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 Abstract—Motor imagery is a popular non-invasive brain 

computer interface paradigm, yet its decoding accuracy remains 

hindered by the inherent non-stationarity and low signal-to-noise 

ratio of EEG signals. Current decoding frameworks often fail to 

fully exploit the intricate spatial-temporal dependencies, leading 

to suboptimal feature representation and the omission of latent 

discriminative cues. To address these challenges, we introduce a 

deep neural network-powered multifaceted strategy model 

(DPMS-Net), a novel approach that employs dynamic convolution 

to unearth effective discriminative cues across multiple 

dimensions, including the temporal, spatial, and frequency 

domains. This model synergizes channel and temporal attention 

mechanisms to adeptly capture the salient features of 

electroencephalogram (EEG) signals across diverse spatial-

temporal dimensions, thereby mitigating the risk of omitting 

critical information. Furthermore, we introduce a spectral-

domain analysis component that unearths subtle oscillatory 

signatures hidden within the EEG spectrum, providing enriched 

evidence for classification. We evaluated the performance of 

DPMS-Net on two publicly available datasets and a self-collected 

dataset from stroke patients. On the BCI Competition IV 2a and 

BCI Competition IV 2b datasets, DPMS-Net achieved subject 

dependent classification accuracies of 83.93% and 88.38%, 

respectively, alongside subject independent classification 

accuracies of 65.88% and 76.01%. In the stroke patient dataset, 

DPMS-Net attained a subject dependent classification accuracy of 

67.67% and a subject independent classification accuracy of 

57.58%. Experimental results indicate that DPMS-Net possesses 

efficient decoding capabilities and robust stability, reflecting its 

potential for deployment in neurorehabilitation BCI systems. 

 
Index Terms—Brain computer interface, motor imagery, 

electroencephalogram, deep neural network.  

I. INTRODUCTION 

ON-INVASIVE brain computer interfaces (BCIs) 

based on electroencephalography (EEG) possess the 

remarkable capability to sensitively capture signals 
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emitted by neuronal activity through the placement of 

electrodes on the scalp [1-3]. At present, EEG-based brain-

computer interfaces predominantly employ three principal 

paradigms: Event-Related Potentials [4], Steady-State Visual 

Evoked Potentials [5-8], and Motor Imagery (MI) [9-14]. These 

paradigms have found extensive application across various 

domains, including emotion recognition [15-16], spelling 

devices [17-19], mobile robots [20-21], and rehabilitation 

therapies [22]. 

The MI BCI paradigm requires subjects to mentally simulate 

limb movements. This mental imagery activates the 

corresponding motor cortical neurons and generates patterns of 

activity in the EEG signals which can be detected and decoded. 

The precision of the MI decoding outcomes often determines 

the feasibility of subsequent applications, influencing the 

alignment between the BCI system and user expectations, and 

impacting the efficacy of a range of rehabilitation training and 

intelligent assistive control projects derived from MI paradigm 

[23-25].  

In order to mitigate the potential limitations of the model’s 

decoding capabilities, numerous traditional machine learning 

classification algorithms have been introduced [26-31]. For 

instance, common spatial pattern (CSP) is employed to identify 

discriminative characteristics of EEG signals across different 

categories by utilizing covariance matrices [27]. To fully 

exploit the frequency information inherent in EEG signals and 

to diminish CSP’s sensitivity to the frequency ranges of these 

signals, filter bank common spatial patterns was introduced 

[28]. In the literature [29], Luo et al. decomposed time segments 

and frequency bands based on the MapReduce framework to 

extract salient features from EEG signals. Furthermore, Gaur et 

al. proposed two innovative sliding window techniques to 

bolster binary classification of MI [30]. Huang et al. proposed 

a Multiple Regularized Knowledge Transfer learning method 
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and incorporated four regularization strategies to enhance the 

robustness of motor imagery decoding [31]. 

While the evolution and implementation of machine learning 

has reached a level of maturity, numerous inherent limitations 

persist. Traditional machine learning is profoundly reliant on 

manual feature engineering, making it challenging to uncover 

deep and complex data patterns, as well as to capture nonlinear 

and dynamic relationships, thereby limiting the performance of 

the models. In contrast, deep learning facilitates the 

construction of richly hierarchical end-to-end neural networks 

capable of autonomously deriving effective feature 

representations from the data. Furthermore, deep learning 

excels at modeling complex data relationships, adeptly 

capturing abstract features that span from low-level 

representations to high-level abstractions. 

Convolutional neural networks (CNNs) represent an 

advanced class of deep learning models inspired by the 

biological mechanisms underlying visual perception. In the 

realm of EEG signal classification tasks, by designing 

appropriate convolutional kernels and architectural 

frameworks, CNNs have been shown to autonomously and 

efficiently derive temporal and spatial features directly from 

EEG data [32-43]. For instance, Lu et al. proposed a dynamic 

hierarchical convolutional attention network that captures time-

frequency information and extracts global and local spatial 

features from motor imagery neural patterns [34]. Wang et al. 

synergistically integrated multi-scale spatiotemporal 

convolutions with Riemannian geometry, facilitating 

classification through sophisticated feature extraction modules 

and manifold embeddings [36]. Ke et al. introduced frequency 

adapters to convert signals from the time domain into the 

frequency domain, applied adaptive attention-weighted 

mechanisms prior to inverse transformation, and amalgamated 

convolutional embeddings with temporal periodicity modules 

to proficiently extract spatiotemporal representations [38]. 

Altaheri et al. initially employed sliding window techniques for 

data augmentation, subsequently harnessing convolutional 

blocks alongside multi-head self-attention mechanisms to distill 

high-level temporal features, thereby accentuating salient 

information [39]. Furthermore, Chen et al. proposed an adaptive 

attention-modulated graph network that adaptively captures 

salient inter-channel relationships and alleviates the over 

smoothing issue in feature representations, thereby enhancing 

subject adaptability to variability in brain connectivity and 

representation [42]. Lin et al. segmented EEG signals into 

blocks and employed a hybrid attention module to capture both 

local and global temporal patterns while constructing spatial 

representations across EEG channels, effectively modeling the 

temporal semantic information in EEG data [43]. 

EEG signals, as temporal sequences, not only encompass rich 

temporal information but also convey substantial spatial 

information owing to the presence of multiple channels. 

Furthermore, frequency domain information is inherently rich 

and valuable. Niu et al. integrated FIR filters within end-to-end 

networks to effectively harness frequency domain features [44-

45]. Nonetheless, prevailing models predominantly emphasize 

the extraction of temporal and spatial characteristics, while the 

thorough exploration and utilization of frequency domain 

information remain to be further investigated. Furthermore, 

existing models frequently fail to facilitate interactions among 

the extracted features, leading to an excessive degree of 

independence among them. Meanwhile, the efficacy of the MI 

paradigm is profoundly reliant on the subjective awareness of 

subjects, which is largely modulated by individual levels of 

concentration. This challenge is especially pronounced among 

stroke patients, as damage to their motor cortical areas results 

in EEG signals generated during MI that are not only 

diminished in strength, compared to healthy adults, but also 

exhibit a low signal-to-noise ratio. Such subpar signal quality 

significantly undermines the accuracy of MI decoding models, 

ultimately constraining the advancement and application of MI 

in clinical rehabilitation. 

