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Electroencephalography (EEG)-based motor imagery (MI) is extensively utilized in clinical rehabilitation 
and virtual reality-based movement control. Decoding EEG-based MI signals is challenging because 
of the inherent spatio-temporal variability of the original signal representation, coupled with a low 
signal-to-noise ratio (SNR), which impedes the extraction of clean and robust features. To address this 
issue, we propose a multi-scale spatio-temporal domain-invariant representation learning method, 
termed MSDI. By decomposing the original signal into spatial and temporal components, the proposed 
method extracts invariant features at multiple scales from both components. To further constrain the 
representation to invariant domains, we introduce a feature-aware shift operation that resamples the 
representation based on its feature statistics and feature measure, thereby projecting the features 
into a domain-invariant space. We evaluate our proposed method via two publicly available datasets, 
BNCI2014-001 and BNCI2014-004, demonstrating state-of-the-art performance on both datasets. 
Furthermore, our method exhibits superior time efficiency and noise resistance.
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Electroencephalography (EEG) records spontaneous electrical activity in the brain, referred to as an electrogram1. 
EEG, a non-invasive technique used in brain–computer interface (BCI), offers the advantage of acquiring brain 
signals without the need for surgical intervention, which makes it widely applicable in areas such as post-stroke 
motor rehabilitation, wheelchair control, virtual reality, and the metaverse2,3, as well as emotion detection4,5 
and fatigue detection6. However, in contrast to invasive BCIs, EEG signals exhibit a lower signal-to-noise ratio 
(SNR) and greater spatio-temporal variability, which constrain the development of EEG-based motor imagery 
(MI) signal decoding.

Most prior studies have concentrated on developing feature extraction methods to enhance the decoding 
performance of EEG-based MI signals7–13. For example, EEG Conformer14 presents a hybrid architecture that 
combines Convolution and Transformer to capture both local spatiotemporal features and global temporal 
dependencies. EEG-TransNet15 first extracts multimodal temporal features, such as the mean and variance, 
and then integrates a shared self-attention module to capture global dependencies across these dimensions, 
thereby enhancing the flexibility of signal segmentation for local fluctuations. Tensor-CSPNet16 introduces a 
geometric deep learning framework for extracting spatio-temporal frequency patterns, while Graph-CSPNet17 
leverages Graph Neural Networks (GNNs) within the Symmetric Positive Definite (SPD) manifold space to 
capture complex relationships within EEG signals. Despite these advancements, these methods often rely on raw 
EEG-based MI signals for feature extraction. Deep learning algorithms, a recently preferred approach for feature 
extraction, effectively capture the nonlinear characteristics of EEG-based MI representations. Nevertheless, 
since the weights of these models are optimized solely based on task labels, noise, and spatiotemporal variability 
significantly affect decoding accuracy. Furthermore, these end-to-end deep learning methods may erroneously 
interpret irrelevant information as beneficial, severely limiting the robustness and performance of models in 
decoding EEG-based MI signals.

To address this challenge, we propose MSDI, a multi-scale spatio-temporal domain-invariant representation 
learning method. First, we transform the original signal into multiple representations across varying time and 
channel scales by applying temporal and spatial windows, allowing the model to focus on both fine-grained and 
coarse-grained features across time and channels. Next, we decouple temporal and spatial information to extract 
time-dependent and space-dependent features separately. This aims to minimize the impact of spatiotemporal 
variability and reduce the aliasing between temporal and spatial features. Based on the relative importance of 
features at different scales, we then adaptively fuse spatial and temporal features across multiple scales into a 

1Inner Mongolia University, Huhhot 010021, China. 2Lanzhou University, Lanzhou 730000, China. email: 
0221121528@mail.imu.edu.cn

OPEN

Scientific Reports |        (2025) 15:10664 1| https://doi.org/10.1038/s41598-025-95178-5

www.nature.com/scientificreports

http://www.nature.com/scientificreports
http://crossmark.crossref.org/dialog/?doi=10.1038/s41598-025-95178-5&domain=pdf&date_stamp=2025-3-27


unified representation. Acknowledging the inherent correlation between temporal and spatial information, we 
employ a Cross-Spatio-Temporal Attention (CST-Attn) mechanism to facilitate the cross-fusion of these features, 
followed by dynamic weighting of the fused multi-scale information to generate a novel signal representation. 
To further improve the robustness of the enhanced representation, we introduce a feature-aware shift operation. 
Inspired by work on domain generalization18,19 and diffusion models20, this operation maps a representation to a 
domain-invariant space by randomly resampling the representation based on its feature statistics (i.e., mean and 
variance) and incorporating Gaussian noise that is constrained by the feature measure. Finally, to extract features 
from the constructed MSDI representation and predict MI classification results, we leverage the strengths of 
Convolution and Transformer architectures to design a hybrid backbone for EEG-based MI decoding.

