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Subject-Independent Deep Learning Framework
for Motor Imagery Electroencephalogram
Decoding in Neurorehabilitation

Xicheng Lou, Xinwei Li, Hongying Meng, Senior Member, IEEE, and Zhangyong Li

Abstract— Motor imagery (MI) has emerged as a pivotal
paradigm in non-invasive brain-computer interfaces (BCls)
for neurorehabilitation, enabling motor function restoration
through mental rehearsal of movements. However, tradi-
tional Ml electroencephalogram (EEG) classification mod-
els face significant challenges due to high inter-subject
variability and the expensive requirement of annotated EEG
data for each new subject. To tackle these limitations,
we introduce a deep learning framework, the Dual-branch
Subject-aligned Generalization Network (DSGNet). DSGNet
simultaneously extracts temporal and spectral EEG fea-
tures through dual complementary convolutional branches
and incorporates a novel class alignment loss to en-
force domain-invariant representation across subjects, en-
abling generalization to unseen individuals without requir-
ing subject-specific labeled data. We evaluate DSGNet on
four public MI-EEG datasets—OpenBMI, BClI Competition
IV 2a, SHU Version 5, and BCl Competition IV 2b—under
a rigorous leave-one-subject-out cross-validation protocol.
Experimental results show that DSGNet achieves the high-
est accuracy on the three-class and four-class datasets,
with improvements of 0.22% and 2.15% over the strongest
baselines, respectively, while maintaining comparable per-
formance on the binary-class dataset. These findings high-
light the effectiveness of class-structure alignment in de-
veloping reliable subject-independent BCI systems for neu-
rorehabilitation. The source code is available at: https:
//github.com/xichengl05/DSGNet.

Index Terms—motor imagery (MI), electroencephalo-
gram (EEG), brain—-computer interfaces (BCls), domain gen-
eralization
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[. INTRODUCTION

N recent years, brain—computer interfaces (BCIs) based

on electroencephalography (EEG) have shown promising
applications in neurorehabilitation by enabling motor-impaired
individuals to interact with external devices through mental
activities [1]. Among various paradigms, motor imagery (MI)
has attracted considerable interest due to its noninvasive nature
and its capacity to elicit consistent neural activation in the
sensorimotor cortex [2], [3]. Despite these advantages, build-
ing subject-independent MI-BCI systems that generalize well
across users remains an open challenge [4].

A key difficulty lies in the considerable variability in EEG
signals across subjects, arising from anatomical, physiological,
and cognitive differences [5]. These variations impair the
consistency of neural representations and pose significant
challenges to feature extraction models. As a result, deep
learning models trained on pooled data often suffer severe
performance degradation when applied to unseen subjects [6].

Although recent advances in domain adaptation and domain
generalization have aimed to alleviate such cross-subject vari-
ability, many of these methods exhibit limitations that hinder
their effectiveness in MI-EEG decoding. Specifically, domain
adaptation approaches often rely on adversarial training or
pseudo-labeling strategies, which can be unstable or error-
prone in the presence of noisy or limited target data [7].
Domain generalization methods, while not dependent on target
domain access, typically focus on global feature alignment
and neglect the modeling of class-level semantics—a crucial
factor for maintaining discriminability across domains [8].
Consequently, features from different classes may become
entangled, resulting in suboptimal classification performance.

To address these limitations, we propose a deep learning
framework named Dual-branch Subject-aligned Generalization
Network (DSGNet) for subject-independent MI-EEG classifi-
cation. DSGNet consists of two complementary convolutional
branches that separately capture temporal and spectral char-
acteristics of EEG signals: the temporal branch models se-
quential dynamics over time, while the spectral branch focuses
on simulated frequency-specific patterns through learned con-
volutional filters. This dual-branch design enables the model
to extract richer and more complementary representations for
motor imagery decoding.

More importantly, to improve cross-subject generalization,

For the purpose of open access, the author(s) has applied a Creative Commons Attribution (CC BY) license to any Accepted Manuscript version arising.


https://github.com/xicheng105/DSGNet
https://github.com/xicheng105/DSGNet

IEEE TRANSACTIONS AND JOURNALS TEMPLATE

we introduce a novel class alignment loss that explicitly
preserves semantic class structure across subjects. By si-
multaneously promoting intra-class compactness, inter-class
separability, and cross-subject class-center consistency, this
loss encourages the learning of feature representations that are
both discriminative and domain-invariant. As a result, DSGNet
can better mitigate subject-level variability and maintain robust
performance on unseen individuals.
Our main contributions are threefold:

1) We introduce DSGNet, a subject-independent MI clas-
sification model that unifies temporal-spectral feature
extraction with structure-aware alignment objectives.