To address the aforementioned challenges and enhance both 

the subject dependent and subject independent performance of 

MI for both healthy individuals and stroke patients, we 

introduce a deep neural network-powered multifaceted strategy 

model (DPMS-Net). DPMS-Net is a MI decoding model that 

synergizes dynamic convolution [46] with a multifaceted 

strategy. A horizontal spatial correlation module and a global 

spatial perception module are employed to extract local spatial 

information between EEG channels and global spatial 

information, respectively. The multidimensional temporal 

perception module utilizes four convolution kernels of varying 

dimensions to comprehensively capture the temporal 

information embedded in the EEG signals. The temporal 

variance insight module is adept at delineating the complex 

temporal variations inherent in the signals. The adaptive fine-

grained channel attention module integrates both local and 

global channel information, facilitating a holistic reallocation 

of channel weights. Lastly, the frequency-related information 

perception module extracts salient frequency domain features 

from the EEG signals. The neuron focus mechanism module 

calculates the significance of each neuron, enabling the 

allocation of optimal weights within the model. The 

abbreviations of the modules used are summarized in Table I 

The principal contributions can be articulated as follows: 

● This paper introduces DPMS-Net, which transcends the 

limitations of traditional single-domain feature extraction. 

By innovatively employing dynamic convolution, we 

construct a multifaceted module that simultaneously 

resolves features from temporal, spatial, and frequency 

perspectives, significantly enriching the signal 

representation compared to existing fixed-kernel models. 

● To overcome limitations in feature interaction observed in 

existing models, DPMS-Net incorporates an adaptive fine-

grained channel attention module that effectively integrates 

both local and global information to thoroughly assess 

channel significance. Furthermore, the introduction of a 

temporal variance insight and neuron focus mechanism 

specifically targets the dynamic and non-stationary 

patterns of EEG, thereby boosting the model’s sensitivity 

to complex temporal variations. 

● DPMS-Net has been evaluated on two public datasets and 

a self-collected dataset from stroke patients through both 

subject  dependent  and  subject  independent  experiments. 
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TABLE I 

ABBREVIATIONS OF THE MODULES USED. 

 

Module Abbreviation 

Horizontal Spatial Correlation Module HSCM 

Adaptive Fine-Grained Channel Attention Module AFCAM 

Frequency-Related Information Perception Module FIPM 

Neuron Focus Mechanism Module NFMM 

 

Experimental results demonstrate that DPMS-Net achieves 

superior classification accuracy and robust generalization 

performance, highlighting its potential and practical value 

in neural signal decoding tasks.  

II. METHODS 

DPMS-Net is primarily composed of eight modules based on 

dynamic convolution. The comprehensive structure is depicted 

in Fig. 1. This section will offer an in-depth exposition of the 

design and functionality of dynamic convolution within each 

module. 

A. Dynamic convolution 

In traditional convolution, the convolutional kernels are 

static, which limits the ability to capture individualized features 

of various samples. In contrast, dynamic convolution introduces 

multiple sets of kernels along with an attention mechanism that 

dynamically generates weights for each input feature, 

facilitating a weighted amalgamation of these diverse kernel 

sets. This approach allows the convolutional kernels to be 

adaptively adjusted for each input sample, enabling a more 

precise alignment with the input features, thereby enhancing the 

model’s capacity to capture complex data patterns and 

significantly augmenting its flexibility and adaptability. 

Moreover, dynamic convolution utilizes a lightweight weight 

generation module that not only elevates the model’s expressive 

power but also maintains a low computational burden. When 

compared to straightforward methods that merely increase the 

parameter count, dynamic convolution effectively mitigates the 

risk of overfitting while substantially improving classification 

accuracy and generalization performance, constituting a 

significant advancement over traditional convolution. 

Dynamic convolution can generate convolutional kernels 

Wdynamic dynamically through a series of steps, as depicted in 

Fig. 2. Let the input be denoted as B F C T
dx    . First, a global 

average pooling operation is applied to the input to obtain 
1 1B F

dax     for capturing global information. Then, K sets of 

fixed convolutional kernels { }1 2, , ., KW W W¼  are designed for 

each layer. Subsequently, a lightweight attention mechanism, 

formulated as ( )f g  and based on two-dimensional 

convolution, is utilized to dynamically derive the weighting 

coefficients { }1 2, ,...., Ka a a  from the input data x using the 

formula ( )( )softmax f xa = . These coefficients are employed 

to effectuate a weighted amalgamation of the K sets of 

convolutions: 

 
1

K

dynamic k k

k

W Wa
=

= å  (1) 

Finally, the dynamic convolutional kernel Wdynamic is 

employed to process the input features x through a standard 

two-dimensional convolution operation, thereby producing the 

output y of the dynamic convolution: 

 B F C T
d dynamicy x W ´ ´ ´= ´ Î ¡  (2) 

B. Horizontal spatial correlation module and global spatial 

perception module 

Current mainstream deep learning models conventionally 

implement spatial convolutions with a kernel size corresponding 

to the number of EEG electrodes to allow them to capture global 

spatial information. However, this strategy may hinder the 

model’s ability to effectively adapt to the localized correlation 

patterns inherent in EEG signals. Consequently, as depicted in Fig. 

1, DPMS-Net integrates a horizontal spatial correlation module 

specifically designed to capture nuanced local spatial 

dependencies among adjacent electrodes along the horizontal axis. 

By emphasizing the correlations between neighboring electrodes, 

this module uses an [S,1] convolutional kernel to mitigate the risk 

of information dilution commonly associated with indiscriminate 

global feature extraction across disparate regions, thereby 

enhancing the model’s capacity to harness and exploit local 

relational features. Subsequently, we leverage the global spatial 

perception module, using a [C,1] convolutional kernel to extract 

global spatial information, effectively integrating local and global 

features to significantly enhance the capacity for feature 

representation. 

C. Multidimensional temporal perception module 

Temporal convolution is recognized as the most prevalent and 

efficient method for extracting temporal information in EEG 

signal processing. However, traditional single-scale temporal 

convolution often confines its attention to fixed-length time 

windows, making it challenging to simultaneous consideration of 

low-frequency, mid-frequency, and high-frequency components 

inherent in EEG signals.  

To adequately capture the temporal features embedded within 

EEG signals, DPMS-Net integrates the multidimensional 

temporal perception module. This module utilizes four temporal 

convolution kernels of varying sizes: [1,T1], [1,T2], [1,T3], and 

[1,T4], enabling it to address both short-term rapid dynamic 

fluctuations and long-term trending behavior. This approach 

facilitates the extraction of local temporal features alongside 

global dynamic patterns within the EEG. Such a design allows the 

model to concurrently capture both short-term and long-term 

temporal dependencies, enabling a comprehensive understanding 

of the diverse frequency and temporal scale characteristics of EEG. 

Moreover, this module not only effectively mitigates the risk of 

information loss commonly associated with single temporal scale 

convolutions but also significantly enhances feature diversity and 

the robustness of the model. 

D. Temporal variance insight module 

EEG signals encompass a wealth of temporal information; 

however, owing to their inherent vulnerability to noise and 

interference, as well as the non-uniform distribution of salient 

information across time points, not all temporal segments 

contribute constructively to classification tasks. Certain time 

points  may  be  dominated  by  noise or irrelevant  fluctuations,  
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Fig. 1. The comprehensive architecture of DPMS-Net, where FC signifies the fully connected layer. 

 
Fig. 2. The architecture of dynamic convolution. 

and indiscriminately leveraging features from the entire 

temporal sequence can undermine the discriminative power of 

the model. The temporal variance insight module aims to 

address this challenge by concentrating on the overarching 

temporal dynamics, selectively amplifying temporal features 

that hold greater relevance for the classification objective. This 

mechanism mitigates temporal dependencies, filters out 

irrelevant and redundant information along the temporal 

dimension, and thereby augments the efficacy of feature 

extraction. Furthermore, EEG signals manifest pronounced 

inter-subject variability. The dynamic features derived from the 

temporal variance insight module adeptly capture the patterns 

of signal fluctuations, ultimately enhancing the model’s  

robustness and generalization capacity. 

Let the features fed into the temporal variance insight module 

be denoted as 1B F Tx ´ ´ ´Î ¡ , where B signifies the number of 

samples, F represents the number of channels, and T indicates 

the total number of time points. First, we perform a reshaping 

operation on x to derive B F M L
rex ´ ´ ´Î ¡ , where M denotes the 

number of time windows and L is computed as T/M. 

