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Article
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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 (AI) 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 AI 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.
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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 MATLAB 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.

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.

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

|H( f )| = 1√
1 + ε2T2

n(
fs
f )

(1)

Where
ε A parameter related to the ripples in the stop-band
Tn Is the nth-order Chebyshev polynomial
fs Is the stop-band edge frequency
f Is the frequency variable

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

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

ε =

√
100.1Rs − 1 (2)

These two hyper-parameters, N and Rs 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

z =
x − µ

σ
(3)
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Where
z standardised value
x original value
µ mean of the distribution
σ 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.

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 t and earlier determine the output at time t.

(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.
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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.

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) = So f tmax(
QKT
√

k
)V (4)

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 h segments, described as follows

MHA(Q, K, V) = [head0; . . . ; headh−1], (5)

headl = Attention(Ql , Kl , Vl), l = 1, 2, ..., h (6)

Where MHA is the multi-head attention Ql , Kl , Vl ∈ Rm×k/h indicate the query, key and value
acquired by a linear transformation of segment token in the lth head, respectively.

(c) 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

L = − 1
Nb

Nb

∑
i=1

M

∑
c=1

y log (ŷ) (7)

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

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

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

Attention(Q, K, V) = So f tmax(
QKT
√

k
)V (8)

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 h segments, described as follows

MHA(Q, K, V) = [head0; . . . ; headh−1], (9)

headl = Attention(Ql , Kl , Vl), l = 1, 2, ..., h (10)

Where MHA is the multi-head attention Ql , Kl , Vl ∈ Rm×k/h indicate the query, key and value
acquired by a linear transformation of segment token in the lth 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

L = − 1
Nb

Nb

∑
i=1

M

∑
c=1

y log (ŷ) (11)

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

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

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.

accuracy =
Correct predictions

All predictions
(12)

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 F1 = 8, KE = 32, FT = 12, KT = 4 as same
as the authors. Besides that, the dropout values in the EEGNet module and the TCN module are
ρe = 0.2, ρt = 0.3, the same as the original paper.

Table 1. EEG-TCNet architecture [18].

Layer Type #Filter Kernel Output

ϕ1
Input (1,C,T)
Conv2D F1 (1,KE) (F1,C,T)BatchNorm

ϕ2

DepthwiseConv2D F1 · 2 (C,1)
(2 · F1,1,T)BatchNorm

EluAct
AveragePool2D (2 · F1,1,T//8)Dropout

ϕ3

SeparableConv2D F2 (1,16)
(F2,1,T//8)BatchNorm

EluAct
AveragePool2D (F2,1,T//64)Dropout

ϕ4 TCN FT KT FT

ϕ5 Dense 4SoftMaxAct

Where
C Number of EEG channels
T Number of timepoints
F1 Number of temporal filters
F2(= 2 · F1) Number of spatial filters
FT Number of filters in TCN module
KE Kernel size in first convolution
KT Kernel size in TCN module
ρe Dropout in EEGNet module
ρt 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.

EEGNet module F1 6, 8, 10
KE 16, 32, 48

TCN module FT 10, 12, 14
KT 4, 6, 8
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In Table 3, the contribution of each F1, KE, FT , 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 F1 and FT increase. Increasing KE to 32 and KT to 6 also improve the
accuracy, but the performance declines when increasing KE to 48 and KT to 8.

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

F1 KE FT KE Average accuracy (%)
6

32 12 4
75.38

8 77.28
10 78.04

8
16

12 4
76.66

32 77.28
48 77.05

8 32
10

4
77.99

12 77.28
14 78.58

8 32 12
4 77.28
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 F1 = 10, KE = 48, FT = 12, KT = 8 for all 9 subjects are selected
based on the average accuracy. Regarding the variable result, the best hyperparameters F1, KE, FT , 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
F1 6 10 6 6 8 10 10 10 8
KE 48 48 32 32 32 48 16 48 32
FT 12 12 14 14 10 12 12 14 14
KT 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 cheby2 of SciPy API for Python.

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

N 4, 5, 6, 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.