2) We propose a class alignment loss that preserves seman-
tic structure across subjects, enabling the model to learn
more consistent and generalizable representations.

3) We validate our method on four benchmark MI-EEG
datasets—BCI Competition IV 2a [9], BCI Competition
IV 2b [9], SHU Version 5 [10], and OpenBMI [11]—un-
der a rigorous leave-one-subject-out protocol, achieving
superior performance over competitive baselines.

The remainder of this paper is structured as follows: Section

IT reviews related work on MI-BCI and subject-independent
learning. Section III details the proposed DSGNet framework.
Section IV presents experimental design and results. Section V
discusses the insights and implications of our findings. Section
VI concludes the paper.

[l. RELATED WORK
A. Motor Imagery EEG Classification

Motor imagery (MI) EEG classification is a fundamental
task in noninvasive brain—computer interface (BCI) systems.
Traditional machine learning approaches typically involve two
stages: feature extraction and classification. Widely used meth-
ods include common spatial pattern (CSP) and its extension,
filter bank common spatial pattern (FBCSP), which decompose
EEG signals to extract discriminative spatial features across
frequency bands [12], [13]. These handcrafted features are
often combined with shallow classifiers such as linear discrim-
inant analysis (LDA) or support vector machines (SVM) to
perform MI decoding [14], [15]. Although these pipelines per-
form well in subject-dependent scenarios, their generalization
to unseen subjects is limited due to inter-subject variability in
brain dynamics. Moreover, their performance often heavily re-
lies on handcrafted features and expert-designed preprocessing
pipelines, which may not be optimal across different datasets
or users [16], [17].

To address these limitations, deep learning models have
been introduced to learn discriminative representations directly
from raw or minimally processed EEG data. Architectures
such as EEGNet [18], ConvNet [19], and EEGNeX [20]
extract hierarchical temporal-spatial patterns and have been
widely applied to MI classification tasks. More recent models
integrate attention mechanisms [21]-[23], residual connections
[24], [25], or multi-branch structures [26], [27] to enhance rep-
resentational power. However, deep models trained on pooled
data may still overfit to specific subject distributions and suffer
performance drops when applied to unseen individuals [28].

B. Domain Adaptation Methods

Domain adaptation (DA) has become a prominent strat-
egy for improving subject-independent EEG classification by
leveraging labeled data from source domains to enhance
performance on unlabeled or sparsely labeled target subjects.
A typical approach is to align the marginal feature distributions
across domains using adversarial learning frameworks. For in-
stance, Zhao et al. [29] introduced a deep representation-based
domain adaptation (DRDA) model that employs a feature
extractor, domain discriminator, and center loss to reduce both
domain discrepancy and intraclass variation. Similar adversar-
ial strategies are adopted in MI-CAT [30], which integrates a
Transformer-based temporal encoder with a domain classifier
to achieve domain-invariant sequence modeling.

Beyond single-source settings, recent efforts have extended
to multi-source domain adaptation (MSDA). Methods like
DAMSDAF [31] and MSDDAEEF [32] aggregate information
from multiple source domains to mitigate the negative effects
of source heterogeneity. These frameworks often rely on
domain-specific classifiers or attention mechanisms to weigh
the relevance of each source with respect to the target. For
instance, MI-DAGSC [33] incorporates both marginal and
conditional distribution alignment, together with semantic con-
sistency constraints, to improve MI decoding across datasets.

Despite their success, most existing DA methods focus
primarily on aligning global distributions, without explicitly
modeling the semantic class structures. As a result, features
from different classes may become indistinguishable after
adaptation, especially when class boundaries differ across do-
mains. Moreover, the reliance on adversarial training or target
pseudolabeling may lead to instability or error propagation in
the presence of noisy target data.

C. Domain Generalization Methods

Unlike DA, which assumes access to unlabeled or partially
labeled target data during training, domain generalization
(DG) aims to build models that generalize to unseen domains
without any exposure to target domain samples. This makes
DG especially attractive for real-world MI-BCI applications
where collecting new subject data is costly or impractical.