Subsequently, for each sample [1, ]b BÎ  and each feature map 

[1, ]f FÎ , we compute the temporal variance for each time 

window [1, ]m MÎ : 

 ( )( ) ( )( )2
, ,

1

1
Var , , ,: , , ,

L

re re b f m

l

x b f m x b f m l
L

m
=

= -å  (3) 

where b, f,mm denotes the mean for each time window. Finally, we  

implement a logarithmic transformation on the variance as 

described by the subsequent formula: 

 ( ) ( )( ), , log Var , ,lvx b f m b f m z= +  (4) 

where lvx  is the output of the temporal variance insight module, 

( )Var , ,b f m  represents the variance of each time window and 

z  is a small positive constant to prevent the logarithmic 

operation from resulting in negative infinity. 

E. Adaptive fine-grained channel attention module  

Channel attention is a widely used feature extraction 

technique for identifying channels with the most salient features. 

Nevertheless, contemporary channel attention methodologies 

predominantly emphasize global channel attention, thereby 

neglecting the interdependencies among local channels. To 

address this limitation, we introduce a novel approach that 

integrates both local and global channel attention: adaptive 

fine-grained channel attention [47], as illustrated in Fig. 3. 

In this framework, we apply global average pooling to the 

input feature map, thereby extracting comprehensive 

information: 
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Fig. 3. The comprehensive architecture of adaptive fine-grained channel attention module. 

 
(a) The specific distribution of electrodes 

 
(b) The time configuration for each trial 

Fig. 4. Electrode distribution and experimental design of 

Dataset 3. 

 ( ) 1 1AvgPool B F
a ix x   =   (5) 

where ix  refers to the input of the adaptive fine-grained 

channel attention module, and ax  represents the output after 

global average pooling. 

Then, Conv1d and Conv2d are employed to capture local 

detail information and global feature patterns from the 

respective local and global channels: 

 
( )( )

( )( )

1

1

1
2

Conv1d squeeze , 1

squeeze Conv2d 1

B F
a

B F
a

x x

x x

 

 

= − 

= − 



，
 (6) 

where 1x  and 2x  represent the outputs of Conv1d and Conv2d, 

respectively. 

Subsequently, we compute a correlation matrix through a 

cross-correlation operation on the extracted local and global 

information, and then sum the matrix row-wise, aiming to 

capture the relationship between the two: 

 
( )

( )

1
3 1 2

1
4 1 2

Tr B F

Tr B F

x x x

x x x

 

 

=  

=  








 (7) 

where Tr  denotes the transpose operation, 3x  and 4x  

represent the outputs of row-wise summation of the two 

matrices, respectively. 

This correlation matrix is then adaptively fused with the 

learnable  factor  ξ  using  the  sigmoid  activation  function  to  

generate the final attention weights: 

( ) ( ) ( )( )( ) 1 1
3 4Conv1d unsqueeze 1 , 1 B F

mx x x       = + − − 
 



 (8) 

where, mx  denotes the generated attention weights, and ( )   

represents the sigmoid activation function. 

Finally, these weights are element-wise multiplied with the 

input feature map, resulting in a weighted output outx  that 

enables a reasonable allocation of weights to the feature 

channels: 

 1B F T
out i mx x x   =    (9) 

Within the adaptive fine-grained channel attention module, 

local attention can focus on specific regions of the input feature 

map, capturing fine-grained features that are closely associated 

with motor imagery activities. Conversely, global attention 

encapsulates the long-range dependencies among channels 

across the entire spectrum, capturing overall trends and 

temporal variations. By amalgamating both local and global 

attention mechanisms, this design not only effectively extracts 

localized personalized features but also establishes global 

patterns across individuals, thereby augmenting the model’s 

adaptability to complex tasks. This approach facilitates a 

thorough integration of local and global features, significantly 

enhancing the feature extraction capabilities and the overall 

performance of the model in motor imagery classification tasks. 

F. Frequency-related information perception module 

Existing models predominantly emphasize the extraction of 

temporal and spatial features, frequently neglecting the latent 

value of frequency domain characteristics. Therefore, we 

propose a frequency-related information perception module for 

the analysis of frequency domain information from the EEG. 

This module attempts to discern trends in critical frequency 

energy fluctuations, thereby capturing overall global patterns. 

Moreover, frequency domain operations inherently possess 

filtering attributes, enabling them to effectively suppress high-

frequency noise and task-irrelevant interference, while 

simultaneously focusing on specific frequency band features 

relevant to the task at hand. This dual capability markedly 

enhances the model’s robustness against noise. Additionally, 

through the synthesis of multi-domain features, this module is 

capable of delivering a more abundant representation of the 

signals, facilitating the mitigation of individual variances and  
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TABLE II 

DETAILS OF THE PARAMETER CONFIGURATION VALUES FOR  

DPMS-NET. 

 

Module Parameter setting 

Horizontal spatial correlation module S = 2, F1 = 1 

Multidimensional temporal perception module T1 = 5, T2 = 25,  

 T3 = 45, T4 = 65 

 F2 = 32 

Global spatial perception module C = Channels 

 F3 = 64 

Temporal variance insight module M = 10 

  = 1e-6 

Stratified convolution module T5 = 25 

Dynamic convolution K = 4 

 Compression rate = 0.25 

 

consequently bolstering the accuracy and generalization 

abilities of the classifier. 

Let the features input into this module be represented as 
B F C T

Fx ´ ´ ´Î ¡ , where C denotes the number of EEG electrodes. 

Subsequently, we conduct a fast Fourier transform along the C 

and T dimensions of Fx : 

 ( ) ( )( ), ,:,:F FF x FFT x B F=  (10) 

Next, we decompose ( )FF x  into its real and imaginary 

components:  

 ( ) ( )( ) ( )( ),F F FF x Re F x Im F x →    (11) 

Then, we execute a convolution on the amalgamated 

frequency domain features derived from both the real and 

imaginary parts.  

 ( ) ( )( ) ( )( )( )2 ,F F FF x Conv D Re F x Im F x =  
   (12) 

Finaly, we reconstruct the convolved frequency domain 

features into their complex form and apply the inverse Fourier 

transform to revert them to the time domain, thereby producing 

' B F C Tx     as the resultant output. 

 ( )( ) ( )( )( )F Fx IFFT Re F x j Im F x =  +    (13) 

G. Stratified convolution module 

Integrating spatiotemporal information extracted from EEG 

signals is critically important. A prevalent approach employs 

depthwise separable convolution, which markedly reduces 

computational complexity. However, this technique treats each 

channel in isolation, resulting in insufficient inter-channel 

information exchange. To overcome this limitation, we 

introduce the stratified convolution module. Initially, channels 

are partitioned into groups, with the number of groups set to 

half the total number of feature maps, and the convolution 

kernel is configured as [1,T5]. Subsequently, a pointwise 

convolution is applied across all feature maps, effectively 

treating all channels as a single group at this stage. The stratified 

convolution module adeptly captures spatial correlations 

among multiple channels within localized groups, mitigating 

the drawbacks of completely independent channel processing 

that may neglect synergistic inter-channel relationships. This 

design facilitates an integration of localized and global channel 

fusion while maintaining a minimal parameter footprint and 

computational overhead, ultimately augmenting feature fusion 

efficacy and representational capacity. 

Subsequently, we concatenate the outputs of the stratified 

convolution module and the temporal variance insight module. 

Let the output of the stratified convolution module be 
1B F T

sx    , and the output of the temporal variance insight 

module be 1B F M
tx    . First, tx  is reshaped to have the 

dimensions  , ,1,B F M . Then, sx  and tx  are concatenated 

along the temporal dimension to obtain the final output 
( )1B F T M

outx    +=  . 

