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Abstract

Motor imagery electroencephalogram (EEG)-based brain-computer interfaces (BCIs) offer significant advantages for individuals
O with restricted limb mobility. However, challenges such as low signal-to-noise ratio and limited spatial resolution impede accurate
feature extraction from EEG signals, thereby affecting the classification accuracy of different actions. To address these challenges,
C this study proposes an end-to-end dual-branch network (EEG-DBNet) that decodes the temporal and spectral sequences of EEG
signals in parallel through two distinct network branches. Each branch comprises a local convolutional block and a global convolu-
tional block. The local convolutional block transforms the source signal from the temporal-spatial domain to the temporal-spectral
domain. By varying the number of filters and convolution kernel sizes, the local convolutional blocks in different branches adjust
the length of their respective dimension sequences. Different types of pooling layers are then employed to emphasize the features
— 0f various dimension sequences, setting the stage for subsequent global feature extraction. The global convolution block splits and
reconstructs the feature of the signal sequence processed by the local convolution block in the same branch, and further extracts
“|_ features through the dilated causal convolutional neural networks. Finally, the outputs from the two branches are concatenated, and
{ signal classification is completed via a fully connected layer. Our proposed method achieves classification accuracies of 85.84%
() and 91.60% on the BCI Competition IV-2a and BCI Competition I'V-2b datasets, respectively, surpassing existing state-of-the-art
—'models. The source code is available at https://github.com/xicheng105/EEG-DBNet.
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1. Introduction

As a direct pathway for information exchange between the
human brain and computers, brain-computer interfaces (BClIs)
translate neural activity into commands for controlling external
devices [1]. Typically, BCIs extract features from electroen-
cephalogram (EEG) signals, measured by electrodes placed on
the scalp, and convert them into outputs to control devices such
as wheelchairs and displays. Motor imagery EEG (MI-EEG)
is a spontaneous electrical potential generated when subjects
imagine movements without actual movement. MI-EEG-based
BCIs have wide applications in motor control [2], neural reha-
bilitation [3], and specialized environmental operations [4].
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However, decoding MI-EEG poses several challenges. The
limited number of electrodes in acquisition devices results in
low spatial resolution. The prevalent use of non-invasive meth-
ods, driven by safety and portability, introduces isolation be-
tween electrodes and the brain, leading to a low signal-to-noise
ratio (SNR). The low spatial resolution makes methods that
transform signal sequences into topological maps highly sus-
ceptible to the influence of the number of electrodes, with more
electrodes generally improving accuracy [5]. Meanwhile, the
low SNR increases the likelihood of models mistaking noise
for features during training, necessitating robust feature extrac-
tion capabilities. Consequently, data preprocessing is crucial
for traditional machine learning-based EEG decoding methods,
including linear discriminant analysis (LDA) [6], support vec-
tor machine (SVM) [7], naive Bayesian classifier (NBC) [8],
and K-nearest neighbor (KNN) [9]. Preprocessing techniques
such as filtering [10], transformation [11], artifact removal [12],
and electrode selection [13] require specialized knowledge and
significant computational resources.

Deep neural networks offer an integrated approach to data
preprocessing, providing an end-to-end solution for EEG sig-
nal decoding and becoming the mainstream method in the field.
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Convolutional neural networks (CNNs), known for their feature
extraction capabilities in image processing, have been applied
to EEG decoding. Schirrmeister et al. [14] proposed two mod-
els with different complexities: Deep ConvNet and Shallow
ConvNet. Inspired by the filter bank common spatial pattern
(FBCSP) [15], these models augmented the pseudo-spectral di-
mension of raw signals, simulated spectral characteristics via
channel-wise convolution, and compressed the spatial dimen-
sion. Lawhern et al. [16] enhanced the Shallow ConvNet by
introducing depth-wise separable convolution from MobileNet
[17], creating EEGNet, a compact and efficient network that has
become a benchmark in EEG decoding models, with numerous
subsequent models building upon its structure for refinement.
Chen et al. [18] proposed EEG-NeX, which builds upon EEG-
Net by increasing the number of convolutional layers to extract
more temporal feature maps. They replaced separable convo-
lutions with traditional convolutions to enhance feature extrac-
tion accuracy and designed an inverse bottleneck structure for
the convolutional channels to achieve feature reconstruction.
Additionally, they introduced dilated convolutions [19] to im-
prove the network’s receptive field. EEG-NeX demonstrated a
significant improvement in classification accuracy compared to
EEGNet. Ingolfsson et al. [20] proposed EEG-TCNet, which
constructed dilated causal convolutional neural networks (DC-
CNNs) using temporal convolutions [21] and dilated convolu-
tions to enhance feature extraction based on EEGNet. Since
dilated convolutions enhance the receptive field by increasing
network depth, EEG-TCNet incorporated a residual structure
[22] to avoid network degradation issues caused by deeper net-
works. Altaheri et al. [23] introduced ATCNet, which further
builds on EEG-TCNet by incorporating a sliding window for
data augmentation and leveraging a multi-head attention mech-
anism [24] to strengthen the extraction of global signal features.
ATCNet significantly improved the classification accuracy of
signals in the BCI Competition IV-2a dataset.