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, 8, 9, 10

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

6

78.66
30 78.02
40 79.51
50 77.86
60 77.74

40

6 79.51
7 78.27
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
S6 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

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, 5, 6, 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

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

k

1 2 3
10 75.85 76.52 76.16
20 76.78 79.04 78.86
30 80.57 80.99 82.06
40 80.40 81.60 82.81
50 79.32 81.96 82.75
60 81.44 82.68 81.63
70 81.12 82.57 82.97
80 81.28 82.18 81.30
90 80.96 81.81 81.78

100 80.49 82.13 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

N

1 74.53 73.00 70.61
2 80.27 78.21 76.81
3 75.89 72.37 71.72
4 79.50 74.31 73.53
5 78.21 73.71 71.80
6 78.81 74.66 71.69
7 78.73 73.37 71.37
8 79.19 74.48 71.38
9 79.59 73.92 72.12
10 78.69 73.76 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 A1 shows the accuracy of 9 subjects when changing F1, KE, FT , KT in EEG-TCNet architec-
ture.

Table A1. Accuracy of EEG-TCNet with different F1, KE, FT , KT

F1 KE FT KT S1 S2 S3 S4 S5 S6 S7 S8 S9 Average Accuracy (%)
6 16 10 4 79.36 59.36 91.21 67.11 75.72 56.28 75.09 81.92 75.00 73.45
6 16 10 6 82.21 60.07 94.51 72.37 75.72 62.33 76.17 84.13 79.55 76.34
6 16 10 8 82.92 59.72 95.24 74.56 75.72 66.98 81.23 82.66 76.52 77.28
6 16 12 4 80.78 66.43 93.77 66.23 77.90 58.14 93.14 83.03 82.95 78.04
6 16 12 6 80.43 60.78 93.77 76.75 80.80 64.19 88.45 83.03 83.33 79.06
6 16 12 8 83.63 67.49 91.21 67.98 80.80 65.12 76.53 83.76 84.47 77.89
6 16 14 4 75.09 53.00 88.28 67.11 75.72 54.88 76.17 81.55 75.00 71.87
6 16 14 6 78.65 61.48 89.38 73.68 75.72 64.65 92.78 82.29 76.89 77.28
6 16 14 8 82.56 60.42 95.60 74.12 75.72 68.84 92.06 76.75 76.14 78.02
6 32 10 4 76.51 63.96 91.21 72.37 79.35 53.49 75.09 82.29 75.38 74.40
6 32 10 6 82.21 68.20 94.51 65.35 76.09 64.65 91.34 80.07 80.68 78.12
6 32 10 8 76.16 57.95 95.24 75.44 78.99 63.26 88.09 86.72 85.23 78.56
6 32 12 4 81.49 56.89 91.58 70.18 72.10 61.40 77.62 82.66 84.47 75.38
6 32 12 6 80.43 65.37 94.87 74.56 79.35 61.86 91.70 80.44 81.44 78.89
6 32 12 8 82.56 56.18 93.41 75.88 78.62 61.40 91.70 84.87 85.98 78.96
6 32 14 4 83.63 59.01 94.51 67.98 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 60.93 81.23 83.76 81.82 77.40
6 32 14 8 85.05 66.78 91.21 71.49 75.36 60.93 87.73 77.86 76.89 77.03
6 48 10 4 87.54 63.96 93.41 70.61 75.36 57.67 75.81 82.66 78.03 76.12
6 48 10 6 79.36 59.36 89.74 70.61 76.45 65.58 90.25 83.39 79.17 77.10
6 48 10 8 78.65 63.25 93.04 72.81 81.16 63.26 91.70 81.92 82.95 78.75
6 48 12 4 78.65 51.94 91.94 69.30 73.91 64.65 84.12 81.92 83.71 75.57
6 48 12 6 88.26 64.66 97.07 63.60 79.35 63.26 90.97 81.55 81.82 78.95
6 48 12 8 83.27 61.84 94.87 77.63 79.71 66.51 76.17 83.39 82.20 78.40
6 48 14 4 79.00 57.95 91.21 70.18 71.38 59.53 90.25 84.13 81.06 76.08
6 48 14 6 77.22 56.54 93.04 71.93 78.99 61.86 76.90 84.13 79.55 75.57
6 48 14 8 83.27 65.72 92.67 76.32 77.54 57.67 78.34 81.92 80.30 77.08
8 16 10 4 79.36 62.54 89.74 71.05 72.46 60.00 90.25 85.98 83.33 77.19
8 16 10 6 82.21 67.14 95.24 69.30 76.45 67.91 90.61 82.29 80.68 79.09
8 16 10 8 83.27 67.49 94.14 76.32 80.43 66.51 91.34 80.07 75.76 79.48
8 16 12 4 82.92 60.78 93.04 67.98 66.30 62.79 93.14 80.81 82.20 76.66
8 16 12 6 81.49 66.43 93.41 70.61 77.17 64.65 88.81 84.50 85.23 79.15
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8 16 12 8 82.21 67.49 94.14 78.07 73.91 67.44 88.45 83.76 85.61 80.12