H. Neuron focus mechanism module 

The majority of prevailing models predominantly emphasize 

channel attention and spatial attention, overlooking the temporal 

nature of EEG signals. To effectively capture the essential 

temporal features embedded within the EEG, we propose the 

incorporation of a temporal attention mechanism, the neuron 

focus mechanism module [48]. This module dynamically 

generates attention weights based on the statistical properties of 

the features, facilitating weighted adjustments without 

necessitating additional parameter learning, thereby significantly 

enhancing classification performance. 

First, we compute the mean N  of the input features 
1 'B F T

Nx     across the spatial-temporal dimensions for each 

channel, where 'T  denotes the time points fed into the module: 

 
'

1

1

1 '
N N

T

tT
x

=

=


  (14) 

Then, we determine the variance for each channel: 

 ( )
1

'
21

1 ' 1

T

N N

t

Nv x
T


=−

−=


  (15) 

Thereafter, we evaluate the significance of each feature and 

utilize the Sigmoid activation function for weighting, 

culminating in the resultant output '
Nx : 

 
( )

( )

2

'

4
Sigmoid 0.5

4 10

N N

N N

N

x
x x

v


−

 −
 =  +
  +
 

 (16) 

I. The analysis of module mechanisms 

DPMS-Net employs dynamic convolution to adaptively 

modulate the convolutional kernel weights across its constituent 

modules, enabling the extraction of salient EEG signal 

characteristics. By integrating the horizontal spatial correlation 

module alongside the multidimensional temporal perception 

module, it synthesizes spatiotemporal feature maps with 

superior discriminative capacity. Subsequently, the frequency-

related information perception module leverages spectral 

analysis to construct a rich, joint time-frequency feature space, 

enabling the model to learn discriminative information from a 

more comprehensive signal distribution, thereby amplifying the 

representational richness and distinctiveness of the features. 

Concurrently, the adaptive fine-grained channel attention 

module dynamically calibrates channel-wise weights, 

facilitating the effective fusion of local and global information, 

suppressing feature redundancy, and enhancing DPMS-Net’s 

proficiency in salient feature learning. The neuron focus 

mechanism module implements a weighted mechanism to 

selectively emphasize critical channels and temporal segments, 
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effectuating dynamic weighted projections within the feature 

manifold. The multidimensional synergistic modeling and 

effective fusion of these modules builds a high-order feature 

space characterized by reinforced discriminative boundaries 

and robustness, significantly enhancing the model’s capability 

in recognizing intricate EEG signal patterns. The synergistic 

collaboration of these mechanisms attenuates the interference 

from irrelevant features during training, augments the 

specificity and stability of feature extraction, thereby boosting 

the generalization ability of the DPMS-Net. 

III. DATASETS DESCRIPTION AND EXPERIMENTAL SETTINGS 

A. Datasets description 

1) Dataset 1 

The BCI Competition IV 2a dataset encompasses motor 

imagery data from nine subjects, recorded through three EOG 

electrodes and twenty-two EEG electrodes positioned in 

accordance with the international 10-20 system, at a sampling 

frequency of 250 Hz. This dataset comprises four distinct 

categories of motor imagery tasks (left hand, right hand, both 

feet, and tongue), with each subject undertaking two sessions, 

resulting in a total of 576 trials. Each session consists of 288 

trials, with 72 trials allocated to each category. The BCI 

Competition IV 2a dataset is available for download at 

https://www.bbci.de/competition /iv/download. 

2) Dataset 2 

The BCI Competition IV 2b dataset encompasses motor 

imagery data from nine subjects, recorded utilizing three EOG 

electrodes and three EEG electrodes in accordance with the 

international 10-20 system, at a sampling frequency of 250Hz. 

This dataset comprises two distinct categories of motor imagery 

tasks (left hand and right hand), with each subject engaging in 

five sessions. The initial two sessions are conducted without 

visual feedback, with each session comprising 120 trials, 

allocated as 60 trials for the left hand and 60 trials for the right 

hand. The subsequent three sessions incorporate visual 

feedback, with each session consisting of 160 trials, divided 

into 80 trials for the left hand and 80 trials for the right hand. 

The BCI Competition IV 2b dataset is available for download 

at https://www.bbci.de/competition/iv/download. 

3) Dataset 3 

Dataset 3 constitutes a laboratory self-collected dataset 

encompassing motor imagery data from twenty four stroke 

patients, recorded using the g.USBamp system (g.tec medical 

engineering GmbH, Austria), featuring 16 EEG channels (FC-

3/4/Z, C-1/2/3/4/5/6/Z, CP-1/2/3/4/Z and PZ) at a sampling 

frequency of 256 Hz, The distribution of these electrodes 

conforms to the international 10-20 electrode placement 

system, with each electrode’s impedance maintained below 10 

kΩ. The specific locations of the electrodes are shown in Figure 

4(a). Continuous real-time monitoring of electrode impedance 

is conducted throughout the acquisition process to ensure signal 

quality. The experiments are executed by experienced 

researchers rigorously complying with the laboratory’s 

standardized operating protocols, including comprehensive 

equipment calibration and data acquisition guidelines. The data 

are thoroughly inspected to ensure accuracy and consistency 

after data collection. Moreover, all data are comprehensively 

backed up and securely stored to ensure the guarantee integrity. 

During the experimental protocol, subjects are instructed to 

maintain a state of relaxation while striving to keep their bodies 

stable. This dataset comprises two distinct categories of motor 

imagery tasks (left hand and right hand), with each subject 

undertaking 60 trials. Each trial commences with an auditory 

cue, followed by a visual prompt appearing after 2 seconds, 

which directs subjects to engage in a 6-second motor imagery 

task with either the left or right hand, as depicted in Fig. 4(b). 

B. Experimental settings 

In the subject dependent experiments, the first session of 

Dataset 1 is designated as the training set, while the subsequent 

session is allocated as the test set. For Dataset 2, the first three 

sessions are employed as the training set, whereas the last two 

sessions are reserved for testing. In the case of Dataset 3, the 

first 40 trials are utilized as the training set, with the remaining 

20 trials serving as the test set. Additionally, both Dataset 1 and 

Dataset 2 employ 4-second motor imagery segments, while 

Dataset 3 utilizes 6-second motor imagery segments. In the 

subject independent experiments, the complete dataset from a 

single subject is retained for testing, while the data from all 

other subjects is utilized for training. 

The detailed parameter configuration of DPMS-Net is 

presented in Table II. All datasets are processed using a finite 

impulse response bandpass filter within the 0.5-40 Hz range, 

effectively eliminating low-frequency baseline drift and high-

frequency electromyographic artifacts, while preserving 

auxiliary neural activity features beyond the μ and β frequency 

bands. To maintain consistency with Datasets 1 and 2, Dataset 

3 is resampled to 250Hz using the resample function in MNE. 

Additionally, the loss function combines cross-entropy with R-

Drop [49]. Dropout is set to 0.4. The batch size is fixed at 32, 

the Adam optimizer is employed, and a cosine annealing decay 

strategy is used to set the learning rate to 0.001. 

IV. EXPERIMENTAL RESULTS 

This section describes the experimental results achieved with 

DPMS-Net across three datasets for both the subject dependent 

and subject independent evaluations, comparing these findings 

with other state-of-the-art (SoTA) methods. It is noteworthy 

that all DPMS-Net results in the table are reported as the mean 

over five independent runs. The best performing accuracy is 

highlighted in bold, and a two-tailed paired t-test is utilized to 

evaluate the statistical significance of the results. Statistical 

significance in all tables is indicated by an asterisk (*: P < 0.05, 

**: P < 0.01, ***: P < 0.001), with the exact p-values explicitly 

reported. Additionally, the degrees of freedom are 8 for Dataset 

1 and Dataset 2, and 23 for Dataset 3. Furthermore, we 

incorporated the F1-score as an additional metric to 

comprehensively assess the model’s performance. The F1-score, 

defined as the harmonic mean of Precision and Recall, serves 

as an indicator of the model’s balance between precision and 

sensitivity in identifying positive instances. The computation is  
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TABLE ⅡI 

COMPARISON OF SUBJECT DEPENDENT CLASSIFICATION PERFORMANCE BETWEEN DPMS-NET AND SOTA METHODS ON DATASET 1. 
 

