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Abstract: The motor imagery brain-computer interface (MI-BCI) has the ability to use electroen-
cephalogram (EEG) signals to control and communicate with external devices. By leveraging the
unique characteristics of task-related brain signals, this system facilitates enhanced communication
with these devices. Such capabilities hold significant potential for advancing rehabilitation and the
development of assistive technologies. In recent years, deep learning has received considerable atten-
tion in the MI-BCI field due to its powerful feature extraction and classification capabilities. However,
two factors significantly impact the performance of deep-learning models. The size of the EEG
datasets influences how effectively these models can learn. Similarly, the ability of classification mod-
els to extract features directly affects their accuracy in recognizing patterns. In this paper, we propose
a Multi-Scale Spatio-Temporal and Dynamic Graph Convolution Fusion Network (MST-DGCN) to
address these issues. In the data-preprocessing stage, we employ two strategies, data augmentation
and transfer learning, to alleviate the problem of an insufficient data volume in deep learning. By
using multi-scale convolution, spatial attention mechanisms, and dynamic graph neural networks,
our model effectively extracts discriminative features. The MST-DGCN mainly consists of three parts:
the multi-scale spatio-temporal module, which extracts multi-scale information and refines spatial
attention; the dynamic graph convolution module, which extracts key connectivity information; and
the classification module. We conduct experiments on real EEG datasets and achieve an accuracy of
77.89% and a Kappa value of 0.7052, demonstrating the effectiveness of the MST-DGCN in MI-BCI
tasks. Our research provides new ideas and methods for the further development of MI-BCI systems.

Keywords: motor imagery (MI); electroencephalogram (EEG); brain-computer interface (BCI);
multi-scale convolution; spatial attention; dynamical graph convolution; data augmentation

1. Introduction

Brain-computer interfaces (BCls) enable humans to interact directly with computers
or other devices without the need for muscle activity, thereby achieving control and com-
munication with the external world. They can restore the behavioral abilities of disabled
individuals and enhance the capabilities of non-disabled individuals [1-3]. For populations
such as those with physical disabilities, EEG-based motor imagery (MI) paradigms in
BCls are an effective means of restoring mobility [4,5], for example, in brain-controlled
wheelchairs, brain-controlled exoskeletons, and so on [6-11]. For these populations, as long
as the relevant areas of their brains function normally, they can generate task-related MI
signals through training to restore mobility. The overall process of MI-BCI is illustrated
in Figure 1.
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Figure 1. The overall process of an EEG-based MI-BCI system, including the EEG signal acquisition,
signal processing, issuing control signals, and feedback.

The EEG-based MI-BCI system mainly consists of four processes: EEG signal acquisi-
tion, signal processing, issuing control signals, and feedback. In the EEG signal acquisition
step, subjects perform different motor imagery tasks, and the neural activity is recorded by
electrodes directly in contact with the scalp. After amplification and digitization, the raw
EEG signal is obtained. In the signal-processing stage, the raw EEG signal undergoes data
preprocessing, such as filtering and truncation, to remove any task-irrelevant signals. Then,
feature extraction methods are applied to extract features from the preprocessed signal,
which are then input into a classifier for classification, yielding the classification results. In
the phase of issuing control signals, the computer sends corresponding control signals to
the device based on the classification results. Finally, the real-time feedback of the control
situation generated by the device is provided to the subject.

Early MI-BCI research primarily focused on feature extraction and classification. The
main steps included designing effective feature extraction algorithms, such as CSP [12],
FBCSP [13], and CCSP [14], to extract features (often accompanied by dimensionality re-
duction) from raw data. These features were then fed into machine-learning classifiers
(such as LDA, SVM, etc.) to obtain the prediction results. However, this approach had two
drawbacks. Firstly, the performance highly depended on the expertise of the researchers
during these two stages. Suboptimal feature extraction methods or machine-learning classi-
fiers may not fully capitalize on the extracted features, potentially leading to poorer results.
Secondly, there were inherent differences among subjects (e.g., gender, age, cognitive abil-
ities, physical health, etc.). When different subjects performed the same MI task, there
were differences in the spatial distribution of the activated brain areas, signal amplitudes,
and frequency components. However, both feature extraction methods and machine-
learning classifiers exhibit limitations in accommodating individual variability. These
techniques often fail to effectively adjust when processing data from multiple subjects at the
same time [15].

In recent years, deep-learning methods have been applied to the classification of
EEG signals and have shown promising results. Deep learning’s key advantage is its
ability to integrate feature extraction and classification into a single end-to-end model.
By designing and training deep neural networks and feeding preprocessed raw EEG
signals into them, classification results can be obtained. Moreover, when provided with
adequate data, deep neural networks effectively learn individual features during training.
This learning process helps overcome the challenges of handling individual differences,
thus ensuring robust performance across multiple subjects simultaneously. However, the
complexity of neural networks in deep learning should be considered carefully. Stacking
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multiple convolutional and fully connected layers can significantly increase the model
complexity and extend the training times. For example, Schirrmeister et al. [16] designed a
deep CNN model with multiple convolutional layers, pooling layers, and fully connected
layers, which required considerably more computational resources and longer periods of
training compared to simpler models. To address this issue, Lawhern et al. [17] designed a
lightweight network called EEGNet, which utilizes one-dimensional convolutional layers
and depthwise separable convolutional layers to reduce the model parameters while
extracting the signal features as much as possible. Subsequent research has extended
EEGNet, such as Incep-EEGNet [18] and MI-EEGNet [19]. Another limitation of deep
learning is its reliance on large datasets for the training of deep neural networks. This
requirement is manageable in fields such as image processing [20,21] and natural language
processing [22,23], where extensive data are typically available. However, in the context of
MI-BCI, obtaining a dataset comparable in size to CIFAR-10 [24] or Fashion-MNIST [25] is
nearly impossible. This difficulty arises from the fatigue associated with multiple tasks and
the inherent instability and variability of EEG data. Therefore, the network itself needs to
have strong feature extraction capabilities. Some studies [26,27] have employed attention
mechanisms to extract sufficiently discriminative features, but they have not addressed the
issue of the small data volume. Other studies [28,29] have attempted to expand the original
dataset using data augmentation methods, yielding promising results.

