time(ms) time(ms)
A2 | B2 ;| C2 | 2 B2 ' Cl !
Trial 2 W : :
\/\A,\\/\/ \/\/\/\/\/\/\/| Artificial trial 2
% i )
time(ms) time(ms) time(ms)

5

Trial1 Artificial trial 1

Al B2 ' C2 !

\/\/\/\/\\/\/ Artificial trial N

1 time(ms)
Figure 4. Segmentation and Reconstruction (R&S) augmentation in time domain. [28]

3.3. EEG-TCNet

The first model in this study is EEG-TCNet, which is incorporated from the EEGNet and TCN
modules. The EEGNet module in EEG-TCNet is slightly modified, with 2D temporal convolution
at the beginning to extract the frequency filters, followed by a depthwise convolution to extract
frequency-specific spatial filters. The third part of the EEGNet module is a separable convolution
extract temporal summary for each feature map from depthwise convolution and mixes the feature
maps before going into the TCN module.

Regarding the TCN module, based on the idea of the temporal convolutional network (TCN), the
TCN module in EEG-TCNet could be described as follows (Figure 5)

(a) Causal Convolutions: TCN aims to produce the output of the same size as the input, so TCN
uses a 1D fully-convolutional network with each hidden layer having the same size as the input
layer. To maintain the length of subsequent layers equal to the previous ones, zero padding of
length (kernel size-1) is applied. Moreover, to prevent information leakage from feature to the
past in training, only the inputs from time ¢ and earlier determine the output at time ¢.

(b) Dilated Convolutions: The major disadvantage of regular causal convolutions is that the network
must be extremely deep or have large filters to obtain a large receptive field size. A sequence
of dilated convolutions could increase the receptive field exponentially by increasing dilation
factors d.

(c) Residual Blocks: In EEG-TCNet, the weight normalisation in the original TCN is replaced by
batch normalisation. The residual blocks have a stack of two layers of dilated convolution, batch
normalisation with ELU, and dropout. The skip connection 1x1 convolution is applied from the
input to the output feature map to ensure the same shape of input and output tensors.


https://doi.org/10.20944/preprints202408.0676.v1

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 9 August 2024 d0i:10.20944/preprints202408.0676.v1

6 of 26

—— Convolutional Filter

——— Ix1 Conv
_____________________________________ A
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Figure 5. Architecture elements in a TCN. (a): Stacking of two residual blocks with dilated causal
convolution with dilation factors d=1,2 and kernel size k=3. (b) Detailed layers in TCN residual block
[19]

Figure 6 visualises the architecture of EEG-TCNet.

] ¢ &
¢ - - - & &
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Figure 6. Architecture of the EEG-TCNet [18]

3.4. EEG-Conformer

The second model in this study is EEG-Conformer, proposed by Song [24]. Based on the concept
of using CNN to learn the low-level features of temporal and spatial in EEG signals combined with
self-attention to learn the global temporal dependencies in EEG feature maps. The EEG-Conformer
could be described in detail as follows

(a) Convolution module: The EEG signals after pre-processing and augmenting are learned through
two 1D temporal and spatial convolution layers. The first temporal convolution layer learns the
time dimension of input, and then the spatial convolution layer learns the spatial features. The
spatial features are the information between the electrode channels. Then, the feature maps go
through batch normalisation to avoid overfitting and the nonlinearity activation function ELU.
The average pooling layer smooths the feature maps and rearranges to put all feature channels
of each temporal point as a token into the self-attention module.
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(b) Self-Attention module: The self-attention module has advantages in learning global features and
long sequence data, which improve the CNN weaknesses. The self-attention module calculates
as below

Attention(Q,K, V) = Softmax( ) 4)

\f
Where Q is a matrix of stacked temporal queries, K and V are temporal matrices that denote key
and value, and k is the length of tokens.

Multi-head attention (MHA) is applied to strengthen representation performance. The tokens
are separated into the same shape & segments, described as follows

MHA(Q,K,V) = [heady; . ..; head)_4], (5)
head, = Attention(Q;,K;,V}),1 =1,2,...,h (6)

Where MHA is the multi-head attention Q;, K;, V; € R™*K/! indicate the query, key and value
acquired by a linear transformation of segment token in the I head, respectively.

Classifier module: The features from the self-attention module go through two fully connected
layers. The Softmax function is utilised to predict M labels. Cross-entropy loss is utilised as a
cost function

(c

~

:_722y10g )

b j=1c=
Where Nj, is the batch size, M is the number of target labels (M=4), y is the ground truth and 7 is
the prediction.

Figure 7 visualises the architecture of EEG-Conformer architecture, including the convolution
module, self-attention module and classifier module.

Convolution module self-attention module classifier module,

Temporal convolution Spatial convolution Average pooling (m, k)

T=1000 KM)
1

Jonpoid joq

m=61
C=22

pIemIo-pae

Dot product

m=976

Figure 7. Architecture of the EEG-Conformer [24]

3.5. EEG-TCNTransformer

The concept of EEG-TCNTransformer is inspired by the EEG-TCNet and EEG-Conformer. EEG-
TCNet performs well in learning the local features in EEG signals because of the EEGNet and TCN
modules. Besides that, EEG-Conformer solved the problem of global feature dependencies, which
improved the learning of long sequence inputs. In EEG-TCNTransformer has a convolution module,
self-attention module and classifier module

(a) Convolution module: The sequence of 2D convolution layer, depthwise convolution layer, sepa-
rable convolution layer and average pooling layer extract the temporal and spatial information
in EEG signals. After that, a sequence of TCN blocks continues to learn large receptive fields effi-
ciently with small parameters because of dilated causal convolution and residual block structure.
In this study, the different numbers of filters k in TCN block, and numbers of TCN block T are
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validated to select the best hyperparameter for EEG-TCNTransformer. Then, the average pooling

layer smooths the features and rearranges features to shape of channels of each temporal point.
(b) Self-attention module: Six self-attention blocks with multi-head attention architecture learn

the global temporal dependencies in features from the convolution module. The self-attention
module calculates as below

QK™
Vk

Where Q is a matrix of stacked temporal queries, K and V are temporal matrices that denote key
and value, and k is the length of tokens.

Attention(Q, K, V) = Softmax( )\ 8)

Multi-head attention (MHA) is applied to strengthen representation performance. The tokens
are separated into the same shape / segments, described as follows

MHA(Q,K,V) = [heady; . ..; heady 4], )
head;, = Attention(Q;, K;,V;), 1 =1,2,...,h (10)

Where MHA is the multi-head attention Q;, K;, V; € R"*K/I indicate the query, key and value
acquired by a linear transformation of segment token in the I head, respectively.