Methods 
Subjects Average 

accuracy 

Standard 

deviation 
F1-score p value 

A1 A2 A3 A4 A5 A6 A7 A8 A9 

EEGNet [50] 79.86 58.68 89.93 64.93 63.19 58.68 64.24 73.61 77.08 70.22*** 10.72 0.6891 0.0002 

EEG-TCNet [51] 85.77 65.02 94.51 64.91 75.36 61.40 87.36 83.76 78.03 77.35** 11.58 0.7603 0.0097 

FBCNet [35] 85.42 60.42 90.63 76.39 74.31 53.82 84.38 79.51 80.90 76.20** 11.97 0.7449 0.0010 

DRDA [52] 83.19 55.14 87.43 75.28 62.29 57.15 86.18 83.61 82.00 74.75** 12.96 0.7258 0.0016 

Conformer [53] 87.59 61.71 92.94 77.63 58.27 64.33 87.36 84.92 87.92 78.07* 13.14 0.7634 0.0309 

IDAN [54] 83.29 63.97 90.30 76.94 69.34 60.08 89.31 82.35 82.81 77.60*** 10.85 0.7582 0.0003 

ATCNet [39] 85.07 67.71 93.75 77.54 77.08 68.29 88.15 86.15 87.85 81.29* 9.14 0.7989 0.0209 

M-FANet [55] 87.61 69.93 91.92 73.61 76.84 63.39 85.17 78.63 87.18 79.36** 9.39 0.7746 0.0014 

ADFCNN [58] 87.15 61.45 93.75 75.69 75.34 65.27 88.54 82.29 85.06 79.39** 10.85 0.7751 0.0075 

HCA-Net [59] 83.68 61.81 94.44 78.47 79.86 68.75 89.93 84.72 83.68 80.59 10.08 0.7915 0.0525 

NexusNet [60] 82.29 60.42 96.53 71.18 70.49 67.71 89.24 85.42 85.76 78.78* 11.81 0.7743 0.0250 

DPMS-Net 88.86 74.61 94.87 83.58 78.49 70.04 91.71 83.97 89.26 83.93 8.23 0.8246 - 
 

TABLE IV 

COMPARISON OF SUBJECT DEPENDENT CLASSIFICATION PERFORMANCE BETWEEN DPMS-NET AND SOTA METHODS ON DATASET 2. 
 

Methods 
Subjects Average 

accuracy 

Standard  

deviation 
F1-score p value 

B1 B2 B3 B4 B5 B6 B7 B8 B9 

FBCSP [28] 70.00 60.36 60.94 97.50 93.12 80.63 78.13 92.50 86.88 80.00** 13.85 0.7964 0.0047 

EEGNet [50] 70.31 70.36 78.44 95.33 93.44 82.18 91.88 87.19 71.65 82.37* 10.15 0.8187 0.0127 

EEG-TCNet [51] 69.69 69.07 77.22 96.14 91.13 74.57 84.96 91.25 74.38 81.21** 10.14 0.8046 0.0024 

FBCNet [35] 67.38 61.21 67.19 90.06 93.75 72.31 80.56 88.44 71.56 76.94*** 11.64 0.7597 0.0002 

Conformer [53] 82.06 67.14 63.18 97.12 87.03 88.91 87.81 93.29 91.37 84.22 11.49 0.8339 0.0962 

FBMSNet [61] 72.81 53.21 80.31 97.19 95.00 85.63 84.38 90.00 88.75 83.03* 13.39 0.8201 0.0192 

LightConvNet [62] 76.56 60.00 67.19 97.81 94.38 86.88 84.69 92.50 89.38 83.26* 12.83 0.8225 0.0173 

M-FANet [55] 67.77 68.24 81.03 96.33 89.91 81.87 89.55 92.56 77.91 82.80** 10.25 0.8186 0.0039 

SWCNet [56] 71.04 66.76 82.31 96.33 86.45 81.19 90.06 87.61 83.92 82.85** 9.16 0.8213 0.0016 

SST-DPN [57] 77.50 68.93 

 

82.81 96.88 96.25 87.50 89.06 93.44 87.50 86.65** 9.10 0.8577 0.0041 

DPMS-Net 78.77 71.81 82.13 98.16 96.58 89.63 92.12 95.60 90.64 88.38 8.96 0.8801 - 
 

expressed as follows: 

 
Precision Recall

F1 2
Precision Recall


= 

+
 (17) 

where ( )Precision /TP TP FP= +  and ( )Recall /TP TP FN= + . 

TP denotes the number of true positive samples, FP denotes the 

number of false positive samples, and FN signifies the number 

of false negative samples. 

A. Subject dependent 

The subject dependent experimental results of DPMS-Net 

alongside several SoTA methods on Dataset 1 are presented in 

Table ⅡI. Notably, DPMS-Net achieved the highest accuracy 

for the majority of subjects. In comparison to the classic 

EEGNet, DPMS-Net exhibits a remarkable advantage of over 

10%. Furthermore, when compared to SoTA methods such as 

ATCNet, ADFCNN, and HCA-Net, DPMS-Net demonstrates a 

lead of more than 2.6%. Additionally, DPMS-Net exhibits the 

smallest standard deviation among all evaluated methods, 

recorded at merely 8.19, underscoring its excellent stability and 

commendable generalizability across different subjects. It is 

significant to note that DPMS-Net shows statistical significance 

when compared to all other methods, except for HCA-Net. 

The subject dependent classification results of DPMS-Net 

and the other SoTA methods applied to Dataset 2 are illustrated 

in Table IV. Conformer achieved the highest accuracy for the 

first and ninth subjects, while DPMS-Net obtained the highest 

accuracy for all other subjects except for subject 3. It is 

particularly noteworthy that DPMS-Net’s standard deviation is 

the only one below 10, measured at just 8.96, demonstrating its 

robustness. 

We also compared DPMS-Net to SoTA methods on Dataset 

3. The experimental results are presented in Table V. EEGNet, 

ADFCNN, EEG-TransNet and TMSA-Net all attained 

accuracies exceeding 60%; however, DPMS-Net achieved the 

highest accuracy, accompanied by a standard deviation that 

surpasses that of most SoTA models. Although Conformer’s 

accuracy is relatively unsatisfactory, it recorded the smallest 

standard deviation. 

B. Subject independent  

The subject independent experimental results of DPMS-Net 

and the other SoTA methods across the three datasets are listed in 

Tables ⅤI, ⅥI, and ⅦI, respectively. In Dataset 1, DPMS-Net 

achieved an accuracy of 65.88%, surpassing all other SoTA 

methods in the table; but MIN2Net, ATCNet, and MBK-CNN 

also demonstrated commendable performance with notable 

accuracies. In Dataset 2, DPMS-Net emerged as the sole method 

to exceed 76% accuracy, while EEG-TCNet, ADFCNN and 

TMSA-Net also yielded robust results, each achieving accuracies 

above 72%. In Dataset 3, while DPMS-Net secured the highest 

accuracy along with the lowest standard deviation, the 

performance disparity among the various methods is not  



9 

> REPLACE THIS LINE WITH YOUR MANUSCRIPT ID NUMBER (DOUBLE-CLICK HERE TO EDIT) < 

 
TABLE V 

COMPARISON OF SUBJECT DEPENDENT CLASSIFICATION 

PERFORMANCES BETWEEN DPMS-NET AND SOTA METHODS ON 

DATASET 3. 
 