8 16 14 4 78.65 57.60 88.64 66.23 80.43 60.47 92.78 84.13 82.20 76.79
8 16 14 6 79.72 67.14 93.04 68.86 80.43 55.81 88.81 83.39 79.17 77.37
8 16 14 8 81.14 61.13 92.67 75.88 79.35 66.51 88.09 79.70 80.68 78.35
8 32 10 4 85.77 65.72 95.24 75.88 76.09 56.74 88.81 81.92 75.76 77.99
8 32 10 6 82.56 67.49 93.77 78.51 79.71 64.65 90.25 85.61 84.85 80.82
8 32 10 8 82.56 65.72 94.14 76.32 84.06 65.58 92.42 84.13 86.36 81.26
8 32 12 4 84.34 62.90 93.77 71.05 77.17 57.21 88.45 83.76 76.89 77.28
8 32 12 6 83.63 66.43 94.87 75.00 75.72 66.51 87.73 85.24 84.47 79.96
8 32 12 8 82.92 61.48 94.51 73.68 79.35 65.12 91.34 76.75 82.20 78.59
8 32 14 4 79.36 60.78 97.07 72.37 77.90 61.86 88.45 82.29 87.12 78.58
8 32 14 6 81.85 67.84 94.51 71.05 75.72 65.58 89.17 85.61 79.92 79.03
8 32 14 8 82.92 57.60 95.60 73.68 80.80 65.12 89.89 82.66 83.33 79.07
8 48 10 4 82.21 54.06 92.31 63.60 75.36 58.14 75.09 79.70 79.92 73.38
8 48 10 6 81.85 66.08 95.24 76.32 78.26 62.79 85.92 82.29 79.17 78.66
8 48 10 8 83.27 64.66 95.24 78.95 80.07 67.91 86.64 83.03 84.85 80.51
8 48 12 4 81.14 62.19 94.87 70.18 78.99 60.47 84.12 79.34 82.20 77.05
8 48 12 6 81.85 67.49 93.41 72.37 76.81 58.60 88.81 83.03 83.33 78.41
8 48 12 8 82.92 61.48 90.84 76.32 79.71 65.58 90.61 81.18 83.71 79.15
8 48 14 4 83.99 56.18 94.87 75.00 78.26 62.79 89.53 84.13 83.71 78.72
8 48 14 6 81.14 72.44 95.60 80.26 80.07 62.79 91.34 84.13 81.44 81.02
8 48 14 8 80.78 65.37 94.87 71.05 78.62 64.19 80.87 84.13 84.47 78.26
10 16 10 4 82.56 61.84 93.77 65.79 77.17 58.60 88.09 84.13 83.33 77.25
10 16 10 6 80.07 62.54 93.04 71.93 79.35 62.79 89.17 84.13 79.55 78.06
10 16 10 8 80.43 65.72 93.77 76.32 77.90 65.58 92.06 83.76 82.95 79.83
10 16 12 4 81.49 64.66 93.04 73.68 74.28 58.60 94.58 84.13 79.17 78.18
10 16 12 6 83.63 63.96 92.67 69.74 77.90 63.26 92.78 82.66 82.58 78.80
10 16 12 8 81.14 62.90 93.77 73.68 81.88 66.51 92.42 82.66 83.71 79.85
10 16 14 4 81.49 60.78 94.14 76.32 79.35 65.12 92.06 84.87 82.20 79.59
10 16 14 6 80.43 66.08 95.24 75.44 77.17 68.84 91.34 83.39 78.41 79.59
10 16 14 8 82.21 64.66 93.04 77.63 77.54 66.98 89.53 84.13 79.17 79.43
10 32 10 4 83.27 64.31 95.24 74.56 74.64 62.33 89.17 81.92 81.44 78.54
10 32 10 6 85.05 69.61 94.14 79.82 77.90 62.79 89.53 80.81 84.09 80.42
10 32 10 8 85.05 68.90 95.60 76.32 76.81 66.05 90.61 83.76 84.85 80.88
10 32 12 4 81.85 58.66 95.97 69.30 79.71 63.72 90.25 83.76 79.17 78.04
10 32 12 6 82.92 65.02 93.77 71.93 79.71 61.40 89.89 85.24 84.47 79.37
10 32 12 8 81.85 69.96 93.41 74.12 80.43 66.51 89.17 84.87 86.36 80.74
10 32 14 4 84.70 62.90 94.14 70.18 77.90 60.93 89.89 83.03 85.23 78.76
10 32 14 6 83.99 66.78 95.24 71.93 83.33 61.86 92.06 83.03 84.47 80.30
10 32 14 8 82.92 62.54 94.87 74.12 81.52 68.37 90.25 86.72 85.98 80.81
10 48 10 4 83.63 61.13 94.14 68.42 78.62 58.60 90.97 83.39 71.97 76.77
10 48 10 6 84.70 62.54 93.77 73.25 76.45 66.98 89.89 83.39 85.98 79.66
10 48 10 8 84.70 65.72 93.77 73.25 76.45 62.79 82.67 85.24 83.71 78.70
10 48 12 4 82.21 65.02 94.87 69.74 76.09 59.53 77.26 85.24 82.20 76.91
10 48 12 6 83.63 72.79 93.41 69.30 78.99 64.19 90.61 84.13 85.23 80.25
10 48 12 8 86.12 71.02 94.87 80.26 76.81 69.30 87.00 81.18 85.23 81.31
10 48 14 4 81.85 59.72 94.87 72.37 77.54 56.74 90.25 84.50 81.44 77.70
10 48 14 6 82.21 68.90 96.70 77.19 78.99 60.93 91.34 87.82 79.55 80.40
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10 48 14 8 86.12 69.96 95.60 75.88 80.43 60.93 88.09 83.76 82.95 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