(c) Classifier module: Two fully-connected layers transform the features into M labels that calculate
probability distribution by the Softmax function. The loss function is cross-entropy loss

:_722y10g (11)

b i=1c=

Where Nj, is the batch size, M is the number of target labels (M=4), y is the ground truth, and 7 is
the prediction.

Figure 8 visualises the architecture of EEG-TCNTransformer architecture, including the convolu-
tion module, self-attention module and classifier module.

Convolution module T self-attention module . classifier module’,

Temporal i i i Separable cnn\olunon TCN |
+ | (m=12,k-70)
Awrage Pnnlmg Average I’nnlmg Average Pooling

T /o e

1001

Figure 8. Architecture of the EEG-TCNTransformer

4. Experiments and Results

4.1. Experimental Setup

The training environment was set up on a Linux computer with CPU AMD Ryzen 9 5900X, GPU
RTX 3080 and CUDA 12.1. EEG-TCNet was implemented in Python 3.6.8 code using TensorFlow.
EEG-Conformer and EEG-TCNTransformer were implemented in Python 3.10.14 code using Pytorch.
The Conda environment is used in this experiment to change the Python version.

Regarding EEG-TCNet, each subject is trained 1000 epochs with a learning rate of 0.001, and the
activation function is ELU.

In terms of EEG-Conformer, each subject is trained 2000 epochs with a learning rate of 0.0002; the
activation function in the convolution module and classification module is ELU, and the activation
function in self-attention blocks is GELU.
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With respect to EEG-TCNTransformer, each subject is trained 5000 epochs with a learning rate of
0.0002; the activation function in EEGNet module, TCN module and classification module is ELU, and
the activation function in self-attention blocks is GELU.

The accuracy metric is utilised to measure the performance.

Correct predictions

All predictions (12)

accuracy =

4.2. EEG-TCNet with Different Hyperparameters

The detailed architecture of EEG-TCNet is described in Table 1. C and T denote the number of
EEG channels and the number of time points. In the first sub-project, C = 22 and T = 1000 because
the time points used in training are 4 seconds from the cue section to the end of the motor imagery
section. The baseline hyperparameters of EEG-TCNet are F; = 8, Kg = 32, Fr = 12, K1 = 4 as same
as the authors. Besides that, the dropout values in the EEGNet module and the TCN module are
pe = 0.2, p; = 0.3, the same as the original paper.

Table 1. EEG-TCNet architecture [18].

Layer Type #Filter Kernel Output
Input 1,CT)
1 "Conv2D F 1K
/ BatchNorm ' i (RCT)
DepthwiseConv2D  F; -2 (C1)
BatchNorm 2-F,1,7)
¢? EluAct
IA):s;az)%ftPoolZD @-FAT//8)
SeparableConv2D  F, (1,16)
BatchNorm (F,1,T//8)
¢ EluAct
g\;(f;z;%etPOOIZD (F1,T/ /64)
¢*  TCN Fr Kt Fr
Dense
9 SoftMaxAct 4
Where
C Number of EEG channels
T Number of timepoints
F Number of temporal filters
E(=2-F) Number of spatial filters
Fr Number of filters in TCN module
Kg Kernel size in first convolution
Kr Kernel size in TCN module
Pe Dropout in EEGNet module
ot Dropout in TCN module

In the first sub-project, EEG-TCNet is trained with different numbers of filters and kernel sizes in
the EEGNet module and TCN module, described in Table 2.

Table 2. Experiment EEG-TCNet with different hyperparameters.

F 6,810
EEGNet module “K; 16,3248

Fr 10,12,14
Kr 4,6,8

TCN module
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In Table 3, the contribution of each Fy, Kg, Fr, Kt to the performance of EEG-TCNet is examined
by keeping the baseline value of three parameters and changing one parameter. The average accuracy
of EEG-TCNet increases when F; and Fr increase. Increasing Kg to 32 and Kr to 6 also improve the
accuracy, but the performance declines when increasing Kr to 48 and K7 to 8.

Table 3. Comparison of different numbers of filter and kernel sizes in EEGNet module and TCN
module in average accuracy.

F,  Kg Fr Kg Average accuracy (%)

6 75.38
8 32 12 4 77.28
10 78.04

16 76.66

8§ 32 12 4 77.28

48 77.05

10 77.99

8§ 32 12 4 77.28
14 78.58

4 77.28

8§ 32 12 6 79.96
8 78.59

After training 81 experiments, a fixed result and a variable result are selected. In terms of the
fixed result, the best hyperparameters F; = 10, Kg = 48, Fr = 12, K7 = 8 for all 9 subjects are selected
based on the average accuracy. Regarding the variable result, the best hyperparameters F, Kg, Fr, Kt
for each subject are selected. Table 4 shows the hyperparameters of the variable model.

Table 4. Variable hyperparameters of EEG-TCNet.

S1 S2 S3 S4 S5 S6 S7 S8 S9
FF 6 10 6 6 8 10 10 10 8
Kg 48 48 32 32 32 48 16 48 32
Fr 12 12 14 14 10 12 12 14 14
Kr 6 6 6 6 8 8 4 6 4

Table 5 compares the accuracy between the baseline model, fixed model and variable model. The
fixed model is better than the baseline model in subject 2, subject 4, subject 6, and subject 9, whereas
others are nearly equal. When each subject is selected the best result in the variable model, the final
performance is much higher than the baseline model, especially subject 2, subject 4, subject 5, subject 6
and subject 9.

Table 5. Accuracy of the EEG-TCNet baseline model, fixed model and variable models (%).

Baseline Fixed model Variable model

S1 84.34 86.12 88.26
S2 62.90 71.02 72.79
S3 93.77 94.87 97.07
S4 71.05 80.26 80.26
S5 77.17 76.81 84.06
S6 57.21 69.30 69.30
S7 88.45 87.00 94.58
S8 83.76 81.18 87.82
S9 76.89 85.23 87.12
Average 77.28 81.31 84.59

Figure 9 visualises the column chart of the accuracy of baseline EEG-TCNet model, fixed EEG-
TCNet model and variable EEG-TCNet model.
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Figure 9. The column chart shows the accuracy between the EEG-TCNet baseline model, fixed model

and variable model

4.3. EEG-TCNet with Different Bandpass Filter Parameters

In sub-project 2, the EEG-TCNet with baseline hyperparameters is trained with different orders of
the filter and the minimum attenuations required in the stop band of Chebyshev type 2, described in
Table 6. The parameters N and rs are defined in cheby?2 of SciPy API for Python.

Table 6. Experiment EEG-TCNet with different parameters of Chebyshev type 2 filter.