Methods 
Average 

accuracy 

Standard 

deviation 

F1-

score 
p value 

EEGNet [50] 61.67* 12.72 0.6057 0.0211 

DeepConvNet [63] 60.90** 12.62 0.5973 0.0091 

EEG-TCNet [51] 57.08** 11.49 0.5613 0.0013 

Conformer [53] 54.17*** 6.4 0.5327 3.64e-5 

ADFCNN [58] 62.08* 12.49 0.6125 0.0122 

EEG-TransNet [64]  63.67 12.17 0.6276 0.0902 

TMSA-Net [67] 63.73 11.93 0.6281 0.0664 

DPMS-Net 67.67 11.07 0.6705 - 
 

TABLE ⅤI 

COMPARISON OF SUBJECT INDEPENDENT CLASSIFICATION 

PERFORMANCE BETWEEN DPMS-NET AND SOTA METHODS ON 

DATASET 1. 
 

Methods 
Average 
accuracy 

Standard 
deviation 

F1-
score 

p value 

EEGNet [50] 53.39*** 9.41 0.4824 0.0007 

EEG-TCNet [51] 54.38** 10.49 0.4979 0.0036 

MIN2Net [65] 60.03* 9.24 0.5589 0.0216 

ATCNet [39] 61.85 12.67 0.5718 0.0797 

MBK-CNN [66] 63.55 16.82 0.5903 0.3371 

M-FANet [55] 55.86** 10.17 0.5126 0.0024 

ADFCNN [58] 57.43** 13.26 0.5319 0.0071 

TMSA-Net [67] 60.55* 13.90 0.5617 0.0327 

DPMS-Net 65.88 12.72 0.6163 - 
 

statistically significant. This underscores the substantial potential 

for further exploration in the realm of MI recognition in stroke 

patients. In conclusion, DPMS-Net consistently exhibited 

superior accuracy across all three datasets, illustrating its 

remarkable robustness. 

C. The analysis of experimental results 

We validated DPMS-Net on three different feature datasets 

under both subject dependent and subject independent scenarios. 

From the perspective of EEG channel count, Dataset 1 contains 

data from 22 channels covering the primary motor areas, 

providing a relatively comprehensive acquisition of signals. 

Consequently, DPMS-Net achieved a notable accuracy of 83.93% 

on a four-class MI classification task. Conversely, Dataset 2 

utilized only 3 EEG channels, positioned over the core electrodes 

of the left and right motor regions, effectively capturing the most 

salient signal features; consequently, DPMS-Net attained an 

accuracy of 88.38% on a two-class MI decoding task. Dataset 3 

leveraged 16 electrodes covering the majority of motor areas for 

signal acquisition. Given that stroke patients exhibit varying 

extents of motor cortex impairment, all models struggled to 

surpass 70% accuracy even on binary MI tasks, with DPMS-Net 

achieving the highest accuracy of 67.67%.  

Regarding inter-subject variability, the two publicly available 

datasets comprise data from 9 healthy subjects, displaying 

relatively low inter-subject variability compared to Dataset 3’s 24 

stroke patients. This reduced variability facilitates the model’s 

capacity to extract more consistent and robust motor imagery 

features.    In    contrast,    the    pronounced    physiological    and 

TABLE ⅥI 

COMPARISON OF SUBJECT INDEPENDENT CLASSIFICATION 

PERFORMANCE BETWEEN DPMS-NET AND SOTA METHODS ON 

DATASET 2. 
 

Methods 
Average 

accuracy 

Standard 

deviation 

F1-

score 
p value 

EEGNet [50] 71.07*** 6.45 0.6624 7.06e-5 

EEG-TCNet [51] 72.02*** 6.36 0.6683 0.0005 

FBCNet [35] 68.28** 5.71 0.6359 0.0060 

Conformer [53] 69.24** 6.95 0.6452 0.0040 

M-FANet [55] 69.84** 5.24 0.6581 0.0025 

ADFCNN [58] 72.83* 7.71 0.6817 0.0452 

TMSA-Net [67] 73.43* 7.21 0.6905 0.0188 

DPMS-Net 76.01 6.41 0.7135 - 
 

TABLE ⅦI 

COMPARISON OF SUBJECT INDEPENDENT CLASSIFICATION 

PERFORMANCES BETWEEN DPMS-NET AND SOTA METHODS ON 

DATASET 3. 
 

Methods 
Average 
accuracy 

Standard 
deviation 

F1-
score 

p value 

EEGNet [50] 53.25** 7.81 0.4988 0.0062 

DeepConvNet [63] 52.58** 7.34 0.4832 0.0037 

EEG-TCNet [51] 52.97* 6.84 0.4857 0.0125 

Conformer [53] 54.73* 7.89 0.5019 0.0398 

ADFCNN [58] 54.93 8.28 0.5028 0.0766 

EEG-TransNet [64] 54.58 7.32 0.4996 0.0927 

TMSA-Net [67] 53.28* 5.94 0.4911 0.0123 

DPMS-Net 57.58 6.62 0.5328 - 
 

pathological heterogeneity among stroke patients escalates the 

challenge of model generalization, as differences in signal 

amplitude and execution strategies across subjects can lead to 

substantial cross subject distribution shifts, a phenomenon 

corroborated by the subject independent experimental results. 

Regarding the level of signal noise, the acquisition protocols and 

controlled environments of the two public datasets ensure high 

quality EEG recordings. Although real time monitoring of 

electrode impedance is conducted during the collection of our 

laboratory dataset, the inherent constraints of the clinical setting 

inevitably introduced extraneous noise artifacts, even after 

bandpass filtering, non-stationary noise may still persist, causing 

the feature distribution to vary across time and conditions, thereby 

affecting the model’s feature extraction efficacy and decoding 

accuracy. 

Although Dataset 1 and Dataset 2 each consist of only 9 

subjects, a sufficient amount of data was collected per subject, 

with 576 trials and 720 trials respectively. This allows for 

minimizing the significant impact of low-quality trials on the 

decoding model. However, due to the challenges in acquiring 

EEG data, especially from stroke patients in Dataset 3, despite 

including 24 subjects, contains only 60 trials per subject. The 

relatively small amount of data per subject means that data quality 

has a greater influence on the model’s decoding performance, 

weakening the model’s ability to stably estimate discriminative 

features. This may be one of the reasons why the decoding 

accuracy of Dataset 3 is significantly lower than that of Datasets 

1 and 2.  

Future work will aim to scale up the dataset by broadening 

subject    coverage    and    enriching    task    diversity,    thereby 



10 

> REPLACE THIS LINE WITH YOUR MANUSCRIPT ID NUMBER (DOUBLE-CLICK HERE TO EDIT) < 

 
TABLE IX 

ABLATION EXPERIMENTS OF DPMS-NET ON THREE DATASETS. 
 

Module  Subject dependent accuracy Subject independent accuracy 

HSCM 
AFCAM 
+FIPM 

NFMM  
Dataset 1  
(p value) 

Dataset 2 
(p value) 

Dataset 3 
(p value) 

Dataset 1 
(p value) 

Dataset 2 
(p value) 

Dataset 3 
(p value) 

    81.15 (0.0003) 86.85 (0.0037) 66.67 (0.3034) 65.08 (0.0059) 74.76 (0.0390) 56.53 (0.0307) 

    82.33 (0.0031) 86.19 (0.0054) 64.35 (0.0617) 64.97 (0.0050) 74.65 (0.0208) 55.49 (0.0498) 

    82.16 (0.0029) 87.39 (0.0016) 64.90 (0.0978) 63.99 (0.0046) 73.79 (0.0468) 56.32 (0.1014) 

    83.93 88.38 67.67 65.88 76.01 57.58 
 

strengthening robustness to inter-subject variability. More 

rigorous and standardized denoising and quality assurance  

protocols can be incorporated to mitigate the detrimental effects 

of noise during training. Moreover, adopting methodologies 

tailored to cross subject distribution shift could further bolster 

generalization to previously unseen individuals. 