Recent DG methods explore architectural and objective-
level strategies to mitigate inter-subject variability.
Transformer-based models, such as ST-DG [34], utilize
spatial and temporal attention blocks to capture discriminative
patterns while incorporating domain generalization via a
gradient reversal layer. Other works leverage ensemble-style
designs; for example, Song et al. [35] proposed a multi-branch
classification network with a score and gate mechanism to
adaptively integrate features from latent distributions. Some
approaches incorporate feature-level regularization: FDCL
[36] enforces category-oriented feature decorrelation and
consistency across augmented views to promote subject-
invariant representations. Contrastive learning is adopted
in in SCLDGN [37] to pull together samples of the same
class from different domains, aided by domain-specific
batch normalization. EEG-DG [38] enhances cross-subject
generalization by combining shared and domain-specific
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branches with distribution-level constraints that encourage
intra-domain compactness and inter-domain separation.

Compared with DA, DG avoids reliance on potentially un-
stable pseudo-labeling or target adaptation, and instead empha-
sizes intrinsic robustness through domain-invariant learning
objectives and cross-domain consistency constraints.

Despite the progress achieved by existing domain gen-
eralization methods, several challenges remain unresolved.
Many approaches rely on complex architectures or auxil-
iary objectives that may increase computational burden or
complicate optimization. Others neglect the explicit modeling
of class-level semantic structures across domains, which is
crucial for maintaining discriminability in cross-subject MI-
EEG decoding. These limitations highlight the need for a
unified framework that can extract complementary features
while aligning class semantics across subjects in a stable and
interpretable manner.

[1l. METHOD

We propose a novel deep learning framework, DSGNet,
to address the challenge of subject-independent motor im-
agery EEG classification. As illustrated in Fig. 1, the model
adopts a dual-branch architecture that captures temporal and
spectral representations in parallel, enabling the extraction of
rich and complementary features. To enhance generalization
across subjects, a class alignment loss is further introduced to
encourage the learning of discriminative and domain-invariant
representations.

Class Alignment Loss DSGNet
e Classification Loss
—
—
r
L |
Concatenate Full Connected E
[ H
I L""""l [ J""""'l i
\ Temporal Branch | | Spectral Branch || |
1 1 1 1 1
1 1 1 1 1
i Global P Global ol
! | Convolutional | ¢ 1 HConvolutional | } i
. Block i ! Block B
1 1 1 1 1
1 1 1 1 1
| e 1 .
i Local 1 Local .
! | Convolutional | } ! [JConvolutional | }| !
i Block N Block il
1 1 1 1 1
1 ] : 1 1

Fig. 1: Overview of the proposed MI-EEG
framework.

classification

DSGNet is trained on a set of labeled EEG segments
{Xi,yi}iv,, where each input X; € R'E*T represents a
single EEG segment with E electrodes and T’ timepoints,
and y; denotes the corresponding class label. After training,
the model is used to perform classification on unseen test
segments.

A. Dataset and Preprocessing

We evaluate our model on four publicly available MI-
EEG datasets: the BCI Competition IV 2a (BCI42a) [9], BCI
Competition IV 2b (BCI42b) [9], SHU Version 5 (SHUvS)
[10], and OpenBMI [11].

The BCI42a dataset consists of four-class MI-EEG record-
ings (left hand, right hand, feet, and tongue) from 9 subjects,
using 22 EEG channels at a sampling rate of 250 Hz. The
BCI42b dataset includes two-class MI recordings (left and
right hand) from 9 subjects, recorded with 3 bipolar EEG
channels (C3, Cz, C4), also sampled at 250 Hz. Following the
official protocol, files ending with “T” are used for training
and those ending with “E” for validation. Under the leave-
one-subject-out (LOSO) evaluation, all T and E files of the
held-out subject are merged as the test set.

The SHUvS dataset was collected from 62 healthy par-
ticipants performing upper-limb or upper-and-lower-limb MI
tasks. In this study, we use only the 11 subjects who partic-
ipated in the three-class MI paradigm. Each subject contains
three sessions; sessions 1-2 are used for training, and session
3 is used for validation, while all three sessions of the held-out
subject are used as the test set. SHUVS was originally recorded
at 1000 Hz; we downsample the signals to 250 Hz and apply
a 0.5-40 Hz band-pass filter before trial segmentation.