N 4,56,7,8
rs 20,30, 40, 50, 60. 70, 80, 90, 100

Where
N  The order of the filter

rs  The minimum attenuation required in the stop band
After training 45 experiments, a fixed result and a variable result are selected. In terms of the

fixed result, the best Chebyshev type 2 parameters N = 7,rs = 40 for all 9 subjects are selected based
on the average accuracy. Regarding the variable result, the best Chebyshev type 2 parameters N, rs for
each subject are selected. Table 7 summarises the variable result.

Table 7. Variable bandpass filter of EEG-TCNet.

S1 S2 S3 S4 S5 S6 S7 S8 S9
N 5 6 5 7 7 6 6 4 8
rs 80 20 100 40 40 90 20 60 80

Table 8 compares the accuracy of 9 subjects and the average accuracy between baseline EEG-
TCNet, EEG-TCNet with a fixed bandpass filter and EEG-Net with a variable bandpass filter. The
performance of EEG-TCNet decreased after using The Chebyshev type 2 in pre-processing in both
fixed bandpass filter and variable bandpass filter.
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Table 8. Accuracy of the baseline EEG-TCNet, EEG-TCNet with fixed bandpass filter and with variable
bandpass filter. (%)

Baseline Fixed bandpass filter Variable bandpass filter

S1 84.34 79.00 82.21
S2 62.90 51.94 56.18
S3 93.77 90.48 94.51
S4 71.05 72.37 72.37
S5 77.17 56.88 56.88
S6 57.21 51.16 54.88
S7 88.45 82.67 84.84
S8 83.76 82.29 85.24
S9 76.89 78.79 84.85
Average 77.28 71.73 74.66

Figure 10 illustrates the column chart of the accuracy of baseline EEG-TCNet, EEG-TCNet with a
fixed bandpass filter and EEG-Net with a variable bandpass filter.

baseline
M fixed bandpass filter
mmm varible bandpass filter

80
&0
20 4
= o ] k] @ b ] R @ E‘

subjects

Accuracy

=]

=]

Figure 10. The Column chart shows the accuracy of the baseline EEG-TCNet, EEG-TCNet with fixed
bandpass filter and EEG-TCNet with variable bandpass filter

4.4. EEG-Conformer with Different Hyperparameters

The architecture of the convolution module of EEG-Conformer is described in Table 9

Table 9. The architecture of the convolution module in EEG-Conformer. [24]

Layer In Out Kernel Stride
Temporal Conv 1 k (1,25) 1,1)

Spatial Conv k k (ch,1) (1,1)

Avg Pooling k k (1,75) (1,15)
Rearrange (k,1,m) — (m,k)
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Where
k Number of temporal filters in the convolution module

ch  Number of channels in EEG data
In sub-project 1 with EEG-Conformer, the model is trained with different numbers of temporal

filters in convolution module k and different numbers of self-attention blocks N, described in Table 10.
The baseline model in the original study has k = 40 and N = 6.

Table 10. Experiment EEG-Conformer with different hyperparameters

k 20,30, 40, 50, 60
N 6,7,80910

In Table 11, the contribution of each k, N to the performance of EEG-TCNet is examined by
keeping the baseline value of one parameter and changing one parameter. The increasing k improves
the average accuracy, but the performance declines when k rises from 40 to 60. The average accuracy
decreases when N is from 6 to 7 and then increases slightly when N is from 7 to 10, but the average
accuracy is still lower than N of 6.

Table 11. Comparison of different numbers of filters k and numbers of self-attention block N in
EEG-Conformer in average accuracy.

k N  Average accuracy (%)

20 78.66
30 78.02
40 6 79.51
50 77.86
60 77.74
6 79.51
7 78.27
40 8 78.50
9 78.58
10 78.65

After training 25 experiments, the fixed hyperparameters selected are k = 20 and N = 10. The
variable hyperparameters are described in Table 12.

Table 12. Variable hyperparameters of EEG-Conformer

S1 S2 S3 S4 S5 S6 S7 S8 S9
k 20 20 40 40 40 20 30 40 30
N 6 8 6 10 6 9 10 7 10

Table 13 and Figure 11 compare and visualise the accuracy of the EEG-Conformer baseline model,
fixed model, and variable models. The accuracies of them are nearly equal in each subject. However,
subject 2 in the fixed model has higher accuracy than the baseline model.
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Table 13. Accuracy of the EEG-Conformer baseline model, fixed model and variable models

Baseline Fixed model Variable model

S1 84.03 87.54 88.26
S2 53.82 60.42 61.48
S3 95.49 91.94 95.49
S4 78.13 75.88 78.51
S5 79.51 77.90 79.51
Sé6 64.58 64.19 65.58
S7 89.58 88.09 92.42
S8 87.15 88.56 89.30
S9 83.33 82.95 84.09
Average 79.51 79.72 81.63

100
baseline

mmm optimised fixed model
s optimised variable model

80
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40 1
20
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subjects

=3

Accuracy
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Figure 11. The column chart shows the accuracy between the EEG-Conformer baseline model, fixed
model and variable.
4.5. EEG-Conformer with Different Bandpass Filter Parameters

In the second sub-project with EEG-Conformer, the baseline model is trained with different orders
of the filter and the minimum attenuations required in the stop band of Chebyshev type 2, described
in Table 14.

Table 14. Experiment EEG-Conformer with different parameters of Chebyshev type 2 filter

N 4,56,7,8
rs 20,30, 40, 50, 60. 70, 80, 90, 100

After training 45 experiments, a fixed result and a variable result are selected. In terms of the
fixed result, the best Chebyshev type 2 parameters N = 4, rs = 20 for all 9 subjects are selected based
on the average accuracy. Regarding the variable result, the best Chebyshev type 2 parameters N, rs for
each subject are selected. Table 15 summarises the variable result.
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Table 15. Variable bandpass filter of EEG-Conformer

S1 S2 S3 S4 S5 S6 S7 S8 S9
N 5 4 5 5 4 5 6 6 5
rs 30 20 40 20 20 20 20 90 90

Table 16 and Figure 12 compare and visualise the accuracy of the baseline EEG-Conformer,
EEG-Conformer with fixed bandpass filter and EEG-Conformer with variable bandpass filter. The
Chebyshev type 2 contributes to improving the accuracy of subject 1, subject 2, subject 4 and subject 7.
Other subjects are approximate to the baseline model. The variable result got an average accuracy of
84.61%.