V. DISCUSSION 

A. Ablation experiments 

To investigate the significance and efficacy of each of the 

key modules within DPMS-Net, we conducted a series of 

ablation experiments in both the subject dependent and subject 

independent scenarios, with the results detailed in Table IX. 

HSCM refers to the horizontal spatial correlation module, while 

AFCAM+FIPM encompasses the adaptive fine-grained 

channel attention module and the frequency-related information 

perception module. NFMM denotes the neuron focus 

mechanism module. 

In the subject dependent scenario, the removal of any 

individual module markedly affects the performance of DPMS- 

Net across all three datasets. Specifically, for Dataset 1, the 

HSCM exerts the most significant influence on DPMS-Net’s 

accuracy. Conversely, in Datasets 2 and 3, the AFCAM+FIPM 

demonstrates the most pronounced impact on accuracy. In the 

subject independent scenario, the NFMM emerges as the most 

influential component affecting DPMS-Net’s performance in 

Datasets 1 and 2, whereas in Dataset 3, the AFCAM+FIPM 

takes precedence in its contribution. In conclusion, HSCM, 

AFCAM+FIPM, and NFMM each play pivotal roles within 

DPMS-Net, substantially enhancing its performance and 

effectively increasing its upper performance thresholds. 

B. The effectiveness of the frequency-related information 

perception module 

To investigate the role of frequency-domain features within 

the DPMS-Net framework, we systematically removed the 

frequency-related information perception module and conducted 

rigorous evaluations in both subject dependent and subject 

independent scenarios. The experimental results are presented in 

Fig. 5. In the subject dependent scenario, the absence of 

frequency-related information perception module resulted in a 

marked decline in accuracy, of about 2% for both Dataset 1 and 

Dataset 2, while Dataset 3 also experienced a reduction of over 

1%. Similarly, in the subject independent scenario, DPMS-Net 

demonstrated a decline of more than 1% in accuracy across all 

three datasets. These findings underscore the notion that 

frequency-domain features serve as a critical complement to 

temporal-domain features, thereby playing an indispensable role 

in enhancing the performance of DPMS-Net. 

C. The effectiveness of the temporal variance insight module 

The temporal variance insight module markedly enhances the 

capacity to discern the underlying patterns of EEG signal 

fluctuations by concentrating on the overall trends within the 

time series. We further validated this hypothesis, as illustrated 

in the experimental results presented in Fig. 6. In the subject 

dependent scenario, the removal of temporal variance insight 

module exerted the most significant influence on the 

performance of DPMS-Net in Datasets 1 and 3, with accuracy 

diminishing by over 1.8% in each case. Even in Dataset 2, 

where the effects are comparatively less pronounced, a 

reduction in accuracy exceeding 1% is observed. In the subject 

independent scenario, the removal of temporal variance insight 

module resulted in a decline of more than 1% in DPMS-Net’s 

performance on Dataset 2; while the impact on Datasets 1 and 

3 is relatively modest, there are still discernible decreases in 

accuracy. These experimental findings underscore the critical 

importance of focusing on the overall trends within the time 

series, which significantly influences the MI decoding accuracy. 

D. The effectiveness of dynamic convolution 

Dynamic convolution possesses the ability to dynamically 

adjust the weights of multiple sets of convolution kernels, 

thereby facilitating a more precise alignment with the 

distinctive features of each input sample. To ascertain its 

efficacy, we substituted the dynamic convolution in DPMS-Net 

with traditional two-dimensional convolution and conducted a 

series of experiments, the results of which are shown in Fig. 7. 

Evidently, this substitution resulted in a marked deterioration of 

DPMS-Net’s performance across all three datasets. Notably, the 

most significant decline is observed in Dataset 2, where 

performance diminished by 2.44% in the subject dependent 

scenario and 1.89% in the subject independent scenario. In 

Dataset 1, DPMS-Net likewise demonstrated a decline, with 

reductions of 1.91% and 0.93% across the two respective 

scenarios. Although the performance decrement in Dataset 3 is 

less pronounced than in Datasets 1 and 2, it still exhibited 

reductions of 0.86% and 0.98% in the two scenarios. These 

experimental findings underscore the critical importance of 

dynamic convolution in enhancing the classification 

performance of DPMS-Net across diverse datasets. 

E. The complementary relationship between the horizontal 

spatial correlation module and the adaptive fine-grained 

channel attention module  

The horizontal spatial correlation module (HSCM) is devised 
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Fig. 5. The experimental results of DPMS-Net following the 

removal of the frequency-related information perception module 

across three datasets (The value in parentheses is the p value). 

 
Fig. 6. The experimental results of DPMS-Net following the 

removal of the temporal variance insight module across three 

datasets (The value in parentheses is the p value). 

to capture local spatial dependencies among adjacent electrodes. 

The adaptive fine-grained channel attention module (AFCAM) 

simultaneously extracts personalized local features while 

establishing global patterns across individuals, thereby 

significantly strengthening feature extraction capacity. To assess 

whether these two modules introduce informational redundancy, 

we conducted a dedicated set of validation experiments, as 

summarized in Table X. 

As shown, removing both HSCM and AFCAM leads to a 

consistent performance degradation exceeding 2.4% across all 

three datasets; notably, in the subject dependent setting on Dataset 

1, the drop surpasses 4.2%. Incorporating AFCAM into DPMS-

Net yields significant improvements on all three datasets. 

Introducing HSCM alone also confers measurable gains, although 

these improvements are less pronounced than those achieved by 

AFCAM in isolation. When both HSCM and AFCAM are jointly 

integrated, DPMS-Net attains a further substantial boost in 

performance, indicating their highly complementarity and 

synergistic effect. 

F. The selection of dynamic convolution parameters 

In DPMS-Net, we set the parameter compression ratio in the 

dynamic convolution to 0.25 and the number of convolutional 

kernels K to 4. To substantiate the rationality of these 

hyperparameter choices, we conducted a set of corresponding 

experiments. The results are summarized in Table XI and Table 

XII. Table XI delineates the influence of the number of kernels 

in the dynamic convolution on DPMS-Net performance. With 

K=4,  DPMS-Net  attains  the  best  performance  across  both 

 
Fig. 7. The experimental results of DPMS-Net following the 

removal of the dynamic convolution across three datasets (The 

value in parentheses is the p value). 

subject dependent and subject independent scenarios on all 

three datasets, with the sole exception of the subject 

independent setting on Dataset 2. Deviating from this 

configuration, either by increasing or decreasing K, leads to 

performance deterioration to varying degrees, indicating that 

K=4 yields a robust and well calibrated trade-off between 

representational expressiveness and model complexity. Table 

XII reports the effect of the compression ratio on DPMS-Net 

performance. When the compression ratio is increased to 0.5, a 

discernible reduction in performance is observed. Further 

departures from the selected value, either lowering it to 0.125 

or raising it to 0.75, result in a more pronounced degradation. 

A plausible explanation is that an overly small compression 

ratio constrains the model’s capacity to encode global 

information, thereby compromising feature discriminability, 

whereas an excessively large ratio increases parameter 

redundancy and computational burden, while also exacerbating 

overfitting susceptibility. These findings lend support to the 

chosen compression ratio of 0.25.  