Network neuroscience transforms collected EEG signals into graph representations,
providing an innovative approach to EEG modeling. This method facilitates the analy-
sis of brain network properties, including the network features, node significance, and
information flow. Such analyses yield valuable insights into the brain’s specific state, as
documented in references [30-32]. Typically, in graph-based models, the electrodes serve as
the nodes, with the number of electrodes used during data collection directly determining
the number of graph vertices. The edges are commonly established based on the functional
or structural connections between these nodes [33,34]. Graph neural networks (GNNs)
extend the concept of convolution from Euclidean data to graph-structured data, offering
promising solutions for the BCI field [35-37]. Unlike traditional CNNs or recurrent neural
networks (RNNs), the non-Euclidean structure of the input data (graphs) endows GNNs
with the ability to extract spatially dependent features. However, GNNs themselves require
careful design, as the number of layers, node composition, edge composition, adjacency
matrices, and other input data and parameters need to be adjusted; otherwise, the perfor-
mance of GNNs may be affected. Additionally, similar to CNNs and RNNs, GNNs also
require a large amount of data for training.

To address the above issues, we propose the MST-DGCN, an end-to-end MI-EEG
classification network. As illustrated in Figure 2, the proposed MST-DGCN combines a
CNN with a GNN, where information extracted from different scales is fed into a spatial
attention module to obtain refined features. These features are then used to construct
a graph, which is input into the GNN. Our model, the MST-DGCN, integrates spatial
attention mechanisms and graph neural networks to utilize both global and local infor-
mation effectively. This integrated approach enhances the exploitation of latent knowl-
edge within the data while minimizing the negative impact of raw data variability on
the GNN's performance. To address the issue of limited training data in deep learn-
ing, the original dataset is augmented to ensure that the network is adequately trained.
Through extensive experiments and evaluations, we validate the effectiveness of the pro-
posed method in MI-EEG classification tasks. The main contributions of this work can be
summarized as follows:

e  We proposed the MST-DGCN model for MI-EEG classification, which incorporates a
multi-scale spatio-temporal module based on a CNN and a dynamic graph convolution
module based on a GNN. This model extracts effective features relevant to the current
task from multiple temporal scales and spatial structures.

e Based on [29,38], by combining the designed loss functions and various data aug-
mentation techniques with the MST-DGCN, we successfully improved the train-
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ing effectiveness of the network, resulting in more robust and accurate MI-EEG
classification results.

e  We conducted extensive experiments on real EEG datasets (Dataset Ila from the BCI
Competition IV) and compared the results with multiple traditional classical methods
and state-of-the-art approaches. Additionally, we designed ablation experiments to
validate the contributions and effectiveness of each component of the model.
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Figure 2. Overall architecture of the MST-DGCN.

The remainder of this paper is organized as follows. Section 2 provides a detailed
description of the proposed MST-DGCN. Section 3 presents the experiments and results,
including the data augmentation methods, training strategies, datasets, evaluation met-
rics, and experimental results. Finally, a discussion is offered in Section 4, followed by
conclusions being drawn in Section 5.

2. Methods

In this section, we first describe the symbols and definitions used in this paper. Then,
we provide a detailed introduction to the proposed MST-DGCN (as shown in Figure 2).
Finally, we describe the implementation details of each module in the MST-DGCN.

2.1. Notions and Definitions

Each subject’s EEG data are formatted as aset S = {(X,y,),i =1,...,M}. Here, X;
represents the i-th EEG data as a two-dimensional matrix in RN*T, where N is the number
of electrodes and T is the number of sampling time points. Each y; corresponds to X; and
belongs to one of L categories, denoting the label. For instance, in the dataset used in this
study, we have categories such as Y = {y; = “left hand”, y, = “right hand”, y; = “feet”,
ya = “mouth”}. The variable M denotes the total number of EEG records for each subject,
consistent across all the subjects.

2.2. Multi-Scale Spatio-Temporal and Dynamic Graph Convolution Fusion Network (MST-DGCN)

In the MST-DGCN, three modules are designed: the multi-scale spatio-temporal
module, the dynamic graph convolution module, and the classification module. In the
multi-scale spatio-temporal module, different scales of temporal information in the signal
are obtained using multi-scale temporal blocks. Then, this information is fed into a spatial
attention block to extract the most valuable segments in terms of time and space. In the
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dynamic graph convolution module, information processed by the previous convolution
layers is used as the input for the graph. This input allows the module to capture the
dynamic spatial dependencies among the nodes effectively. Finally, the refined spatio-
temporal features from the dynamic graph neural network are input into the classification
module to obtain the final classification results for the motor imagery.