Table 16. Accuracy of the baseline EEG-Conformer, EEG-Conformer with fixed bandpass filter and
EEG-Conformer with variable bandpass filter (%)

Baseline Fixed bandpass filter Variable bandpass filter

S1 84.03 90.04 91.81
S2 53.82 63.96 63.96
S3 95.49 92.67 94.14
S4 78.13 81.58 86.40
S5 79.51 79.71 79.71
S6 64.58 66.98 71.16
S7 89.58 94.95 96.39
S8 87.15 88.56 89.30
S9 83.33 88.26 88.64
Average 79.51 82.97 84.61

100 1 .
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Figure 12. The Column chart shows accuracy of the baseline EEG- Conformert, EEG-Conformer with
fixed bandpass filter and EEG- Conformert with variable bandpass filter.
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4.6. EEG-TCNTransformer with Different Hyperparameters

The different number of filters k in TCN block, number of TCN block T is validated to select
the best hyperparameters. In Table 17, the average of all subjects is summarised with different k and
T. With each T, the more filters k, the higher the average accuracy, but the average accuracy stops
increasing and decreases at a level of filters. With T = 1, the average accuracy is highest at k=60. With
T = 2, the average accuracy is highest at k=60. With T = 3, the average accuracy is highest at k=70.
Overall, T = 3 and k = 70 produce the best average accuracy of 82.97%.

Table 17. The average accuracy of different numbers of filters k and number of TCN block T

T
1 2 3
10 7585 76,52 76.16
20 7678 79.04 78.86
30 80.57 8099 82.06
40 8040 81.60 82.81
k 50 7932 8196 8275
60 8144 82.68 81.63
70 81.12 8257 82.97
80 8128 8218 81.30
90 8096 81.81 81.78
100 80.49 8213 81.25

Table 18 compares the accuracy between EEG-TCNTransformer with T = 3, k = 70, baseline EEG-
TCNet, and baseline EEG-Conformer. EEG-TCNTransformer improves the performance of subject 2,
which EEG-Conformer is lower than EEG-TCNet. Moreover, EEG-TCNTransformer improves subject
9 by about 5.69% compared to EEG-Conformer. Subjects 1, 4, 5, 6, and 8 also improved from 1.41% up
to 3.56%.

Table 18. Comparisons EEG-TCNet baseline, EEG-Conformer baseline and EEG-TCNTransformer

EEG-TCNet EEG-Conformer EEG-TCNTransformer

S1 84.34 84.03 87.90
S2 62.90 53.82 66.78
S3 93.77 95.49 94.51
S4 71.05 78.13 82.02
S5 77.17 79.51 81.88
S6 57.21 64.58 66.51
S7 88.45 89.58 89.53
S8 83.76 87.15 88.56
S9 76.89 83.33 89.02
Average 77.28 79.51 82.97

4.7. EEG-TCNTransformer with Different Bandpass Filter Parameters

The bandpass filter is also added to the pre-processing to validate the performance of the EEG-
TCNTransformer. Table 19 describes the average accuracy of different orders of filter N=[1, 2, 3,
4,5,6,7,8,9, 10] with the minimum attenuations required in the stop band rs=[10, 20, 30]. The
highest average accuracy of 9 subjects when training EEG-TCNTransformer with bandpass filter is
80.27% while increasing rs reduces the performance. Therefore, the bandpass filter is inefficient for the
EEG-TCNTransformer.
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Table 19. The average accuracy of EEG-TCNTransformer with different bandpass filter parameters

rs
10 20 30

1 7453 73.00 70.61
2 8027 7821 76.81
3 7589 7237 7172
4 7950 7431 73.53
N 5 7821 7371 71.80
6 7881 7466 71.69
7 7873 7337 7137
8 7919 7448 7138
9 7959 7392 7212
10 78.69 7376 71.14

5. Discussion

This research aims to study the contribution of changing hyperparameters and changing bandpass
filter parameters of Chebyshev type 2 to a CNN method and a Transformer method in Brain-Computer
Interface motor imagery. Regarding the CNN method, EEG-TCNet is a novel study for research.
The increase in the number of filters and kernel sizes in EEG-TCNet architecture provides better
performance. However, the bandpass filter Chebyshev type 2 in data pre-processing is inefficient for
training EEG-TCNet. In terms of the Transformer method, the EEG-Conformer is chosen for research.
The average accuracy improves when the number of filters is from 20 to 40. The Chebyshev type 2
bandpass filter was found to contribute significantly to the accuracy of each subject, producing an
average accuracy of 82.97%. However, EEG-TCNet still has other hyperparameters such as dropout,
depth of TCN blocks, depth in EEGNet module or EEG-Conformer still has dropout and head number
in multi-head that cannot be examined in this study because of the limit of training resource and time.

In this research, a new model called EEG-TCNTransformer is created, which combines the
convolution parts of EEG-TCNet and the sequence of self-attention blocks. The average accuracy of
EEG-TCNTransformer improves when the number of TNC blocks increases, which learns better the
low-level temporal features in temporal and spatial features. The number of filters also contributes to
the performance, but it gets overfitting at specific filters. Moreover, the bandpass filter is inefficient
for EEG-TCNTransformer, so the raw EEG data with standardisation is used in training and testing.
Therefore, the optimised hyperparameters for EEG-TCNTransformerer generate better accuracy for
each subject compared to baseline EEG-TCNet and baseline EEG-Conformer without bandpass filter
in pre-processing, and the average accuracy of EEG-TCNTransformer is 82.97%.

6. Conclusion

Brain-computer interface motor imagery is an emerging research topic in Artificial Intelligence.
This study explores the contributions of hyperparameters and bandpass filters to the performance of
EEG-TCNet and EEG-Conformer. The average accuracy of EEG-TCNet was improved when increasing
the number of filters and kernel size, but the bandpass filter is inefficient in training. In contrast,
the bandpass filter significantly improves the accuracy of EEG-Conformer, where the performance
is unimproved when increasing the number of self-attention blocks. Furthermore, a new model,
EEG-TCNTransformer, which incorporates the convolution architecture of EEG-TCNet and a stack of
self-attentions with a multi-head structure. This EEG-TCNTransformer outperforms with an average
accuracy of 82.97%. In future, various techniques within the transformer architecture will be explored
to enhance the global feature correlation for EEG-TCNTransformer.
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Appendix A. TCNet Training Results