We evaluated our method on two publicly available datasets, BNCI2014-001 and BNCI2014-004, achieving 
state-of-the-art performance. The experimental results demonstrate that enhancing the original EEG signal 
representation improves the model’s decoding accuracy and robustness. Additionally, transferring the 
representation to a domain-invariant space also positively impacts model performance, particularly leading 
to significant improvements for subjects with poor decoding performance. Furthermore, when decoding with 
limited time points, our model demonstrated more stable performance and greater time efficiency, consistently 
outperforming baseline models. In addition, when additional noise was introduced to the test data as interference, 
the model incorporating the feature-aware shift operation exhibited enhanced noise resistance and robustness, 
further confirming its superiority.

Our contributions are summarized as follows:

•	 We propose MSDI, a novel multi-scale spatio-temporal domain-invariant representation learning method 
designed to enhance EEG-based MI signal representation by reducing spatio-temporal variability.

•	 We introduce the feature-aware shift operation to map the feature space of MSDI to a domain-invariant space, 
enhancing robustness.

•	 Our method achieves classification accuracies of 81.06% and 89.42% on BNCI2014-001 and BNCI2014-004, 
respectively, while also demonstrating superior time efficiency and noise resistance.

Related works
EEG-based motor imagery signal decoding
Previous decoding methods have primarily focused on improving feature extraction from EEG signals21–27. 
Common Spatial Pattern (CSP), SSCSP28, and FBCSP29 use spatial filters to extract spatial features, maximizing 
signal variance across two tasks. However, these methods struggle to capture the nonlinear characteristics of EEG 
signals, particularly under low SNR conditions. Deep learning (DL) techniques have advanced the decoding of 
nonlinear features and mitigated the impact of low SNR. For example, EEGNet10 uses compact convolutional 
neural networks (CNNs) for various BCI tasks. EEG Conformer14 designs a hybrid architecture combining 
Convolution and Transformer to capture local spatio-temporal features and global temporal dependencies. EEG-
TransNet15 first extracts multimodal temporal features such as mean and variance, then incorporates a shared 
self-attention module to capture global dependencies across these feature dimensions, thereby offering enhanced 
flexibility in signal segmentation to capture local fluctuations. Tensor-CSPNet16 introduces a geometric deep 
learning (DL) framework for extracting spatiotemporal-frequency patterns, while Graph-CSPNet17 employs 
Graph Neural Networks (GNNs) in the SPD manifold space to capture complex relationships within EEG data. 
Similarly, MAMCNet12 constructs frequency-domain convolutional blocks to merge optimized spatio-temporal 
feature maps from different frequency bands and converts these feature maps into Riemannian manifolds. While 
these methods design explicit feature extraction approaches, they do not explore enhancing the original EEG 
signal representation. In addition, DL-based methods also struggle with overfitting. In this work, we propose the 
feature-aware shift operation to generalize the features and expand the domain, transforming the representation 
into a domain-invariant space.

Representation learning
Representation learning is a subset of machine learning that aims to automatically discover optimal data 
representations to enhance task performance30,31. In the context of EEG decoding paradigms, representation 
learning has been instrumental in improving signal quality and decoding MI32. For instance, Xiang et al.33 
proposed a two-stream model to analyze temporal and spatial EEG representations, highlighting the importance 
of spatial and functional electrode connections. Li et al.34 introduced CASCE, a model designed to enhance EEG 
signal representation and provide insights into functional neural activity during MI. Additionally, the SCDM 
employs spatial cross-modal generation and multi-scale temporal representation modules to adaptively learn 
latent temporal and spatial features within a unified representation space35. In contrast to these studies, our 
approach specifically aims to address the spatiotemporal variability of EEG signals and mitigate the impact of 
low SNR on decoding performance. Our method enhances EEG signal representation using a spatiotemporal 
decoupling strategy and increases robustness by transferring the representation to a domain-invariant space.

