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Abstract: Motor imagery (MI) is a crucial research field within the brain–computer inter-
face (BCI) domain. It enables patients with muscle or neural damage to control external
devices and achieve movement functions by simply imagining bodily motions. Despite the
significant clinical and application value of MI-BCI technology, accurately decoding high-
dimensional and low signal-to-noise ratio (SNR) electroencephalography (EEG) signals
remains challenging. Moreover, traditional deep learning approaches exhibit limitations
in processing EEG signals, particularly in capturing the intrinsic correlations between
electrode channels and long-distance temporal dependencies. To address these challenges,
this research introduces a novel end-to-end decoding network that integrates convolutional
neural networks (CNNs) and a Swin Transformer, aiming at enhancing the classification
accuracy of the MI paradigm in EEG signals. This approach transforms EEG signals into a
three-dimensional data structure, utilizing one-dimensional convolutions along the tem-
poral dimension and two-dimensional convolutions across the EEG electrode distribution
for initial spatio-temporal feature extraction, followed by deep feature exploration using
a 3D Swin Transformer module. Experimental results show that on the BCI Competition
IV-2a dataset, the proposed method achieves 83.99% classification accuracy, which is sig-
nificantly better than the existing deep learning methods. This finding underscores the
efficacy of combining a CNN and Swin Transformer in a 3D data space for processing high-
dimensional, low-SNR EEG signals, offering a new perspective for the future development
of MI-BCI. Future research could further explore the applicability of this method across
various BCI tasks and its potential clinical implementations.

Keywords: brain–computer interface (BCI); electroencephalogram (EEG); motor imagery
(MI); 3D convolutional neural network (3D CNN); 3D Swin Transformer

1. Introduction
Brain–computer interface (BCI) technology, which serves as a direct communication

pathway between the brain and external devices, has become a key field in scientific
research and clinical applications [1]. This technology not only offers a new communication
and control pathway for patients with limited motor functions [2] but also demonstrates
vast potential in fields such as motor rehabilitation, emotion recognition, and human–
computer interactions [3–5]. Among non-invasive BCI technologies, electroencephalogram
(EEG) is favored for its non-invasiveness, low cost, and high portability. EEG captures brain
activity through electrodes placed on the scalp, and its signals can be decoded to control
external devices such as computers, wheelchairs, or robots [6,7]. However, the variability
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of EEG signals and their susceptibility to external interference pose significant challenges
in extracting useful information from noisy backgrounds.

Traditional pattern recognition techniques, such as the common spatial pattern (CSP)
method and its variants [8–10], excel in enhancing spatial features related to motor imagery
(MI) tasks; however, they often rely on task-specific prior knowledge, limiting their gen-
eralization capabilities. Time–frequency analysis methods, such as continuous wavelet
transform (CWT) [11] and empirical wavelet transform (EWT) [12], can extract rich time–
frequency features, but the applicability of these traditional methods is limited in different
BCI paradigms.

In recent years, deep learning technologies, especially convolutional neural networks
(CNNs) [13] and recurrent neural networks (RNNs) [14], have gained attention for their
potential in feature learning and time-series data classification. CNNs have demonstrated
powerful representational capabilities in computer vision tasks, while RNNs and long
short-term memory (LSTM) networks [15] have been designed to capture long-term de-
pendencies in time-series data. Some studies combine CNNs and LSTMs to leverage
the strengths of both model types [16], or use CNNs with multiple convolutional kernel
scales [17] for better classification results. However, CNNs are limited in capturing global
temporal dependencies due to their local receptive fields, and RNNs inherently struggle
with maintaining long-term dependencies and parallel training.

The Transformer model has attracted attention for its excellent performance in nat-
ural language processing and image recognition. Its self-attention mechanism effec-
tively captures long-distance dependencies [18], providing a new solution for EEG signal
decoding [19]. However, the application of Transformer models in EEG signal processing
is still in its infancy, especially in effectively integrating global and local feature learn-
ing. There is a lack of comprehensive analysis and visualization studies on the role of
Transformers in EEG signal decoding.

To address these problems, we propose an innovative EEG data representation method,
which transforms the raw EEG signals into a three-dimensional structure containing time
dimensions and a two-dimensional EEG electrode distribution, with delta, theta, alpha,
beta, and gamma frequency ranges as different channels. Based on this, we design a deep
learning framework that employs one-dimensional CNNs to process time dimensions and
two-dimensional CNNs to handle the electrode plane, to capture local spatio-temporal
features. Subsequently, we introduce a window-based self-attention mechanism—the 3D
Swin Transformer [20,21]—to extract global features in EEG signals.

The contributions of this paper are as follows:

• We propose a novel and effective Convolution Swin Transformer (ConSwinFormer)
network for rapid feature extraction of EEG signals for MI task classifications.

• Extensive experiments are conducted to research the impact of the Swin Transformer
module and attention parameters.

• Data augmentation techniques, including segmentation and reconstruction (S&R) and
random noise addition, effectively improve the model’s generalization ability on small
datasets and reduce the risk of overfitting.

• Through spatio-temporal feature map visualization analysis, we enhance the inter-
pretability of the model, providing new insights into brain region activities and
collaborative work during the MI process.

The subsequent sections of this paper first detail the experimental design, model
structure, training procedure, and result analysis. Then, we discuss the application of
the model in different types of MI tasks and the visual interpretation of the decision-
making process. Finally, future research directions and potential applications are proposed.



Sensors 2025, 25, 2922 3 of 24

Through this research, we expect to provide new insights into the application of deep
learning in the BCI domain.

2. Related Work
2.1. CNN, RNN, LSTM

In the research on MI within BCI, deep learning methods play an important role, such
as CNNs, RNNs, and LSTMs. CNNs are renowned for their capability to extract spatial
features from EEG signals, making them highly effective for tasks requiring the recognition
of complex spatial patterns inherent in MI data. For instance, Li et al. [22] proposed
a CNN-LSTM feature fusion network, demonstrating that CNNs can effectively extract
spatial features, and LSTMs are helpful in capturing long-term dependencies in time-series
data. Additionally, Liu et al. [23] proposed a multi-branch one-dimensional convolutional
neural network (CMO-CNN), which uses multiple convolutional kernels to extract features
from EEG at different time scales, providing a compact and effective solution. On the
other hand, RNNs and LSTMs excel in capturing temporal dependencies, which is crucial
for understanding the sequential nature of EEG signals in MI tasks. Supakar et al. [24]
proposed a model that demonstrated the efficacy of RNN-LSTMs in processing EEG signals,
especially in identifying complex conditions such as schizophrenia. By enabling a more
detailed and comprehensive analysis of brain signals, these methods significantly enhance
the accuracy and robustness of MI-BCI systems. In a review research on deep learning
techniques for classifying EEG signals, Altaheri et al. [25] also noted that deep learning
technologies, particularly CNNs and LSTMs, have been extensively applied in MI-BCI
systems, demonstrating their powerful capability in processing such signals.

2.2. Three-Dimensional CNN

The emergence of 3D convolutional neural networks (3D CNNs) marks a significant
development in the field of convolutional neural networks. Three-dimensional CNNs
extend the capabilities of traditional CNNs by adding additional dimensions. This multidi-
mensional approach is particularly beneficial for MI classification tasks. As both spatial and
temporal correlation information of brain activity are crucial, 3D CNNs allow us to process
spatial and temporal information in EEG signals simultaneously to obtain their correlation
information. Zhao et al. [26] proposed a multi-branch 3D CNN model specifically for the
classification of EEG signals, effectively enhancing task performance. Similarly, the Brain-
GridNet model proposed by Wang et al. [17], a two-branch deep convolutional network,
demonstrated the effectiveness of 3D CNNs in decoding multi-class MI tasks based on
EEG signals. Park et al. [27] also introduced a model based on 3D CNNs, which aims to
improve the accuracy and interpretability of MI classification through a deep analysis of
spatio-temporal features. The multi-branch architecture of these networks further enhances
their capability to process different patterns in EEG data, thus improving the performance
of MI classification tasks and offering strong robustness and adaptability across different
subjects and sessions. Li and Ruan [28] also confirmed the effectiveness of novel decod-
ing methods using 4D data representation and 3D CNNs in MI tasks, demonstrating the
potential of 3D CNNs in processing complex EEG signals.
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2.3. Transformer

With its unique advantage of self-attention mechanisms, the Transformer model is
gradually replacing traditional deep learning models as a powerful tool in the field of EEG
signal processing. This model structure can effectively capture the long-term dependencies
and the complex patterns in EEG signals, being particularly effective for decoding time-
series MI data. The self-attention mechanism, by assigning different attention weights to
each part of the input data, allows the model to focus on signal features most relevant to
the current task. For example, Xie et al. [29] proposed the Transformer model based on
learning the spatio-temporal features of EEG decoding, demonstrating its potential in EEG
signal processing. Luo et al. [30] proposed the SMT model, which improved the accuracy
and generalization ability of cross-subject EEG signal classification by introducing multi-
ple self-attention mechanisms and mirror network structures. Similarly, Deny et al. [31]
proposed a Hierarchical Transformer model specialized for MI-BCI, confirming that the
Transformer is useful in understanding the effectiveness of complex brain electrical signals.
Moreover, Ma et al. [32] proposed a CNN-Transformer model, also showing its strong
performance. The ability to capture the long-term dependencies enables Transformers
to not only identify significant local features but also to perceive the correlations across
different time and spatial regions, revealing the subtle changes in the brain during the
execution of specific tasks.