2.2.1. Multi-Scale Spatio-Temporal Module

In motor imagery recognition based on EEG recordings, the collected signals generally
have high temporal resolution, which is a characteristic inherent of EEG. Typically, EEG
data for motor imagery have sampling frequencies ranging from 128 Hz to 1000 Hz. For
each input sample X € RN*T it can be viewed as [x1, X, . .., Xx], @ matrix composed of
vector data collected from N channels, where any data of the i-th channel are denoted
as x;, with N = 22 and T = 500. Motor imagery generates specific phenomena known as
event-related synchronization (ERS) and event-related desynchronization (ERD). These
phenomena occur abruptly, typically within a short timeframe of 2 to 5 s during the overall
recording period. This brief duration allows for the possibility of multiple occurrences
within a single session. To capture global and local changes, the signal is reshaped into
1 x N x T (the input of the neural network is ¢ x h x w) and passed through four
different scales of convolutional kernels, including global-scale, large-scale, mid-scale, and
small-scale, corresponding to extracting four different scales of features Fy, Fp, F3, F4. The
corresponding transformations are as follows:

Fi:X—>FeRONxtG 1 4 1)

where F; represents the transformation, F; is the transformed feature, C denotes the
number of channels after convolution (the term “channel” here refers to a concept in
images, distinct from electrodes, which are physical entities in EEG caps that make con-
tact with the scalp during EEG data acquisition), and t; represents the length of the time
points after convolution with different scale kernels. Inspired by Lawhern et al. [17] and
Wau et al. [39], we set the sizes of the four convolution kernels used here to (64, 1), (40, 1),
(26, 1), and (16, 1), with a stride set to one-eighth of the kernel length. Thus, after con-
volution, t; = 55,t) = 93,t3 = 159,t; = 243. These are all 1D convolutional kernels that
convolve the data along the time dimension. The longer the length of the convolutional
kernel, the more temporal information it captures, resulting in smaller output features.
C =40 is used to control the number of convolutional kernels. Then, along the channel
dimension, the output features are concatenated to obtain the final output result V, the
process for which is as follows:

V = concat(Fy, Fy, F3,Fy) € RON*T1 ()

Here, Ty = t; +tp + t3 + t4 = 550, and “concat” denotes the concatenation along the
channel dimension. Through the above steps, the original data X are transformed into
discriminative data V with features at different scales.

After the multi-scale temporal block, the original input X has extracted refined features
V with different scales of temporal information across multiple channels. At this point,
the channel dimension of the original data has been expanded, and the number of time
points has increased. However, the number of electrodes N (representing the original
spatial information of EEG recordings) remains unchanged. Therefore, a spatial attention
block is designed to extract the most discriminative features in both the spatial and channel
dimensions. For the input data V € RENXT1 the spatial features are extracted from
V using spatial attention. Initially, Maxpool and Averagepool are applied to V for pooling:

Fym = Maxpool (V) € RPN*Th 3)

Fa = Avgpool(V) € RP>NxT1 4)
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By applying these two pooling methods, we obtain the maximum and average values for
each spatial position. These result in two two-dimensional matrices. Subsequently, they are
concatenated and sent for convolution:

F = conv(concat(Fyg, Fa)) € RPN*T 5)

By applying a softmax operation to the feature map, we normalize its values to a range
between 0 and 1. Then, we obtain the attention map Fs:

Fs = softmax(F) € RP>NxT1 (6)

The attention map Fg learns the weights for each spatial position. Applying these weights to
each position of the input data yields an updated F*, where every position in V is updated.

F* =V®F5€ RC><N><T1 (7)

Here, the symbol ® represents the element-wise multiplication between the attention
map Fs (compressed) and the data for each channel v; € RN*T1. This process essentially
performs a weighted sum update from the perspective of the channel dimension, resulting
in the updated feature represented as F*. Each v; contains spatial information of the
electrode positions and temporal information at different time scales. Thus, after passing
through spatial attention, both spatial and temporal information are refined. This yields
a refined feature map. Subsequently, to prepare for input into the graph neural network,
F is fed into a one-dimensional convolutional layer with a kernel-size of N x 1 to average
the influence across different electrodes. Therefore, after the multi-scale spatio-temporal
module, we obtain the refined feature F* € R€*1xT1 containing crucial information from
the global and local receptive fields of different electrodes in the EEG recordings.

2.2.2. Dynamic Graph Convolution Module

Unlike traditional methods and previous deep-learning approaches, graph neural
networks transform the original EEG signals into graphs. This transformation leverages
the inherent spatial structure of EEG data to establish functional connections and extract
features. Consequently, these networks reveal patterns and predict complex relationships
between different nodes, offering a more detailed analysis [33]. After the previous module,
spectral graph convolutional networks (GCNs) are employed to construct the dynamic
graph convolution network (DGCN) module. In contrast to traditional methods where
electrodes serve as nodes, in this paper, refined features F* are utilized to construct the
input graph, where C corresponds to the number of nodes in the graph, and T; corresponds
to the length of each node feature vector.

An undirected weighted graph can be represented as G = (V, A, H), where
V = [vy,Vy,...,vc] denotes the vertex set, with v; representing the i-th node. A € REXC
represents the adjacency matrix of graph G, used to denote the weights of the edges in the
weighted graph. Each ajj in A denotes the weight of the edge between the i-th and j-th nodes.
H € RS> represents the node features of dimension T;. Given the existing nodes and
node features, the key to forming a graph lies in determining the adjacency matrix, because
a good adjacency matrix can represent the structural relationships between different nodes.
The Pearson correlation coefficient measures the degree of linear correlation between two
variables, ranging from —1 to 1. A positive correlation indicates a positive relationship
between the two variables, a negative correlation indicates a negative relationship, and
a correlation of zero indicates no linear correlation between the variables. Therefore, we
use the Pearson correlation coefficient to assign weights in the adjacency matrix A for each
graph within the dynamic graph convolution module. This method constructs graphs that
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accurately reflect the structural relationships between the nodes. For input vectors p and
q of length n, their Pearson correlation coefficient ppq is calculated by the following formula:

Zﬁ;1<Pi"ﬁ)(qi"Q>
Ppq = — 2 N2
¢E¥(E—P>Ei&%—@

where p; is the value at the i-th position of vector p, p is the mean of vector p, and q; and

®)

q are defined similarly. Based on the Pearson correlation coefficient p, the value of each
ajj in the adjacency matrix A is calculated as follows:

_J o=

&jj = {O, ]othe]rwise ©)
where T is a manually set threshold. In this study, T is set to 0.5. After applying this method,
approximately 60% of the values of aj; exceed the threshold.