Some scholars believe that the scale of EEG signal samples
can no longer match the depth of the model’s network. They
tend to improve model performance by increasing the number
of network branches. Salami et al. [25] introduced the Incep-
tion structure [26], utilizing different convolutional kernels to
construct three branches based on EEGNet, thereby increas-
ing the diversity of features extracted from EEG signals. Al-
tuwaijri et al. [27] further enhanced the model by incorporat-
ing squeeze-and-excitation (SE) modules [28] to reconstruct the
relationships between signals within the three-branch network.
Tao et al. [29] developed two network branches using separable
convolutions and traditional convolutions, respectively, to ex-
tract different spectral and spatial information. The branching
structure enables models to simultaneously construct multiple
signal decoding paradigms, thereby improving model perfor-
mance through multi-dimensional signal decoding. Since the
original EEG signals are spatiotemporal two-dimensional sig-
nals lacking a spectral dimension, some researchers have con-
structed the spectral dimension using traditional signal process-
ing techniques instead of convolution. Mane et al. [30] in-
creased the dimensionality of the source EEG through band-
pass filtering, extracted features via convolution, and aggre-

gated temporal information through a variance layer. Li et al.
[31] extracted multi-frequency band information from EEG us-
ing wavelet transform and reconstructed this information using
SE modules. Zhi et al. [32] expanded the spectral domain chan-
nels through filtering and subsequently extracted signal features
in three dimensions: spatial, frequency, and time-frequency do-
mains. Hsu and Cheng [33] employed wavelet transform to re-
construct signal features, enhancing the discrimination of time-
frequency maps.

Significant progress has been made in the decoding tech-
niques for MI-EEG, but further improvements are necessary.
First, the advantage of branch networks lies in their ability to
decode multiple dimensions of a signal simultaneously. Simply
reconstructing multiple temporal sequences using each branch
to enhance the extraction of temporal features does not fully
leverage the strengths of branch networks. Moreover, generat-
ing spectral sequences using traditional signal processing meth-
ods will be re-modeled during the decoding process, which is
not conducive to branch networks training filters based on tem-
poral information to automatically generate spectral sequences
that are adapted for subsequent processing steps. Second, con-
volution and pooling processes compress the sequence length,
serving as a feature extraction process. After compression, each
sample point on the sequence represents an aggregation of adja-
cent samples of the source signal, encapsulating local features
of the original sequence. However, the characteristics of differ-
ent types of MI-EEG are expressed through the entire sequence,
meaning that local features alone cannot adequately represent
MI-EEG.

This study proposes a dual-branch network called EEG-
DBNet, where two network branches parallelly decode the tem-
poral and spectral sequences of the MI-EEG. Each branch con-
sists of a local convolution (LC) block and a global convolu-
tion (GC) block. The LC block re-models the signal sequences
of different dimensions, extracting local features and providing
source signals for the GC block. The GC block extracts global
features specific to different dimension sequences. The main
contributions of this study are as follows:

1. We propose a novel dual-branch network, EEG-DBNet,
which combines parallel multi-dimensional decoding and
serial multi-scale feature extraction techniques to improve
the classification accuracy of MI-EEG signals.

2. For the branches handling signal sequences of different di-
mensions, we arranged different numbers of filters and var-
ious sizes of convolution kernels in the LC blocks to recon-
struct the signal sequences. Additionally, we optimized
the feature representation of signal sequences of different
dimensions by employing different types of pooling layers.
The LC blocks effectively extract local features of the sig-
nals. Compared to the single-branch structure of EEGNet
[16], there is a significant improvement in the accuracy of
signal classification.