Appendix A.1. Experiment EEG-TCNet with Different Hyperparameters

Table Al shows the accuracy of 9 subjects when changing F;, Kg, Fr, Kt in EEG-TCNet architec-

ture.
Table A1. Accuracy of EEG-TCNet with different Fy, Kg, Fr, K
Fi. Kg Fr Ky S1 S2 S3 S4 S5 Sé6 S7 S8 S9 Average Accuracy (%)
6 16 10 4 79.36 5936 91.21 67.11 75.72 5628 75.09 8192 75.00 73.45
6 16 10 6 8221 60.07 9451 7237 7572 6233 7617 8413 7955 76.34
6 16 10 8 82.92 59.72 9524 7456 75.72 6698 8123 82.66 7652 77.28
6 16 12 4 80.78 66.43 93.77 6623 7790 58.14 93.14 83.03 8295 78.04
6 16 12 6 80.43 60.78 93.77 76.75 80.80 64.19 8845 83.03 8333 79.06
6 16 12 8 83.63 6749 9121 6798 80.80 65.12 7653 83.76 84.47 77.89
6 16 14 4 75.09 53.00 88.28 67.11 75.72 5488 76.17 8155 75.00 71.87
6 16 14 6 78.65 61.48 89.38 73.68 75.72 64.65 9278 8229 76.89 77.28
6 16 14 8 8256 6042 95.60 74.12 7572 68.84 92.06 76.75 76.14 78.02
6 32 10 4 7651 6396 9121 7237 7935 5349 75.09 8229 7538 7440
6 32 10 6 82.21 6820 9451 6535 76.09 64.65 9134 80.07 80.68 78.12
6 32 10 8 76.16 5795 9524 7544 7899 6326 88.09 86.72 8523 7856
6 32 12 4 8149 56.89 9158 70.18 7210 6140 77.62 82.66 84.47 75.38
6 32 12 6 80.43 6537 9487 7456 7935 61.86 91.70 80.44 81.44 78.89
6 32 12 8 82.56 56.18 93.41 7588 7862 6140 91.70 84.87 8598 78.96
6 32 14 4 83.63 59.01 9451 6798 70.65 60.00 90.25 78.60 79.17 75.98
6 32 14 6 76.16 61.84 97.07 80.26 73.55 6093 8123 83.76 81.82 77.40
6 32 14 8 85.05 66.78 9121 7149 7536 6093 8773 7786 76.89 77.03
6 48 10 4 87.54 6396 9341 70.61 7536 57.67 7581 82.66 78.03 76.12
6 48 10 6 79.36 59.36 89.74 70.61 7645 6558 90.25 8339 79.17 77.10
6 48 10 8 78.65 63.25 93.04 7281 81.16 6326 91.70 8192 8295 78.75
6 48 12 4 78.65 5194 9194 6930 7391 64.65 8412 8192 8371 7557
6 48 12 6 88.26 64.66 97.07 63.60 79.35 6326 9097 8155 81.82 78.95
6 48 12 8 83.27 61.84 9487 7763 79.71 6651 7617 83.39 8220 78.40
6 48 14 4 79.00 5795 91.21 70.18 71.38 59.53 90.25 84.13 81.06 76.08
6 48 14 6 7722 5654 93.04 7193 7899 6186 7690 84.13 7955 7557
6 48 14 8 83.27 6572 9267 7632 7754 57.67 7834 8192 8030 77.08
8§ 16 10 4 79.36 6254 89.74 71.05 7246 60.00 90.25 8598 8333 77.19
8 16 10 6 8221 67.14 9524 6930 7645 6791 90.61 8229 80.68 79.09
8 16 10 8 83.27 6749 9414 7632 8043 6651 9134 80.07 7576 79.48
8 16 12 4 82.92 60.78 93.04 6798 6630 6279 93.14 80.81 8220 76.66
8 16 12 6 8149 6643 9341 7061 7717 64.65 88.81 8450 8523 79.15
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8§ 16 12 8 8221 6749 9414 78.07 7391 6744 8845 8376 85.61 80.12
8§ 16 14 4 78.65 57.60 88.64 6623 8043 6047 9278 8413 8220 76.79
8§ 16 14 o6 7972 6714 93.04 68.86 8043 5581 8881 8339 79.17 77.37
8§ 16 14 8 81.14 61.13 9267 7588 7935 6651 88.09 79.70 80.68 78.35
8§ 32 10 4 85.77 6572 9524 7588 76.09 5674 8881 8192 7576 77.99
8§ 32 10 6 8256 6749 9377 7851 7971 6465 9025 85.61 84.85 80.82
8§ 32 10 8 8256 6572 9414 7632 84.06 6558 9242 8413 8636 81.26
8§ 32 12 4 8434 6290 9377 7105 7717 5721 8845 8376 76.89 77.28
8§ 32 12 6 83.63 6643 9487 75.00 7572 6651 8773 8524 84.47 79.96
8§ 32 12 8 8292 6148 9451 73.68 7935 6512 9134 7675 8220 78.59
8§ 32 14 4 79.36  60.78 97.07 7237 7790 6186 8845 8229 8712 78.58
8 32 14 6 81.85 67.84 9451 71.05 7572 6558 89.17 85.61 7992 79.03
8§ 32 14 8 82.92 5760 95.60 73.68 80.80 6512 89.89 82.66 8333 79.07
8§ 48 10 4 8221 54.06 9231 6360 7536 5814 75.09 79.70 7992 73.38
8 48 10 6 81.85 66.08 9524 7632 7826 6279 8592 8229 7917 78.66
8 48 10 8 83.27 64.66 9524 7895 80.07 6791 86.64 83.03 84.85 80.51
8§ 48 12 4 81.14 6219 9487 7018 7899 6047 84.12 7934 8220 77.05
8§ 48 12 6 81.85 6749 9341 7237 76.81 5860 8881 83.03 8333 7841
8§ 48 12 8 8292 6148 9084 7632 79.71 6558 90.61 81.18 8371 79.15
8§ 48 14 4 8399 56.18 94.87 75.00 7826 6279 8953 84.13 8371 78.72
8§ 48 14 o6 81.14 7244 9560 80.26 80.07 6279 9134 84.13 8144 81.02
8§ 48 14 8 80.78 6537 9487 71.05 78.62 6419 80.87 84.13 84.47 78.26
10 16 10 4 8256 61.84 9377 6579 77.17 58.60 88.09 84.13 8333 77.25
10 16 10 6 80.07 6254 93.04 7193 7935 6279 89.17 8413 7955 78.06
10 16 10 8 8043 6572 9377 7632 7790 6558 9206 8376 8295 79.83
10 16 12 4 8149 64.66 93.04 73.68 7428 58.60 94.58 84.13 79.17 78.18
10 16 12 6 83.63 6396 9267 6974 7790 6326 9278 8266 8258 78.80
10 16 12 8 81.14 6290 9377 73.68 8188 6651 9242 8266 8371 79.85
10 16 14 4 8149 60.78 9414 7632 7935 6512 9206 84.87 8220 79.59
10 16 14 6 8043 66.08 9524 7544 7717 6884 9134 8339 7841 79.59
10 16 14 8 8221 64.66 93.04 77.63 7754 6698 8953 8413 79.17 7943
10 32 10 4 83.27 6431 9524 7456 7464 6233 89.17 8192 8144 78.54
10 32 10 6 85.06 69.61 9414 79.82 7790 6279 8953 80.81 84.09 80.42
10 32 10 8 85.06 6890 95.60 7632 76.81 66.05 90.61 83.76 84.85 80.88
10 32 12 4 81.85 58.66 9597 69.30 79.71 63.72 9025 83.76 79.17 78.04
10 32 12 6 8292 65.02 9377 7193 79.71 6140 89.89 8524 8447 79.37
10 32 12 8 81.85 6996 9341 7412 8043 6651 89.17 84.87 8636 80.74
10 32 14 4 8470 6290 9414 7018 7790 6093 89.89 83.03 8523 78.76
10 32 14 6 8399 66.78 9524 7193 8333 6186 9206 83.03 84.47 80.30
10 32 14 8 8292 6254 9487 7412 8152 6837 9025 86.72 8598 80.81
10 48 10 4 83.63 61.13 9414 6842 78.62 58.60 9097 8339 7197 76.77
10 48 10 6 8470 6254 9377 7325 7645 6698 89.890 8339 8598 79.66
10 48 10 8 8470 6572 9377 7325 7645 6279 8267 8524 8371 78.70
10 48 12 4 8221 65.02 9487 6974 76.09 5953 7726 8524 8220 7691
10 48 12 6 83.63 7279 9341 6930 7899 6419 90.61 8413 8523 80.25
10 48 12 8 86.12 71.02 94.87 80.26 76.81 69.30 87.00 81.18 8523 81.31
10 48 14 4 81.85 59.72 9487 7237 7754 5674 9025 8450 8144 77.70
10 48 14 6 8221 6890 9670 7719 7899 6093 9134 8782 7955 80.40
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10 48 14 8 86.12 6996 9560 75.88 8043 6093 88.09 8376 8295 80.42