The spectral decomposition of a graph is defined as the eigendecomposition of
the graph’s Laplacian matrix [40]. The calculation formula for the graph’s Laplacian
matrix L is:

L=D -A (10)

AN

L=1-D 2AD? 11)
where A is the adjacency matrix, D is the degree matrix of the graph, and I is the identity
matrix. Usually, the normalized Laplacian L is used. The formula for the graph’s Fourier

transform is H = UTH, where U is the standardized orthogonal matrix of the eigenvectors
of the graph’s Laplacian matrix L. In a spectral GCN, the convolution operation (*) is
defined as:

Hg=U((U"H)® (UTg)) (12)

Here, g represents the spatial domain kernel in the graph convolution, and ® denotes
the element-wise multiplication. The convolution in the original spectral GCN requires
significant computational resources due to the decomposition of the graph’s Laplacian ma-
trix, particularly in calculating U. To reduce this computational burden, some studies have
adopted a widely used approximation known as the Chebyshev GNN (ChebConv) [41].
The update equation for node embeddings in the ChebConv is defined as:

K N

SzH*gzZ@iTi<L> (13)
i=1

where ®; € RK*G*C js a learnable parameter, K is a hyperparameter representing

K Chebyshev filters, and G is the number of nodes after the GCN layer. During the model’s
Al
learning process, ®); is automatically updated. L is calculated by the following equation:

Al
L= 2L (14)

}\max
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N
where Amax is the largest eigenvalue of L, typically approximated as Amax = 2. For Tj (L ) ,

its calculation is given by the following equation:

N /
T2<L>—LH,i_2 (15)

For the input features, after passing through 5 layers of the GCN, the final feature vectors
Ss are obtained, where G; = 256, G, = 192, G3 = 128, G4 = 64, G5 = 43. To refine the results,
C convolutional kernels of size T, x 1 are used to change the dimensions of the feature map
Ss. Therefore, after the dynamic graph convolutional module, the final feature mapping
S* € R&*1*T2 is obtained.

2.2.3. Classification Module

In this module, three consecutive fully connected layers are applied to the convolved
features S* for dimensionality reduction. Subsequently, a softmax layer is utilized to
transform the output into probabilities corresponding to each class, yielding the final

predicted label }A/ The operation is illustrated by the following equation:
y = Softmax(Ws(Wa (Relu(W1S* +by)) + by) + bs) (16)

where Wj and b; are the weight matrix and bias matrix of the i-th fully connected layer,

;7 € Rl is a vector of length L, where each position represents a probability value, and
the sum of all the L positions equals 1. During prediction, the position with the highest
probability value is taken as the final predicted category. The first layer is set to have
32 units, the second layer is set to have 8 units, and the last layer is set to have L units,
where in this study, L = 4.

The loss function used in this paper is the cross-entropy loss function, and the final
loss lossy, can be obtained from the following equation:

1M L A
toss. =~ 0% b v+ log (331 ) + A1 + Al a7)

where M is the total number of samples in the current batch, y; | is the true label of class

1 for the i-th sample, taking the value of 0 or 1; }Afi,l is the predicted probability of the i-th
sample belonging to class |; and ® represents all the trainable parameters of the model. By
applying the 1;-norm regularization to the model parameters and the dynamic adjacency
matrix A in the lossy,, overfitting can be effectively avoided. A and p are hyperparameters,
set to 0.000005 and 0.3, respectively, in this paper. All the experiments were conducted on a
Windows11 system with an Nvidia RTX 3060 12GB GPU, using Python 3.6 and the PyTorch
1.10 platform. We trained the model for 300 epochs.

3. Experiments and Results

In this section, we will introduce the data augmentation methods, datasets, prepro-
cessing techniques, and experiments conducted.

3.1. Datasets and Evaluation Metrics

To validate our approach, this study utilized the dataset 2a from the BCI Competition
IV [42], which comprises recorded data from 22 EEG electrodes and 3 EOG electrodes for
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9 participants. The data were sampled at 250 Hz, and bandpass filtering was applied from
0.5 Hz to 100 Hz by the data collectors. The electrode placement is illustrated in Figure 3.

Tasks EEG
Signal

Q

Fz

OOOOO
00,0 0,0 0,0
OO
® 0,0 ® - -

@

Figure 3. Electrode placement locations [42] and tasks.

The participants were instructed to perform four types of motor imagery tasks: left
hand, right hand, tongue, and both feet. During the experiment, at t = 0 s, accompanied
by a beep sound, a fixation cross appeared in the center of the screen to indicate the start
of the current trial. Att=2s, an arrow appeared on the screen for 1.25 s, pointing left,
right, down, or up (corresponding to the left hand, right hand, both feet, and tongue,
respectively), prompting the participant to perform the corresponding motor imagery task.
The participant continued the imagining until the arrow disappeared at t = 6 s, followed
by a 1.5 s break time. Each participant completed two sessions, with each session having
72 trials across 4 categories. This resulted in a total of 288 trials per session and 576 trials
per participant. The dataset comprised a total of 5184 trials.

This paper primarily evaluates the performance of the proposed strategy using the
accuracy (denoted by symbol Acc) and Kappa value (denoted by symbol Kappa), as defined
by the following equations.