3. We enhanced DCCNNs with sequence splitting and fea-
ture reconstruction techniques, constructing GC blocks to
perform global feature extraction on the sequences recon-
structed by LC blocks. Sequence splitting enables DC-



CNNs to simultaneously model multiple feature extrac-
tion paradigms; feature reconstruction for each split sub-
sequence strengthens the expression of subsequence fea-
tures, thereby improving the efficiency of DCCNNSs. Intro-
ducing GC blocks after LC blocks significantly enhances
model performance.

4. Our proposed EEG-DBNet achieved classification accura-
cies of 85.58% and 91.60% in signal classification exper-
iments on the public datasets BCI Competition IV-2a [34]
and BCI Competition IV-2b [35], respectively. These re-
sults surpass previous models and achieve state-of-the-art
performance.

The remainder of this paper is organized as follows: sec-
tion 2 details the proposed EEG-DBNet model; section 3 dis-
cusses the experiments and their results; section 4 provides the
conclusions of this study.

2. Method

The structure of EEG-DBNet is depicted in Figure 1. The
network consists of two branches, each comprising a Local
Convolutional (LC) block and a Global Convolutional (GC)
block. After the signal is processed through these branches, the
outputs are concatenated and classified using a fully connected
(FC) layer.

The input signal X; € R for EEG-DBNet is the standard-
ized original signal Z; € R®*”, where trial i € {1,2,--- ,m}, T
denotes the number of sample points, C is the number of EEG
electrodes, and m is the number of trials
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trained model is then used for classification on Xeg,;-

2.1. Local Convolutional Block

The structure of the LC block in each branch is similar to that
of EEGNet [16], as shown in Figure 2. It consists of three con-
volutional layers: a basic convolutional layer, a depthwise con-
volutional layer, and a separable convolutional layer, along with
two pooling layers. Batch normalization (BN) [36] is applied
after the first convolutional layer to accelerate convergence. BN
and the exponential linear unit (ELU) [37] are applied after the
second and third convolutional layers. The dropout rate [38] is
set to 0.3.
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Figure 1: Structure of the proposed EEG-DBNet model.

MI-EEG

Figure 2(a) illustrates the LC block structure in the temporal
branch. The first convolutional layer applies temporal convolu-
tion using F filters of size (1, K), where F; = 8 and K is set
to one-fifth of the sampling frequency, which is 250Hz in BCI
Competition IV-2a and BCI Competition IV-2b. Thus, K = 48.
This temporal convolution extracts features above SHz, produc-
ing F'| temporal feature maps.

The second convolutional layer performs depthwise convo-
Iution with depth D = 2 and F, x D filters of size (C,1).
This depthwise convolution extracts D spatial features from
each temporal feature map, generating a total of £ x D feature
maps. Next, an average pooling layer of size (1, K/8) further
integrates the temporal features, reducing the signal’s sampling
frequency to approximately 42Hz (250/K/8).

The third convolutional layer employs F filters of size
(1,K/4) to perform separable convolution, where F=F xD.
This separable convolution models the interrelationships of fea-
ture maps with a minimal number of parameters and com-
presses the temporal feature extraction range to approximately
286ms (1000 x K/4/42). Finally, another average pooling
layer of size (1, K/8) reduces the sampling frequency to 7Hz
(42/K/8).

Each F corresponds to a temporal sequence at a specific
frequency, so sample points at the same position in the time-
domain sequences for all ¥ form a spectral sequence. The in-
put signal X; € R is processed by the temporal branch LC
block, resulting in the output X, ; € R**7_ The length of T can
be determined as:
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Figure 2: Structure of the local convolutional blocks. (a) local convolutional block in the temporal branch. (b) local convolutional block in the spectral branch.
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The structure of the spectral branch LC block, as shown in
Figure 2(b), includes twice the number of filters compared to
the temporal branch, specifically 7| = 16, to enhance the fea-
ture representation of the spectral sequence. Consequently, the
length of the spectral sequence also doubles to F = 32. The
filter size is increased to a quarter of the sampling frequency,
i.e., K = 64, which narrows the time-domain range for feature
extraction and thereby shortens the length of the temporal se-
quence T. The length T can be determined as follows:

3)

64xT

- )

The output of this branch can be denoted as X;; € RFXT
This adjustment results in an increased spectral sequence length
and a decreased temporal sequence length from the spectral
branch, aligning its dimensions closely with those of the output
signal from the temporal branch, thereby maintaining the sym-
metry of the branch network. Moreover, as demonstrated by the
experiments in section 3.4, for the spectral sequence, the im-
portance of key sample points in expressing sequence features
outweighs the relationships between sequence sample points.
Therefore, the spectral branch employs max-pooling layers.