2.4. Swin Transformer

The Swin Transformer is an innovative architecture that builds on the traditional
Transformer. Its main advantage is that it can learn local details and global information at
the same time, so it shows high efficiency in decoding EEG signals. The Swin Transformer
improves the self-attention mechanism by introducing a hierarchical structure and shifted
window strategy, allowing the model to capture features at various resolutions. This en-
ables it to precisely identify complex patterns in EEG signals. For instance, Xu et al. [33]
proposed Swin-TCNet, a time–frequency channel cascade network based on the Swin
Transformer, demonstrating the superiority of the Swin Transformer in processing MI
intracranial electroencephalography signals. Similarly, Wang et al. [34] proposed a new
algorithm combining EEG channel attention and the Swin Transformer to enhance the per-
formance of MI paradigm classification. Additionally, Li et al. [35] proposed the MST-Net,
a multi-scale Swin Transformer network for EEG-based cognitive load assessments, which
also demonstrated the effectiveness of the Swin Transformer in complex EEG signal decod-
ing. This structure not only enhances the model’s sensitivity to minor signal variations but
also improves its recognition of broad patterns of brain activity, significantly boosting the
classification accuracy and computational efficiency of MI-BCI systems.

3. Methods
Neural activities show the characteristics of asynchronous excitation in different brain

regions [36]. As shown in Figure 1, different times, frequency bands and channels show
unique activation patterns. In order to utilize the information of the time–frequency domain
and channel, we propose the ConSwinFomer, an end-to-end spatio-temporal frequency
feature extraction network that fuses a CNN and Swin Transformer. The ConSwinFomer
contains four main parts: preprocessing module, CNN module, Swin Transformer [20,21]
module, and classifier module.
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Figure 1. Visualization of spatio-temporal frequency features in raw EEG signals from Subject 01.

3.1. Overview

Our model takes raw EEG signals as the input, processes the channel and time-point
data dimensions, and outputs the probability distribution for different MI task categories.
The model aims to utilize the local feature extraction capability of CNNs and the global
correlation feature extraction ability of the Swin Transformer to achieve effective feature
extraction of three-dimensional EEG data in spatio-temporal frequency dimensions. The
workflow of the ConSwinFormer, as shown in Figure 2, begins with the preprocessing
stage, where EEG data are divided into multiple frequency bands. These data are then
structured into a three-dimensional construct according to the spatial location of electrodes
on the scalp and the time dimension, aiming to capture the spatio-temporal frequency
characteristics of EEG signals. Following this, the CNN module extracts local features,
identifying the local temporal and spatial patterns and laying the foundation for subsequent
global feature extraction. The Swin Transformer module enhances the model’s global
feature representation by learning feature interactions within different windows through
skip connections. Finally, the classifier module outputs probabilities for MI tasks based on
the extracted features, converting complex feature information into specific classification
results. Overall, by integrating the characteristics of CNNs and the Swin Transformer,
our model significantly improves the classification accuracy of MI tasks in processing 3D
EEG data.
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Figure 2. The overall architecture of ConSwinFormer, with details of the 3D Swin Transformer block
in the lower left corner of the Transformer module.

3.2. Preprocessing Module

In this research, the preprocessing stage plays a crucial role in ensuring that the
acquired data are of high quality and are suitable for real-time processing. By using the
label information collected during data acquisition, we segment the raw EEG data into
several trials, each structured in an N × D format, with the N representing the number of
electrode channels and D denoting the number of time points, equivalent to the sampling
time multiplied by the sampling frequency. During preprocessing, we implement a series
of simplification and efficient steps aimed at ensuring data quality while considering
computational efficiency and latency for real-time tasks. These steps include filtering,
normalizing, and rearranging the data. Some complex calibration and artifact removal
methods that may cause processing delays are intentionally omitted. It is expected to
achieve fast processing speeds and low response delays in real-time tasks.

The EEG data undergo band-pass filtering to obtain brain signals in five differ-
ent frequency ranges. These frequencies include δ (0.5–4 Hz), θ (4–8 Hz), α (9–12 Hz),
β (13–30 Hz), and γ (31–50 Hz), each corresponding to different states of brain activity. The
primary rhythms related to MI tasks are mu (µ) and beta (β) [37,38], with the µ rhythm
overlapping with the α band. By employing band-pass filters, we effectively remove the
high-frequency and low-frequency noise unrelated to the research. After filtering, the
data format is transformed into C × N × D, where C represents the number of frequency
bands. Specifically, we use C, which denoted finite impulse response filters (FIRs), aligning
with many related studies [28,29,32], aiming to retain only the specific frequency ranges of
interest. Subsequently, these C frequency bands are the input into the model as different
data channels for further analysis and classification.

Z-score normalization was applied to the band-pass filtered EEG data to reduce
volatility and nonstationarity in the data. This process was completed using the follow-
ing equation:

X =
x − µ√

σ2
, (1)

In Equation (1), x represents the original band-pass filtered data, while X is the
output data after normalization. µ and σ2 represent the mean and variance of these
data, respectively. Through such processing, each data point is adjusted to ensure better
consistency and comparability across different trials and channels.
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The two-dimensional EEG data are rearranged according to the actual locations of
electrodes on the scalp, transforming them into a three-dimensional structure. This arrange-
ment helps more effectively extract spatio-temporal features between adjacent electrodes.
Based on the research by Zhao et al. [26], this 3D representation method outperforms the
traditional two-dimensional representation in decoding performance, and the research
by Zhang et al. [39] also shows that 3D EEG has better decoding performance than 2D
EEG. Specifically, we rearrange the two-dimensional EEG data according to the spatial
distribution of electrodes on the scalp. As illustrated in Figure 3c, this rearrangement
transforms the signal into a D × H × W data format, where H and W represent height
and width, respectively, covering all N channels. Figure 3a shows the layout of electrodes
on an EEG cap, while Figure 3b displays the arrangement of N × D EEG data for a trial.
After filtering and rearrangement, the data dimensions become C × D × H × W. This data
structure provides a comprehensive perspective for subsequent feature extraction and
classification efforts, enabling the model to efficiently utilize the spatio-temporal frequency
features in EEG signals.

Figure 3. (a). Schematic representation of electrode spatial locations for EEG acquisition (b). Original
EEG data arrangement (N × D) (c). Rearranged EEG data distribution (D × H × W).

3.3. CNN Module

In our proposed model, the CNN part plays a crucial role and is mainly used to extract
local features in EEG signals. Research over recent years has confirmed the efficiency
of CNNs in capturing local features [22,23,25–28]. The first step in the model is to use a
CNN for carrying out the preliminary local feature extraction from EEG signals, aiming at
capturing local spatio-temporal patterns within EEG data, preparing for subsequent global
feature extraction and classification tasks. Inspired by existing research [40], our model
adopts an innovative approach to decompose spatio-temporal 3D convolutions into 2D
spatial convolutions and 1D temporal convolutions. The two-dimensional convolution uses
kernels of size (1, H, W) with padding set to (0, ⌊H/2⌋, ⌊W/2⌋), allowing the convolution
kernel to act as a spatial filter, capturing the relationships between electrode channels on a
single time sample. The spatial convolution kernel is directly applied to the entire electrode
plane. One-dimensional temporal convolution uses kernels of size (25, 1, 1) with padding
set to (12, 0, 0), serving as a temporal filter that aims to capture local features along the time
dimension for individual channels. The number 25 in the convolution kernel represents a
0.1-second sampling window, which aids in capturing minor changes over time. In order to
improve the stability and generalization ability of the model, we add batch normalization
after each convolutional layer. This not only helps prevent the vanishing gradient problem
but also speeds up the training process and improves the adaptability of the model to
different input data. Overall, the CNN module effectively extracts the key local features
in EEG signals by combining convolution in spatial and temporal dimensions, which lays
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a solid foundation for the subsequent global feature extraction and classification tasks of
the model.

3.4. Three-Dimensional Swin Transformer Module

After the preliminary extraction of spatio-temporal local features in EEG signals
through the CNN module, to explore the global connections between these local features
more deeply, we adopt the hierarchical Swin Transformer module [20,21]. The architectural
design of the Swin Transformer module enables us to perform effective feature extraction
at various scales and enhances feature extraction capabilities through stacking multiple 3D
Swin Transformer modules at specific scales.

The 3D Swin Transformer module comprises two primary blocks, each slightly differ-
ing in their application of the Multi-Head Self-Attention (MSA) mechanism. The structures
of these blocks include Layer Normalization (LayerNorm) [41], 3D Window Multi-Head
Self-Attention (3D W-MSA) or 3D Sliding Window Multi-Head Self-Attention (3D SW-
MSA), LayerNorm again, and a Multi-Layer Perceptron (MLP). Before performing MSA
calculations, the input sequence is first processed with LayerNorm, followed by the output
of MSA being residually connected to the output of the previous layer and then processed
through LayerNorm again before being input into the MLP.