TP + TN

Acc = 1
= TP+ TN +FP + EN (18)

1-P, Po—Pe
1-P.  1-P.
where TP is the number of samples correctly classified as positive, TN is the number of
samples correctly classified as negative, FP is the number of samples incorrectly classified as
positive, and FN is the number of samples incorrectly classified as negative. P, is the actual
accuracy of the classifier, which is the ratio of the number of samples correctly predicted
by the classifier to the total number of samples. Pe is the chance-corrected accuracy

predicted by the classifier, which is the expected ratio of correctly predicted samples in the
absence of bias [43].

Kappa =1 - (19)

3.2. Data Augmentation and Experimental Setup
3.2.1. Data Augmentation
Previous studies in MI-BCI research that utilize deep learning have employed various

data augmentation methods to augment the original dataset [29], leading to good improve-
ments in the results. However, data augmentation methods should not be overly complex,
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as this can increase the time cost of data processing and have a significant impact on the
training and testing time of the model. Therefore, based on previous research, this paper
adopts the following two data augmentation methods to augment the original data.

e  Fourier Transform Surrogate (FTS): For the original signal X, the primary operation
of the FTS is to calculate the Fourier coefficients for all the channels and then add
random noise to their phases.

F[FTS(X)] (f) = F[X](f)e!*® (20)

e where F represents the Fourier transform operator, f is a frequency, A is a
frequency-specific random perturbation, and after adding the perturbation, the inverse
Fourier transform is applied to obtain the newly augmented signal. This augmentation
primarily encourages the model to learn the power spectral density (PSD) information
of the signal. In this study, A is set to 9/10 7.

e  SmoothTimeMask (STM): For the original signal X with a total time length of t,
the STM mainly operates on a specific channel. It randomly samples a time point
t_cut from the time range [0, t — At], and then it replaces the length of At with
0. This augmentation primarily encourages the model to be less affected by tran-
sient signal jumps that are irrelevant to the task, thus facilitating the learning of
task-relevant patterns.

The effectiveness of these two methods is illustrated in Figure 4.

40 |

‘ Original Signal ‘
~ 20 4
e \ :
& 0 rv\m & /\ \/ﬁ
£ \
: \ V
-20 A
-40 T T T T T T T
0.0 0.2 0.4 0.6 0.8 1.0 12 14
40 -
‘ FTS augmentation ‘
—~ 20
>
2
D0 A
s
°
20
-40 T T T T T T T
0.0 0.2 0.4 0.6 0.8 1.0 1.2 1.4
40 1
‘ STM augmentation ‘
~ 20r
>
2
gn 0 r
2
- 20t
-40

0.0 0.2 0.4 0.6 0.8 1.0 1.2 1.4
Time(s)

Figure 4. The data augmentation methods used.

Both data augmentation methods used were able to process the data efficiently in a
short amount of time and obtain augmented data of the same size as the original data. We
employed version 0.8 of the Braindecode library in Python for the data augmentation.

3.2.2. Preprocessing and Experimental Setup

In the preprocessing stage, the focus is on removing task-irrelevant factors from the
raw data. Firstly, the 25 signal acquisition electrodes consist of 3 EOG electrodes and
22 EEG electrodes. In this study, data from the 3 EOG electrodes were removed to pre-
vent interference from eye movement artifacts. Performing motor imagery tasks induces
task-related synchronization (ERD) and task-related desynchronization (ERS) in different
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brain regions, with the main perceptual motor rhythms being mu (8-13 Hz) and beta waves
(18-30 Hz). The specific frequency ranges vary from person to person, thus bandpass
filtering from 4-40 Hz was applied to the raw data to minimize the negative effects while
retaining the MI task-related features. For each sample, data from 0.5 s to 2.5 s after the
start of the trial were utilized, resulting in a size of 22 x 500 for each sample.

Both the FTS and STM data augmentation methods preserve the size of each data sam-
ple after augmentation, resulting in a dataset that is twice the original volume. Specifically,
if the original dataset comprises N samples, each of size 22 x 500, the size of each sample
remains unchanged at 22 x 500 after augmentation, effectively doubling the number of
samples to 2N. Therefore, the total data volume becomes 2N x 22 x 500 at this point.

We also utilized a transfer-learning strategy to pre-train the proposed network model.
For each participanti(i=1, ..., 9), we pre-trained the model using data from the other
eight participants, froze the model’s parameters, unfroze the model after augmenting the
data of participant i, and then trained and tested participant i on the pre-trained model. In
both the training and pre-training phases, the ratio of training data to testing data was 8:2,
meaning an 80% training set and a 20% testing set.

3.3. Experimental Results
3.3.1. MI Recognition Results Based on MST-DGCN with Data Augmentation

To avoid errors caused by random data partitioning, the experiment was repeated
three times, each time with random splits for the training and testing sets. The average
of the three experiments was taken as the final result. The evaluation metrics obtained
from the experiments (Table 1 and Figure 5) show that our proposed method achieved
the highest overall recognition accuracy of 77.89% on the BCI-IV-2a database, which was
achieved when using the FTS data augmentation method, with a corresponding Kappa
value of 0.7025.

Table 1. Ml recognition results of the MST-DGCN. The values in bold represent the best results.

Subjects’ Acc (%)

Kappa

A01 A03 A04 A05 Ao6 A07 Ao08 A09 Avg
MST-DGCN 85.71 £0.22 55.07 £ 1.73 92.36 £ 0.90 67.35 +0.87 65.90 + 1.62 55.87 £3.12 88.54 £2.14 79.28 £0.93 84.31 £ 0.40 74.93 £0.21 0.6657
STM + MST-DGCN 84.10 £ 2.08 59.19 £ 5.00 9247 £0.74 68.51 £ 1.50 68.86 + 1.98 58.51 £ 1.74 88.91 +4.40 80.88 & 0.52 84.78 £ 0.86 76.25 £ 1.53 0.6833
FTS + MST-DGCN 86.40 + 1.19 64.81 £ 5.95 94.89 + 0.35 69.18 + 3.28 69.73 £ 0.33 60.80 + 1.26 89.22 + 1.70 81.69 + 0.56 84.26 + 0.59 77.89 £ 0.75 0.7052

Accuracy (%)

MI Recognition Results of MST-DGCN

100

B MST-DGCN
B STM+MST-DGCN
FTS+MST-DGCN

I
I o
o

80 - -
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Figure 5. Bar chart of the MI recognition results of the MST-DGCN.