Methods
In this section. We introduce our proposed multi-scale spatio-temporal domain-invariant (MSDI) representation 
learning method, as shown in Fig. 1a. We first use MSDI to enhance the original signal representation to alleviate 
the influence of the variety of spatial and temporal information and make the representation more robust. To 
further enhance the generalization of the representation we proposed a feature-ware shift operation to shift the 
features of the enhanced representation to the invariant domain, as shown in Fig. 1b. Finally, we utilize a hybrid 
backbone, based on convolution and transformer architecture to extract the features and decode the EEG-based 
MI signal, as shown in Fig. 1c.
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Multi-scale spatio-temporal domain-invariant representation
Multi-scale spatial and temporal feature extraction
Given EEG data D ∈ RC×T , where C denotes the number of channels and T the number of time points, we 
initially utilize two convolutional groups, denoted as Convspatial

S i  and Convtemporal
S i , to extract multi-scale 

spatial and temporal features from the signal D . To decouple spatial and temporal features, we employ spatial 
and temporal convolutions, each moving exclusively along a single dimension (i.e., the spatial or temporal 
dimension), leveraging the translational invariance of convolution to mitigate aliasing effects between the 
channel and time domains.

	 D ′
S = Concat

(
Convspatial

S i (D)
)

, for i = 1, . . . , SS � (1)

where D ′
S ∈ RSS×C×T  is used to represent multi-scale spatial features at different scales SS . We then transpose 

the signal D to DT ∈ RT ×C , and use temporal convolution to extract multi-scale temporal features:

	 D ′T
T = Concat

(
Convtemporal

S j

(
DT

))
, for j = 1, . . . , ST � (2)

where D ′T
T ∈ RST ×T ×C  is used to represent multi-scale temporal features at different scales ST .

Weighted aggregation and refinement of multi-scale features
We use linear layer weight WS = Linear(D ′

S), WT = Linear(D ′
T ), and softmax function to dynamically 

obtain the weight of every scale of spatial and temporal features:

	
σspatial

i = eWSi

∑SS

j=1 eWSj
, for i = 1, . . . , SS � (3)

	
σtemporal

i = eWT i

∑ST

j=1 eWT j
, for i = 1, . . . , ST � (4)

Fig. 1.  The overall architecture of our proposed method. As shown in (a), the process begins with the 
construction of an MSDI representation. This involves parallel temporal and spatial convolutional pathways, 
which extract multi-scale features from the input EEG data. These features are subsequently fused to create a 
comprehensive representation. Subsequently, as shown in (b), a Feature-aware Shift mechanism is employed. 
This module performs resampling from noise constrained by feature measure to further enhance the domain-
invariant representation and generalization ability of MSDI. Finally, (c) depicts the backbone network for 
decoding the EEG signals.
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Then, we use these dynamic weights to weigh the multi-scale features, and extract independent features of spatial 
and temporal dimensions:

	
FS = ConvS

(
sS∑

i=1

σspatial
i × D ′

Si

)
� (5)

	
FT = ConvT

(
sT∑
i=1

σtemporal
i × D ′

T i

)
� (6)

where ConvS  and ConvT  only extract spatial features and temporal features, respectively.

Feature fusion
We finally fuse the spatial and temporal features:

	 W = Wf (FS + FT )� (7)

where Wf  is a single linear layer. Then we utilize multi-head attention to further mix the features:

	 DEnhance = CST-Attn (W, W, W ) + D � (8)

where DEnhance is the enhanced representation. Cross-Spatio-Temporal Attention (CST-Attn) is a multi-head 
attention to fuse the spatial and temporal features.

Feature-aware shift operation
Our goal is to enhance the robustness of the representation by shifting it to a wider, more domain-invariant 
space. This involves increasing the diversity of the feature statistics, effectively broadening their distribution.

Shift to domain-invariant space
We model the distribution of the DEnhance as a multivariate Gaussian distribution for simplicity:

	 DEnhance ∼ N
(
µ, σ2)

� (9)

We use µ, σ2 ∈ RBatch×1 to represent the feature mean and variance:

	
µ = 1

C × T

C∑
c=1

T∑
t=1

dc,t � (10)

	
σ2 = 1

C × T

C∑
c=1

T∑
t=1

(dc,t − µ)2 � (11)

where d ∈ R1×C×T  is a single batch of the enhanced representation. For a batch of data, we can calculate the 
variance of µ and σ:

	
σ2

µ = 1
Batch

Batch∑
b=1

(
µb − µ′)2

� (12)

	
σ2

σ = 1
Batch

Batch∑
b=1

(
σb − σ′)2

� (13)

where µ′ = 1
Batch

∑Batch

b=1 µb, σ′ = 1
Batch

∑Batch

b=1 σb. Next, let εµ and εσ  are both random noise sampling 
from the standard normal distribution and regularized by the original feature measure and the offset. The mean 
and standard deviation for resampling are given by µr = µ + εµσµ and σr = σ + εσσσ . The processed data is 
as follows:

	
DEnhance = σr

(
DEnhance − µ

σ

)
+ µr � (14)

Feature-adaptive noise injection and shift
To align the spatial scale of the shifted representation with that of the original representation, we use the feature 
mean of the original representation to constrain the sampling of the standard normal distribution:

	 εµ = α · meanBatch (µ) · n1 + γ1 � (15)

	 εσ = β · meanBatch (σ) · n2 + γ2 � (16)
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where α and β are hyperparameters used to control the magnitude of noise sampling. γ1 and γ2 serve as offsets 
to allow the model to explore a broader range of features, further enhancing diversity.

Decoding backbone
Inspired by Conformer14, we designed a hybrid architecture to decode the enhanced EEG signal with MSDI. We 
leverage a hybrid backbone combining convolutional embedding for local feature extraction, which captures 
fine-grained information reflecting localized neuronal activity, and a Transformer encoder for capturing long-
range dependencies, essential for understanding the interactions and synchronization between different brain 
regions reflected in the EEG signals.

Convolutional embedding
The Convolutional Embedding module aims to extract local temporal and spatial features from the enhanced 
EEG signal representation DEnhance:

	 Embedding = AvgP ool
(
Cspatial

(
Ctemporal (DEnhance)

))
� (17)

where Cspatial(·) and Ctemporal(·) represent two convolutional layers with different kernel sizes. Specifically, 
Cspatial(·) is a spatial convolution with kernel size (C,  1) and Ctemporal(·) is a temporal convolution with 
kernel size (1, Ft), where C is the number of channels, and Ft is the temporal filter length. AvgP ool(·) is an 
average pooling layer with kernel size (1, Pt) and stride (1, St), where Pt is the pooling length and St is the 
stride.

The output of the embedding is then projected into a higher-dimensional space:

	 Embedding = Cproj (Embedding)� (18)

where Cproj(·) is a 1 × 1 convolution operation with weights.

Transformer block
The Transformer Block aims to capture long-range dependencies. It consists of a stack of N identical Transformer 
Encoder blocks, each comprising a Multi-Head Self-Attention (MSA) layer and a Feed-Forward Network (FFN). 
Each Transformer Encoder block can be represented as:

	 Zl+1 = FFN (MSA (LN (Zl))) + Zl� (19)

where Zl is the input to the l-th block, LN(·) denotes Layer Normalization, and the residual connection adds 
the input Zl to the output of the FFN.

For each input embedding Zl, three linear transformations are performed to obtain the query Q, key K, and 
value V matrices:

	 Q = ZlW
Q, K = ZlW

K , V = ZlW
V � (20)

where W Q, W K , W V ∈ RFn×Fn  are learnable weight matrices. The queries, keys, and values are then split 
into H heads:

	 Qh = QW Q
h , Kh = KW K

h , Vh = V W V
h � (21)

where h ∈ {1, . . . , H} and W Q
h , W K

h , W V
h ∈ RFn×dk  are learnable weight matrices with dk = Fn

H . The 
attention for each head is calculated as:

	
Ah = Softmax

(
QhKT

h√
dk

)
� (22)

where the scaling factor 
√

dk  prevents the dot products from becoming too large. A dropout layer Dropout with 
probability pd is applied to the attention weights:

	 Ah = Dropout (Ah)� (23)

The output of each head is then computed as:

	 Oh = AhVh� (24)

Finally, the outputs of all heads are concatenated and linearly projected:

	 MSA (Zl) = [O1, . . . , OH ]W O � (25)

where W O ∈ RFn×Fn  is a learnable weight matrix, and [O1, . . . , OH ] denotes the concatenation of the output 
of each head.

The FFN consists of two linear transformations:
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	 FFN (X) = W2σ (W1X + b1) + b2� (26)

where σ(·) is the GELU activation function.

Classifier
The output of the Transformer Block is first flattened into a vector z ∈ RB×T ′Fn :

	 z = Flatten (ZN )� (27)

This flattened vector is then fed into a Fully Connected layer:

	 F C = σ (L2 (Dropout (σ (L1 (z)))))� (28)

where L1(·) and L2(·) represent two linear layers.
The output FC is then fed to a final linear layer, Lf (·), followed by a LogSoftmax function to obtain the class 

probabilities:

	 ŷ = L (Lf (F C))� (29)

where Lf (·) is a linear transformation with weights Wf ∈ RFfc2×Nc  and bias bf ∈ RNc , and Nc is the number 
of classes. L (·) is a LogSoftmax function, defined as:

	
L (xi) = log

(
exp(xi)∑Nc

j=1 exp(xj)

)
� (30)

where xi is the i-th element of the input vector x. The output ŷ ∈ RB×Nc  represents the log probabilities of each 
class for each sample in the batch.

