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Abstract
Purpose  Motor imagery electroencephalography (MI-EEG) decoding remains challenging due to low signal-to-noise 
ratio and complex temporal-spectral characteristics. This study aims to develop a robust deep learning framework for 
effective EEG representation learning.

Methods  We propose EEG-DBNet, a dual-branch neural network that jointly models temporal dynamics and spectral 
representations of EEG signals. The model integrates local and global convolutional modules to enable multi-scale 
feature extraction, complementing the dual-branch design for multi-dimensional temporal-spectral representation 
learning. To validate robustness, experiments are conducted on two public datasets as well as a self-collected MI-EEG 
dataset acquired under controlled laboratory conditions.

Results  Experimental results show that EEG-DBNet achieves the best average performance on the two public 
benchmark datasets, BCI Competition IV-2a and IV-2b. On the self-collected CQUPT dataset, EEG-DBNet obtains 
competitive performance compared with representative baseline methods, suggesting its potential applicability to 
laboratory-acquired MI-EEG decoding. These results indicate that the proposed temporal-spectral dual-branch design 
is effective, while further validation on larger self-collected datasets is still needed.

Conclusion  The proposed EEG-DBNet provides an effective solution for MI-EEG decoding with improved robustness. 
The inclusion of multiple datasets, particularly laboratory-acquired self-collected data, highlights its potential for 
practical brain-computer interface applications.
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​1  Introduction
Brain-computer interfaces (BCIs) establish a direct com-
munication pathway between the human brain and 
external devices by decoding neural activity into control 
signals, offering a promising solution for individuals with 
motor impairments. Among various BCI paradigms, 
motor imagery electroencephalography (MI-EEG) has 
attracted considerable attention due to its non-invasive 
nature, relatively low cost, and broad applicability in 
rehabilitation and assistive technologies [1]. By imagining 
specific motor actions without actual movement, users 
can modulate brain activity patterns that can be detected 
and translated into commands, enabling applications 
such as robotic control, neurorehabilitation, and commu-
nication systems [2]. Despite these advantages, the prac-
tical deployment of MI-based BCIs remains challenging 
due to the inherent variability of EEG signals and the 
complexity of accurately decoding motor-related neural 
patterns [3].

Early studies on MI-EEG decoding primarily relied on 
traditional machine learning frameworks, which typically 
consist of three key stages: signal preprocessing, feature 
extraction, and classification. In particular, spatial filter-
ing techniques such as common spatial pattern (CSP) 
have been widely adopted to enhance the discriminabil-
ity between different motor imagery tasks by projecting 
EEG signals into task-relevant subspaces [4]. To further 
reduce data dimensionality and mitigate noise interfer-
ence, feature reduction methods such as principal com-
ponent analysis (PCA) have also been incorporated into 
the processing pipeline [5]. Subsequently, conventional 
classifiers, including support vector machines (SVMs), 
are employed to perform the final classification based on 
handcrafted features [6].

Despite their effectiveness, these approaches heavily 
depend on manual feature engineering and prior domain 
knowledge, making them sensitive to the intrinsic non-
stationarity and low signal-to-noise ratio of EEG signals. 
As a result, their performance often degrades signifi-
cantly in cross-session or cross-subject scenarios, limit-
ing their robustness and practical applicability.

With the rapid development of deep learning, con-
volutional neural networks (CNNs) have become a 
mainstream solution for MI-EEG decoding due to their 
capability of automatic feature extraction and end-to-end 
learning. Compared with traditional approaches, CNN-
based models can directly learn hierarchical representa-
tions from raw EEG signals, effectively capturing spatial 
and temporal patterns without relying on handcrafted 
features [7]. Representative studies have introduced com-
pact architectures and advanced convolutional designs 
to improve feature representation efficiency and adapt to 
the characteristics of EEG signals [8–11].

Despite their success, CNN-based models may still be 
limited in capturing long-range temporal dependencies 
and global contextual information in EEG signals. To 
address this limitation, recent studies have explored more 
advanced deep learning architectures with enhanced 
sequence modeling capabilities. In particular, attention-
based models, such as Transformer architectures, have 
been introduced to model global dependencies through 
self-attention mechanisms, enabling flexible interactions 
across temporal dimensions and improving the represen-
tation of complex neural dynamics [12, 13]. In addition, 
graph-based and multi-scale Transformer variants have 
been investigated to model spatial dependencies across 
EEG channels and hierarchical temporal features more 
effectively [14, 15]. More recently, emerging sequence 
modeling frameworks, such as state-space-based 
approaches, have shown promising potential as efficient 
alternatives for long-sequence modeling, offering strong 
capability in capturing long-range dependencies with 
improved computational efficiency [16].