Electronics 2024, 13, 2174

True Label

Left hand

Right hand

Feet - 0.09

Tongue -

Despite the limited data in the BCI-IV-2a database, significant improvements were
still achieved by using the data augmentation methods. Compared to not using data
augmentation methods, the STM and FTS data augmentation methods increased the ac-
curacy by 1.32% and 2.96%, respectively, with corresponding Kappa values increasing by
0.0176 and 0.0395, respectively. Inspired by Altaheri et al. [44] and Thanigaivelu et al. [45],
we have plotted two row-normalized confusion matrices (Figure 6) to visually present the

classification performance.

Normalized Confusion Matrix of STM augmented MST-DGCN Normalized Confusion Matrix of FTS augmented MST-DGCN

0.06 0.07

0.08

Right hand Feet Tongue Left hand Right hand Feet Tongue
Predicted Label Predicted Label

Left hand

Figure 6. Confusion matrix of the MST-DGCN with STM and FTS augmentation.

In the confusion matrix, the rows represent the actual classes, while the columns
represent the predicted classes. Each cell’s value represents the number of samples for
which the actual class matches the row index and the predicted class matches the col-
umn index. For example, the first row in Figure 6 represents the number of samples
with the actual class of left-hand motor imagery, while the first column indicates the
number of samples the model predicted as left-hand motor imagery. We have normal-
ized the confusion matrix by rows. As shown in Figure 6, different augmentation meth-
ods have varying effects on different classes. The MST-DGCN augmented with STM
demonstrates a slight advantage in classifying the left- and right-hand tasks, while the
MST-DGCN augmented with FTS exhibits a greater advantage in classifying the foot and
tongue tasks. The experimental results underscore the effectiveness and robustness of the

proposed model.

To further understand the performance of FTS augmentation, we plotted its ROC
curves, as shown in Figure 7. The micro-average ROC curve represents the micro-averaged
true positive rate and false positive rate for all the classes, calculated by combining the
true positive rates and false positive rates of all the classes into one ROC curve. This
curve provides a better evaluation of the overall performance. The macro-average ROC
curve represents the ROC curve obtained by averaging the ROC curves of each class. It
is computed by averaging the true positive rates and false positive rates of each class
separately, offering a better assessment of the classification performance for each class.
In addition to these two curves, we can also examine the ROC curve for each individual
class to understand the classification performance of the FTS across different classes, where
classes 0, 1, 2, and 3 represent the tongue, foot, right-hand, and left-hand motor imagery,
respectively. From Figure 7, it can be observed that the curves for classes 2 and 3 have larger
areas under the curve, indicating better performance. On the other hand, the recognition
results for classes 0 and 1 are relatively lower, suggesting that the latter two types of motor

imagery are indeed more challenging than the former.

F0.3

F0.2

F0.1
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Figure 7. ROC curve plot of the MST-DGCN augmented by FTS.

3.3.2. Ablation Experiments of MST-DGCN

To evaluate the effectiveness of the modules in the proposed MST-DGCN model, we
conducted ablation experiments to confirm the effects of each module used in our approach.
The chosen data augmentation method was the FTIS, as it had the best results. The results
of the ablation experiments are presented in Table 2 below:

Table 2. Ablation experiments of the MST-DGCN. The Checkmark ”v"” indicates the selection of the
corresponding module, and the values in bold represent the best results.

Modules

Acc (%)

MT SA DGC
v 71.08%
v 68.73%
v 66.24%
v v 73.80%
v v 72.32%
v v 74.96%
v v v 77.89%

where the MT module represents the multi-scale temporal module, the SA module repre-
sents the spatial attention module, and the DGC module represents the dynamic graph
convolution module. From Table 2, it can be observed that the removal of any individual
module has a relatively minor impact on the performance. The most significant change
occurred when the MT module was removed, resulting in a decrease in the accuracy (Acc)
of 5.57%. Removing the SA module and DGC module individually led to decreases in the
accuracy of 4.09% and 2.93%, respectively. This demonstrates the crucial role of the MT
module in effectively integrating global information. The combination of the MT and SA
modules achieved the second best performance, indicating that our SA module can effec-
tively refine the global information obtained by the MT module, highlighting the critical
roles of the MT and SA modules in information fusion and extraction. It is worth noting
that any network solely utilizing the DGC module did not perform well. We speculate that
the DGC module may be more suitable for combination with other modules, relying on
contextual information.

In the multi-scale temporal module, we used convolutional kernels of sizes (64, 1),
(40, 1), (26, 1), and (16, 1) to extract temporal information at different scales. We conducted
ablation experiments on the different scale convolutional kernels to further explore which
scale plays a prominent role in the feature extraction. The results are shown in Table 3.
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Table 3. Ablation experiments of the multi-scale temporal module. The Checkmark ”v"” indicates the
selection of the corresponding module, and the values in bold represent the best results.