G. Real online inference speed test 

To investigate the inference speed of DPMS-Net in real-

world application scenarios, we integrated it into a binary MI-

based online system (left vs. right hand). The system utilized 16 

electrodes, specifically FC5, FC1, FCZ, FC2, FC6, C5, C3, C1, 

CZ, C2, C4, C6, CP5, CP1, CP2, and CP6, to acquire MI signals 

at a sampling rate of 1000 Hz. Five healthy subjects (3 males 

and 2 females, aged 22-29 years) were recruited for the 

experiment. Each subject participated in four sessions, with 

each session comprising 40 trials (20 trials each for left and 

right hand MI). Each trial lasted 9 seconds: from 0 to 2 s, a 

fixation cross appeared in the center of the screen to cue the 

subjects to prepare; from 2 to 6 s, a left or right arrow was 

randomly presented, instructing the subjects to perform the 

corresponding MI task; finally, from 6 to 9 s, the word “Rest” 

was displayed for relaxation. The experimental paradigm is 

depicted in Fig. 8. Data from the first three sessions were 

utilized for training DPMS-Net, while the final session was 

dedicated to evaluating the model in online testing environment, 

as illustrated in Fig. 9. The preprocessing procedures for both 

training and online testing data were consistent with those 

applied to Datasets 1, 2, and 3. The online experimental results, 

including  the  maximum,  minimum,  and  average  inference 
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TABLE X 

THE EXPERIMENTS ON THE IMPACT OF HORIZONTAL SPATIAL 

CORRELATION MODULE AND ADAPTIVE FINE-GRAINED CHANNEL 

ATTENTION MODULE OVER THE THREE DATASETS. 
 

Datasets HSCM AFCAM 
Subject dependent 

(p value) 

Subject independent 

(p value) 

Dataset 1 

  79.71 (5.62e-5) 63.41 (0.0014) 
  81.15 (0.0003) 65.08 (0.0059) 
  80.17 (0.0001) 63.91 (0.0019) 
  83.93 65.88  

Dataset 2 

  85.55 (0.0012) 73.19 (0.0008) 
  86.85 (0.0037) 74.76 (0.0390) 
  85.80 (0.0018) 73.91 (0.0010) 
  88.38 76.01 

Dataset 3 

  64.79 (0.0492) 54.79 (0.0035) 
  66.67 (0.3034) 56.53 (0.0307) 
  65.42 (0.1736) 55.28 (0.0174) 
  67.67 57.58 

 
TABLE XI 

THE EXPERIMENTS ON THE IMPACT OF DIFFERENT CONVOLUTION 

KERNELS WITHIN DYNAMIC CONVOLUTION OVER THE THREE 

DATASETS. 

 

Datasets K 
Subject dependent 

(p value) 

Subject independent 

(p value) 

 2 83.47 (0.0418) 65.41 (0.0391) 

 3 83.68 (0.1294) 65.72 (0.0627) 
Dataset 1 4 83.93 65.88 

 5 83.74 (0.0825) 65.64 (0.1098) 

 6 83.56 (0.0353) 65.57 (0.0863) 

 2 87.53 (0.0286) 75.72 (0.0497) 
 3 87.91 (0.0364) 75.90 (0.0913) 

Dataset 2 4 88.38 76.01 

 5 88.02 (0.0953) 76.04 (0.2409) 

 6 87.89 (0.1081) 75.83 (0.0985) 

 2 67.08 (0.0289) 57.25 (0.1054) 

 3 67.42 (0.0852) 57.33 (0.1965) 

Dataset 3 4 67.67 57.58 

 5 67.33 (0.0641) 57.08 (0.0768) 

 6 67.17 (0.0301) 56.92 (0.0479) 

 

latencies per trial, are summarized in Table XIII. The mobile 

platform employed for this study is a laptop configured with 

AMD Ryzen 7 5800H CPU, NVIDIA GeForce RTX 3070 

Laptop GPU, and 32 GB of RAM. 

The results indicate that only one subject’s online accuracy 

fell below 80%, with the highest reaching 92.50%. Despite 

individual variations in accuracy, DPMS-Net demonstrated 

remarkable stability in inference efficiency. Experimental 

results show that the processing time exhibits minimal 

fluctuation, with the peak latency of 0.1139 s, the minimum of 

0.1071 s, and the overall average is 0.10872 s These findings 

validate the robustness of the model’s decoding process and its 

capacity for stable operation on mobile platforms. 

Compared to the dynamic thresholding strategies utilized in 

[68] and the multi-modal fusion approaches in [69], DPMS-Net 

demonstrates superior decoding fidelity (achieving a peak 

accuracy of 92.5%) and enhanced inference stability within a 

unimodal MI context. Notably, the average inference latency of 

0.1087 s, characterized by negligible fluctuation, underscores 

the model’s robustness and its reliability for real-time 

deployment  on  mobile  platforms.  While  this  study  realizes 

TABLE XII 

THE EXPERIMENTS ON THE IMPACT OF DIFFERENT COMPRESSION RATE 

WITHIN DYNAMIC CONVOLUTION OVER THE THREE DATASETS. 
 

Datasets 
Compression 

rate 
Subject dependent 

(p value) 
Subject independent 

(p value) 

Dataset 1 

0.125 82.72 (0.0025) 64.39 (0.0219) 

0.25 83.93 65.88  

0.5 83.10 (0.0764) 64.91 (0.0471) 
0.75 82.60 (0.0483) 64.41 (0.0328) 

Dataset 2 

0.125 86.98 (0.0084) 74.60 (0.0029) 

0.25 88.38 76.01 
0.5 87.85 (0.0133) 75.51 (0.0765) 

0.75 87.06 (0.0962) 74.69 (0.0042) 

Dataset 3 

0.125 66.25 (0.0639) 55.90 (0.0267) 

0.25 67.67 57.58 
0.5 66.46 (0.1096) 56.46 (0.1253) 

0.75 65.83 (0.0358) 55.69 (0.0084) 

 

 
Fig. 8. The time configuration for each trial. 

 
Fig. 9. Online testing scenarios for DPMS-Net. 

TABLE XIII 

THE ONLINE TEST ACCURACY AND INFERENCE TIME OF DPMS-NET. 
 

Subject 
Online test  

accuracy 

Maximum  
inference time 

(s) 

Minimum 
inference time 

(s) 

Average 
inference time 

(s) 

1 77.50 0.1135 0.1078 0.1089 

2 92.50 0.1124 0.1071 0.1085 
3 87.50 0.1120 0.1076 0.1087 

4 82.50 0.1125 0.1069 0.1082 

5 85.00 0.1139 0.1081 0.1093 

 

high-precision online decoding, the current experimental 

paradigm is constrained by a fixed-duration task structure, 

lacking the adaptive thresholding mechanisms employed in [68] 

to further optimize the information transfer rate. Furthermore, 

as our validation cohort primarily consists of healthy volunteers, 

the clinical adaptability and long-term therapeutic efficacy of 

the model remain subjects for future longitudinal investigation, 

particularly when compared to the clinical focus on stroke 

rehabilitation presented in [70]. 

VI. CONCLUSION 

This paper introduces a deep neural network-powered 

multifaceted strategy model (DPMS-Net) for the decoding of 

MI. The fundamental contribution of DPMS-Net is its ability to 

adaptively refine feature extraction for each input sample 

through dynamic convolution and multi-dimensional 

perception modules. By amalgamating local and global spatial 
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features and discerning temporal fluctuations, the model 

overcomes the information loss prevalent in existing SoTA 

methods. Additionally, the multidimensional temporal 

perception module serves to mitigate the risk of temporal 

information loss, while the temporal variance insight module is 

employed to discern patterns in the fluctuations of EEG signals. 

To comprehensively extract both temporal and frequency 

domain features from EEG signals, we have incorporated the 

adaptive fine-grained channel attention module along with the 

frequency-related information perception module within the 

architecture of DPMS-Net. Finally, the neuron focus 

mechanism module adjusts the weights of individual neurons. 

We conducted both subject dependent and subject independent 

evaluations of DPMS-Net across two public datasets and one 

laboratory self-collected dataset, with experimental outcomes 

illustrating that DPMS-Net surpasses other SoTA methods. In 

conclusion, DPMS-Net significantly enhances robustness and 

classification accuracy across diverse scenarios through an 

array of sophisticated local and global feature extraction 

techniques, thereby demonstrating its efficacy and broad 

applicability in various scenarios. In future, we intend to further 

enhance the DPMS-Net architecture, such as refining dynamic 

convolution. Moreover, we will focus on reducing the 

computational complexity of DPMS-Net to better align with the 

demands of real-world BCI systems. 
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