However, existing approaches still suffer from several 
limitations in modeling MI-EEG signals. Most mod-
els focus on single-domain feature extraction, failing to 
jointly capture the intrinsic coupling between temporal 
and spectral representations, while conventional spectral 
transformations may disrupt feature continuity [17, 18]. 
Although multi-branch architectures improve feature 
diversity, they often lack a unified framework for multi-
dimensional representation learning. In addition, current 
models typically rely on fixed-scale operations, limiting 
their ability to capture the multi-scale characteristics of 
MI-related neural patterns.

To overcome these limitations, we propose EEG-
DBNet, a dual-branch deep network that performs 
multi-scale and multi-dimensional decoding for MI-EEG 
signals. Specifically, the proposed model learns spec-
tral representations directly from temporal sequences 
while preserving feature continuity, and jointly mod-
els temporal and spectral information within a unified 
framework. By integrating local and global convolutional 
modules, EEG-DBNet effectively captures both fine-
grained patterns and long-range dependencies, enabling 
more comprehensive representation of MI-related neural 
dynamics. Extensive experiments on two public datasets 
and a self-collected dataset demonstrate that the pro-
posed method achieves superior performance on public 
benchmark datasets and competitive performance on the 
self-collected CQUPT dataset. Based on the above moti-
vation and methodological design, the main contribu-
tions of this paper are summarized as follows: 

1.	 We propose EEG-DBNet, a dual-branch network 
that performs parallel temporal and spectral 
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decoding, enabling unified multi-dimensional feature 
learning with multi-scale granularity.

2.	 We conduct comprehensive evaluations on two 
public MI-EEG datasets, where EEG-DBNet achieves 
state-of-the-art performance and consistently 
outperforms existing methods.

3.	 We design and conduct a motor imagery EEG 
acquisition experiment to construct a self-collected 
dataset. On this dataset, the proposed method 
achieves competitive performance, providing 
preliminary evidence of its applicability to 
laboratory-acquired MI-EEG data.

The rest of this paper is organized as follows. Section 2 
reviews the related work. Section  3 presents the archi-
tecture of the proposed EEG-DBNet model. Section  4 
describes the experimental setup and reports the results. 
Finally, Sect. 5 concludes the paper and outlines potential 
directions for future work.

2  Related work
This section reviews existing methods for MI-EEG 
decoding. With the development of deep learning tech-
niques, recent studies have mainly focused on convolu-
tional architectures and hybrid models that integrate 
multiple modeling paradigms. Accordingly, related work 
can be broadly categorized into CNN-based methods and 
hybrid methods.

2.1  CNN-based methods
CNNs have been widely applied in MI-EEG decoding 
due to their ability to automatically extract discriminative 
features from raw signals through end-to-end learning. 
Representative models, such as EEGNet, adopt depth-
wise and separable convolutions to efficiently capture 
temporal and spatial patterns while significantly reduc-
ing model complexity [9]. Building upon this design, 
subsequent studies have explored more advanced convo-
lutional architectures to enhance feature representation. 
For instance, EEG-Inception introduces multi-scale con-
volutional kernels to capture features at different tempo-
ral resolutions [10], while other works incorporate sliding 
window strategies and improved preprocessing schemes 
to further enhance classification performance [19].

In addition, efforts have been made to extend CNNs 
to higher-dimensional representations. For example, 
3D convolutional models preserve the intrinsic spatio-
temporal structure of EEG signals by jointly modeling 
channel and temporal dimensions, leading to improved 
performance and interpretability [20]. Multi-branch 
CNN architectures have also been proposed to learn 
complementary features from parallel convolutional 
pathways, enabling richer feature extraction across differ-
ent perspectives [21, 22].

Despite these improvements, CNN-based methods still 
exhibit limited capability in modeling global dependen-
cies and complex EEG representations.

2.2  Hybrid methods
Hybrid architectures that integrate convolutional opera-
tions with attention mechanisms or advanced sequence 
modeling have become a prominent direction for MI-
EEG decoding, aiming to combine local feature extrac-
tion with global dependency modeling.

A representative line of work introduces transformer-
based or attention-enhanced frameworks. For instance, 
EEG Conformer integrates convolutional layers with 
transformer encoders to jointly model local patterns and 
long-range dependencies [12]. Similarly, temporal-spatial 
transformer models explicitly employ self-attention to 
capture global temporal and inter-channel relationships 
[23]. To further enhance temporal modeling, attention-
based temporal convolutional networks incorporate 
multi-head attention into convolutional structures for 
more effective temporal feature extraction [13]. In addi-
tion, channel attention combined with hierarchical trans-
former architectures has been explored to emphasize 
discriminative spatial information across EEG channels 
[24].

Graph-based methods have also been introduced to 
explicitly model structural relationships among EEG 
channels. The graph sequence neural network constructs 
dynamic adjacency matrices to capture both local and 
global channel dependencies for MI decoding [25]. Simi-
larly, explainable graph neural network frameworks have 
been developed to identify neural biomarkers by model-
ing connectivity patterns across brain regions [26].