Experiment
Datasets
We evaluated our model on two publicly available MI datasets, as shown in Table 1.

BNCI 2014-001
The BNCI 2014-001 MI dataset36 contains EEG data from nine subjects performing four MI tasks: imagining the 
movement of the left hand (class 1), right hand (class 2), both feet (class 3), and tongue (class 4). Each subject 
participated in two sessions on separate days, including six runs of 48 trials, totaling 288 trials per session. During 
each trial, subjects fixated on a cross for 2 s, followed by a 1.25-s cue indicating the MI task. Subjects continued 
the MI task until the cross disappeared at 6 s, without receiving feedback. EEG signals were recorded using 22 
Ag/AgCl electrodes, spaced 3.5 cm apart, in a monopolar configuration with the left mastoid as reference and 
the right mastoid as ground. The data were sampled at 250 Hz, bandpass-filtered between 0.5 and 100 Hz, and 
notch-filtered at 50 Hz to reduce line noise.

BNCI 2014-004
The BNCI 2014-004 dataset37 contains EEG data from nine right-handed subjects with normal or corrected 
vision. Each subject participated in five sessions: the first two sessions were training without feedback, and the last 
three included feedback. EEG recordings were taken from three bipolar electrodes (C3, Cz, and C4) at 250 Hz, 
bandpass-filtered between 0.5 and 100 Hz, with a 50 Hz notch filter. The ground electrode was positioned at Fz. 
Additionally, EOG data were recorded using three monopolar electrodes. The screening paradigm involved two 
MI tasks: left hand (class 1) and right hand (class 2). Each subject completed two screening sessions without 
feedback, each consisting of six runs with ten trials per run, totaling 120 trials per session and 240 trials per 
subject. Each trial began with a fixation cross and an acoustic warning, followed by a 1.25-s visual cue and 
4 s of MI. In the three feedback sessions, four runs with smiley feedback were recorded per session, each run 
consisting of 20 trials per MI class. The feedback paradigm involved a centered gray smiley at trial start, a 
warning beep at second 2, and a visual cue from seconds 3 to 7.5, followed by a blank screen with a randomized 
interval of 1.0–2.0 s.

Feature BNCI 2014-001 BNCI 2014-004

Subjects 9 9

Tasks Left hand, right hand, both feet, tongue Left hand, right hand

Sessions 2 Sessions 5 Sessions

Sampling rate 250 Hz 250 Hz

Table 1.  Comparison of BNCI 2014-001 and BNCI 2014-004 datasets.
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Environment configuration
In order to test the stability of our proposed models and to ensure the fairness of the experiments, all models 
are trained and evaluated on a 12th Gen Intel(R) Core(TM) i7-12700H CPU, NVIDIA GeForce RTX 4090 
GPU 24GB, 64GB RAM device. We chose to use a Common Average Reference (CAR) filter to eliminate the 
common noise and signal components across all channels, thereby improving the SNR. The CAR filter works by 
subtracting the average value of all channels, making the signal of each channel more independent:

	
V ′

i = Vi − 1
N

N∑
j=1

Vj � (31)

where Vi represents the original signal of the i-th channel, N  is the number of channels, and 
∑N

j=1 Vj  is the 
sum of the signals across all channels.

Classification performance
In this section, we evaluate our proposed method and compare it with other classic or recent methods. We all 
use the Hold-out data split method to evaluate these models. Our method not only achieves state-of-the-art 
classification performance but also demonstrates stability when just using limited time points for training.

Achieve state-of-the-art performance
Our proposed method demonstrates superior classification performance. As shown in Table 2, the proposed 
method achieves an average accuracy of 81.06% on the BNCI2014-001 dataset. This represents a significant 
improvement compared to established methods such as FBCSP29, SSCSP28, DRDA38, DRDW39, Conformer14, 
MI-CAT40 and EEG-TransNet15. Notably, the proposed method consistently outperforms competing methods in 
most of the nine subjects. Furthermore, gains are particularly pronounced for subjects A4, and A6.

On the BNCI2014-004 dataset, the proposed method maintains high accuracy. Table  3 illustrates an 
average accuracy of 89.42%. While the performance margin narrows against Conformer and EEG-TransNet 
on this dataset, the proposed method still delivers the highest overall accuracy and excels in subject-specific 
performance, notably in subjects B1, B2, and B5. The consistently high performance across both datasets suggests 
the robustness and generalization of the proposed method for EEG signal classification.