The OpenBMI dataset provides large-scale EEG recordings
for ERP, MI, and SSVEP paradigms. We only use the MI
portion, which includes 54 subjects, each with two MI sessions
recorded at 1000 Hz using 20 EEG channels. Each session
contains multiple trials of left- and right-hand motor imagery.
Following the LOSO protocol, data from session 1 and session
2 of all subjects except the held-out subject are used for
training and validation, and all MI trials from both sessions
of the test subject are used as the test set. All OpenBMI EEG
signals are downsampled to 250 Hz and filtered using a 0.5-40
Hz band-pass filter.

For all datasets, we extract 4-second EEG segments aligned
to each motor imagery trial after preprocessing. A summary
of dataset characteristics and preprocessing procedures is
provided in Table I.

TABLE I: Summary of the Four MI-EEG Datasets and Pre-
processing Protocols

Dataset Subjects S.R. (Hz) Channels Classes S.P.
OpenBMI 54 2501 20 2 LOSO#
BCI42b 9 250 3 2 LOSOT
SHUV5 11 2508 58 3 LOSO*
BCl42a 9 250 22 4 LOSOf

S.R.: Sampling Rate; S.P.: Split Protocol.

% Original sampling rate is 1000 Hz and resampled to 250 Hz.

# Session 1 and session 2 of all non-held-out subjects are used for training
and validation; all MI trials from both sessions of the held-out subject are
used as the test set.

T Files ending with “T” are used for training and those ending with “E” for
validation; all recordings of the held-out subject are combined as the test
set.

f Sessions 1-2 for training, session 3 for validation; all three sessions of
the held-out subject are used as the test set.
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Fig. 2: The architecture of the Local Convolution Block in DSGNet.

B. Architecture of the DSGNet Model

The proposed DSGNet is designed to extract discriminative
and generalizable features from motor imagery EEG signals in
a subject-independent setting. DSGNet adopts a dual-branch
architecture, consisting of a temporal branch and a spec-
tral branch, which respectively focus on capturing temporal
dynamics and convolutionally simulated frequency-sensitive
patterns. Each branch is composed of two stages: a local
convolution block for extracting low-level spatial-temporal
or spatial-spectral features, and a global convolution block
for modeling higher-order dependencies via attention and
causal convolutions. By separating the learning of temporal
and spectral representations and enhancing them with global
modeling mechanisms, DSGNet enables more expressive and
complementary feature extraction, which is crucial for han-
dling the substantial inter-subject variability inherent in EEG
data. The outputs of the two branches are concatenated and
projected into the class space through a fully connected layer
to perform final classification.

1) Local Convolution Block: The local convolution block is
designed to extract low-level modality-specific features from
EEG signals. In DSGNet, two separate local convolution
blocks are employed for the temporal and spectral branches,
each tailored to its respective modality. Both branches share a
similar structure that consists of three types of convolutional
layers applied in sequence: a standard convolution layer to
model local receptive fields, a depthwise convolution [39]
layer to capture spatial relationships across electrodes, and a
separable convolution [39] layer to increase nonlinear model-
ing capacity with fewer parameters.

The overall structure of the local convolution block is illus-
trated in Fig. 2, where the temporal and spectral branches are
independently constructed but structurally analogous. Specifi-
cally, the temporal branch employs an initial convolution with
8 filters and a kernel size of 1 x 64, while the spectral branch
uses 16 filters and a kernel size of 1 x 96, allowing each

branch to focus on the dominant patterns in its corresponding
domain. Following the depthwise convolution with a kernel
size of £ x 1 and a depth of 2, a separable convolution is
applied with kernel sizes of 1 x 16 (temporal) and 1 x 24
(spectral). Each convolutional layer is followed by batch
normalization [40], ELU activation [41], dropout [42], and
a pooling layer—average pooling in the temporal branch
and max pooling in the spectral branch. This asymmetric
pooling strategy reflects the differing statistical characteristics
of temporal and spectral EEG features and has been found
beneficial for enhancing modality-specific discriminability. We
will further analyze the impact of different pooling types on
model performance in Section V-B.