N rs S1 S2 S3 S4 S5 S6 S7 S8 S9 Average Accuracy (%)
4 20 76.87 51.24 92.31 65.35 37.68 50.70 75.09 78.97 79.17 67.49
4 30 80.43 52.65 91.58 58.33 35.87 45.58 71.84 83.39 79.17 66.54
4 40 77.94 48.41 89.38 52.63 34.78 46.98 73.29 83.39 82.20 65.44
4 50 76.87 47.35 91.94 56.58 33.33 47.44 68.59 78.60 79.17 64.43
4 60 77.94 38.52 91.21 51.75 35.87 44.65 61.37 85.24 84.09 63.40
4 70 80.78 33.57 91.58 50.00 35.87 46.51 63.54 81.92 78.03 62.42
4 80 81.49 41.34 92.31 46.49 35.51 45.58 54.87 77.12 76.14 61.21
4 90 79.72 34.98 93.77 45.61 34.06 43.72 51.62 59.78 66.29 56.62
4 100 77.94 36.04 91.21 43.42 37.32 41.86 48.74 53.87 48.11 53.17
5 20 78.65 54.06 92.31 66.23 46.74 43.26 74.73 84.13 79.55 68.85
5 30 81.85 51.24 89.01 66.67 35.87 45.12 74.73 83.39 81.44 67.70
5 40 78.65 50.53 91.94 58.33 32.61 48.37 77.98 83.39 80.30 66.90
5 50 76.51 48.76 91.58 54.39 35.51 44.19 71.12 82.29 82.20 65.17
5 60 73.67 49.12 91.21 57.46 37.68 49.77 69.31 82.66 80.68 65.73
5 70 76.16 49.82 89.74 56.14 35.87 43.26 63.90 81.55 81.82 64.25
5 80 82.21 34.63 91.94 54.82 36.96 51.16 64.98 80.07 82.58 64.37
5 90 72.95 36.04 91.58 47.37 34.06 50.23 58.84 81.55 80.68 61.48
5 100 77.58 35.34 94.51 42.98 36.59 45.12 51.99 74.17 78.03 59.59
6 20 81.49 56.18 90.48 59.21 35.51 40.00 84.84 79.34 82.58 67.74
6 30 78.65 52.30 89.01 56.58 34.42 48.84 79.78 84.50 76.89 66.77
6 40 78.65 49.82 89.74 64.47 37.32 45.12 73.65 79.70 83.33 66.87
6 50 80.43 47.00 92.67 60.96 36.59 46.05 81.95 79.34 80.30 67.25
6 60 76.51 50.88 89.74 49.56 34.78 44.65 72.20 80.44 74.62 63.71
6 70 78.29 53.36 92.31 57.02 37.68 47.91 67.87 81.92 83.33 66.63
6 80 78.65 36.75 91.58 52.19 31.52 49.77 68.23 83.39 81.06 63.68
6 90 76.16 40.64 90.48 57.89 33.70 54.88 66.06 80.81 84.47 65.01
6 100 79.36 37.46 92.67 52.63 34.78 49.77 66.43 82.29 82.95 64.26
7 20 77.94 54.42 89.74 69.74 36.23 46.05 75.09 81.92 73.86 67.22
7 30 81.85 56.18 91.21 64.91 44.57 45.12 78.70 81.55 81.44 69.50
7 40 79.00 51.94 90.48 72.37 56.88 51.16 82.67 82.29 78.79 71.73
7 50 73.67 51.59 88.64 51.32 32.25 43.26 74.01 83.03 78.03 63.98
7 60 80.07 48.41 90.84 58.77 34.78 49.30 76.17 81.92 78.03 66.48
7 70 79.00 50.18 90.48 49.56 38.41 47.91 70.40 83.03 81.06 65.56
7 80 74.73 49.12 90.48 54.39 32.97 40.00 72.92 82.29 80.68 64.18
7 90 80.43 35.34 91.21 49.56 38.77 54.88 66.06 79.70 81.44 64.15
7 100 79.72 35.34 90.48 53.95 35.51 48.84 67.87 83.76 83.33 64.31
8 20 75.09 50.18 87.55 55.26 36.59 46.98 76.17 83.39 75.00 65.13
8 30 80.07 55.12 92.31 63.60 38.77 44.19 81.95 80.81 81.82 68.74
8 40 76.16 52.30 91.58 63.60 38.41 52.09 83.39 81.55 79.55 68.73