In the first block of the 3D Swin Transformer module, 3D W-MSA with a fixed window
position is used to construct attention weights for local positions. The second block adopts
the 3D SW-MSA mechanism, as shown in Figure 4, which enables global dependency
construction across windows by moving the window to a position between several win-
dows of the previous block. Such a design allows the 3D Swin Transformer module to
capture not only the interactions between local features but also to understand broader
global dependencies.

By stacking 3D Swin Transformer block at different scales, the model can more com-
prehensively convey dependency information between windows, thereby constructing
a richer global attention parameter set. This hierarchical 3D Swin Transformer module
design is important for decoding global spatio-temporal frequency dependencies in EEG
signals, effectively enhancing the accuracy of MI task classification.

Figure 4. Window attention mechanism and sliding window attention mechanism.

3.4.1. Multi-Head Self-Attention Mechanism

The ConSwinFormer model uses the 3D Swin Transformer module designed based
on the Transformer architecture. One of the core features of Transformer is the MSA
mechanism, which processes input information at different locations in multiple subspaces
by using multiple attention heads. Each attention head produces a unique attention
distribution that allows the model to efficiently integrate and process a large amount of
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subspace information from different locations. In our model, the MSA is used by dividing
the data into windows with intersections through 3D W-MSA and 3D SW-MSA, aiming to
extract global dependencies in 3D EEG signals.

The core working principle of the MSA mechanism is to map input features to multiple
subspaces and perform the dot product operation on these subspaces to calculate the
corresponding attention vector [18]. These attention vectors, computed in each subspace,
are then combined together and mapped back to the original input space to form the final
output vector. This mechanism greatly enhances the ability of the model to handle complex
inputs, especially when analyzing 3D EEG signals with rich spatio-temporal properties.

The MSA mechanism is described by the following equations:

MSA(Q, K, V) = concat(head1, . . . , headNh)W
o, (2)

headi = Attention(QWQ
i , KWK

i , VWV
i ), (3)

Attention(Qi, Ki, Vi) = Softmax

(
QiKT

i√
dk

)
Vi, (4)

where headi represents the i-th attention head, and Nh is the total number of attention heads.
Wo ∈ Rhdv×dmodel is a linear mapping matrix used to merge the outputs from all attention
heads. QWQ

i , KWK
i , and VWV

i denote the linear mapping of the query (Q), key (K), and
value (V) for the i-th attention head, respectively. WQ

i ∈ Rdmodel×dq , WK
i ∈ Rdmodel×dk , and

WV
i ∈ Rdmodel×dv are the weight matrices for the query, key, and value, respectively. dq, dk,

and dv refer to the dimensions of the query, key, and value, respectively.
Through this MSA mechanism, the ConSwinFormer model effectively captures and

integrates features from different times, frequency bands, and spatial positions of EEG
signals, significantly enhancing the decoding capability for complex EEG signals.

3.4.2. Three-Dimensional W-MSA

The 3D Window Multi-Head Self-Attention (3D W-MSA) serves as a cornerstone
in the ConSwinFormer model, primarily for extracting local dependencies within three-
dimensional input vectors. It operates by calculating attention scores within fixed-size
windows to capture intricate spatio-temporal features in each local window [42]. The input
for 3D W-MSA consists of 3D spatio-temporal EEG data under specific frequencies, with the
input feature vector dimension being (C, D, H, W), where C represents frequency channels,
D is the time dimension, and H and W denote the height and width of the electrode plane,
respectively. These feature vectors are partitioned into non-overlapping windows of size
(d, h, w), forming (C, D/d, H/h, W/w) independent local windows.

As illustrated in Figure 2, the input feature vector of dimensions (C, D, H, W) is
divided into (C, T/d, H/h, W/w) non-overlapping windows, within each of which the
3D W-MSA performs self-attention operations. This implies that the model assesses the
interactions and relationships among different parts within a window, thereby capturing
local spatio-temporal characteristics. Attention scores for each window are calculated
independently, aiding the model in understanding the complex associations between
local features.

The window size in 3D W-MSA is statically configurable, allowing for adjustments
based on varying experimental setups and data characteristics to optimize model perfor-
mance. The computation process [21] is represented by the following equations:

ẑl = 3D_W-MSA(LN(zl−1)) + zl−1, (5)

zl = FFN(LN(ẑl)) + ẑl , (6)
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where ẑl and zl represent the output features of the 3D W-MSA block and the feed-forward
network (FFN) at the l-th layer, respectively, with LN denoting layer normalization. Three-
dimensional W-MSA signifies Multi-Head Self-Attention based on three-dimensional win-
dows using a fixed window partition. This design enables the model to efficiently capture
and comprehend local spatio-temporal features in 3D EEG data, thus enhancing decoding
capabilities for complex EEG signals.

3.4.3. Three-Dimensional SW-MSA

The 3D Sliding Window Multi-Head Self-Attention (3D SW-MSA) is an important
component of the ConSwinFormer model, aimed at strengthening the connections between
local windows. Unlike 3D W-MSA, which limits itself to computing self-attention within
individual local windows, 3D SW-MSA facilitates information exchange between windows
through a sliding window mechanism, capturing a broader range of global dependencies.

In the 3D Swin Transformer module, 3D SW-MSA follows the 3D W-MSA block, en-
hancing inter-window connections by shifting local windows. This mechanism employs
half the length of the original patch as the step size for window movement, enabling the
model to apprehend dependencies across multiple windows. The self-attention compu-
tation based on the sliding window mechanism is conducted following the window shift
operation, allowing 3D SW-MSA to understand not only the information within individual
local windows but also the inter-relations between windows.

Like 3D W-MSA, the window size in 3D SW-MSA is also statically configurable,
offering researchers the flexibility to adjust the window sizes based on the specific datasets
and experimental requirements. The specific computation process [21] is given by the
following equations:

ẑl+1 = 3D_SW-MSA(LN(zl)) + zl , (7)

zl+1 = FFN(LN(ẑl+1)) + ẑl+1, (8)

where ẑl and zl , respectively, denote the output features of the 3D SW-MSA block and
the feed-forward network (FFN) block at the l-th layer, with LN representing layer nor-
malization. Three-dimensional SW-MSA, as the Multi-Head Self-Attention based on 3D
window shifting, utilizes sliding window partition. Through this design, 3D SW-MSA in
the ConSwinFormer model bolsters the capture of global dependencies in complex EEG
signals, supporting deeper feature extraction and precise classification.

3.4.4. Hierarchical Structure

In the ConSwinFomer model, the 3D Swin Transformer module plays a crucial role in
processing and analyzing the complex spatio-temporal features in 3D EEG signals. Our
designed model comprises two layers of 3D Swin Transformer blocks, with the first layer
including one 3D Swin Transformer block, and the second layer being composed of two
Swin Transformer blocks. This hierarchical structure enables the model to capture more
detailed features across different scales.

After initial feature extraction in the CNN stage, the 3D Swin Transformer module
employs the 3D Patch Partition technique to divide 3D EEG data into multiple small patches
of size d × h × w, each considered as an independent token with a 96-dimensional feature
representation. This division facilitates more precise processing of local information in
EEG signals.

Subsequently, these divided patches undergo linear embedding to be transformed into
a format efficiently processable by the model. For input features of size (C, D, H, W), the
3D Swin Transformer module outputs features of different sizes after two stages, thereby
achieving feature extraction across various scales.
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Each 3D Swin Transformer module contains a 3D W-MSA block that calculates within
fixed-size windows, focusing on capturing local attention weights. Additionally, the 3D
SW-MSA enhances inter-window communication through window shifting operations,
thereby capturing global dependencies. Under this mechanism, windows move half the
distance to the right and downward, followed by the attention weight calculation in the
new window positions.

3.4.5. Three-Dimensional Relative Position Bias

The ConSwinFomer model introduces the concept of a 3D relative position bias, based
on findings from previous research that, considering the relative position bias for each
head in self-attention calculations, can enhance model performance [43]. In this model,
a 3D relative position bias is introduced for each attention head, represented as a three-
dimensional tensor B ∈ RP2×M2×M2

, where P and M, respectively, stand for the dimensions
of the temporal and spatial domains (height or width). Specifically, the self-attention
mechanism considers this relative position bias, formulated as

Attention(Q, K, V) = SoftMax
(

QKT/
√

d + B
)

V. (9)

where Q, K, V ∈ RPM2×d represent the query, key, and value matrices, respectively, and
d is the dimensionality of these features. PM2 is the number of tokens in a 3D window.
Since the relative position along each axis lies within the range [−P + 1, P − 1] (temporal)
or [−M + 1, M − 1] (height or width), a smaller bias matrix B̂ ∈ R(2P−1)×(2M−1)×(2M−1)

is used in the model to simplify computations. In this setup, the values of B̂ are directly
extracted from the original position bias matrix B.

4. Experiments and Results
4.1. Dataset

To evaluate the performance of the proposed ConSwinFormer model, we selected the
BCI Competition IV 2a(BCICIV-2a) dataset provided by Graz University of Technology [44]
as the benchmark. This dataset is one of the most commonly used and widely recognized
benchmarks in the field of MI classification, making it suitable for our assessment purposes.