More recently, hybrid architectures integrating Trans-
former and alternative sequence modeling paradigms 
have been explored. The FA-STTM model combines 
Transformer and Mamba mechanisms to improve tem-
poral dependency modeling under complex condi-
tions  [27]. In addition, the MifNet model introduces 
a Mamba-based interactive frequency convolutional 
framework to jointly model temporal dynamics and fre-
quency-domain characteristics [28].

Although these methods have improved MI-EEG 
decoding performance, a unified framework for jointly 
modeling diverse EEG representations remains insuffi-
ciently explored.

2.3  Differences from the conference paper
This paper is an extended version of our previous confer-
ence paper [29]. Compared with the conference version, 
BCI Competition IV-2b and the self-collected CQUPT 
dataset are included for a broader evaluation. For the 
self-collected CQUPT dataset, details on the acquisi-
tion system, experimental paradigm, preprocessing 
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training, while a dropout rate of 0.3 is applied to mitigate 
overfitting.

The temporal branch illustrates the LC block in detail. 
The first convolutional layer applies F̂1 = 8 temporal 
filters of size (1,  K), where K = 2α2. Here, α is a data-
set-specific parameter, and its value varies based on the 
dataset. Further details on α will be provided in Sect. 4.

Next, a depthwise convolution layer with D = 2 and 
F̂1 × D filters of size (E,  1) is employed to extract spa-
tial features from each temporal map, followed by aver-
age pooling with size (1, α) to reduce the temporal 
resolution.

Subsequently, a separable convolution layer with 
F̂ = F̂1 × D filters of size (1, K/4) models feature inter-
dependencies while compressing the temporal range. 
A final pooling layer of size (1, α/2) further downs-
amples the signal. Accordingly, the LC block transforms 
Xi ∈ R1×E×T  into X̂i ∈ RF̂ ×1×T̂ , where

	
T̂ =

⌈
2 × T

α2

⌉
� (1)

The spectral branch shares a similar architecture but is 
tailored for spectral feature extraction. It employs a sec-
ond pooling layer with a kernel size changed from α/2 
to α, and uses more convolutional filters, producing an 
output X̃i ∈ RF̃ ×T̃ , where

	
T̃ =

⌈
T

α2

⌉
� (2)

This design increases spectral resolution while reduc-
ing temporal length, ensuring dimensional symmetry 
between branches.

procedure, sample construction, and evaluation protocol 
are provided. Moreover, the comparative experiments are 
extended by including representative MI-EEG decoding 
models, such as EEGNet, EEG-NeX, ITNet, and ATCNet. 
Additional ablation experiments and parameter sensitiv-
ity analyses are also provided to examine the contribution 
of the main components and hyperparameter choices of 
EEG-DBNet.

3  Method
Figure  1 illustrates the processing pipeline of the pro-
posed EEG-DBNet. The network comprises two parallel 
branches, each consisting of a Local Convolutional (LC) 
block and a Global Convolutional (GC) block. After the 
input signal is processed by both branches, the result-
ing features are concatenated and passed through a Fully 
Connected (FC) layer.

EEG-DBNet is trained on the set {Xi, yi}m
i=1, where 

Xi ∈ R1×E×T  denotes the i-th trial, with E representing 
the number of EEG electrodes and T the number of sam-
pled time points. The label yi ∈ {1, 2, . . . , Ncls} denotes 
the class index, where Ncls is the total number of classes. 
Once trained, the model is used to classify unseen test 
samples.

3.1  Local convolutional block
The LC block in EEG-DBNet consists of two paral-
lel branches—the temporal branch and the spectral 
branch—each designed to extract distinct features from 
EEG signals, as illustrated in Fig. 2.

The architecture of each LC branch is inspired by 
EEGNet [9], comprising a basic convolutional layer, a 
depthwise convolutional layer, and a separable convolu-
tional layer, interleaved with pooling layers. Batch Nor-
malization (BN) [30] and the Exponential Linear Unit 
(ELU) [31] activation function are employed to facilitate 

Fig. 1  Processing pipeline of the proposed EEG-DBNet model
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3.2  Global convolutional block
The GC block extracts global features from the LC block 
output by segmenting each feature sequence into N over-
lapping subsequences using a sliding window with stride 
1. For the temporal branch output X̂i ∈ RF̂ ×T̂ , each sub-
sequence has length l̂ = T̂ − N + 1, yielding N subse-

quences X̂n,i ∈ RF̂ ×l̂, as illustrated in Fig. 3.
Each subsequence X̂SE,n,i is recalibrated via a light-

weight squeeze-and-excitation (SE) module [32], which 
applies global average pooling followed by two FC layers 
with ReLU (δ) and sigmoid (σ) activations, respectively:

	

X̂SE,n,i = X̂n,i ⊙ ŵn,i

= X̂n,i ⊙ σ
[
δ

(
x̂av,n,i · Ŵ1

)
· Ŵ2

]

= X̂n,i ⊙ σ
[
δ

(
f̂av

(
X̂n,i

)
· Ŵ1

)
· Ŵ2

]

= X̂n,i ⊙ σ


δ


 1

F̂

F̂∑
j=1

X̂n,i (j) · Ŵ1


 · Ŵ2




� (3)

where ⊙ denotes the Hadamard product, and Ŵ1, Ŵ2 
are parameters of the fully connected layers.