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8 50 75.80 50.88 90.48 59.65 38.77 47.91 80.51 80.81 84.09 67.65
8 60 81.49 48.06 93.04 54.82 37.32 48.84 80.51 80.44 81.82 67.37
8 70 79.00 54.06 89.74 51.32 29.35 40.00 77.62 81.55 81.44 64.90
8 80 79.00 47.00 90.11 48.68 35.14 43.72 71.48 80.44 84.85 64.49
8 90 78.29 45.94 90.11 45.18 38.77 52.09 75.81 81.92 80.68 65.42
8 100 76.87 46.64 91.58 49.56 37.32 46.51 67.15 80.81 80.30 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 S6 S7 S8 S9 Average Accuracy (%)
20 6 88.26 58.66 94.87 73.25 76.45 62.79 87.00 87.08 79.55 78.66
30 6 86.48 57.95 95.24 73.68 75.36 59.07 87.00 86.35 81.06 78.02
40 6 84.03 53.82 95.49 78.13 79.51 64.58 89.58 87.15 83.33 79.51
50 6 86.12 54.42 93.77 74.12 75.36 58.60 89.53 87.82 81.06 77.87
60 6 84.34 57.60 93.77 72.37 78.62 60.47 85.20 87.82 79.55 77.75
20 7 86.83 61.13 94.87 73.25 76.81 59.07 85.56 88.19 79.17 78.32
30 7 86.48 59.01 93.77 74.12 76.45 63.26 90.97 87.82 81.82 79.30
40 7 85.41 55.12 94.87 71.93 76.45 58.14 90.61 89.30 82.58 78.27
50 7 84.70 52.65 94.87 73.25 76.09 58.14 88.45 88.19 79.55 77.32
60 7 85.05 51.94 94.87 74.56 77.54 60.00 89.53 88.19 82.20 78.21
20 8 85.41 61.48 93.41 71.49 76.81 61.40 84.48 88.56 82.95 78.44
30 8 86.83 53.71 94.87 71.49 75.72 60.00 90.25 89.30 81.44 78.18
40 8 85.77 56.18 94.14 71.93 78.26 60.00 91.34 87.45 81.44 78.50
50 8 87.54 54.06 93.41 71.49 78.99 63.72 84.84 88.19 79.92 78.02
60 8 84.34 53.36 93.41 73.68 78.26 62.33 90.25 88.19 80.30 78.24
20 9 87.54 60.42 94.14 77.63 76.45 65.58 81.95 89.30 80.68 79.30
30 9 86.83 55.48 93.77 76.32 78.26 61.40 90.25 88.19 81.06 79.06
40 9 85.77 54.42 92.67 74.56 77.90 59.07 92.06 87.82 82.95 78.58
50 9 86.12 54.77 94.51 74.56 75.36 60.47 90.25 86.72 83.33 78.45
60 9 87.19 53.36 93.41 71.93 76.45 59.53 90.61 87.82 82.20 78.06
20 10 87.54 60.42 91.94 75.88 77.90 64.19 88.09 88.56 82.95 79.72
30 10 87.54 54.06 94.14 73.25 77.54 60.93 92.42 89.30 84.09 79.25
40 10 85.77 50.88 94.51 78.51 79.35 59.07 91.70 88.19 79.92 78.65
50 10 87.19 56.18 94.14 72.37 77.90 59.07 85.56 88.56 81.82 78.09
60 10 86.48 52.30 94.51 75.44 77.54 60.47 88.81 89.30 83.71 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 S1 S2 S3 S4 S5 S6 S7 S8 S9 Average Accuracy (%)
4 20 90.04 63.96 92.67 81.58 79.71 66.98 94.95 88.56 88.26 82.97
4 30 90.75 60.07 92.31 81.58 65.94 65.58 93.86 88.56 87.12 80.64
4 40 91.10 56.89 92.67 81.58 57.97 65.58 92.78 88.56 87.50 79.40
4 50 89.68 59.36 93.04 78.95 55.07 65.58 90.61 87.82 88.26 78.71
4 60 87.90 60.07 93.77 78.07 49.64 64.65 84.12 88.56 87.50 77.14
4 70 86.48 49.82 93.77 71.05 46.01 63.72 80.87 87.45 86.36 73.95