2.2. Global Convolutional Block

The GC block extracts global features from the output of the
LC block, as shown in Figure 3. A sliding window (SW) with

a stride of 1 first segments the signal sequences from the cor-
responding network branch into n subsequences. The temporal
branch signal sequence is denoted as 7', and the length of each
subsequence is given by:

I=T-n+1 3)
Thus, The input XL, € RFT of the GC block in the tempo-
ral branch is split into X; y; € RFXT-n+D N € (1,2,...,n), as

illustrated in Figure 3(a). Feature reconstruction for each subse-
quence provides diverse samples for subsequent feature mining
networks, thereby enriching the mined features. We employ
a dimension-reduction version of SE [28] to reconstruct sub-
sequence features. Temporal subsequences first undergo global
average pooling to mask distribution information in the spectral
dimension:

iav,Ni = ﬁiv (XLNi)
R
-~ ZXLNI (])

Subsequently, two FC layers are employed to reconstruct fea-
tures. The first FC layer compresses the sequence length to
[(f" —n+1)/16], and the second FC layer restores the sequence
length to its original state. A rectified linear unit (ReL.U) [39]
activation function follows the first FC layer to speed up net-
work convergence, while a sigmoid activation function follows
the second FC layer to transform the output to a range between
0 and 1, serving as the weight sequence for sampling points. Fi-
nally, the sequence is recalibrated through the Hadamard prod-
uct:

(6)
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Figure 3: The structure of the global convolutional blocks with six sliding windows, four dilated causal convolution layers, and the kernel size is set to 4. (a) global
convolutional block in the temporal branch. (b) global convolutional block in the spectral branch.

Xseni = ficale (XL,NJ, Jex (fsq (f(av,zv,i, Wl) ; Wz))

. A (7

=X/ ni OO (W25 (Wlfiav,zv,i))
where XSE,NJ‘ represent the signals after feature reconstruction,
© denotes the Hadamard product, o represents the sigmoid ac-
tivation function, ¢ denotes the ReLLU activation function, and
W, W, are parameters of the fully connected layers.

The subsequence XSE,N,i after feature reconstruction under-
goes d dilated causal convolutional (DCC) layers, each fol-
lowed by BN and ELU to extract global features. Let the di-
lation rate r for each DCC layer be j, indicating the j-th DCC
layer, and k be the kernel size. The receptive field R of the
DCCNNSs can be determined as follows:

Ri=Ri1+[d-1D)x(k-1)+kl-1 ®)

where Ry 1. To avoid information loss, the receptive field
must be larger than the subsequence length, implying that the

hyperparameters of the DCCNNs must satisfy:
Ri=Rj_1+[d-1Dxk-1)+k]-1

N ©))

>T-n+1

Through the experiments in section 3.4, we determined that the
optimal values for d and k in both branches are 4 and 4, respec-
tively.

The output of each DCC layer is added to the source subse-
quence before being fed into the next DCC layer:

XpN,i = faad (XSE,N,i, Xbcec, j)

. . (10)
={ (XSE,N,i + Xpcc, j)

Xpce,j = foce,j (fadd (XSE,NJ: Xpcc, j—l))
= focc,j ({ (XSE,N,I' +Xpec, j—l))

where j € {2,3,...,d}, { refers to the ELU function, chc, ; de-
notes the j-th DCC layer in the temporal branch, and Xpcc,;

an



is the out put of this DCC layer. This residual structural is
necessary because deep DCCNNs disrupt the sequence, exces-
sively emphasizing backend results, which may strengthen the
“patched” features. The output Xp; € RF”>*T=7+D of the GC
block in the temporal branch is obtained by concatenating n
processed subsequences Xp y; € RF*T=D N € {1,2,...,n).