Used Scales

Small Scales Large Scales Acc (%)
(26, 1) and (16, 1) (64, 1) and (40, 1)

v 73.20%

v 75.44%

v v 77.89%

From Table 3, we can see that the accuracy loss is smaller when using larger-scale
convolutional kernels, while the accuracy loss is greater when using smaller-scale con-
volutional kernels. We think this may be because the motor imagery paradigm requires
capturing the EEG signal features over a longer time range, and larger convolutional ker-
nels can more effectively extract these features. Therefore, in the feature extraction process,
larger convolutional kernels play a more important role in capturing relevant information.

3.3.3. The Impact of Model Parameters Used in MST-DGCN

In the MST-DGCN model, the DGC module utilizes a five-layer GCN. Various hyper-
parameters in the GCN (such as the number of GCN layers, settings for parameter updates,
etc.) have a great impact on the results. Therefore, in this section, we explore these model
parameters to demonstrate the effects of different parameters in the DGC module. In the
experiments where parameters are modified, the other modules and parameters of the
model remain unchanged. Similar to the previous section, we still use the best-performing
FTS-augmented MST-DGCN for experimentation. Each experiment was also conducted
three times to calculate an average value.

To validate the appropriateness of the number of layers used, we experimented
with setting the number of GCN layers from one to seven while keeping the other parts
unchanged. The experimental results are shown in Table 4.

Table 4. Difference in the average classification accuracy with varying numbers of GCN layers. The
values in bold represent the best results.

Layers Acc

1-2 All results < 70%
71.98%
75.59%
77.89%
72.34%
69.76%

N OO = W

From Table 4, it can be observed that selecting an appropriate number of GCN layers
is crucial. Too many or too few GCN layers can lead to fluctuations in the results. The
model achieved the best performance when using five GCN layers. This indicates that, for
our task, five GCN layers offer the optimal feature extraction and representation-learning
capabilities, enabling the model to better capture the features and patterns of MI signals.
Using too few layers in a model may result in insufficient complexity to effectively capture
the intricate features of the data. Conversely, employing too many layers can lead to
overfitting and the learning of unnecessary features. Therefore, our conclusion is that, for
the current task, selecting five GCN layers as the depth of the MST-DGCN is the most
appropriate choice.

The hyperparameter u in the loss function formula is responsible for adjusting the
generated adjacency matrix A. Adjusting the hyperparameter p affects the sparsity of
the updated adjacency matrix, which in turn influences the information propagation and
feature extraction capabilities of the graph convolutional layers. We conducted experi-
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ments by setting u from 0.1 to 0.5, with a step size of 0.1, to find the optimal value of p.
Table 5 displays the results of different u values for the proposed MST-DGCN.

Table 5. Average classification accuracy results corresponding to different values of p. The values in
bold represent the best results.

u Acc
0.1 73.83%
0.2 75.31%
0.3 77.89%
0.4 76.56%
0.5 75.92%

From Table 5, it can be observed that when the value of p is set to 0.3, the MST-DGCN
achieves the highest classification accuracy.

4. Discussion
4.1. Analysis of Data Augmentation Methods

We used two data augmentation methods, STM and FTS, to augment the original
dataset. To thoroughly analyze the effectiveness of the data augmentation methods used,
we conducted an analysis for each participant. Figure 8 shows the results of the three
methods across the nine participants.

A01

A03

A06 A05

MST-DGCN(74.93%) STM+MST-DGCN(76.25%) e FTS+MST-DGCN(77.89%)

Figure 8. MI recognition results of the three methods.

From Figure 8, it can be observed that the FTS + MST-DGCN method achieved the
best recognition result, reaching 77.89%. Even though the STM + MST-DGCN method
performed better on participant nine (STM: 84.78% > FTS: 84.26%), the difference
is not significant.
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Additionally, for participants A01, A03, A07, A08, and A09, who already had high
recognition accuracy (>80%), the improvement via these two data augmentation methods
was low. The average improvement for these five participants after augmentation was only
0.19% (STM augmented) and 1.25% (FTS augmented). On the other hand, for participants
AQ02, A04, AO5, and A06, who had lower recognition accuracy (<70%), the improvement
via data augmentation was significant. After augmentation, the average improvement for
these four participants was 2.72% (STM augmented) and 5.08% (FTS augmented). The most
significant improvement was observed for participant A02, with a 9.74% increase using FTS
data augmentation. Both data augmentation methods expanded the original dataset. STM
augmentation involved short-term smoothing of each channel, similar to the dropout in
neural networks, aiming to help the model learn robust features and avoid overfitting. On
the other hand, FTS encouraged the model to learn frequency domain information. Both
augmentation methods enhanced the features, leading to consistent improvement effects.

Figure 8 also shows the differences in data quality among the different subjects. The
quality of subjects A02, A04, A05, and AQ6 is significantly lower than that of the other
subjects. We have also observed similar classification results in other studies [13,16,17].

4.2. Analysis of Model Complexity and Visualization

To evaluate the computational complexity of our MST-DGCN model, we computed
multiple complexity indicators. We then integrated these indicators with the average
classification accuracy for comparison against several other methods. The results of the
comparison are shown in Table 6.

Table 6. Comparison of computational complexity.

Methods Parameter (Million) Inference Time (ms) Decoding Time (ms) Acc (%)

ConvNet 0.15 0.85 6.87 72.53

EEGNet 0.03 0.32 4.28 74.61
TS-SEFFNet 1.34 3.29 18.48 74.71
MST-DGCN 0.16 1.27 11.35 77.89

As shown in Table 6, the trainable parameters in the MST-DGCN are approximately
0.16 million, which is more than ConvNet’s 0.15 million and EEGNet’s 0.03 million. How-
ever, our model achieves higher accuracy than both of them and significantly lower than
the TS-SEFFNet. The inference time represents the time required by the deep-learning
model to provide the recognition result for each trial, while the decoding time represents
the time from the inputting of raw EEG data to providing the recognition result, also
shown in Table 6. The MST-DGCN significantly improves the classification accuracy while
maintaining acceptable inference and decoding times, demonstrating its advantage.