4 80 87.19 48.76 93.77 62.28 45.65 64.65 77.26 84.50 85.61 72.19
4 90 86.48 47.35 93.41 59.65 43.12 57.67 68.23 78.23 75.00 67.68
4 100 81.85 45.94 91.58 56.58 39.86 53.95 59.21 67.53 66.29 62.53
5 20 90.39 59.36 93.77 86.40 75.36 71.16 95.31 87.08 87.50 82.93
5 30 91.81 60.42 93.41 82.89 67.75 63.26 94.22 87.08 86.74 80.84
5 40 90.39 62.90 94.14 85.09 59.42 64.65 92.42 86.72 87.12 80.32
5 50 90.39 58.30 92.67 83.33 56.16 65.58 93.14 88.19 87.50 79.48
5 60 88.97 59.36 93.04 79.82 54.71 64.19 91.34 88.56 85.98 78.44
5 70 87.90 61.48 93.77 77.19 50.00 66.51 84.84 88.19 87.50 77.49
5 80 85.41 55.83 92.67 73.25 48.91 65.12 83.75 88.56 87.88 75.71
5 90 87.54 50.18 93.41 65.35 43.84 68.84 78.70 86.35 88.64 73.65
5 100 86.12 49.12 94.14 61.40 44.57 66.05 70.76 84.87 82.95 71.11
6 20 88.61 59.01 92.31 80.70 78.26 68.84 96.39 88.56 87.50 82.24
6 30 91.46 57.60 93.77 82.46 73.55 63.26 94.58 87.45 87.12 81.25
6 40 91.10 59.72 93.41 84.21 64.13 66.51 93.86 86.72 87.12 80.75
6 50 89.68 61.13 91.94 83.77 59.42 66.05 94.22 88.56 86.74 80.17
6 60 89.58 60.76 93.40 79.17 52.78 62.85 91.32 86.81 87.85 78.28
6 70 90.04 60.07 93.04 79.39 53.99 66.05 92.42 87.08 86.36 78.71
6 80 87.54 60.78 93.77 78.07 51.81 66.51 87.73 88.56 88.26 78.11
6 90 85.77 58.30 93.41 76.32 49.64 65.58 84.84 89.30 86.36 76.61
6 100 85.05 53.36 93.41 72.81 47.10 65.12 81.59 85.98 87.88 74.70
7 20 89.32 61.48 93.04 85.96 75.00 70.70 95.31 86.72 87.12 82.74
7 30 89.68 59.72 93.41 85.09 69.93 67.91 94.95 86.72 87.88 81.70
7 40 91.10 59.01 94.14 84.21 68.48 64.65 93.86 87.45 86.74 81.07
7 50 91.10 60.07 93.41 84.21 64.49 66.05 91.34 87.45 86.74 80.54
7 60 89.68 60.78 93.04 84.21 60.14 66.98 92.78 88.93 85.98 80.28
7 70 89.32 58.66 93.41 81.14 54.71 67.44 93.14 87.45 85.98 79.03
7 80 90.04 59.36 92.67 80.70 53.62 69.30 88.09 87.08 87.88 78.75
7 90 87.90 61.84 92.31 78.07 50.36 65.12 90.25 88.93 87.50 78.03
7 100 85.41 60.07 93.41 77.19 48.55 63.72 85.56 88.93 88.26 76.79
8 20 90.28 59.72 93.75 82.29 69.10 63.54 95.49 88.54 87.85 81.17
8 30 91.10 61.48 93.41 85.53 71.38 65.58 94.58 86.72 86.74 81.84
8 40 90.04 62.90 93.04 83.33 69.20 67.91 94.22 88.19 88.26 81.90
8 50 91.81 60.78 93.77 82.89 67.75 65.58 93.14 87.08 85.61 80.94
8 60 91.10 60.78 93.77 82.46 62.32 65.58 93.14 87.82 86.74 80.41
8 70 89.68 59.72 92.31 82.02 57.97 66.51 91.70 88.56 87.50 79.55
8 80 90.39 59.01 93.41 82.02 56.16 66.51 91.34 87.45 85.61 79.10
8 90 90.04 58.66 92.67 80.70 55.80 68.37 89.17 86.72 87.50 78.85
8 100 88.97 60.78 92.31 75.44 51.81 66.05 91.34 88.56 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