The BCICIV-2a comprises EEG data from 9 subjects. Each subject participated in four
different MI tasks, including imagining movements of the left hand, right hand, both feet,
and tongue. These diverse tasks place high demands on the classification ability of the
model, making this dataset an ideal evaluation tool.

Data were collected using 22 Ag/AgCl electrodes and 3 electrooculogram (EOG)
electrodes, carefully positioned to maximize the signal capture range and quality. All data
were recorded at a sampling rate of 250 Hz, processed through a band-pass filter of 0.5 to
100 Hz. This high-quality data collection and preprocessing ensure the consistency and
reliability of the input data.

In addition, another feature of this dataset is that it contains two sets of data collected
by each subject at different times to evaluate the cross-session ability of the model, which
makes the experimental design more challenging and realistic. Each session contained
288 trials, equally divided among the four tasks, i.e., 72 trials per task. This type of data
distribution provides a balanced dataset for the task.

In the data preprocessing, we specifically focused on the 2∼6.5 s interval of each trial
and further applied a band-pass filter to filter the EEG data to the frequency range of
0.2∼40. Such data processing steps aim to optimize the input data, making them more
suitable for deep learning model processing. Data from each subject were divided into ten
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parts, with nine parts used for training the model and the remaining part used for model
evaluation. This process was repeated 10 times, which is called 10-fold cross-validation.

Overall, the application of BCICIV-2a provides us with a comprehensive, challenging,
and representative platform to evaluate and demonstrate the classification performance of
our proposed ConSwinFormer model in MI tasks.

4.2. Data Augmentation

During the collection of EEG data, one challenge we faced was the small size of the
dataset, which was due to the complexity of the acquisition process itself and the time cost
required. Training deep learning models on such small datasets commonly results in overfit-
ting, where the model performs excellently on the training set but poorly on the validation
set. To overcome overfitting, we adopt time-domain-based data augmentation techniques.
One approach utilized to generate new data samples is the Segment and Reassemble (S&R)
technique [45]. The operation involves dividing EEG data of the same category into multi-
ple segments, each containing consecutive time points, and then randomly reassembling
these segments while maintaining the original time sequence, creating new data samples.
This strategy not only utilizes the time sequence information in the original data but also
generates diversity through reassembly, effectively enlarging the dataset. Moreover, we
introduce random noise into the reconstructed samples, further enhancing data variability
and improving the model’s adaptability and robustness to unknown data. During the
training phase, we employ a dynamic data augmentation strategy. This means that, for each
training iteration, we generate augmented data samples equal to the batch size, ensuring
the model encounters new transformed data in every training cycle. This approach not only
enriches the diversity of the training data but also strengthens the model’s generalization
ability against varied test data. This dynamic and diversified training method effectively
reduces the risk of model overfitting, enhancing the model’s accuracy and stability when
processing real-time EEG data.

4.3. Experimental Details

Our research method was implemented in a computing environment equipped with
an RTX 3090 GPU (Nvidia, Santa Clara, CA, USA), using Python 3.11 and the PyTorch 2.1
library [46] for programming and model construction. During the data preprocessing stage,
we first removed the EOG signal channels from the dataset and then applied a band-pass
filter to process the EEG signals. Beyond basic filtering steps, no additional artifact removal
measures were taken. It is worth mentioning that the direct removal of EOG data was
due to the following reasons: Most of the existing methods using EOG are performed to
eliminate electroencephalogram artifacts in other channels through ICA. However, MI is
a real-time task, and it is difficult to apply the electroencephalogram proposed by ICA in
real-time tasks. If the EOG channel data are directly connected to the model for processing,
this will result in additional complexity, which will make it more difficult for the model to
learn useful features.

Model training was conducted based on data specific to each participant, a common
practice in the BCI field. To ensure the reliability and generalizability of the evaluation
results, we adopted the ten-fold cross-validation method. Specifically, for each participant,
the training set included 520 trials, and the test set included 56 trials.

During model training, we utilized the Adam optimizer [47] to optimize model pa-
rameters, aiming to minimize the cross-entropy loss function. Our carefully selected
hyperparameters aimed to achieve optimal performance, with the batch size being set to
18, learning rate fixed at 1 × 10−4, and the number of iterations set to 200. To ensure the
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model could learn effectively and reach convergence, the selection of these parameters was
based on initial testing and validation experiments.

4.4. Experimental Results

On the BCICIV-2a dataset [44], the testing results of the ConSwinFomer model demon-
strate the classification performance across different categories (left hand, right hand, both
feet, tongue). The combined confusion matrix for nine subjects is shown in Figure 5.
From the confusion matrix, it can be observed that for each category, the model exhibits a
high classification accuracy rate. Especially for the first and fourth class (left hand motor
imagery and tongue motor imagery), the correct classification rates reached 85.1% and
85.3%, respectively, and the misclassification rates to other classes were low. This indicates
that the ConSwinFomer model performs well in capturing and distinguishing between
different MI tasks. Similar to other studies, the classification performance of the right hand
always appears to be the worst among these four categories, mainly due to being easily
misclassified as the left hand.

Figure 5. The confusion matrix of the model on the BCICIV-2a dataset for nine subjects.

As shown in Table 1, the accuracy of the model varies among different subjects. Sub-
jects S03 and S07 achieved accuracies of 98.60% and 96.51%, respectively, showing extremely
high classification performance. On the other hand, Subjects S02 and S05 exhibited rela-
tively lower accuracies of 67.51% and 65.28%, which may be related to the specificity of
the EEG signals of the subjects. The overall average accuracy was 83.99%, indicating that
the ConSwinFomer model displays stable and efficient classification performance across
different subjects.
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Table 1. The model we proposed is compared with the most advanced model on the BCICIV-2a
dataset. The best score is displayed in bold.

S01 S02 S03 S04 S05 S06 S07 S08 S09 Average

FBCSP [9] 76.00 56.50 81.25 61.00 55.00 42.25 82.75 81.25 70.75 67.42 ± 13.54
PSCSP [10] 80.00 65.36 87.14 67.50 55.54 50.18 91.79 84.11 87.86 74.39 ± 14.31

Multi-branch 3D CNN [26] 77.38 60.14 82.93 72.29 75.84 68.99 76.04 76.86 84.67 75.02 ± 6.92
Transformer [19] 91.67 71.67 95.00 78.33 61.67 66.67 96.67 93.33 88.33 82.59 ± 12.52

CNN-Transformer [32] 92.02 78.12 95.13 78.30 64.23 67.88 97.03 93.23 89.23 83.91 ± 11.49
CMO-CNN [23] 86.93 67.47 92.69 77.21 82.78 73.73 92.52 90.43 91.47 83.92 ± 8.69

Our 93.76 67.51 98.60 76.17 65.28 72.64 96.51 94.70 90.72 83.99 ± 12.64

4.5. Comparison

In our research, to validate the effectiveness of our proposed end-to-end ConSwin-
Former network model, we conducted a series of comparative experiments, comparing our
model with six current leading methods using the BCICIV-2a dataset. Below are the details
of the comparative experiments.

The first method is FBCSP [9], a classic machine learning strategy that segments EEG
signals into bands and applies CSP [8] within each sub-band for filtering and feature
selection, followed by the classification procedure. The average classification accuracy of
the FBCSP method is 16.57% lower than our model, indicating that while FBCSP achieves
certain success in multi-band feature processing, it falls short in capturing complex EEG
signal patterns.

Dong et al. [10] proposed PSCSP. In this method, artifacts in EEG signals are first
removed by ICA, and then features are extracted using CSP. Six groups of spatial filters
are constructed, and then the Gaussian kernel function and polynomial kernel function
are combined into a hybrid kernel function. Finally, the hybrid kernel function is used to
classify the extracted features. The classification accuracy of this method is 9.6% lower
than ours. Using the ICA method requires a high level of expertise, and it displays similar
problems to FBCSP, being unable to fully extract features in EEG signals.

Zhao et al. [26] proposed the Multi-branch 3D CNN model, adopting the 3D convo-
lution of a multi-branch structure. Specifically designed to deal with the spatio-temporal
characteristics of EEG data, it is the first model in the field of MI to start applying a 3D
convolutional structure. Experimental results on BCICIV-2a show that the average clas-
sification accuracy of our ConSwinFormer model reaches 83.99%, which is significantly
better than the 75.02% accuracy of the Multi-branch 3D CNN model. Our accuracy is 8.97%
higher than theirs. Both our model and this model are based on 3D EEG data, and this
result demonstrates the superior performance of our model in processing and classifying
complex EEG signals.

Song et al. [19] proposed a Transformer-based spatio-temporal feature learning method
using a Transformer representation in Table 1. After preprocessing, spatial filtering and
employing the feature channel attention mechanism, the attention mechanism is used to
train the model to perceive the global temporal dependence of EEG signals. Even though
this method is similar to our model in structure, it is still 1.4% worse than our model
regarding its classification effect.