Timepoint efficiency
Table 4 presents a comparative analysis of time point efficiency, evaluating model performance with varying 
percentages of available time points on the BNCI2014-001 dataset. The results demonstrate the proposed 
method’s superior data efficiency compared to Conformer and EEG-TransNet, as shown in Fig. 2. Specifically, 
when using only 25% of the time points, the proposed method achieves an average accuracy of 67.34%, 
significantly outperforming Conformer (62.45%) and EEG-TransNet (55.08%). This advantage is maintained 
at 50% of the time points, with the proposed method achieving 72.42% accuracy, while Conformer and EEG-
TransNet reach 71.65% and 60.02%, respectively.

Our proposed method demonstrates superior robustness and stability, evidenced by consistently lower 
standard deviations across subjects and data percentages. Notably, at 25% of the time points, it achieves a standard 
deviation of 0.0858, outperforming Conformer (0.1100) and EEG-TransNet (0.1101). This indicates enhanced 
resilience to training data variability and effective generalization from limited subsets. Its higher accuracy and 
lower standard deviation across time point percentages underscore its efficiency in feature extraction, making it 
highly suitable for real-time BCI applications.

Ablation study
Influence on MSDI
The ablation studies, detailed in Tables 5 and 6, reveal the significant impact of MSDI on classification accuracy. 
Firstly, the absence of MSDI, represented by the first row in both tables, results in markedly lower performance 
across both datasets. Specifically, on BNCI2014-001, the average accuracy without MSDI is 73.46%, whereas 

Model A1 (%) A2 (%) A3 (%) A4 (%) A5 (%) A6 (%) A7 (%) A8 (%) A9 (%) Avg. (%)

FBCSP29 77.80 62.13 84.69 69.82 53.46 51.39 92.69 80.90 87.19 73.34

SSCSP28 76.74 58.68 81.25 57.64 38.54 48.26 76.39 79.17 78.82 66.17

DRDA38 83.19 55.14 87.43 75.28 62.29 57.15 86.18 83.61 82.00 74.70

DRDW39 83.29 63.97 90.30 76.94 69.34 60.08 89.31 82.35 82.81 77.60

Conformer14 87.15 57.29 88.89 74.65 59.38 47.99 86.81 81.94 85.42 74.39

MI-CAT40 90.62 54.51 91.32 72.57 63.19 62.85 87.15 85.07 84.03 76.74

EEG-TransNet15 86.46 48.26 87.15 69.79 52.78 57.29 86.81 80.56 84.38 72.61

Ours 90.63 64.24 92.01 79.51 66.67 64.24 93.75 89.24 89.24 81.06

Table 2.  Classification performance on BNCI2014-001 dataset. The proposed method achieves superior 
accuracy compared to existing methods, demonstrating its effectiveness in EEG-based MI decoding. The bold 
values indicate the highest performance achieved in each respective column.
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incorporating MSDI with spatial and temporal windows of [1, 3, 5, 7] boosts the accuracy to 79.55% (without 
feature-aware shift operation). A similar trend is observed on BNCI2014-004, where the accuracy increases 
from 85.30 to 88.54%. The pronounced disparity underscores the criticality of capturing multi-scale information 
across both spatial and temporal dimensions for effective EEG signal classification. By integrating features 
from diverse scales, MSDI enables the model to learn richer and more discriminative representations of the 
underlying neural activity.

Furthermore, the selection of spatial and temporal window sizes within MSDI influences the model’s 
effectiveness. On BNCI2014-001, reducing the spatial windows from [1, 3, 5, 7] to [1, 3, 5] while keeping temporal 
windows constant at [1, 3, 5, 7] maintains a high average accuracy of 81.06%, but further reduction to [3] for both 

Fig. 2.  Time point efficiency of Conformer, EEG-TransNet, and our method.

 

Model Percentage Avg. Std.

Conformer14
25 0.6245 0.1100

50 0.7165 0.1493

EEG-TransNet15
25 0.5508 0.1101

50 0.6002 0.1465

Ours
25 0.6734 0.0858

50 0.7242 0.1291

Table 4.  Time point efficiency of our method. The performance was evaluated on the BNCI2014-001 dataset. 
The bold values indicate the highest performance achieved in each respective column.