For the spectral branch, the signal sequence is denoted as F'.
After partitioning using a sliding window, the subsequences can
be represented as

[=F-n+1 (12)

The input X, ; € RF*T of the GC block in the spectral branch
is thus split into X, y; € RED<T N € {1,2,...,n}, as il-
lustrated in Figure 3(b). The spectral subsequence masks the
information in the temporal dimension through global average
pooling

iav,N,i = ﬁiv (XL,N,i>
14
== > Xiwi ().
j=1

The feature reconstruction of the spectral subsequence is
achieved by

Xseni = freate (XL,N,ia Jex (f:q (iav,N,i, Wl) ; Wz))
=X, ni0O0 (W25 (Wliav,zv,i))

(13)

~|

(14)

where XSE,N,,' represent the signals after feature reconstruction,
and W, W, are parameters of the fully connected layers. The
structure and hyperparameters of the DCCNNSs in the spectral
branch are identical to those in the temporal branch; the dif-
ference is that it processes spectral sequences. Therefore, the
receptive field must satisfy

Ri=Rj1+[d-Dxk-1)+kl-1

. 15
>F-n+1. (1%

Combining with (9)
RjZmax{f—n+l,F—n+1} (16)

The output Xp; € R*=+DxT of the GC block in the spectral
branch is obtained by concatenating n processed subsequences
Xpni € REMDXT N €41,2,. .., n}, where

XpNi = faad (XSE,N,i, Xbpec, j)

g g a7
=< (XSE,N,i + XDcc,j)

Xbce,j = foce,j (fadd (XSE,N,ia Xpcc, j—l))
= focc,j (f (XSE,N,i + Xpec, j—l))
foce. ;j denotes the j-th DCC layer in the spectral branch.
Vectorize Xp,; and Xp; to obtain &; € RFT="*D and §;

RYF-n+DT - Concatenate %; and &;, and perform signal classifi-
cation through an FC layer to obtain the predicted label y;

Vi = (W(E X)) (19)

(18)

where ~ denotes concatenate, W is parameters of the FC layer.

3. Experiments

3.1. Datasets

The effectiveness of the proposed EEG-DBNet was validated
through extensive experiments on two public datasets: BCI
Competition IV-2a [34] and IV-2b [35].

BCI Competition I'V-2a consists of two sessions, each com-
prising EEG data recorded using 22 electrodes collected from 9
subjects. Each subject participated in a 4-class motor imagery
EEG experiment, including left hand (L), right hand (R), feet
(F), and tongue (T) imagery. Each subject completed 72 trials
for each class in each session, resulting in a total of 576 trials
per subject. The time segment for each trial is set to [1.5, 6]
seconds. In this study, data from the first session serve as the
training set, while data from the second session serve as the test
set.

BCI Competition IV-2b consists of five sessions, each com-
prising EEG data recorded using three electrodes collected from
9 subjects. Each subject participated in a 2-class motor im-
agery EEG experiment, including left-hand (L) and right-hand
(R) imagery. In this study, data from the first three sessions
serve as the training set, while data from the remaining sessions
served as the test set. Each subject completed 400 trials in the
training set and 320 trials in the test set, resulting in a total of
720 trials per subject. The time segment for each trial is set to
[2.5,7] seconds.

3.2. Experiment Settings

The proposed EEG-DBNet and other comparative models
were trained and tested using the TensorFlow framework, run-
ning on the Intel(R) Xeon(R) Gold 6248R CPU @ 3.00GHz and
NVIDIA A10 GPU. Both datasets utilized data from all EEG
channels, excluding three electrooculography (EOG) channels.
All models were trained using the Adam optimizer with a learn-
ing 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. The best-performing round out of ten training rounds,
based on test results, was selected for evaluation.

The evaluation metrics used were classification accuracy P,
and the kappa value K. The classification accuracy P, is defined
as:

S TPi/l;
B n

P, (20)

where TP; denotes the number of correctly predicted (true pos-
itive) samples in class i, /; is the number of samples in class i,
and n is the number of classifications. The kappa value K is
defined as:
pP,-P
1-P
where P indicates the hypothetical probability of chance agree-
ment.