The CNN-Transformer model proposed by Ma et al. [32] has some similarities to our
model. They extract local features via a CNN and use a Transformer to obtain global
features, which are then classified by softmax. Compared with this method, our model
is innovative with regard to processing 3D data and capturing spatial features between
channels more effectively, improving the classification effect by 0.08%.

Lastly, the CMO-CNN model proposed by Liu et al. [23] is a compact multi-branch
one-dimensional convolutional network designed to extract features of MI tasks from raw



Sensors 2025, 25, 2922 15 of 24

EEG signals. Although the model performs convolution operations on multiple scales, its
average accuracy is still 0.07% lower than our model.

These comparative experimental results demonstrate that our ConSwinFormer model
surpasses other existing advanced methods in capturing and analyzing MI EEG signals. By
combining the advantages of a CNN and a Swin Transformer, our model comprehends and
decodes EEG signals more comprehensively, achieving higher classification performance in
BCI tasks.

Table 1 shows the performance and average classification accuracy of each model on
different subjects (S01 to S09). It also shows our model’s excellent performance on multiple
subjects and on the overall average.

4.6. Ablation Experiments

To validate the effectiveness of each component of the ConSwinFormer model, we
conducted ablation experiments. In our model, a CNN was utilized for local feature
extraction, while a Swin Transformer was designed to capture global features. The ablation
study involved removing the CNN and Swin Transformer parts, respectively, to verify their
capabilities in extracting local and global features.

The results of the ablation experiments are displayed in Table 2. These results show
the impact of omitting the CNN and Swin Transformer modules on accuracy across all
test subjects. The ConSwinFormer model consistently outperforms models that only use a
CNN or Swin Transformer. This demonstrates the efficacy of our approach of using a CNN
to extract local features and a Swin Transformer to capture global information.

Table 2 provides detailed data on the performance comparison of the nine subjects,
for which the ConSwinFormer model obtained the highest average accuracy of 83.99%. In
comparison, the model using only the CNN achieved an average accuracy of 53.93%, and
the model using only the Swin Transformer achieved an average accuracy of 77.85%. In all
subjects’ ablation experiments, the ConSwinFormer model obtained the highest accuracy.

This ablation study clearly illustrates the complementary nature of the CNN and Swin
Transformer modules in the ConSwinFormer model. The local feature extraction via the
CNN and the global contextual understanding through the Swin Transformer together
contribute to building a more robust and accurate MI-BCI model. The significantly higher
average accuracy obtained by the ConSwinFormer model across all subjects further con-
firms the synergistic effect of combining these two powerful neural network mechanisms.

Table 2. The results of the CNN and Swin Transformer modules were extracted from ConswinFormer
for ablation experiments.

S01 S02 S03 S04 S05 S06 S07 S08 S09 Avg

CNN 54.03 51.39 52.77 56.80 52.77 54.16 59.87 53.35 50.26 53.93
Swin Transformer 90.01 51.38 97.34 72.98 51.95 65.00 92.93 93.33 88.76 77.85
ConSwinFormer 93.76 67.51 98.60 76.17 65.28 72.64 96.51 94.70 90.72 83.99

The spectral ablation experiments reveal three key insights for motor imagery de-
coding. As shown in Table 3, first, the α (9–12 Hz, 94.72%) and β (13–30 Hz, 95.26%)
bands demonstrated superior performance. Second, while the combined α + β config-
uration achieved near-optimal accuracy (97.33%), its 1.27-percentage-point deficit com-
pared to full-band processing (98.60%) confirms complementary information in other
bands—particularly the θ rhythm’s temporal dynamics (4–8 Hz, 62.86%) that may en-
code preparatory neural states. Third, practical implementation requires computational
trade-offs: resource-constrained systems could prioritize α + β bands (preserving 97.33% ef-
ficacy) with minimal performance sacrifices, while high-performance deployments should
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leverage full-spectrum analysis to maximize accuracy through cross-frequency interaction
modeling. This dual-strategy framework balances biological plausibility with engineer-
ing pragmatism, as δ/θ bands (0.5–8 Hz) become critical only when pursuing marginal
accuracy gains, which justifies their computational overhead.

Table 3. Accuracy comparison (%) of spectral band ablation experiments for Subject 03.

δ (0.5–4 Hz) θ (4–8 Hz) α (9–12 Hz) β (13–30 Hz) γ (31–50 Hz) α + β Full-Band

53.61 62.86 94.72 95.26 47.28 97.33 98.60

4.7. Parameter Sensitivity

In our research, we have found that the performance of the model is significantly
influenced by some key parameters. To explore how these parameters affect the model’s
performance in detail, we conduct a series of in-depth experiments. This section will
describe and discuss the impact of the depth of the Swin Transformer in detail, including
the number of attention heads, the size of data divided into patches, and the size of the
CNN convolution kernel on the temporal dimension.

Similar to the CNN, the Swin Transformer model is designed to extract data features
at various scales by stacking multiple layers. Thus, the depth of the model, or the number
of layers, determines the number of levels at which the model can extract features, directly
affecting the model’s learning ability and feature extraction effectiveness. Increasing the
model’s depth can enhance the model’s ability to abstract and represent data features,
especially when dealing with complex time-series data. However, too deep a model
may lead to overfitting and increased training difficulty. Therefore, by comparing the
performance of models under different depth parameters, we aim to find the optimal
parameters, which is crucial for end-to-end training performance. We selected seven model
depth parameters, as shown in Figure 6, where the commas separate the number of layers,
and the numbers represent the number of modules in that layer. Since each layer contains
at least two modules (3DW-MSA, 3DSW-MSA) in the Swin Transformer, each layer model
has an even number of MSA blocks.

Figure 6. The impact of model depth on performance.
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Through the analysis of the visualization of depth parameters’ influence on the model’s
accuracy, we observe that the model is sensitive to the depth of different hierarchical
structures. It can be clearly seen from the figure that the accuracy of the model is lower
when the depth parameter of the model is at a shallow level (such as (2, 0)). As the depth
increases to (2, 4), the model acquires a second layer. The first layer contains a Swin
Transformer block, and the second layer contains two Swin Transformer blocks. At this
depth parameter, the model accuracy reaches its highest point. However, increasing the
depth does not improve the accuracy. Instead, it results in a decrease in accuracy and an
increase in variance, suggesting that the model may have suffered from overfitting. It can be
seen that the proper model depth is crucial for model performance. In our experiments, the
parameter with a depth of (2, 4) provides the best performance. This parameter achieves
effective feature extraction and learning by reasonably arranging the number of Swin
Transformer modules at different levels. There is no need to concern ourselves with the
over-fitting or high complexity of the model, since the number of parameters is small and
the inference results can be obtained in a short time.

In deep learning models, the multi-head attention mechanism enhances the model’s
ability to process input data by allowing it to attend to information from multiple distinct
representational subspaces simultaneously. This parallel processing enables the model
to capture diverse aspects and features of the data more comprehensively, often leading
to improved performance on complex tasks. However, incorporating multiple attention
heads significantly increases the model’s parameter count, necessitating a careful trade-off
between model performance and computational resources during training and deployment.
Figure 7 illustrates the impact of varying the number of attention heads on both model
accuracy and the total number of parameters. Our experiments evaluated model configu-
rations with one, two, four, and eight attention heads. As shown, starting with one head,
the model achieved baseline accuracy. Increasing the number of heads to two resulted in a
modest improvement in accuracy. A more substantial increase in accuracy was observed
when the number of heads was further increased to four, reaching the peak performance
among the tested configurations. However, increasing the number of heads to eight led
to a decrease in accuracy compared to the four-head configuration. Simultaneously, the
figure clearly demonstrates that the number of model parameters increases significantly
with each increment in the number of attention heads. Given the observed performance
trend, where accuracy peaks at four heads and declines thereafter, combined with the
substantial increase in computational complexity indicated by the ballooning parameter
count, we determined that using four attention heads offers the most favorable balance
between model performance and efficiency for our specific requirements and available
computational resources. Further increasing the number of heads beyond four proved
detrimental to accuracy while incurring a significant additional computational burden.

In our model, the role of the patch size parameter is to divide the input data into
multiple small patches, which are used to separate the computational units, namely tokens,
in the model for subsequent feature extraction and analysis. To explore the effect of patch
size on model performance, we conduct an exhaustive series of experiments. As shown in
Figure 8, we tested different patch size settings in temporal and scalp spaces. Experimental
results show that in the temporal dimension, when the sampling point is set to 2, the model
can achieve high accuracy. This indicates that fewer temporal sampling points are sufficient
to capture effective temporal features and provide effective information for the model. It is
also noticed that the accuracy of the model drops sharply when the time sampling points
exceed 5. This may be because too many time sampling points lead to the loss of local
information of the time series, or increase the complexity of the model, which affects the
generalization ability of the model. In the scalp space, we find that setting the patch size to
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(5 × 5) enables us to achieve the best results. This finding indicates that on the scalp space,
the model optimizes performance by extracting global information rather than local details,
which provides important features for subsequent classification tasks. This extraction of
global information may be related to the spatially distributed properties of brain activity
patterns, where synchronous activity in larger regions is more critical for distinguishing
different MI tasks than local activity in smaller regions.