Appendix A.2. Experiment EEG-TCNet with Different Parameters of Chebyshev Type 2 Filter

Table A2 shows the accuracy of 9 subjects when training EEG-TCNet with different parameters N,
rs in the bandpass filter

Table A2. Accuracy of EEG-TCNet with different bandpass filter parameters N, rs

rs  S1 S2 S3 S4 S5 S6 S7 S8 S9 Average Accuracy (%)
20 76.87 51.24 9231 6535 37.68 5070 75.09 7897 79.17 67.49
30 8043 5265 9158 5833 3587 4558 7184 8339 79.17 66.54
40 7794 4841 8938 5263 3478 4698 7329 8339 8220 6544
50 76.87 4735 9194 5658 3333 4744 6859 78.60 79.17 6443
60 7794 3852 9121 5175 3587 44.65 6137 8524 84.09 63.40
70  80.78 33.57 9158 50.00 35.87 4651 6354 8192 78.03 6242
80 8149 4134 9231 4649 3551 4558 5487 77.12 7614 61.21
90 79.72 3498 9377 4561 34.06 4372 51.62 59.78 6629 56.62
100 7794 36.04 9121 4342 3732 4186 4874 5387 48.11 53.17
20 78.65 5406 9231 6623 4674 4326 7473 8413 79.55 68.85
30 81.85 5124 89.01 66.67 35.87 4512 7473 8339 8144 67.70
40 7865 5053 91.94 5833 3261 4837 7798 8339 8030 66.90
50 76.51 4876 9158 5439 3551 4419 7112 8229 8220 6517
60 73.67 49.12 9121 5746 37.68 49.77 6931 82.66 80.68 6573
70 7616 49.82 89.74 56.14 35.87 4326 6390 8155 81.82 6425
80 8221 34.63 9194 5482 3696 5116 6498 80.07 8258 64.37
90 7295 36.04 9158 4737 3406 5023 5884 8155 80.68 61.48
100 7758 3534 94.51 4298 3659 4512 5199 7417 78.03 59.59
20 8149 5618 9048 5921 3551 40.00 84.84 79.34 8258 67.74
30 78.65 5230 89.01 5658 3442 4884 79.78 8450 76.89 66.77
40 78.65 49.82 89.74 6447 3732 4512 73.65 79.70 8333 66.87
50 80.43 47.00 92.67 6096 3659 46.05 8195 79.34 80.30 67.25
60 76,51 50.88 89.74 4956 3478 44.65 7220 8044 74.62 63.71
70 7829 5336 9231 57.02 37.68 4791 67.87 8192 8333 66.63
80 78.65 36.75 9158 5219 3152 49.77 6823 83.39 81.06 63.68
90 76.16 40.64 9048 57.89 33.70 54.88 66.06 80.81 8447 65.01
100 79.36 3746 92.67 52.63 3478 49.77 6643 8229 8295 64.26
20 7794 5442 8974 69.74 3623 46.05 7509 8192 7386 6722
30 8185 56.18 9121 6491 4457 4512 7870 8155 8144 69.50
40 79.00 5194 9048 7237 56.88 5116 8267 8229 7879 7173
50 73.67 5159 88.64 5132 3225 4326 7401 83.03 78.03 63.98
60 80.07 4841 90.84 5877 3478 4930 76.17 8192 78.03 66.48
70 79.00 50.18 9048 49.56 3841 4791 7040 83.03 81.06 65.56
80 7473 49.12 9048 5439 3297 40.00 7292 8229 80.68 64.18
90 8043 3534 9121 4956 3877 54.88 66.06 79.70 81.44 64.15
100 79.72 3534 9048 53.95 3551 4884 6787 8376 8333 6431
20 75.09 5018 8755 5526 3659 4698 76.17 8339 75.00 65.13
30 80.07 5512 9231 63.60 3877 4419 8195 80.81 81.82 68.74
40 7616 5230 9158 63.60 3841 52.09 8339 8155 79.55 68.73
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8§ 50 7580 50.88 9048 59.65 3877 4791 8051 80.81 8409 67.65
8§ 60 8149 48.06 93.04 54.82 3732 4884 8051 8044 81.82 67.37
8§ 70 79.00 54.06 89.74 5132 2935 40.00 7762 8155 81.44 64.90
8§ 80 79.00 47.00 90.11 48.68 3514 4372 71.48 80.44 84.85 64.49
8§ 90 7829 4594 90.11 4518 3877 52.09 7581 8192 80.68 6542
8§ 100 76.87 46.64 9158 4956 3732 4651 6715 80.81 8030 64.08