K =

2y

3.3. Performance Comparison

The proposed EEG-DBNet is compared with six state-
of-the-art methods in recent years: EEGNet[16], EEG-
NeX[18], EEG-ITNet[25], EEG-TCNet[20], MBEEGSE[27],



Table 1: Classification Performance (P,(%) and K) on BCI Competition IV-2a for the Proposed EEG-DBNet with Other Models

Subject EEGNet[16] EEG-NeX[18] EEG-ITNet[25] EEG-TCNet[20] MBEEGSE[27] ATCNet[23] EEG-DBNet
P, K P, K P, K P, K P, K P, K P, K
Al 89.32 0.8577 85.05 0.8007 86.48 0.8197 85.05 0.8007 90.39 0.8719 88.61 0.8481 90.75 0.8766
A2 6325 05103 71.02 0.6136 67.84 0.5714 6431 0.5246 65.37 0.5386 73.85 0.6516 74.56 0.6610
A3 94.87 0.9316 96.34 09512 95.60 0.9414 9341 09121 95.60 0.9414 97.44 0.9658 97.44 0.9658
A4 67.54 0.5666 85.09 0.8009 74.12 0.6543 70.18  0.6021 75.88 0.6781 81.58 0.7539 82.46 0.7659
A5 75.00 0.6664 81.52 0.7535 77.90 0.7050 77.90  0.7053 77.54 0.6999 80.80 0.7443 82.61 0.7678
A6 6093 04792 63.72 0.5163 64.19 0.5229 62.79  0.5036 61.40 0.4852 73.95 0.6525 75.35 0.6713
A7 89.89 0.8654 90.61 0.8749 90.97 0.8797 88.45  0.8461 93.14 0.9086 93.50 09134 91.34 0.8844
A8 87.82 0.8377 83.39 0.7786 83.03 0.7737 82.66 0.7688 88.56 0.8475 90.04 0.8671 88.93 0.8524
A9 81.44 0.7523 84.09 0.7878 85.23 0.8030 84.09 0.7878 85.98 0.8130 89.77 0.8635 89.39 0.8586
StD." 11.93 0.1592 9.18 0.1224 9.86 0.1315 10.16  0.1355 11.52 0.1537 7.90 0.1053 7.23 0.0963
Mean 78.90 0.7186 82.32 0.7642 80.60 0.7412 78.76  0.7168 81.54 0.7538 85.50 0.8067 85.87 0.8115

* Standard deviation.

Table 2: Classification Performance (P,(%) and K) on BCI Competition IV-2b for the Proposed EEG-DBNet with Other Models

Subject EEGNet[16] EEG-NeX[18] EEG-ITNet[25] EEG-TCNet[20] MBEEGSE[27] ATCNet[23] EEG-DBNet
P, K P, K P, K P, K P, K P, K P, K
Bl 79.82 0.5970 80.70 0.6127 82.46 0.6498 80.26  0.6074 82.02 0.6420 81.58 0.6320 85.09 0.7019
B2 7143 0.4282 77.14 0.5428 75.51 0.5102 7551  0.5101 7143 0.4282 73.06 0.4607 75.10 0.5018
B3 90.00 0.7998 92.61 0.8515 90.00 0.7979 90.87  0.8168 88.26 0.7652 90.87 0.8172 91.74 0.8339
B4 98.37 0.9674 99.02 0.9805 98.70 0.9739 98.70  0.9739 98.70 0.9739 99.02 0.9805 98.37 0.9674
B5 99.63 0.9927 99.63 0.9927 98.53 0.9707 98.53  0.9707 98.53 0.9707 100.00 1.0000 99.27 0.9853
B6 93.63 0.8723 92.03 0.8406 90.44 0.8083 89.24  0.7842 92.03 0.8403 90.04 0.8009 92.43 0.8483
B7 95.69 0.9138 94.83 0.8966 94.40 0.8879 94.83  0.8966 94.83 0.8966 96.55 0.9310 95.26 0.9052
B8 95.22 0.9043 96.09 0.9217 96.52 0.9303 94.35 0.8869 9522 0.9042 9522 0.9043 96.96 0.9390
B9 89.80 0.7959 89.80 0.7958 88.16 0.7629 89.80  0.7958 91.02 0.8203 90.20 0.8039 90.20 0.8038
StD." 922 00721 7.12 0.0556 8.04 0.0630 8.14 0.0624 9.46 0.0805 8.92 0.0670 8.35 0.0661
Mean 90.40 0.8079 91.32 0.8261 90.52 0.8102 90.23  0.8047 90.23 0.8046 90.73 0.8145 91.60 0.8318
* Standard deviation.
and ATCNet[23]. EEGNet, a classic method for decoding MI- N
EEG, is widely regarded as a benchmark. EEG-NeX is an L doss 00s 004 002
improved version of EEGNet. The other models share struc- L4 o093 0.09 08
tural similarities with the proposed method. EEG-ITNet and T R006 085 005 004 L o
MBEEGSE utilize a branched architecture, while EEG-TCNet = )
and ATCNet include modules for extracting global features. We E F 003 005 08 006 L o4
reproduced all these methods on the BCI Competition IV-2a Rq 007 02t
and IV-2b datasets based on the model parameters described in T 005 004 005 B L 0.2
the original papers. i 2 B T L R L