The recalibrated subsequences are then processed by 
d dilated causal convolutional (DCC) layers, each fol-
lowed by batch normalization and ELU (ζ) activation. 
A residual connection is used to enhance stability. Let k 
denote the kernel size and ℓ denote the layer index. The 
dilation rate of the ℓ-th DCC layer is set to rℓ = ℓ, where 
ℓ = 1, 2, . . . , d. The receptive field of the stacked DCC 
layers is computed as:

	
Rd = 1 +

d∑
ℓ=1

(k − 1)ℓ = 1 + d(d + 1)
2

(k − 1).� (4)

To avoid information loss, the receptive field must cover 
the entire subsequence. Therefore, the following con-
straint must be satisfied for the temporal branch:

	 Rd ≥ T̂ − N + 1.� (5)

As reported in Sect. 4.5, the optimal values for d and k in 
both branches are 4 and 4, respectively. The output of the 
GC block for the n-th subsequence is given by:

Fig. 2  Structure of the local convolutional block in EEG-DBNet
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X̂D,n,i = fadd

(
X̂SE,n,i, X̂DCC,d

)

= ζ
(
X̂SE,n,i + X̂DCC,d

)
,
� (6)

where the output of the ℓ-th DCC layer is computed as

	 X̂DCC,ℓ = ζ
(
DCCℓ

(
X̂DCC,ℓ−1

))
, X̂DCC,0 = X̂SE,n,i, ℓ = 1, 2, . . . , d.� (7)

where DCCℓ(·) denotes the dilated causal convolution 
operation in the ℓ-th DCC layer with dilation rate rℓ. The 
final output of the GC block in the temporal branch is 
formed by concatenating all N processed subsequences: 
X̂D,i ∈ RF̂ ×N(T̂ −N+1), which is then vectorized into 

x̂i ∈ RF̂ ·N(T̂ −N+1).
For the spectral branch output from the LC 

block, X̃i ∈ RF̃ ×T̃ , each subsequence has length 
l̃ = F̃ − N + 1, yielding N segments X̃n,i ∈ Rl̃×T̃ . After 
SE and DCC processing, the output is similarly vector-
ized into x̃i ∈ RN(F̃ −N+1)·T̃ .

Finally, the two feature vectors x̂i and x̃i are concat-
enated and fed into a fully connected layer to generate 
class logits. A softmax function is then applied to obtain 
the predicted probability distribution over Ncls motor 
imagery classes:

	 y̌i = softmax [W (x̂⌢
i x̃i) + b] , y̌i ∈ RNcls � (8)

where W and b denote the weights and bias of the fully 
connected layer, respectively, and ⌢ denotes vector con-
catenation. The model is trained using cross-entropy loss, 
which is consistent with the single-label classification 
setting.

4  Experiments
4.1  Datasets
To comprehensively evaluate the effectiveness of the 
proposed EEG-DBNet, extensive experiments were con-
ducted on two publicly available motor imagery (MI) 
EEG datasets, namely BCI Competition IV-2a (BCI42a) 
[33] and BCI Competition IV-2b (BCI42b) [34], as well as 
a self-collected dataset (CQUPT). The use of benchmark 
datasets enables fair comparison with existing methods, 
while the CQUPT dataset further evaluates the practi-
cal applicability of the proposed model using laboratory-
acquired MI-EEG data.

The BCI42a dataset consists of EEG recordings from 
9 subjects, each performing four motor imagery tasks, 
including left hand (L), right hand (R), feet (F), and 
tongue (T). The EEG signals were recorded using 22 elec-
trodes across two sessions conducted on different days. 
Each subject completed 72 trials per class in each session, 
resulting in a total of 576 trials per subject. Following the 
standard evaluation protocol, data from the first session 
were used for training, while data from the second ses-
sion were used as the evaluation set. The time segment 
for each trial was set to [1.5, 6] seconds.