Appendix B. EEG-Conformer Training Results

Appendix B.1. Experiment EEG-Conformer with Different Hyperparameters

Table A3 reveals the accuracy of 9 subjects that experiment with different hyperparameters k, N
in EEG-Conformer architecture
Table A3. Accuracy of EEG-Conformer with different hyperparameters k, N

k N S1 S2 S3 S4 S5 Sé S7 S8 S9 Average Accuracy (%)
20 6 8826 58.66 9487 7325 7645 6279 87.00 87.08 79.55 78.66
30 6 8648 5795 9524 73.68 7536 59.07 87.00 8635 81.06 78.02
40 6 84.03 53.82 9549 7813 79.51 6458 89.58 87.15 83.33 79.51
50 6 86.12 5442 9377 7412 7536 58.60 89.53 87.82 81.06 77.87
60 6 8434 5760 9377 7237 7862 6047 8520 8782 7955 7775
20 7 8683 61.13 9487 7325 7681 59.07 8556 8819 79.17 78.32
30 7 8648 59.01 9377 7412 7645 6326 9097 87.82 81.82 79.30
40 7 8541 5512 9487 7193 7645 5814 90.61 89.30 8258 7827
50 7 8470 5265 9487 7325 76.09 5814 8845 8819 7955 77.32
60 7 85.05 5194 9487 7456 7754 60.00 89.53 88.19 8220 78.21
20 8 8541 6148 9341 7149 7681 6140 8448 8856 8295 7844
30 8 86.83 5371 9487 7149 7572 60.00 90.25 89.30 8144 78.18
40 8 8577 5618 9414 7193 7826 60.00 9134 8745 8144 78.50
50 8 8754 5406 9341 7149 7899 6372 8484 88.19 79.92 78.02
60 8 8434 5336 9341 73.68 7826 6233 9025 88.19 80.30 78.24
20 9 8754 6042 9414 7763 7645 65.58 8195 89.30 80.68 79.30
30 9 8683 5548 9377 7632 7826 6140 9025 88.19 81.06 79.06
40 9 8577 5442 9267 7456 7790 59.07 92.06 87.82 8295 78.58
50 9 8612 5477 9451 7456 7536 6047 9025 86.72 83.33 78.45
60 9 8719 5336 9341 7193 7645 5953 90.61 87.82 8220 78.06
20 10 8754 6042 9194 7588 7790 64.19 88.09 8856 8295 79.72
30 10 8754 b54.06 9414 7325 7754 6093 9242 89.30 84.09 79.25
40 10 8577 50.88 9451 7851 79.35 59.07 9170 88.19 79.92 78.65
50 10 8719 56.18 9414 7237 7790 59.07 8556 8856 81.82 78.09
60 10 8648 5230 9451 7544 7754 6047 8881 8930 8371 78.73

Appendix B.2. Experiment EEG-Conformer with Different Parameters of Chebyshev Type 2 Filter

Table A4 below illustrates the accuracy of 9 subjects trained with different parameters N, rs in the
bandpass filter
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Table A4. Accuracy of EEG-Conformer with different bandpass filter parameters N, rs
N rs 81 S2 S3 S4 S5 S6 S7 S8 S9 Average Accuracy (%)
4 20 90.04 6396 9267 8158 79.71 6698 9495 8856 88.26 8297
4 30 90.75 60.07 9231 8158 6594 6558 93.86 8856 87.12 80.64
4 40 9110 56.89 9267 8158 5797 6558 92.78 8856 87.50 79.40
4 50 89.68 5936 93.04 7895 5507 6558 90.61 8782 8826 7871
4 60 8790 6007 93.77 78.07 49.64 64.65 84.12 8856 87.50 77.14
4 70 8648 4982 9377 71.05 46.01 63.72 80.87 8745 86.36 73.95
4 80 8719 4876 93.77 6228 4565 64.65 7726 8450 85.61 72.19
4 90 8648 4735 9341 59.65 43.12 57.67 6823 7823 75.00 67.68
4 100 81.85 4594 9158 56.58 39.86 5395 5921 6753 6629 62.53
5 20 9039 5936 9377 86.40 7536 71.16 9531 87.08 8750 8293
5 30 9181 6042 9341 8289 6775 6326 9422 87.08 86.74 80.84
5 40 9039 6290 94.14 85.09 5942 64.65 9242 86.72 87.12 80.32
5 50 9039 5830 9267 8333 b56.16 6558 93.14 88.19 87.50 79.48
5 60 8897 5936 93.04 79.82 5471 64.19 91.34 8856 8598 78.44
5 70 8790 6148 93.77 7719 50.00 66.51 84.84 88.19 8750 77.49
5 80 8541 5583 9267 7325 4891 65.12 83.75 8856 87.88 75.71
5 90 8754 50.18 9341 6535 43.84 6884 7870 86.35 88.64 73.65
5 100 86.12 49.12 94.14 6140 4457 66.05 70.76 84.87 8295 71.11
6 20 88.61 59.01 9231 80.70 7826 68.84 96.39 8856 8750 82.24
6 30 9146 57.60 9377 8246 7355 6326 9458 8745 87.12 81.25
6 40 9110 59.72 9341 84.21 64.13 6651 9386 86.72 87.12 80.75
6 50 89.68 61.13 9194 83.77 5942 66.05 9422 8856 86.74 80.17
6 60 8958 60.76 9340 79.17 5278 6285 9132 86.81 87.85 78.28
6 70 90.04 60.07 93.04 7939 5399 66.05 9242 87.08 86.36 78.71
6 80 8754 6078 9377 78.07 5181 66,51 8773 8856 8826 78.11
6 90 8577 5830 9341 7632 4964 6558 84.84 89.30 86.36 76.61
6 100 85.056 53.36 9341 7281 4710 65.12 81.59 8598 87.88 74.70
7 20 8932 6148 93.04 8596 75.00 70.70 9531 86.72 8712 82.74
7 30 8968 59.72 9341 85.09 6993 6791 9495 86.72 87.88 81.70
7 40 91.10 59.01 94.14 8421 6848 64.65 93.86 8745 86.74 81.07
7 50 91.10 60.07 9341 8421 6449 66.05 91.34 8745 86.74 80.54
7 60 89.68 60.78 93.04 8421 60.14 6698 92.78 8893 8598 80.28
7 70 8932 5866 9341 81.14 5471 6744 93.14 8745 8598 79.03
7 80 90.04 5936 9267 80.70 53.62 69.30 88.09 87.08 87.88 78.75
7 90 8790 61.84 9231 78.07 50.36 65.12 90.25 8893 8750 78.03
7 100 8541 60.07 9341 7719 4855 63.72 8556 8893 8826 76.79
8 20 9028 59.72 9375 8229 69.10 6354 9549 8854 87.85 81.17
8 30 9110 6148 9341 8553 7138 6558 9458 86.72 86.74 81.84
8 40 90.04 6290 93.04 8333 6920 6791 9422 88.19 8826 81.90
8 50 91.81 60.78 93.77 8289 6775 6558 93.14 87.08 85.61 80.94
8§ 60 9110 60.78 93.77 8246 6232 6558 9314 8782 86.74 80.41
8§ 70 89.68 59.72 9231 82.02 5797 6651 91.70 8856 8750 79.55
8§ 80 9039 59.01 9341 82.02 56.16 6651 9134 8745 85.61 79.10
8 90 90.04 58.66 9267 80.70 55.80 6837 89.17 86.72 8750 78.85
8§ 100 88.97 60.78 9231 7544 5181 66.05 9134 8856 87.12 78.04
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Appendix C. EEG-TCNTransformer Training Results