Table 1 and Table 2 present the experimental results for each
model on the BCI Competition IV-2a and IV-2b datasets, re-
spectively. EEG-DBNet achieved the best results on the BCI
Competition IV-2a dataset. ATCNet’s performance was close
to that of EEG-DBNet, with a significant increase in accuracy
compared to other methods. Notably, EEG-DBNet also had the
lowest standard deviation, indicating its superior generalization
capability. Similarly, EEG-DBNet achieved the best results on
the BCI Competition IV-2b dataset. Given that the BCI Com-
petition IV-2b dataset is derived from a binary classification
task, which is simpler compared to the four-class classification

Predicted label Predicted label

(@ (b)

Figure 4: Confusion matrices of EEG-DBNet. “L” stands for left hand, “R”
stands for right hand, “F” stands for feet, and “T” stands for tongue. (a) BCI
Competition IV-2a. (b) BCI Competition IV-2b.

in BCI Competition I'V-2a, all methods attained relatively high
classification accuracy. In this dataset, EEG-NeX performed



comparably to EEG-DBNet and demonstrated the best general-
ization. EEG-DBNet outperformed other methods by a margin
of one percentage point. Overall, the proposed EEG-DBNet
achieved optimal results on both datasets, demonstrating its ex-
cellent EEG decoding capabilities. The confusion matrix for
EEG-DBNet is shown in Figure 4.

3.4. Ablation Experiments

The effectiveness of each module of EEG-DBNet was vali-
dated through ablation experiments on the BCI Competition I'V-
2a. As shown in Table 3, the dual-branch network, which em-
ploys average pooling for temporal sequences and max pooling
for spectral sequences (LC block), improves accuracy by 3.5%
over the single-branch network, achieving 82.43%. This indi-
cates that the dual-branch network has superior feature extrac-
tion capabilities, which are achieved by constructing diversified
CNNs. The introduction of DCCNNs further enhances accu-
racy by 0.35%, reaching 82.78%, demonstrating that DCCNNs
serve as a valuable supplement to CNNs. The key difference
between DCCNNs and CNNs is that DCCNNSs increase the re-
ceptive field by adding network depth, thereby enhancing the
network’s global feature extraction ability.

Table 3: Contribution of EEG-DBNet blocks for BCI Competition IV-2a

Block P.(%)" K
Single-branch (EEGNet[16]) 78.90 0.7186
Dual-branch (LC") 82.43 0.7656
LC!'+GC without SE and SW 82.78 0.7703
LC!'+GC without SE 84.39 0.7918
LC!'+GC without SW 83.61 0.7814
LC2+GC 83.16 0.7754
LC3+GC 82.85 0.7713
LC*+GC 81.90 0.7587
LC!+GC (EEG-DBNet) 85.87 0.8115

* Average of nine subjects.

' 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.

Splitting the sequence into six subsequences and then ex-
tracting features from these using DCCNNs improves the
model’s classification accuracy by 1.61%, reaching 84.39%.
This suggests that sequence splitting enables DCCNNSs to con-
struct different feature extraction paradigms and increase fea-
ture diversity. By reconstructing the features of the sequence
and then extracting features using DCCNNSs, the model’s clas-
sification accuracy improves by 0.83%, reaching 83.61%. This
indicates that remodeling the relationships between sequence
samples helps DCCNNs more accurately extract signal fea-
tures. When both sequence splitting and feature reconstruc-
tion are used simultaneously, DCCNNs processing the recon-
structed subsequences can improve the model’s classification
accuracy by 3.09%, surpassing the sum of their individual ef-
fects (1.61%+0.83% = 2.44%), reaching 85.87%. This demon-
strates that reconstructed subsequences can enhance the effi-
ciency of DCCNN:S in constructing different feature extraction