We also visualized the average values of the dynamic adjacency matrices A used for
all the participants, as shown in Figure 9.

The magnitude of the values in the adjacency matrix (the darkness of colors) reflects the
correlation between connections. A redder color indicates a stronger positive correlation
between the two corresponding connections, while a bluer color indicates a stronger
negative correlation. To highlight the connections with strong correlations, the cube of
the adjacency matrix A was computed and displayed, as shown on the right side of
Figure 9. It can be observed that, through training, the MST-DGCN has indeed learned the
critical connections.
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Figure 9. Visualization of the learned adjacency matrix A and its cube by the MST-DGCN, with a size
of 40 x 40.

4.3. Comparison with Other Studies

We conducted a survey of the MI recognition literature that also utilizes the BCI-IV-2a
database, summarizing and consolidating the results (Table 7).

Table 7. MI recognition results from the BCI-IV-2a database.

Methods Year Acc Kappa
FBCSP [13] 2008 67.75% 0.5700
CCSP [14] 2009 66.51% 0.5535
ConvNet [16] 2017 72.53% 0.6337
EEGNet [17] 2018 74.61% 0.6615
Incep-EEGNet [18] 2020 74.07% 0.6543
TS-SEFFNet [26] 2021 74.71% 0.6628
MRGEF [46] 2022 70.11% 0.6015
MI-DABAN [27] 2023 76.16% 0.6821
SCPGE [47] 2023 68.64% 0.5817
Our Method 2024 77.89% 0.7052

Ang et al. [13] decomposed the original EEG signals into multiple frequency bands
using filter banks and then extracted the features using the common spatial pattern (CSP)
method, achieving an accuracy of 67.75% and a Kappa value of 0.57 on the BCI-IV-2a
database. Kang et al. [14] considered the relationship between the covariance matrices of
different subjects and obtained a composite covariance matrix by weighted averaging the
covariance matrices of subjects in the dataset. The accuracy and Kappa value for the MI
classification were 66.51% and 0.5535, respectively. Schirrmeister et al. [16] designed a CNN
model consisting of multiple convolutional layers, pooling layers, and fully connected
layers, which could deeply extract the spatio-temporal features from EEG signals with-
out relying on handcrafted feature extraction methods. The overall accuracy and Kappa
value on the BCI-IV-2a database were 72.53% and 0.6337, respectively. Lawhern et al. [17]
specifically designed a CNN for processing EEG data, called EEGNet, which was relatively
lightweight and suitable for resource-constrained environments. The classification accuracy
and Kappa value achieved using the BCI-IV-2a dataset were 74.61% and 0.6615, respec-
tively. Riyad et al. [18] embedded inception modules into the architecture of EEGNet to
better capture the multi-scale spatio-temporal features of EEG signals. The experimental
results on the BCI-IV-2a dataset showed an accuracy of 74.07% and a Kappa value of 0.6543.
Li et al. [26] used a squeeze-and-excitation feature fusion network to extract temporal-
spectral features relevant to MI tasks, achieving an overall accuracy of 74.71% and a Kappa
value of 0.6628. Xie et al. [46] enhanced the classification performance of motor imagery BCI
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by constructing multiple Riemannian maps corresponding to multiple bandpass frequency
bands and applying graph-embedding projection and mutual information-based graph
fusion to simultaneously extract the spatial and spectral features from the Riemannian
maps, achieving an accuracy of 70.11% and a Kappa value of 0.6015. Li et al. [27] im-
proved the MI recognition performance of individual subjects by learning the knowledge
of multiple subjects through an adversarial-learning method and two non-shared atten-
tion blocks for domain alignment, achieving an accuracy of 76.16% and a Kappa value of
0.6821. Ni et al. [47] combined graph-embedding projection and sparse constraints into a
semi-supervised least squares model and then adaptively learned the similarity matrix
and pseudo-label matrix based on manifold learning to obtain the most discriminative
patterns, achieving an accuracy of 68.64% and a Kappa value of 0.5817. The discussed
literature highlights the excellent accuracy and Kappa value of the proposed MST-DGCN
in MI recognition, which is of great significance to the development of MI-BCL

5. Conclusions

In this paper, we propose a network called the MST-DGCN for MI-EEG classification.
It first utilizes the multi-scale spatio-temporal module, which incorporates multi-scale
convolution and spatial attention, to extract and refine temporal and spatial information
at different scales from the raw EEG signals. Then, multiple layers of dynamic graph
convolution modules are employed to capture the spatial structural relationships among
potential connections in the graph. Finally, a classification module consisting of convolu-
tional and fully connected layers is used to output the final results. The experimental results
demonstrate that our method achieves an identification accuracy of 77.89% and a Kappa
value of 0.7052 on the BCI-IV-2a dataset, outperforming nine other methods. However,
there are still areas for improvement in our method. For example, all the experiments
conducted in this paper are set in offline scenarios, and future work could investigate inte-
grating the model into real-time BCI systems to evaluate the performance under different
conditions. Additionally, the data augmentation methods used could be further expanded.
Both data augmentation methods provide stable improvements for the MST-DGCN. The
FTS-augmented MST-DGCN shows better, but not statistically significant, results. This
necessitates further exploration and innovation in data augmentation and experimental
paradigms. There are also significant differences in data quality among different subjects
in the dataset. Identifying available data from low-quality datasets to better understand
the reliability of specific recordings is one of the issues that need to be addressed moving
forward. This study was conducted on only one dataset. In the future, more extensive
and detailed exploration of the model generalizability on multiple datasets is needed.
These limitations and the corresponding future research directions contribute to the further
development and enhancement of our method.
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