 

Model B1 (%) B2 (%) B3 (%) B4 (%) B5 (%) B6 (%) B7 (%) B8 (%) A9 (%) Avg. (%)

FBCSP29 70.00 60.36 60.94 97.50 93.12 80.63 78.13 92.50 86.88 80.01

SSCSP28 65.00 56.79 54.06 95.63 74.69 79.06 80.00 87.81 82.81 75.09

DRDA38 81.37 62.86 63.63 95.94 93.56 88.19 85.00 95.25 90.00 83.98

DRDW39 84.66 66.57 68.04 96.78 94.32 82.61 88.47 93.96 90.10 85.06

Conformer14 77.81 70.71 85.31 98.44 97.50 87.19 92.19 94.69 91.56 88.38

MI-CAT40 86.11 65.97 61.46 98.26 93.75 89.24 86.11 95.69 90.97 85.26

EEG-TransNet15 79.06 70.71 87.81 98.44 96.88 91.56 91.88 95.63 90.00 89.11

Ours 81.56 71.07 85.63 97.81 98.75 89.06 93.44 94.69 92.81 89.42

Table 3.  Classification performance on BNCI2014-004 dataset. The proposed method exhibits competitive 
performance, achieving the highest average accuracy and demonstrating strong generalization capability. The 
bold values indicate the highest performance achieved in each respective column.
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spatial and temporal windows slightly decreases performance to 80.75%. This suggests that capturing multi-scale 
information, particularly with a broader range of spatial scales, is beneficial for this dataset. Conversely, on 
BNCI2014-004, using spatial windows of [1, 3] and temporal windows of [1, 3, 5, 7], yields the highest accuracy 
(89.42%). These findings demonstrate the critical role of MSDI in enhancing classification performance, 
highlighting the importance of adaptable multi-scale feature extraction. In addition, while increasing the scale 
can enhance model performance, it concurrently increases the computational overhead of model inference, 
necessitating a careful balance between performance and computational efficiency.

Influence on feature-aware shift operation
The feature-aware shift operation demonstrates a consistent positive impact on classification performance. 
Comparing the second row (MSDI without feature-aware shift) to the subsequent rows (MSDI with feature-
aware shift) in both Tables 5 and 6, the inclusion of the feature-aware shift operation consistently improves or 
maintains accuracy across different MSDI configurations. Notably, on BNCI2014-001, with spatial and temporal 
windows of [1, 3, 5, 7], the addition of the feature-aware shift increases the average accuracy from 79.55 to 
81.06%. This improvement is observed across most individual subjects, indicating the general applicability of 
this operation. Concurrently, it demonstrates that the feature-aware shift operation enhances model robustness 
and enables MSDI to acquire more discriminative representations.

Analysis of noise sensitivity
To further demonstrate the robustness of the model, we evaluated its performance on the BNCI2014001 dataset 
by introducing varying levels of noise into the test set. As shown in Fig. 3, the feature-aware shift operation 
strengthens the domain-invariant representation of signals, consequently enhancing the model’s resilience to 
noise. Specifically, as the noise level increases, the advantages of the feature-aware shift operation become more 
pronounced.

Decoding visualization
Feature distribution visualization
To better understand the effect of the feature-aware shift operation on the distribution of MSDI features, we 
visualize the enhanced MSDI representation DEnhance after applying the operation and compare it with the 
MSDI representation without applying the operation, as shown in Fig. 4. It can be seen that both the original 
and enhanced features approximate a Gaussian distribution. The main difference lies in the feature distribution 
curve after applying the feature-aware shift operation, which widens with increasing variance. At the same time, 
the distribution of all channels changes to be more uniform. These indicate an increase in feature diversity and 
the original features are shifted into a more invariant space, which improves the generalization performance of 
the model.

t-SNE visualization
To further analyze the effectiveness of the proposed method in learning discriminative features, t-distributed 
Stochastic Neighbor Embedding (t-SNE) is employed for dimensionality reduction and visualization. T-SNE 
is a non-linear technique that maps high-dimensional data points to a two- or three-dimensional space while 

MSDI

Feature-aware shift B1 (%) B2 (%) B3 (%) B4 (%) B5 (%) B6 (%) B7 (%) B8 (%) B9 (%) Avg. (%)Spatial Temporal

79.06 63.93 81.56 97.50 96.56 84.69 85.63 92.19 86.56 85.30

[3] [3] ✓ 82.50 70.00 81.88 97.81 97.81 91.25 89.69 94.69 91.25 88.54

[1, 3] [1, 3] ✓ 79.69 73.93 85.94 98.44 98.75 87.19 92.81 95.00 91.88 89.29

[1, 3] [1, 3, 5, 7] ✓ 81.56 71.07 85.63 97.81 98.75 89.06 93.44 94.69 92.81 89.42

Table 6.  Ablation study on BNCI2014-004 dataset. The bold values indicate the highest performance achieved 
in each respective column.