Figure 7. The impact of the number of heads in MSA on model performance.

Figure 8. The impact of patch size on model performance.
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In our model, the primary task of the convolutional neural network (CNN) is to extract
preliminary local features in the spatial and temporal dimensions. We not only referred
to the parameter recommendations provided in [40] but also extensively experimented
with the size of the CNN convolution kernel in the temporal dimension. As shown in
Figure 9, the experimental results show that the parameter with the size of a convolution
kernel has a direct impact on model performance. If the convolution kernel size is set
to a value that is too large or too small, it adversely affects the model’s effectiveness,
as indicated by decreased accuracy and increased variance. Too small a convolution
kernel may fail to capture sufficient temporal information. On the other hand, too large a
kernel might lead to excessive merging of temporal information, thereby losing important
temporal details. Through extensive experimental comparisons, we found that setting
the convolution kernel size to between 25 and 30 on the temporal dimension allows the
model to achieve optimal performance. Within this range, the convolution kernel is large
enough to capture key temporal features in EEG signals while avoiding unnecessary noise
and redundant information interference. Additionally, this convolution kernel size also
maintains the model’s variance at a lower level, meaning that the model’s performance is
more stable and does not fluctuate dramatically due to minor changes in input data.

Figure 9. The impact of temporal kernel size in the CNN module on model performance.

5. Visualization
In our research, the t-SNE (t-distributed Stochastic Neighbor Embedding) [48] tech-

nique is used for a dimensionality reduction and visualization [48]. It is used here to
intuitively show the feature extraction and classification effects of the model in different
processing stages, and to enhance the interpretability of the model. Moreover, it is a highly
popular machine learning algorithm capable of effectively mapping high-dimensional data
to a low-dimensional space for visualization. We applied the t-SNE to data from three
key stages in the model: after preprocessing, after processing via the CNN module, and
before the classification module. As shown in Figure 10, Figure 10a shows the distribution
of samples after only preprocessing, with the samples being mixed with each other and
there being no obvious clustering trend, indicating that the features of different categories
have not been effectively distinguished at this stage. Figure 10b shows the samples pro-
cessed by the CNN module, with the samples showing a certain degree of an aggregation
effect. It also shows that the CNN module has extracted some features that are helpful
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for distinguishing different categories in the spatial-temporal dimension, but there are
still some cases that are unclearly classified. Figure 10c shows the distribution of samples
before the final classification. The distribution of samples after the 3D Swin Transformer
module is used shows a significant clustering effect. The distance between samples of
different classes becomes more distinct. This shows that the 3D Swin Transformer module
can effectively extract representative features and further strengthen the discriminative
ability of the model.

Figure 10. t-SNE visualization (a) after preprocessing, (b) after the CNN module, and (c) after the
Swin Transformer module.

It is particularly noteworthy that in these visualizations, the distribution of data points
for the left and right hands is far apart, indicating the model’s strong ability to distinguish
between these two categories. However, there is some overlap between the data points
representing the right hand and both feet, showing that some samples are classified as
fuzzy. The data points for the tongue and both feet, despite not being too far apart, exhibit
a clear boundary line in the visualization, indicating that these two categories can also be
effectively distinguished.

By utilizing gradients calculated during specific layers of the model, we employ the
GradCAM algorithm [49] to determine the contribution of each token to the classification
result. These contributions are then mapped back to the spatial locations of the original
EEG data, forming a 3D heat distribution. We divide the feature map into five segments,
we overlay each time segment on the time dimension, and we plot it as a topographic map.
This was completed to more clearly visualize which brain regions the model paid more
attention to at different times. Additionally, we also projected the 3D heat distribution onto
the temporal dimension to show which parts of time the model paid more attention to.

Figure 11 presents the spatio-temporal feature maps of Subject 3 in four different
categories of MI tasks. We can observe that the data at the start of the experiment show
widespread suppression, possibly indicating a certain latency in the initiation of MI. Fur-
thermore, we find a correlation between the speed of the activation response and the
distance to the brain center: areas closer to the brain center respond more swiftly, such as
the motor cortex’s reaction to controlling the tongue. In the spatial dimension, the primary
activation areas related to MI tasks are concentrated in the motor cortex, consistent with
the motor paradigm [50]. During the imagination of the left and right hand movements,
we observe a clear contralateral activation and ipsilateral suppression, aligning with the
phenomena of event-related desynchronization (ERD) and event-related synchronization
(ERS) [51,52]. Temporally, the execution process of an action does not always maintain the
same activation areas but undergoes continuous changes. Some activation areas’ location
shifts or they show gradually increasing or decreasing phenomena. We believe this indi-
cates that an MI paradigm may involve multiple brain areas working together. Specifically,
multiple brain areas participate in coordinating an MI paradigm at different times, and the
activation location of a brain area changes over time.
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Figure 11. Spatio-temporal feature maps for four MI paradigms of Subject 3.

6. Discussion
In this research, we introduced a novel model and tested it on the BCICIV-2a dataset.

The results show that the model performs well in the classification of MI tasks. By analyzing
the EEG data from different subjects, we observed significant differences in accuracy
among individuals. This variation is likely related to the uniqueness of each subject’s EEG
signals, especially for Subjects S03 and S07, achieving accuracies of 98.60% and 96.51%,
respectively. This suggests that these subjects’ EEG signal patterns during MI tasks have
higher distinguishability, enabling more effective classification by the model.

A detailed analysis of the confusion matrix revealed that classification errors mostly
occurred between right hand MI and tongue MI. This confusion may stem from the high
similarity in EEG signal patterns between these two tasks, posing a challenge to the model’s
discriminative ability. Moreover, our model achieved an average classification accuracy
of 83.98% across all subjects, surpassing many other current methods and proving its
effectiveness in capturing EEG signal features.

In terms of model visualization analysis, the spatio-temporal feature maps suggest
that multiple brain regions might be involved in coordinating and scheduling tasks during
an MI task at different times. Based on this observation, we propose a new research
direction: incorporating connectivity features between brain regions on top of the existing
spatio-temporal frequency model. We preliminarily consider the extracted feature maps as
representative points of brain regions, while the connectivity strength between regions is
regarded as edge weights, forming a graph containing both spatio-temporal frequency and
brain region connectivity features. We plan to further explore this concept in future research.

Considering the needs of practical BCI applications, such as assisted communication
and neurological rehabilitation, our model has the potential to provide users with more
precise control capabilities due to its excellent accuracy and stability. Due to these qualities,
there is a prospect of integrating the model into real-time BCI systems, providing effective
communication and control of peripherals for individuals with limited mobility. In order
to further improve the practicality and applicability of the model, our future research work
will implement the model in a wider group of subjects, as well as verify and test the model
under complex noise conditions in the real world.

Although this research achieved some good results, we also clearly recognize the
model’s limitations. In our future work, we will explore more data augmentation methods
to mitigate issues associated with small datasets and further reduce the risk of overfit-
ting. Considering the individual differences in EEG signals among subjects, we will also
investigate personalized adjustment strategies to enhance the model’s generalizability
across subjects. Furthermore, we will further study the model’s potential for multitask
learning and transfer learning to improve its adaptability and accuracy across different
EEG signal tasks.
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7. Conclusions
In this research, we propose an innovative deep learning model that combines a CNN

and a Swin Transformer. The aim is to improve the classification accuracy of EEG signals for
MI tasks. Firstly, the model utilizes the powerful ability of the CNN in capturing the local
spatio-temporal features of EEG data, and combines the advantages of the Swin Transformer
in global information processing to achieve efficient classification of EEG signals. Through
a series of experiments on BCICIV-2a, the average accuracy reaches 83.99%. Secondly, in
individual subjects, the accuracy of the model is even as high as 98.60%, which strongly
demonstrates the stability and accuracy of our model. Finally, our model shows a significant
performance improvement compared to existing state-of-the-art models, both traditional
machine learning methods such as FBCSP [9] and recent Transformer-based deep learning
methods [18,31]. This finding further confirms the capability of deep learning, especially
the strategy of the CNN combined with the Swin Transformer, in dealing with complex
data, such as EEG data.

In addition, data augmentation techniques are used during model training. Specifically,
our adopted the segmentation and reconstruction (S&R) technique and random noise
addition. This significantly improved the model’s ability to generalize small datasets
and reduced the risk of overfitting. The prediction ability of the model on new data was
enhanced, and the robustness of the model was effectively improved.

In summary, this research not only theoretically proposes an effective MI classification
model but also experimentally verifies its effectiveness in practical BCI applications. In
the future, we will conduct further tests and test the model on some larger and diverse
datasets. We will also explore its application to different BCI tasks and extend our research
to a broader field of neuroscience and clinical practice.

Author Contributions: Conceptualization, L.A.; Methodology, X.D.; Software, H.H.; Validation, H.H.;
Formal analysis, H.H.; Investigation, H.H. and D.X.; Writing—original draft, H.H.; Writing—review
& editing, X.D.; Supervision, C.L.; Project administration, X.D.; Funding acquisition, L.A. All authors
have read and agreed to the published version of the manuscript.