paradigms. The introduction of the GC block based on DCC-
NN significantly improves model performance, increasing ac-
curacy 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 3 shows that the model performance is
highly sensitive to the type of pooling layer used for differ-
ent signal dimensions. If both network branches utilize aver-
age 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 tempo-
ral branch and average pooling in the spectral branch, accuracy
drops by 3.97%, reaching 81.90%, which is even lower than the
performance of the network composed solely of LC. Therefore,
we deduce that for spectral sequences, specific sample points
better reflect the sequence characteristics than the relationships
between multiple sample points. Conversely, for temporal se-
quences, the relationships between sample points are more im-
portant than individual points. As a result, average pooling is
more suitable for temporal sequences, while max pooling is
more appropriate for spectral sequences.

3.5. Parameter Sensitivity

The GC block has four hyperparameters: the stride s of the
sliding window, the number of sliding windows 7, 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 determined to segment the se-
quence into n parts based on its length. We conducted 36 ex-
periments on the BCI Competition IV-2a with s € {1,2, 3} and
n € {2,3,4,5}, matching the conresponding k and d according
to the constraints of (16). We recorded the average P, (P,) and
average K (K) across nine subjects to evaluate the impact of
different s values on the GC block. The experimental results
are illustrated in Figure 5, where the results of the 36 experi-
ments are divided into three groups based on different s values.
It can be observed that as the s increases, the classification ac-
curacy of the model on the signal decreases. This is likely due
to the larger stride accentuating the differences in the features
of each subsequence. Therefore, we set s = 1, and then choose
n e {2,3,4,5,6,7,8} to select all d and k that satisfy the con-
strains of (16) for our experiments. The results, as shown in
Figure 6, indicate that d = 4 and k = 4 meet the constraint con-
ditions 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 P, = 83.42% and
K = 0.7789, and it performs bestat d = 4, k = 4, n = 6 with
P, = 85.87% and K = 0.8115. Consequently, we set the four
hyperparameters of the GC blockto s = 1, d = 4, k = 4, and
n = 6.

4. Conclusion and Discussion

This study proposes EEG-DBNet, a dual-branch network
structure designed to parallelly decode the temporal and spec-
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Figure 5: Classification performance (P,(%) and K) on BCI Competition IV-2a
for different values of s.
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Figure 6: Classification performance (P,(%) and K) on BCI Competition IV-2a
for various hyperparameters (s = 1).

tral sequences of MI-EEG, accurately discerning subjects’ mo-
tor intentions. The temporal sequences alone provide limited
signal features; thus, a multi-dimensional exploration of these
features is crucial for enhancing model performance. The paral-
lel dual-branch network is essential 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 findings indicate that using different
types of pooling layers for sequences of varying dimensions
significantly impacts model performance. Specifically, employ-
ing an average pooling layer in the temporal branch and a max
pooling layer in the frequency branch enables optimal model
performance. We infer that incorporating information from all
samples within the pooling range better represents the temporal
sequence characteristics, while the maximum value of the sam-
ples within the pooling range more effectively captures signal
fluctuation amplitudes, thereby better representing frequency
sequence characteristics.

The value of DCCNNSs lies in their ability to adjust the net-
work’s receptive field, addressing the “breadth” issue in signal
decoding. Sequence splitting allows DCCNNs to train mul-
tiple signal decoding models, extracting features from each
subsequence and thus enhancing the network’s ability to cap-
ture global features in terms of “depth.” High similarity be-
tween subsequences hinders the training of diverse feature ex-
traction models in DCCNNSs. Feature reconstruction of subse-
quences increases their diversity while maintaining continuity,
thereby improving the model’s efficiency in extracting global
features. Sequence splitting and feature reconstruction effec-
tively strengthen DCCNNS, and fine-tuning DCCNN hyperpa-
rameters according to sequence length significantly improves
model performance.

In summary, the design of EEG-DBNet is effective, with each
module significantly enhancing model performance. Experi-
ments on two public datasets achieved optimal results. How-
ever, the numerous hyperparameters in EEG-DBNet make the
tuning process cumbersome. Integrating the LC and GC blocks
to reduce hyperparameters could improve the model’s practi-
cality. 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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