The output of each branch preserves essential temporal or
spectral resolution, and serves as the input to the corresponding
global convolution block for high-level feature modeling.
Specifically, the output of the temporal branch is denoted as
X; € REXT | and that of the spectral branch as X; € RO*T
where C =16 and C = 32 are the number of feature channels,
and T and T represent the sequence lengths of the temporal
and spectral features, respectively.

2) Global Convolution Block: The global convolution block
is designed to extract high-level features from the modality-
specific representations generated by the local convolution
block. Given the localized nature of EEG dynamics, di-
rectly applying global convolutions may dilute discriminative
temporal or spectral patterns. To mitigate this, we adopt a
sliding window strategy with stride 1 that segments the feature
map into N overlapping subsequences, enabling finer-grained
modeling. Taking the temporal branch as an example, the n-th
subsequence can be denoted as Xm € RCX(T_N +1), where
ne{l,2,---,N} and C is the number of feature channels.
These overlapping slices provide diverse and complementary
views of the signal, encouraging the network to learn position-
aware representations. An overview of the global convolution
block structure is illustrated in Fig. 3(a).
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Fig. 3: The architecture of the Global Convolution Block and the associated class alignment loss in DSGNet. (a) Structural
overview of the Global Convolution Block in both temporal and spectral branches. (b) Illustration of the proposed class
alignment constraints, including intra-class compactness, inter-class separability, and cross-subject class-center consistency.

To process each subsequence individually and emphasize
discriminative content, we introduce a dimension-reduced
squeeze-and-excitation (SE) [43] module for adaptive feature
recalibration. Since not all temporal (or spectral) regions
contribute equally to classification, it is necessary to highlight
informative patterns while suppressing noise and redundancy.
The SE module achieves this by generating a data-driven
attention mask that selectively amplifies salient activations
within each subsequence.

Concretely, for a given subsequence Xm-, we first compute
the temporal average across channels:

)A(avm,i = fav (Xn,i)

c._ (1)
Xﬂqi (]) 9

=1

Q=

j
producing a descriptor Xay i € RlX(TA*N +1). This vector is
passed through two fully connected layers with ReLU (9) [44]

and Sigmoid (o) [45] serving as the activation functions:
(6 ()A(av,n,i : Wl) . W2) .

This produces a temporal weighting vector W, ;

Wni =0

2)

S

RV (T-N “), with W1 and W, denoting the weight matrices
of the two fully connected layers. Finally, the recalibrated
subsequence is obtained via element-wise multiplication:
XsEni = Xni © Wni, 3)
where © denotes broadcasting along the channel dimension.

This recalibration enables the model to focus on discrim-
inative fragments within each window, which is especially
valuable in EEG signals where salient patterns are transient
and localized. The SE-enhanced outputs thus provide a more
informative input to the subsequent dilated convolution layers
for global context modeling.

The recalibrated subsequences are then passed through a
stack of d dilated causal convolutional (DCC) layers with
increasing dilation rates. Each layer is followed by batch
normalization, ELU (() activation, and residual connections.
The cumulative receptive field after applying d DCC layers
with kernel size k is computed as:

RdZRd,1+[(d—1)(k‘—l)+k’]—1, 4)

with Ry = 1, and must satisfy R; > T — N +1 to cover the
entire subsequence.



This article has been accepted for publicaton in IEEE Journal of Biomedical and Health Informatics. This is the author's version which has not been fully edited and

IEEE TRANSACTIONS AND JOURNALS TEMPLATE

To mitigate gradient vanishing and facilitate deep feature
learning, residual connections are incorporated across the
DCC layers. Specifically, the output of each DCC layer is
added to the original SE-enhanced subsequence via residual
connections before being passed to the next layer:

Xpoc.d = fadd (XSE,n,i,XDCC,d—1>
. N )
=( (XSE,N,i + XDcc,dq) ,

where XDCC’d is the output of the last DCC layer, After
passing through all d DCC layers, the final output of the
residual stack is again combined with the original input to
form the refined representation for the n-th subsequence:

Xponi = fadd (XSE,nmXDCC,d>
=( (XSEnz + XDCC,d) ,

RC‘X(T—N-H)

(6)

where )A(D,nﬂ» S denotes the final output of
the n-th subsequence after residual refinement. After DCC
processing, n output subsequences are concatenated to yield
the global representation XD,Z- € ]RCXN(T*NH)._ )

For the spectral branch, the input X; € REXT s pro-
cessed in an analogous manner, with a key difference in the
modeling direction. Since this branch focuses on spectral-
domain dynamics, we segment the input along the spectral
axis us1ng a sliding window. Each n-th subsequence is denoted
as X, ni € R(C-N+1)xT  The subsequent steps, including
SE and DCC, are applied to these spectral-domain sequences
accordingly.