Fig. 3  Structure of the global convolutional block in EEG-DBNet
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The BCI42b dataset includes EEG recordings from 9 
subjects using 3 electrodes. Each subject performed two 
motor imagery tasks: left-hand (L) and right-hand (R) 
imagery. The dataset contains five sessions per subject. In 
this study, data from the first three sessions were used for 
training, while the remaining sessions were used as the 
evaluation set. Each subject completed 400 trials in the 
training set and 320 trials in the evaluation set, resulting 
in a total of 720 trials per subject. The time segment for 
each trial was set to [2.5, 7] seconds.

In addition to the public datasets, a self-collected 
motor imagery EEG dataset, referred to as the CQUPT 
dataset, was constructed to further evaluate the practi-
cal applicability of the proposed method. EEG signals 
were recorded using a Nihon Kohden Neurofax EEG-
1200C system with a standard 10-20 electrode configu-
ration. Four subjects participated in the experiment. The 

experimental setup of the EEG acquisition system is illus-
trated in Fig. 4.

The CQUPT dataset consists of three classes: resting 
state, left-hand motor imagery (open palm), and right-
hand motor imagery (fist). The motor imagery experi-
mental paradigm and the temporal structure of a single 
trial are illustrated in Fig.  5. Each trial lasted 8  s and 
included a resting stage [0, 2] seconds, an attention cue 
stage [2, 4] seconds, and a motor imagery stage [4, 8] 
seconds.

For CQUPT sample construction, raw EEG recordings 
were organized into trial-level samples according to the 
experimental markers. For each trial, the resting-state 
segment [0, 2] s was used for the resting class, and the 
motor imagery segment [4, 8] s was used for left-hand 
and right-hand MI classes. No additional sliding-window 
segmentation was applied. The EEG signals were band-
pass filtered at 0.5–30 Hz. Each input sample was rep-
resented as Xi ∈ R1×E×T , where E = 19 denotes the 
number of EEG channels and T denotes the number of 
sampled time points. The sampling rate of the CQUPT 
dataset was 256 Hz. No additional normalization was 
applied.

For the CQUPT dataset, we adopted a within-sub-
ject stratified five-fold cross-validation strategy at the 
segmented-sample level. Specifically, segmented EEG 
samples from each subject were divided into five class-
balanced folds, and the final results were averaged over 
the five folds and four subjects. A summary of the three 
MI-EEG datasets and their corresponding preprocessing 
protocols is presented in Table 1.

Fig. 5  Motor imagery experimental paradigm and temporal structure of a single trial. a Resting state interface. b Attention cue interface. c Left-hand 
open palm motor imagery cue. d Right-hand fist motor imagery cue. e Temporal structure of a single trial

 

Fig. 4  Experimental setup of the EEG acquisition system for the CQUPT 
dataset
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4.2  Experiment settings
The proposed EEG-DBNet and other comparative mod-
els were trained and tested using the TensorFlow frame-
work, running on the Intel(R) Xeon(R) Gold 6248R CPU 
@ 3.00GHz and NVIDIA A10 GPU. All models were 
trained using the Adam optimizer with a learning rate 
of 0.0009, a batch size of 64, and cross-entropy loss over 
1000 epochs with early stopping set to patience of 300 
epochs. Each experiment was repeated ten times, and 
the mean and standard deviation of the evaluation results 
were reported.

The evaluation metrics used were class-averaged accu-
racy Pa and the kappa value K. The class-averaged accu-
racy Pa is defined as:

	
Pa = 1

Ncls

Ncls∑
i=1

TPi

li
� (9)

where Ncls denotes the number of classes, TPi denotes 
the number of correctly predicted samples in class i, and 
li is the number of samples in class i. The kappa value K 
is defined as:

	
K = Pa − P

1 − P
� (10)

where P indicates the hypothetical probability of chance 
agreement.

4.3  Performance comparison
The proposed EEG-DBNet was compared with four rep-
resentative state-of-the-art MI-EEG decoding methods, 
namely EEGNet [9], EEG-NeX [11], ITNet [22], and 
ATCNet [13]. EEGNet is regarded as a classical light-
weight benchmark model for MI-EEG decoding. EEG-
NeX is an enhanced variant of EEGNet with improved 
feature extraction capability. ITNet adopts a multi-
branch temporal convolution structure, while ATCNet 
incorporates attention mechanisms and global temporal 
feature extraction modules. To ensure a fair comparison, 
all competing models were reproduced on the BCI42a, 
BCI42b, and CQUPT datasets using the hyperparameter 
settings reported in their original studies.