Funding: This work was supported by the Chongqing Key Laboratory of Germplasm Innovation
and Utilization of Native Plants under Grant No. XTZW2024-KF02.

Institutional Review Board Statement: Not applicable.

Informed Consent Statement: Not applicable.

Data Availability Statement: Data is contained within the article.

Conflicts of Interest: The authors declare no conflicts of interest.

References
1. He, B.; Yuan, H.; Meng, J.; Gao, S. Brain–computer interfaces. In Neural Engineering; Springer: Cham, Switzerland, 2020;

pp. 131–183.
2. Edelman, B.J.; Meng, J.; Suma, D.; Zurn, C.; Nagarajan, E.; Baxter, B.; Cline, C.C.; He, B. Noninvasive neuroimaging enhances

continuous neural tracking for robotic device control. Sci. Robot. 2019, 4, eaaw6844. [CrossRef] [PubMed]
3. Chaudhary, U.; Birbaumer, N.; Ramos-Murguialday, A. Brain–computer interfaces for communication and rehabilitation. Nat.

Rev. Neurol. 2016, 12, 513–525. [CrossRef] [PubMed]
4. Houssein, E.H.; Hammad, A.; Ali, A.A. Human emotion recognition from EEG-based brain–computer interface using machine

learning: A comprehensive review. Neural Comput. Appl. 2022, 34, 12527–12557. [CrossRef]
5. Voinas, A.E.; Das, R.; Khan, M.A.; Brunner, I.; Puthusserypady, S. Motor imagery EEG signal classification for stroke survivors

rehabilitation. In Proceedings of the 2022 10th International Winter Conference on Brain-Computer Interface (BCI), Gangwon-do,
Republic of Korea, 21–23 February 2022; IEEE: Piscataway, NJ, USA, 2022; pp. 1–5.

6. Wolpaw, J.R. Brain–computer interfaces. In Handbook of Clinical Neurology; Elsevier: Amsterdam, The Netherlands, 2013; Volume
110, pp. 67–74.

http://doi.org/10.1126/scirobotics.aaw6844
http://www.ncbi.nlm.nih.gov/pubmed/31656937
http://dx.doi.org/10.1038/nrneurol.2016.113
http://www.ncbi.nlm.nih.gov/pubmed/27539560
http://dx.doi.org/10.1007/s00521-022-07292-4


Sensors 2025, 25, 2922 23 of 24

7. Zander, T.O.; Kothe, C. Towards passive brain–computer interfaces: Applying brain–computer interface technology to human–
machine systems in general. J. Neural Eng. 2011, 8, 025005. [CrossRef] [PubMed]

8. Wang, Y.; Gao, S.; Gao, X. Common spatial pattern method for channel selelction in motor imagery based brain-computer
interface. In Proceedings of the 2005 IEEE Engineering in Medicine and Biology 27th Annual Conference, Shanghai, China, 17–18
January 2006; IEEE: Piscataway, NJ, USA, 2006; pp. 5392–5395.

9. Ang, K.K.; Chin, Z.Y.; Zhang, H.; Guan, C. Filter bank common spatial pattern (FBCSP) in brain-computer interface. In
Proceedings of the 2008 IEEE International Joint Conference on Neural Networks (IEEE World Congress on Computational
Intelligence), Hong Kong, China, 1–8 June 2008; IEEE: Piscataway, NJ, USA, 2008; pp. 2390–2397.

10. Dong, E.; Zhou, K.; Tong, J.; Du, S. A novel hybrid kernel function relevance vector machine for multi-task motor imagery EEG
classification. Biomed. Signal Process. Control 2020, 60, 101991. [CrossRef]

11. Jadhav, P.; Rajguru, G.; Datta, D.; Mukhopadhyay, S. Automatic sleep stage classification using time–frequency images of CWT
and transfer learning using convolution neural network. Biocybern. Biomed. Eng. 2020, 40, 494–504. [CrossRef]

12. Sadiq, M.T.; Yu, X.; Yuan, Z.; Fan, Z.; Rehman, A.U.; Li, G.; Xiao, G. Motor imagery EEG signals classification based on mode
amplitude and frequency components using empirical wavelet transform. IEEE Access 2019, 7, 127678–127692. [CrossRef]

13. Li, Z.; Liu, F.; Yang, W.; Peng, S.; Zhou, J. A survey of convolutional neural networks: Analysis, applications, and prospects. IEEE
Trans. Neural Netw. Learn. Syst. 2021, 33, 6999–7019. [CrossRef]

14. Zaremba, W.; Sutskever, I.; Vinyals, O. Recurrent neural network regularization. arXiv 2014, arXiv:1409.2329.
15. Shi, X.; Chen, Z.; Wang, H.; Yeung, D.Y.; Wong, W.K.; Woo, W.c. Convolutional LSTM network: A machine learning approach

for precipitation nowcasting. In Proceedings of the 29th Annual Conference on Neural Information Processing Systems 2015,
Montreal, QC, Canada, 7–12 December 2015.

16. Khademi, Z.; Ebrahimi, F.; Kordy, H.M. A transfer learning-based CNN and LSTM hybrid deep learning model to classify motor
imagery EEG signals. Comput. Biol. Med. 2022, 143, 105288. [CrossRef]

17. Wang, X.; Wang, Y.; Qi, W.; Kong, D.; Wang, W. BrainGridNet: A two-branch depthwise CNN for decoding EEG-based multi-class
motor imagery. Neural Netw. 2024, 170, 312–324. [CrossRef]

18. Vaswani, A.; Shazeer, N.; Parmar, N.; Uszkoreit, J.; Jones, L.; Gomez, A.N.; Kaiser, Ł.; Polosukhin, I. Attention is all you need.
In Proceedings of the 31st Conference on Neural Information Processing Systems (NIPS 2017), Long Beach, CA, USA, 4–9
December 2017.

19. Song, Y.; Jia, X.; Yang, L.; Xie, L. Transformer-based spatial-temporal feature learning for EEG decoding. arXiv 2021,
arXiv:2106.11170.

20. Liu, Z.; Lin, Y.; Cao, Y.; Hu, H.; Wei, Y.; Zhang, Z.; Lin, S.; Guo, B. Swin transformer: Hierarchical vision transformer using shifted
windows. In Proceedings of the IEEE/CVF International Conference on Computer Vision, Montreal, BC, Canada, 11–17 October
2021; pp. 10012–10022.

21. Liu, Z.; Ning, J.; Cao, Y.; Wei, Y.; Zhang, Z.; Lin, S.; Hu, H. Video swin transformer. In Proceedings of the IEEE/CVF Conference
on Computer Vision and Pattern Recognition, New Orleans, LA, USA, 18–24 June 2022; pp. 3202–3211.

22. Li, H.; Ding, M.; Zhang, R.; Xiu, C. Motor imagery EEG classification algorithm based on CNN-LSTM feature fusion network.
Biomed. Signal Process. Control 2022, 72, 103342. [CrossRef]

23. Liu, X.; Xiong, S.; Wang, X.; Liang, T.; Wang, H.; Liu, X. A compact multi-branch 1D convolutional neural network for EEG-based
motor imagery classification. Biomed. Signal Process. Control 2023, 81, 104456. [CrossRef]

24. Supakar, R.; Satvaya, P.; Chakrabarti, P. A deep learning based model using RNN-LSTM for the Detection of Schizophrenia from
EEG data. Comput. Biol. Med. 2022, 151, 106225. [CrossRef] [PubMed]

25. Altaheri, H.; Muhammad, G.; Alsulaiman, M.; Amin, S.U.; Altuwaijri, G.A.; Abdul, W.; Bencherif, M.A.; Faisal, M. Deep learning
techniques for classification of electroencephalogram (EEG) motor imagery (MI) signals: A review. Neural Comput. Appl. 2023,
35, 14681–14722. [CrossRef]

26. Zhao, X.; Zhang, H.; Zhu, G.; You, F.; Kuang, S.; Sun, L. A multi-branch 3D convolutional neural network for EEG-based motor
imagery classification. IEEE Trans. Neural Syst. Rehabil. Eng. 2019, 27, 2164–2177. [CrossRef]

27. Park, D.; Park, H.; Kim, S.; Choo, S.; Lee, S.; Nam, C.S.; Jung, J.Y. Spatio-temporal explanation of 3D-EEGNet for motor imagery
EEG classification using permutation and saliency. IEEE Trans. Neural Syst. Rehabil. Eng. 2023, 31, 4504–4513. [CrossRef]

28. Li, M.-a.; Ruan, Z.-w. A novel decoding method for motor imagery tasks with 4D data representation and 3D convolutional
neural networks. J. Neural Eng. 2021, 18, 046029. [CrossRef]

29. Xie, J.; Zhang, J.; Sun, J.; Ma, Z.; Qin, L.; Li, G.; Zhou, H.; Zhan, Y. A transformer-based approach combining deep learning
network and spatial-temporal information for raw EEG classification. IEEE Trans. Neural Syst. Rehabil. Eng. 2022, 30, 2126–2136.
[CrossRef]