After global feature extraction, the outputs from the tempo-
ral and spectral branches are vectorized into one-dimensional
feature vectors: x; € RENT—N+1) and %, € RN(CE-N+1)T
These vectors are then concatenated to form a unified repre-
sentation for the i-th segment, which is passed through a fully
connected layer to produce the class logits:

z; = W (%, %) + b, )

where — denotes vector concatenation, and W and b are
the weight and bias parameters of the fully connected layer.
The output z; € RY represents the unnormalized logits over
C classes for the i-th input segment, which are used for
cross-entropy-based training. The predicted class label can be
obtained as:

U; = arg rné%x Zi c- (8)

C. Class Alignment Loss

Cross-subject classification of MI-EEG remains challenging
due to inherent variability in neural representations among
individuals. These variations, caused by anatomical and cog-
nitive differences, often lead to feature distributions that
differ significantly between subjects, thereby hindering the
generalization of learned models. To address this issue, it
is essential to learn discriminative features that can separate
different motor imagery classes effectively, while also ensuring
that these features are domain-invariant, i.e., robust to subject-
specific differences.

To this end, we propose a class alignment loss that jointly
optimizes three objectives: encouraging features within the
same class to be compact regardless of subject, i.e., intra-
class compactness; pushing features from different classes
apart, i.e., inter-class separability; and aligning class centers
across subjects to reduce inter-subject variability, i.e., cross-
subject class-center consistency. This composite loss guides
the model to learn representations that are both semantically
meaningful and generalizable, facilitating reliable decoding on
unseen subjects, as shown in Fig. 3(b).

We define the final feature vector for the ¢-th training sample
as the concatenation of vectorized outputs from the temporal
and spectral branches:

fi =% x;. )
Each sample is associated with a class label y; €
{1,2,---,C%} and a subject identity s € {1,2,---,S5}. For
each class c and subject s, we define the subject-specific class

center as: 1
p=— > f (10)

e ieD”

where Dgs) is the set of indices of samples belonging to class

c from subject s.
We further define the global class center i, as the average
of subject-specific centers:

R
= /j‘cs7

where S. denotes the number of subjects with class ¢ samples.
1) Intra-class Compactness Loss: Intra-class compactness
aims to minimize the dispersion of feature representations
within each class. Since EEG signals from the same motor
imagery class may still vary due to subject-specific factors,
we compute a subject-specific class center /1((;5) and encourage
each sample f; from subject s and class ¢ to be close to
( ). This helps the model reduce within-class variance locally
(per subject), laying a foundation for global alignment across
subjects.
Formally, the intra-class compactness loss is defined as:

QY

(s4)

1
Eintra = = ,LL%

2
; (12)
2

where N is the total number of training samples, y; and s;
denote the class and subject identity of sample ¢, respectively.

2) Inter-class Separability Loss: While intra-class compact-
ness promotes the clustering of same-class features, it is
equally important to ensure sufficient separability between
different classes. To this end, we define an inter-class sepa-
rability loss that measures the average distance between class
centers within each subject. This encourages features from
different classes to remain distinguishable at the subject level,
improving within-domain discriminability.

The inter-class separability loss is defined as:

mter:SZC C,— 1) ZHM

(s)

-l o ay
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where S is the total number of subjects, Cs is the number
of classes present in subject s, and MES is the class center of
class ¢, computed from samples of subject s.

3) Cross-subject Center Alignment Loss: Although intra-
class compactness is enforced within each subject, the same
class may still be represented by different feature distributions
across subjects due to individual-specific neural patterns. To
address this issue and promote subject-invariant learning, we
introduce a cross-subject center alignment loss. This loss
encourages the subject-specific class centers to align with a
global center, thereby guiding the model to extract common,
subject-independent representations for each class. Formally,
the cross-subject alignment loss is defined as:

C Se

(14)

ahgn =

4) Total Class Alignment Loss: The three loss components
described above work in a complementary fashion to promote
discriminative and subject-invariant feature learning. Specifi-
cally, intra-class compactness encourages samples within the
same class and subject to cluster tightly, inter-class separability
pushes different classes apart within each subject, and cross-
subject center alignment minimizes the distributional shift of
class features across subjects. By jointly optimizing these
objectives, the model is guided to extract features that are
both class-discriminative and robust to subject variability.