T k S1 S2 S3 S4 S5 S6 S7 S8 S9 Average Accuracy (%)
1 10 85.41 60.42 91.21 79.82 56.52 60.00 85.20 84.87 79.17 75.85
1 20 82.56 66.43 92.67 78.07 63.41 59.07 86.28 85.61 76.89 76.78
1 30 85.05 66.08 91.94 84.21 74.64 66.98 88.81 84.13 83.33 80.57
1 40 84.34 69.26 93.41 81.14 76.09 59.07 90.25 85.24 84.85 80.40
1 50 85.05 62.19 93.41 80.26 76.81 57.67 89.17 84.50 84.85 79.32
1 60 87.19 66.08 93.41 80.70 78.26 64.65 89.53 85.61 87.50 81.44
1 70 83.99 66.43 95.24 77.63 77.54 65.12 89.17 86.72 88.26 81.12
1 80 86.48 63.96 95.60 79.39 76.45 66.98 90.25 84.50 87.88 81.28
1 90 85.41 63.60 95.24 80.26 77.54 59.53 91.34 88.19 87.50 80.96
1 100 87.54 61.84 94.87 81.58 77.90 58.14 90.97 86.72 84.85 80.49
2 10 85.77 65.02 90.48 70.18 68.12 58.60 89.53 84.87 76.14 76.52
2 20 85.05 71.38 92.31 80.70 66.30 64.65 87.73 86.35 76.89 79.04
2 30 83.63 67.49 93.04 84.21 81.52 65.12 89.53 86.35 78.03 80.99
2 40 83.27 66.43 94.14 82.46 84.06 67.44 88.81 84.50 83.33 81.60
2 50 84.34 68.90 93.41 82.89 81.16 65.12 89.17 85.98 86.74 81.97
2 60 83.27 67.14 93.41 86.40 80.43 66.05 92.78 86.72 87.88 82.68
2 70 86.48 65.37 94.51 84.21 80.80 68.37 89.53 85.98 87.88 82.57
2 80 86.48 66.43 94.87 84.21 81.52 62.33 89.89 85.98 87.88 82.18
2 90 83.63 65.02 94.51 83.33 81.16 64.19 90.25 86.72 87.50 81.81
2 100 85.77 64.66 94.51 83.77 80.80 67.44 87.73 87.82 86.74 82.14
3 10 80.07 72.79 90.48 71.05 67.39 58.14 89.17 81.92 74.62 76.18
3 20 84.70 68.55 93.77 79.82 72.10 63.72 90.97 83.03 73.11 78.86
3 30 87.19 65.72 94.87 83.77 80.80 69.30 91.70 85.24 79.92 82.06
3 40 88.61 66.08 94.51 87.28 79.35 68.37 91.34 84.87 84.85 82.81
3 50 86.12 67.49 93.77 83.33 83.70 66.98 89.89 87.45 85.98 82.75
3 60 83.99 66.43 93.41 80.70 81.52 65.58 89.53 86.35 87.12 81.63
3 70 87.90 66.78 94.51 82.02 81.88 66.51 89.53 88.56 89.02 82.97
3 80 82.21 67.14 91.94 81.58 82.25 63.26 89.89 86.35 87.12 81.30
3 90 86.83 65.72 93.77 82.46 78.99 68.37 83.03 87.45 89.39 81.78
3 100 85.41 62.19 93.04 82.89 78.62 66.05 88.81 86.72 87.50 81.25