 

MSDI

Feature-aware shift A1 (%) A2 (%) A3 (%) A4 (%) A5 (%) A6 (%) A7 (%) A8 (%) A9 (%) Avg. (%)Spatial Temporal

85.42 60.42 87.85 72.92 59.38 57.99 68.06 82.64 86.46 73.46

[1, 3, 5, 7] [1, 3, 5, 7] 90.63 62.85 92.01 76.39 62.15 62.50 93.40 88.54 87.50 79.55

[1, 3, 5, 7] [1, 3, 5, 7] ✓ 90.63 64.24 92.01 79.51 66.67 64.24 93.75 89.24 89.24 81.06

[1, 3, 5] [1, 3, 5, 7] ✓ 90.69 63.89 92.36 78.13 69.79 62.85 94.44 88.54 88.89 81.06

[1, 3, 5] [3, 7] ✓ 89.93 64.24 93.06 78.47 67.36 63.54 94.44 88.54 86.81 80.71

[3] [3] ✓ 90.28 65.28 92.71 77.78 66.32 65.63 93.40 87.15 88.19 80.75

Table 5.  Ablation study on BNCI2014-001 dataset. The bold values indicate the highest performance achieved 
in each respective column.
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preserving local neighborhood structures, allowing for the visualization of clusters and relationships within the 
data41.

Figure 5 presents the t-SNE visualization of the learned features for all nine subjects in the BNCI2014-001 
dataset. Distinct clustering is evident for the four MI classes (left hand, right hand, feet, and tongue) across most 
subjects. For instance, subjects 1, 3, 7, and 9 show a clear separation between all four classes, indicating that the 
model has learned highly discriminative features for these subjects. In subjects 2, 4, and 8, while some overlap 
exists, particularly between feet and tongue movements, the left and right-hand classes remain well-separated. 
Subjects 5 and 6 exhibit more complex patterns, yet discernable clusters are still present, suggesting that the 
model captures some class-specific information even in these challenging cases. The well-defined clusters 
observed in the majority of subjects demonstrate the ability of the proposed method to extract features that 
effectively differentiate between the various MI tasks. This visual evidence corroborates the quantitative results 
presented in the classification performance tables, further supporting the efficacy of the proposed method in 
learning robust and discriminative representations for EEG-based MI classification.

Grad-CAM visualization
Gradient-weighted Class Activation Mapping (Grad-CAM) provides visual explanations of the model’s decision-
making process by highlighting the regions of the input that contribute most significantly to the predicted class42. 
Grad-CAM utilizes the gradients flowing into the final convolutional layer to produce a coarse localization 
map, indicating the important regions for a particular prediction. Figure 6 depicts the Grad-CAM visualizations 
for each subject (A1-A9) across the four MI tasks (left hand, right hand, feet, and tongue) on the BNCI2014-
001 dataset. Analysis of these visualizations reveals task-specific activation patterns. In most subjects, the 
visualizations show that the model has effectively learned to focus on distinct brain regions.

Fig. 4.  MSDI feature distribution visualization on the BNCI2014-001 dataset for subject 5. ’FS’ refers to the 
feature-aware shift operation. By observing the horizontal axes in (a) and (b), it can be noted that (b), which 
applies FS, exhibits a wider range.

 

Fig. 3.  The average classification accuracy under different noise levels. “FS” means the feature-aware shift 
operation.
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Conclusion
In this paper, we proposed a novel multi-scale spatio-temporal domain-invariant representation learning method 
(MSDI) to enhance EEG-based motor imagery signal decoding. MSDI effectively captures robust features by 
decoupling and adaptively fusing multi-scale temporal and spatial information and mapping the representation 
to a domain-invariant space using a feature-aware shift operation. Our method achieved state-of-the-art 
performance on two public datasets, with classification accuracies of 81.06% and 89.42% on BNCI2014-001 
and BNCI2014-004, respectively. This highlights the importance of robust signal representation in improving 
decoding accuracy and stability. Furthermore, our method demonstrates time efficiency and noise resistance, 
paving the way for more reliable brain-computer interfaces.

Fig. 5.  The t-SNE visualization of our proposed MSDI on the BNCI2014-001 dataset.
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Data availability
All data can be accessed on the website https://www.bbci.de/competition/iv/. The code is available upon request 
from the corresponding author.
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