Tables 2, 3, and 4 present the experimental results for 
each model on the BCI42b, CQUPT, and BCI42a datas-
ets, respectively. EEG-DBNet achieved the best results 
on the BCI42a dataset. ATCNet’s performance was close 
to that of EEG-DBNet, with significantly higher accu-
racy than the other methods. Notably, EEG-DBNet also 
achieved the lowest standard deviation, indicating its 
superior generalization capability across subjects. Simi-
larly, EEG-DBNet achieved the best overall results on the 
BCI42b dataset. Since BCI42b is a binary classification 

Table 1  Summary of the three MI-EEG datasets and their split protocols
Dataset Subjects S.R. (Hz) Channels Classes α S.P
BCI42b 9 250 3 2 8 Session-based†

CQUPT 4 256 19 3 4 5-fold CV♮

BCI42a 9 250 22 4 8 Session-based‡

S.R., sampling rate; S.P., split protocol; α, scale parameter used in EEG-DBNet

† Session-based split for BCI42b: the first three sessions are used for training and the remaining sessions for evaluation

♮ Within-subject stratified five-fold cross-validation at the segmented-sample level

‡ Session-based split for BCI42a: the first session is used for training and the second session for evaluation

Table 2  Classification performance (Pa(%) and K) on BCI42b for the proposed EEG-DBNet with other models
Sub. EEGNet [9] EEG-NeX [11] ITNet [22] ATCNet [13] EEG-DBNet

Pa K Pa K Pa K Pa K Pa K
1 79.82 0.5970 80.70 0.6127 82.46 0.6498 81.58 0.6320 85.09 0.7019
2 71.43 0.4282 77.14 0.5428 75.51 0.5102 73.06 0.4607 75.10 0.5018

3 90.00 0.7998 92.61 0.8515 90.00 0.7979 90.87 0.8172 91.74 0.8339

4 98.37 0.9674 99.02 0.9805 98.70 0.9739 99.02 0.9805 98.37 0.9674

5 99.63 0.9927 99.63 0.9927 98.53 0.9707 100.00 1.0000 99.27 0.9853

6 93.63 0.8723 92.03 0.8406 90.44 0.8083 90.04 0.8009 92.43 0.8483

7   95.69   0.9138 94.83 0.8966 94.40 0.8879 96.55 0.9310 95.26 0.9052

8 95.22 0.9043 96.06 0.9217 96.52 0.9303 95.22 0.9043 96.96 0.9390
9 89.80 0.7959 89.80 0.7958 88.16 0.7629 90.20 0.8038 90.20 0.8039
St.D.∗ 9.22 0.0721 7.12 0.0556 8.04 0.0630 8.92 0.0670 8.35 0.0661

Mean 90.40 0.8079 91.32 0.8261 90.52 0.8102 90.73 0.8145 91.60 0.8318
* Standard deviation

Bold values indicate the best result for each subject and metric
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task, which is simpler than the four-class classification 
task in BCI42a, all methods attained relatively high clas-
sification accuracy. In this dataset, EEG-NeX achieved 
performance comparable to EEG-DBNet and demon-
strated the best generalization capability. Nevertheless, 
EEG-DBNet still outperformed the other methods by 

approximately one percentage point in average accuracy. 
For the CQUPT dataset, EEG-DBNet also demonstrated 
competitive performance and achieved higher decoding 
accuracy than EEGNet, ITNet, and ATCNet.

Overall, the proposed EEG-DBNet achieved superior 
performance on the BCI42a and BCI42b datasets and 
competitive performance on the CQUPT dataset, dem-
onstrating its effectiveness and generalization capability 
for MI-EEG decoding tasks.

4.4  Ablation experiments
The effectiveness of each module of EEG-DBNet was 
evaluated through ablation experiments on the BCI42a 
dataset. With 22 EEG channels, nine subjects, and a chal-
lenging four-class motor imagery task, BCI42a provides 
a comprehensive benchmark for analyzing module-level 
contributions. As shown in Table 5, the dual-branch 
network, which employs average pooling for tempo-
ral sequences and max pooling for spectral sequences 
(LC block), improves accuracy by 3.5% over the single-
branch network, achieving 82.43%. This indicates that 
the dual-branch network has superior feature extraction 
capability, which can be attributed to the complementary 
feature extraction of the two branches. The introduc-
tion of DCCNNs further enhances accuracy by 0.35%
, reaching 82.78%, demonstrating that DCCNNs serve 

Table 3  Classification performance (Pa(%) and K) on CQUPT for the proposed EEG-DBNet with other models
Sub. EEGNet [9] EEG-NeX [11] ITNet [22] ATCNet [13] EEG-DBNet

Pa K Pa K Pa K Pa K Pa K
1 45.48 0.1770 66.05 0.4882 62.59 0.4364 64.63 0.4670 70.13 0.5493
2 41.22 0.1149 69.75 0.5459 61.32 0.4193 59.06 0.3848 63.04 0.4441

3 44.45 0.1656 72.68 0.5901 45.73 0.1819 48.18 0.2223 70.32 0.5548

4 43.39 0.1493 71.26 0.5687 61.69 0.4243 51.82 0.2758 69.45 0.5413

St.D.∗ 1.82 0.0270 2.86 0.0439 8.09 0.1226 7.36 0.1097 3.48 0.0525

Mean 43.63 0.1517 69.93 0.5482 57.83 0.3655 55.92 0.3375 68.23 0.5224
* Standard deviation