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 (%)
1 10 79.72 53.71 90.48 76.32 68.84 54.42 81.59 78.97 86.74 74.53
2 10 83.63 63.25 93.41 79.39 76.45 61.86 91.34 85.98 87.12 80.27
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3 10 79.72 54.42 87.91 82.02 74.28 55.35 85.56 80.07 83.71 75.89
4 10 81.85 66.43 93.41 71.93 78.62 63.26 90.25 83.39 86.36 79.50
5 10 77.94 59.01 92.31 78.51 77.17 61.86 87.73 83.76 85.61 78.21
6 10 80.07 63.25 93.77 75.00 77.17 63.26 87.36 82.29 87.12 78.81
7 10 78.29 62.19 91.58 77.19 77.90 63.26 89.89 83.39 84.85 78.73
8 10 78.29 61.13 93.77 80.26 75.00 64.19 89.17 83.39 87.50 79.19
9 10 80.07 61.84 91.21 79.39 79.71 63.72 89.89 83.76 86.74 79.59
10 10 79.00 62.90 93.41 80.70 71.74 62.33 89.17 83.39 85.61 78.69
1 20 78.65 56.89 90.11 66.23 66.30 59.07 74.01 77.86 87.88 73.00
2 20 79.00 56.54 93.41 78.51 73.55 64.65 89.53 81.92 86.74 78.21
3 20 78.65 52.30 89.38 75.44 57.25 52.09 80.14 79.70 86.36 72.37
4 20 77.58 54.77 89.01 73.25 67.03 53.02 87.36 80.44 86.36 74.31
5 20 80.07 54.42 85.71 77.19 68.12 50.70 83.03 79.34 84.85 73.71
6 20 81.14 54.42 89.38 70.61 69.57 53.02 86.64 80.44 86.74 74.66
7 20 80.07 53.71 86.45 75.00 63.77 51.16 83.39 81.55 85.23 73.37
8 20 80.43 53.00 88.64 75.88 69.93 51.16 84.12 80.44 86.74 74.48
9 20 79.00 53.00 87.55 74.12 65.22 53.95 84.48 81.18 86.74 73.92
10 20 80.07 53.71 89.01 75.44 67.03 48.37 82.67 81.18 86.36 73.76
1 30 78.29 54.42 90.48 51.75 63.04 56.28 74.01 78.97 88.26 70.61
2 30 76.16 54.42 90.84 76.32 72.46 68.37 85.92 79.70 87.12 76.81
3 30 78.65 54.42 90.84 76.32 51.09 53.02 75.09 79.34 86.74 71.72
4 30 79.72 53.71 89.74 78.51 55.43 53.02 85.56 79.34 86.74 73.53
5 30 77.58 50.53 90.84 75.88 52.90 51.16 81.59 79.34 86.36 71.80
6 30 79.72 50.88 90.48 76.32 51.45 46.98 84.12 79.70 85.61 71.69
7 30 79.00 50.88 87.18 77.63 56.52 46.05 79.78 79.70 85.61 71.37
8 30 79.72 51.24 87.18 72.81 52.54 46.98 86.28 80.07 85.61 71.38
9 30 79.72 50.88 86.08 79.39 56.16 47.44 83.39 80.07 85.98 72.12
10 30 79.72 49.12 87.18 71.05 53.26 49.77 83.75 80.07 86.36 71.14
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