Appendix C.1. Experiment EEG-TCNTransformer with Different Hyperparameters

Table A5 displays the accuracy of 9 subjects that train the EEG-TCNTransformer with different
number of TCNet blocks T and number of filters k in TCN block

Table A5. Accuracy of EEG-TCNTransformer with different hyperparameters T, k

k S1 S2 S3 S4 S5 Sé S7 S8 S9 Average Accuracy (%)
10 8541 6042 9121 79.82 5652 60.00 8520 8487 79.17 75.85
20 8256 66.43 92.67 78.07 6341 59.07 8628 8561 76.89 76.78
30 85.05 66.08 91.94 8421 7464 6698 88.81 8413 83.33 80.57
40 8434 6926 9341 8114 76.09 59.07 9025 8524 84.85 80.40
50 85.05 6219 9341 8026 7681 57.67 89.17 8450 84.85 79.32
60 8719 66.08 9341 80.70 7826 64.65 89.53 85.61 8750 81.44
70 8399 6643 9524 7763 7754 6512 8917 86.72 8826 81.12
80 86.48 63.96 95.60 7939 7645 6698 9025 8450 87.88 81.28
90 8541 63.60 9524 8026 7754 59.53 9134 8819 87.50 80.96
100 8754 61.84 9487 8158 7790 58.14 9097 86.72 84.85 80.49
10 85.77 65.02 9048 70.18 68.12 58.60 89.53 84.87 76.14 76.52
20 85.05 7138 9231 80.70 6630 64.65 87.73 8635 76.89 79.04
30 8363 6749 93.04 8421 8152 6512 8953 86.35 78.03 80.99
40 8327 6643 9414 8246 84.06 6744 88.81 8450 8333 81.60
50 8434 6890 9341 8289 8116 6512 89.17 8598 86.74 8197
60 8327 6714 9341 8640 8043 66.05 9278 86.72 87.88 82.68
70 86.48 6537 9451 8421 80.80 6837 89.53 8598 87.88 8257
80 86.48 6643 9487 8421 8152 6233 89.89 8598 87.88 82.18
90 83.63 65.02 9451 8333 8116 6419 9025 86.72 8750 81.81
100 85.77 64.66 9451 8377 80.80 67.44 8773 8782 86.74 8214
10  80.07 7279 9048 71.05 67.39 5814 89.17 8192 7462 76.18
20 8470 6855 93.77 79.82 7210 63.72 9097 83.03 73.11 78.86
30 8719 6572 94.87 8377 80.80 69.30 91.70 8524 79.92 82.06
40 88.61 66.08 9451 8728 7935 6837 9134 8487 8485 8281
50 86.12 6749 93.77 8333 8370 6698 89.89 8745 85.98 8275
60 8399 6643 9341 80.70 81.52 6558 8953 86.35 87.12 81.63
70 8790 66.78 9451 8202 81.88 6651 89.53 8856 89.02 82.97
80 8221 6714 9194 8158 8225 6326 89.89 8635 8712 81.30
90 86.83 6572 93.77 8246 7899 6837 83.03 8745 89.39 81.78
100 8541 6219 93.04 8289 78.62 66.05 8881 86.72 8750 81.25
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Appendix C.2. Experiment EEG-TCNTransformer with Different Parameters of Chebyshev Type 2 Filter

Table A6 shows the accuracy of 9 subjects trained EEG-TCNTransformer with different parameters
N, rs in the bandpass filter

Table A6. Accuracy of EEG-TCNTransformer with different bandpass filter parameters N, rs

T k S1 S2 S3 S4 S5 S6 S7 S8 S9 Average Accuracy (%)
10 79.72 5371 9048 7632 6884 5442 8159 7897 86.74 7453
10 83.63 6325 9341 7939 7645 61.86 9134 85.98 87.12 80.27

N | =
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10 79.72 5442 8791 82.02 7428 5535 85.56 80.07 83.71 75.89
10 81.85 66.43 9341 7193 78.62 6326 90.25 83.39 86.36 79.50
10 7794 59.01 9231 7851 7717 6186 87.73 8376 85.61 7821
10 80.07 6325 93.77 7500 7717 6326 8736 8229 8712 78.81
10 7829 6219 9158 7719 7790 6326 89.89 8339 8485 7873
10 7829 6113 93.77 8026 7500 6419 89.17 8339 8750 79.19
10 80.07 61.84 9121 7939 79.71 6372 89.89 8376 86.74 79.59
10 79.00 6290 9341 8070 71.74 6233 89.17 8339 85.61 78.69
20 78.65 56.89 90.11 6623 6630 59.07 7401 7786 87.88 73.00
20 79.00 56.54 9341 7851 7355 6465 8953 8192 8674 7821
20 78.65 5230 8938 7544 5725 5209 80.14 79.70 86.36 7237
20 7758 5477 89.01 7325 67.03 53.02 8736 8044 86.36 74.31
20 80.07 5442 8571 7719 68.12 5070 83.03 7934 8485 73.71
20 81.14 5442 8938 70.61 6957 53.02 86.64 8044 86.74 74.66
20 80.07 5371 86.45 75.00 63.77 5116 8339 8155 8523 7337
20 80.43 53.00 88.64 7588 6993 51.16 8412 8044 86.74 7448
20 79.00 53.00 8755 7412 6522 5395 8448 8118 86.74 73.92
20 80.07 5371 89.01 7544 67.03 4837 8267 8118 8636 73.76
30 7829 5442 9048 5175 63.04 5628 7401 7897 88.26 70.61
30 76.16 5442 90.84 7632 7246 6837 8592 79.70 8712 76.81
30 78.65 5442 90.84 7632 51.09 53.02 75.09 7934 86.74 71.72
30 79.72 5371 8974 7851 5543 53.02 8556 7934 86.74 73.53
30 7758 50.53 90.84 75.88 5290 51.16 8159 7934 86.36 71.80
30 79.72 50.88 9048 7632 5145 4698 84.12 7970 85.61 71.69
30 79.00 5088 8718 77.63 56.52 46.05 79.78 79.70 85.61 71.37
30 79.72 5124 8718 7281 5254 4698 86.28 80.07 85.61 71.38
30 79.72 50.88 86.08 7939 56.16 4744 8339 80.07 8598 72.12
30 79.72 4912 8718 71.05 5326 49.77 8375 80.07 8636 71.14
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