Bold values indicate the best result for each subject and metric

Table 4  Classification performance comparison (Pa(%) and K) on the BCI42a dataset
Sub. EEGNet [9] EEG-NeX [11] ITNet [22] ATCNet [13] EEG-DBNet

Pa K Pa K Pa K Pa K Pa K
1 89.32 0.8577 85.05 0.8007 86.48 0.8197 88.61 0.8481 90.75 0.8766
2 63.25 0.5103 71.02 0.6136 67.84 0.5714 73.85 0.6516 74.56 0.6610
3 94.87 0.9316 96.34 0.9512 95.60 0.9414 97.44 0.9658 97.44 0.9658
4 67.54 0.5666 85.09 0.8009 74.12 0.6543 81.58 0.7539 82.46 0.7659

5 75.00 0.6664 81.52 0.7535 77.90 0.7050 80.80 0.7443 82.61 0.7678
6 60.93 0.4792 63.72 0.5163 64.19 0.5229 73.95 0.6525 75.35 0.6713
7 89.89 0.8654 90.61 0.8749 90.97 0.8797 93.50 0.9134 91.34 0.8844

8 87.82 0.8377 83.39 0.7786 83.03 0.7737 90.04 0.8671 88.93 0.8524

9 81.44 0.7523 84.09 0.7878 85.23 0.8030 89.77 0.8635 89.39 0.8586

St.D.∗ 11.93 0.1592 9.18 0.1224 9.86 0.1315 7.90 0.1053 7.23 0.0963
Mean 78.90 0.7186 82.32 0.7642 80.60 0.7412 85.50 0.8067 85.87 0.8115
* Standard deviation

Bold values indicate the best result for each subject and metric

Table 5  Ablation study of EEG-DBNet components on the 
BCI42a dataset
Block P̄a(%)∗ K̄∗

Single-branch (EEGNet [9]) 78.90 0.7186

Dual-branch (LC1 ) 82.43 0.7656

LC1 +GC without SE and SW 82.78 0.7703

LC1 +GC without SE 84.39 0.7918

LC1 +GC without SW 83.61 0.7814

LC2 +GC 83.16 0.7754

LC3 +GC 82.85 0.7713

LC4 +GC 81.90 0.7587

LC1 +GC (EEG-DBNet) 85.87 0.8115
* Average of nine subjects
1 Average pooling for temporal branch and max pooling for spectral branch
2 Average pooling for both branches
3 Max pooling for both branches
4 Max pooling for temporal branch and average pooling for spectral branch

Bold values indicate the best performance among all ablation variants for each 
metric
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as a valuable supplement to CNNs. The key difference 
between DCCNNs and CNNs is that DCCNNs increase 
the receptive field by adding network depth, thereby 
enhancing the network’s global feature extraction ability.

Splitting the sequence into six subsequences and then 
extracting features from these using DCCNNs improves 
the model’s classification accuracy by 1.61%, reaching 
84.39%. This suggests that sequence splitting enables 
DCCNNs to construct different feature extraction para-
digms and increase feature diversity. By reconstructing 
the features of the sequence and then extracting fea-
tures using DCCNNs, the model’s classification accuracy 
improves by 0.83%, reaching 83.61%. This indicates that 
remodeling the relationships between sequence samples 
helps DCCNNs more accurately extract signal features. 
When both sequence splitting and feature reconstruc-
tion are used simultaneously, DCCNNs processing the 
reconstructed subsequences can improve the model’s 
classification accuracy by 3.09%, surpassing the sum of 
their individual effects (1.61% + 0.83% = 2.44%), reach-
ing 85.87%. This demonstrates that reconstructed sub-
sequences can enhance the efficiency of DCCNNs in 
constructing different feature extraction paradigms. The 
introduction of the GC block based on DCCNNs signifi-
cantly improves model performance, increasing accuracy 
by 3.44% over the dual-branch network with only the LC 
block, indicating that the GC block and LC block provide 
substantial complementary effects.

Furthermore, Table 5 shows that the model perfor-
mance is highly sensitive to the type of pooling layer used 
for different signal dimensions. If both network branches 
utilize average pooling, the accuracy of the model 
decreases by 2.71% compared to EEG-DBNet, reaching 

83.16%. If both network branches use max pooling, the 
accuracy decreases by 3.02%, dropping to 82.85%. When 
max pooling is used in the temporal branch and average 
pooling in the spectral branch, accuracy drops by 3.97%
, reaching 81.90%, which is even lower than the perfor-
mance of the network composed solely of LC. There-
fore, we deduce that for spectral sequences, specific 
sample points better reflect the sequence characteristics 
than the relationships between multiple sample points. 
Conversely, for temporal sequences, the relationships 
between sample points are more important than indi-
vidual points. As a result, average pooling is more suit-
able for temporal sequences, while max pooling is more 
appropriate for spectral sequences.