30. Luo, J.; Wang, Y.; Xia, S.; Lu, N.; Ren, X.; Shi, Z.; Hei, X. A shallow mirror transformer for subject-independent motor imagery
BCI. Comput. Biol. Med. 2023, 164, 107254. [CrossRef] [PubMed]

http://dx.doi.org/10.1088/1741-2560/8/2/025005
http://www.ncbi.nlm.nih.gov/pubmed/21436512
http://dx.doi.org/10.1016/j.bspc.2020.101991
http://dx.doi.org/10.1016/j.bbe.2020.01.010
http://dx.doi.org/10.1109/ACCESS.2019.2939623
http://dx.doi.org/10.1109/TNNLS.2021.3084827
http://dx.doi.org/10.1016/j.compbiomed.2022.105288
http://dx.doi.org/10.1016/j.neunet.2023.11.037
http://dx.doi.org/10.1016/j.bspc.2021.103342
http://dx.doi.org/10.1016/j.bspc.2022.104456
http://dx.doi.org/10.1016/j.compbiomed.2022.106225
http://www.ncbi.nlm.nih.gov/pubmed/36306576
http://dx.doi.org/10.1007/s00521-021-06352-5
http://dx.doi.org/10.1109/TNSRE.2019.2938295
http://dx.doi.org/10.1109/TNSRE.2023.3330922
http://dx.doi.org/10.1088/1741-2552/abf68b
http://dx.doi.org/10.1109/TNSRE.2022.3194600
http://dx.doi.org/10.1016/j.compbiomed.2023.107254
http://www.ncbi.nlm.nih.gov/pubmed/37499295


Sensors 2025, 25, 2922 24 of 24

31. Deny, P.; Cheon, S.; Son, H.; Choi, K.W. Hierarchical Transformer for Motor Imagery-Based Brain Computer Interface. IEEE J.
Biomed. Health Inform. 2023, 27, 5459–5470. [CrossRef]

32. Ma, Y.; Song, Y.; Gao, F. A novel hybrid CNN-Transformer model for EEG Motor Imagery classification. In Proceedings of the
2022 International Joint Conference on Neural Networks (IJCNN), Padua, Italy, 18–23 July 2022; IEEE: Piscataway, NJ, USA, 2022;
pp. 1–8.

33. Xu, M.; Zhou, W.; Shen, X.; Wang, Y.; Mo, L.; Qiu, J. Swin-TCNet: Swin-based temporal-channel cascade network for motor
imagery iEEG signal recognition. Biomed. Signal Process. Control 2023, 85, 104885. [CrossRef]

34. Wang, H.; Cao, L.; Huang, C.; Jia, J.; Dong, Y.; Fan, C.; De Albuquerque, V.H.C. A novel algorithmic structure of EEG Channel
Attention combined with Swin Transformer for motor patterns classification. IEEE Trans. Neural Syst. Rehabil. Eng. 2023, 31,
3132–3141. [CrossRef]

35. Li, Z.; Zhang, R.; Zeng, Y.; Tong, L.; Lu, R.; Yan, B. MST-net: A multi-scale swin transformer network for EEG-based cognitive
load assessment. Brain Res. Bull. 2024, 206, 110834. [CrossRef] [PubMed]

36. Robinson, A.K.; Grootswagers, T.; Carlson, T.A. The influence of image masking on object representations during rapid serial
visual presentation. NeuroImage 2019, 197, 224–231. [CrossRef]

37. Al-Saegh, A.; Dawwd, S.A.; Abdul-Jabbar, J.M. Deep learning for motor imagery EEG-based classification: A review. Biomed.
Signal Process. Control 2021, 63, 102172. [CrossRef]

38. Kirar, J.S.; Agrawal, R. Relevant frequency band selection using Sequential forward feature selection for motor imagery brain
computer interfaces. In Proceedings of the 2018 IEEE Symposium Series on Computational Intelligence (SSCI), Bangalore, India,
18–21 November 2018; IEEE: Piscataway, NJ, USA, 2018; pp. 52–59.

39. Zhang, D.; Yao, L.; Chen, K.; Wang, S.; Chang, X.; Liu, Y. Making sense of spatio-temporal preserving representations for
EEG-based human intention recognition. IEEE Trans. Cybern. 2019, 50, 3033–3044. [CrossRef]

40. Wei, C.S.; Koike-Akino, T.; Wang, Y. Spatial component-wise convolutional network (SCCNet) for motor-imagery EEG classifica-
tion. In Proceedings of the 2019 9th International IEEE/EMBS Conference on Neural Engineering (NER), San Francisco, CA,
USA, 20–23 March 2019; IEEE: Piscataway, NJ, USA, 2019; pp. 328–331.

41. Ba, J.L.; Kiros, J.R.; Hinton, G.E. Layer normalization. arXiv 2016, arXiv:1607.06450.
42. Dosovitskiy, A.; Beyer, L.; Kolesnikov, A.; Weissenborn, D.; Zhai, X.; Unterthiner, T.; Dehghani, M.; Minderer, M.; Heigold, G.;

Gelly, S.; et al. An image is worth 16x16 words: Transformers for image recognition at scale. arXiv 2020, arXiv:2010.11929.
43. Raffel, C.; Shazeer, N.; Roberts, A.; Lee, K.; Narang, S.; Matena, M.; Zhou, Y.; Li, W.; Liu, P.J. Exploring the limits of transfer

learning with a unified text-to-text transformer. J. Mach. Learn. Res. 2020, 21, 5485–5551.
44. Brunner, C.; Leeb, R.; Müller-Putz, G.; Schlögl, A.; Pfurtscheller, G. BCI Competition 2008–Graz Data Set A; Institute for Knowledge

Discovery (Laboratory Brain-Computer Interfaces), Graz University of Technology: Graz, Austria, 2008; Volume 16, pp. 1–6.
45. Lotte, F. Signal processing approaches to minimize or suppress calibration time in oscillatory activity-based brain–computer

interfaces. Proc. IEEE 2015, 103, 871–890. [CrossRef]
46. Paszke, A.; Gross, S.; Massa, F.; Lerer, A.; Bradbury, J.; Chanan, G.; Killeen, T.; Lin, Z.; Gimelshein, N.; Antiga, L.; et al. Pytorch:

An imperative style, high-performance deep learning library. In Proceedings of the 33rd International Conference on Neural
Information Processing Systems, Vancouver, BC, Canada, 8–14 December 2019.

47. Kingma, D.P.; Ba, J. Adam: A method for stochastic optimization. arXiv 2014, arXiv:1412.6980.
48. Van der Maaten, L.; Hinton, G. Visualizing data using t-SNE. J. Mach. Learn. Res. 2008, 9, 2579–2605.
49. Selvaraju, R.R.; Cogswell, M.; Das, A.; Vedantam, R.; Parikh, D.; Batra, D. Grad-cam: Visual explanations from deep networks

via gradient-based localization. In Proceedings of the IEEE International Conference on Computer Vision, Venice, Italy, 22–29
October 2017; pp. 618–626.

50. Hallett, M.; Fieldman, J.; Cohen, L.G.; Sadato, N.; Pascual-Leone, A. Involvement of primary motor cortex in motor imagery and
mental practice. Behav. Brain Sci. 1994, 17, 210. [CrossRef]

51. Nam, C.S.; Jeon, Y.; Kim, Y.J.; Lee, I.; Park, K. Movement imagery-related lateralization of event-related (de) synchronization
(ERD/ERS): Motor-imagery duration effects. Clin. Neurophysiol. 2011, 122, 567–577. [CrossRef]

52. Choi, J.W.; Kim, B.H.; Huh, S.; Jo, S. Observing actions through immersive virtual reality enhances motor imagery training. IEEE
Trans. Neural Syst. Rehabil. Eng. 2020, 28, 1614–1622. [CrossRef]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.

http://dx.doi.org/10.1109/JBHI.2023.3304646
http://dx.doi.org/10.1016/j.bspc.2023.104885
http://dx.doi.org/10.1109/TNSRE.2023.3297654
http://dx.doi.org/10.1016/j.brainresbull.2023.110834
http://www.ncbi.nlm.nih.gov/pubmed/38049039
http://dx.doi.org/10.1016/j.neuroimage.2019.04.050
http://dx.doi.org/10.1016/j.bspc.2020.102172
http://dx.doi.org/10.1109/TCYB.2019.2905157
http://dx.doi.org/10.1109/JPROC.2015.2404941
http://dx.doi.org/10.1017/S0140525X00034130
http://dx.doi.org/10.1016/j.clinph.2010.08.002
http://dx.doi.org/10.1109/TNSRE.2020.2998123

	Introduction
	Related Work
	CNN, RNN, LSTM
	Three-Dimensional CNN
	Transformer
	Swin Transformer

	Methods
	Overview
	Preprocessing Module
	CNN Module
	Three-Dimensional Swin Transformer Module
	Multi-Head Self-Attention Mechanism
	Three-Dimensional W-MSA
	Three-Dimensional SW-MSA
	Hierarchical Structure
	Three-Dimensional Relative Position Bias


	Experiments and Results 
	Dataset
	Data Augmentation
	Experimental Details
	Experimental Results
	Comparison
	Ablation Experiments
	Parameter Sensitivity

	Visualization
	Discussion
	Conclusions
	References 