4.5  Parameter sensitivity
The GC block has four hyperparameters: the stride s of 
the sliding window, the number of sliding windows n, the 
kernel size k of the dilated convolution, and the number 
of dilated convolution layers d. The first step of the GC 
block is to split the sequence, where s must be deter-
mined to segment the sequence into n parts based on its 
length.

We conducted 36 experiments on the BCI42a with 
s ∈ {1, 2, 3} and n ∈ {2, 3, 4, 5}, matching the corre-
sponding k and d according to the constraint of (5). We 
recorded the average Pa (P̄a) and average K (K̄) across 
nine subjects to evaluate the impact of different s val-
ues on the GC block. The experimental results are illus-
trated in Fig. 6a, where the results of the 36 experiments 
are divided into three groups based on different s val-
ues. It can be observed that as s increases, the classifica-
tion accuracy of the model decreases. This is likely due 

Fig. 6  Parameter sensitivity of EEG-DBNet. a Classification performance (Pa(%) and K) for different values of stride (s). b Classification performance 
(Pa(%) and K) for various hyperparameters (s = 1)
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to the larger stride accentuating the differences in the 
features of each subsequence. Therefore, we set s = 1, 
and then chose n ∈ {2, 3, 4, 5, 6, 7, 8} to select all d and 
k that satisfy the constraint of (5) for our experiments. 
The results, as shown in Fig. 6b, indicate that d = 4 and 
k = 4 meet the constraint conditions for all values of n, 
while d = 3 and k = 5 only satisfy the constraints when 
n = 8. The model exhibits its worst and best accuracy 
both at d = 4 and k = 4. Specifically, the model performs 
worst at d = 4, k = 4, n = 3 with P̄a = 83.42% and 
K̄ = 0.7789, and it performs best at d = 4, k = 4, n = 6 
with P̄a = 85.87% and K̄ = 0.8115. Consequently, we 
set the four hyperparameters of the GC block to s = 1, 
d = 4, k = 4, and n = 6.

5  Conclusion and discussion
This study proposes EEG-DBNet, a dual-branch network 
designed to decode temporal and spectral representa-
tions of MI-EEG in parallel for accurate motor imagery 
classification. The temporal sequences alone provide 
limited signal features; thus, a multi-dimensional explo-
ration of these features is crucial for enhancing model 
performance. The parallel dual-branch network is essen-
tial for this decoding approach. If temporal and spectral 
sequences are decoded sequentially, the model accuracy 
drops below 81%, highlighting the equal importance of 
both feature types for decoding MI-EEG.

The primary function of the LC block is to remodel 
sequence sample points. During this process, the LC 
block captures local signal features and adjusts sequence 
length by decoding inter-sample relationships, setting the 
stage for subsequent global feature extraction. Our find-
ings indicate that using different types of pooling layers 
for sequences of varying dimensions significantly impacts 
model performance. Specifically, employing an average 
pooling layer in the temporal branch and a max pooling 
layer in the spectral branch enables optimal model per-
formance. We infer that incorporating information from 
all samples within the pooling range better represents the 
temporal sequence characteristics, while the maximum 
value of the samples within the pooling range more effec-
tively captures signal fluctuation amplitudes, thereby bet-
ter representing spectral sequence characteristics.

The value of DCCNNs lies in their ability to adjust the 
network’s receptive field, addressing the “breadth” issue 
in signal decoding. Sequence splitting allows DCCNNs to 
train multiple signal decoding models, extracting features 
from each subsequence and thus enhancing the network’s 
ability to capture global features in terms of “depth.” High 
similarity between subsequences hinders the training of 
diverse feature extraction models in DCCNNs. Feature 
reconstruction of subsequences increases their diver-
sity while maintaining continuity, thereby improving the 
model’s efficiency in extracting global features. Sequence 

splitting and feature reconstruction effectively strengthen 
DCCNNs, and fine-tuning DCCNN hyperparameters 
according to sequence length significantly improves 
model performance.

In summary, the design of EEG-DBNet is effective, 
with each module contributing to improved model per-
formance. Experiments on the two public benchmark 
datasets achieved the best average results among the 
compared methods, while the self-collected CQUPT 
dataset showed competitive performance. Nevertheless, 
the current CQUPT dataset contains a limited num-
ber of subjects, and further validation with larger-scale 
self-collected data is needed. In addition, the numerous 
hyperparameters in EEG-DBNet make the tuning pro-
cess cumbersome. Integrating the LC and GC blocks to 
reduce hyperparameters could improve the model’s prac-
ticality. Additionally, exploring methods for extracting 
spatial signal features to further increase signal decoding 
dimensions is a key direction for future research.
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