To balance the opposing behaviors of intra-class compact-
ness and inter-class separability—whose values tend to de-
crease simultaneously during training—we introduce a weight-
ing factor A\; > 0 to amplify the separability term. The final
class alignment loss is formulated as:

ECA = Lintra - A1 Einter + Ealigny (15)
where \; controls the relative emphasis placed on maximizing
class separability versus minimizing intra-class variance.

After obtaining the class logits z; as (7), we apply the
standard cross-entropy loss to supervise the classification task:

S _ o (iy) 6
cls Z (Z " exp (21 c)> ) ( )

where z; , is the logit corresponding to the ground-truth class
of the i-th sample. To jointly optimize classification and class
alignment, we define the total training loss as:

Ltotal = Ecls + )\ZECA~ (17
This encourages the model not only to correctly classify input
segments, but also to learn a feature space that is compact
within classes, well-separated between classes, and aligned
across subjects. To balance the contributions of the two objec-
tives while maintaining the dominance of the classification
signal, we empirically set Ao = 0.01, taking into account
both scale compatibility and the importance of preserving
classification performance.

V. EXPERIMENTS

This section presents a comprehensive evaluation of the
proposed DSGNet on four public MI-EEG datasets: OpenBMI,
BCI42b, SHUvS, and BCI42a. We aim to assess both the
classification performance and the cross-subject generalization
capability of our model under a rigorous LOSO validation
protocol. To ensure fair comparisons, we benchmark DSGNet
against several state-of-the-art baselines and report multiple
performance metrics, including classification accuracy (Acc),
macro-F1 (F1) and Cohen’s Kappa (Kappa).

A. Experimental Configuration

All experiments are implemented using PyTorch [46]. Train-
ing and inference are conducted on a workstation equipped
with Intel(R) Xeon(R) Gold 6326 CPU (2.90 GHz) and
four NVIDIA GeForce RTX 4090 GPUs (24 GB each). The
proposed model is trained using the Adam optimizer [47]
with a learning rate of 0.0001. For standard classification
experiments, a batch size of 128 and 500 training epochs
are used. For domain adaptation and generalization methods,
which are evaluated in a subject-wise manner, the batch size
is set to 32 per subject. The details of dataset splits and
preprocessing procedures are described in Section III-A.

To evaluate the classification performance of different meth-
ods, we report three commonly used metrics: Acc, F1 and
Kappa. Acc measures the proportion of correctly classified
samples among all test samples:

TP + TN

TP 4+ TN+ FP + FN’

where TP, TN, FP, and FN denote the number of true positives,

true negatives, false positives, and false negatives, respectively.

The macro-F1 score is calculated by first computing the

Fl-score for each class individually and then taking the un-

weighted average over all classes, making it more suitable for

evaluating multi-class MI-EEG performance under potential

class imbalance. For a given class, F1 is the harmonic mean
of precision and recall:

Acc =

(18)

2 x Precision x Recall

Fl= Precision + Recall '’ (19
where
. TP
Precision = m, (20)
TP
l=——. 21
Reca TP TN 21

Cohen’s Kappa is introduced to measure the agreement
between predictions and ground truth while correcting for
chance, thus providing an additional reliability assessment for
model predictions:

Do — De
1- DPe ’
where p,, denotes the observed agreement and p. the expected
agreement by chance.

To validate the effectiveness of the proposed DSGNet, we
compare it with seven representative baseline models. EEGNet
[18] is a widely adopted compact convolutional neural network

Kappa = (22)
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TABLE II: Classification performance of different methods on four MI-EEG datasets.

OpenBMI [11] BCI42b [9] SHUvS [10] BCI42a [9]

Acc F1 Kappa Acc F1 Kappa Acc F1 Kappa Acc F1 Kappa
EEGNet [18] 0.7558*  0.7493* 0.5116* 0.6851  0.6819  0.3707 0.6492*% 0.6488* 0.4737* 0.5694  0.5591 0.4261
EEGNeX [20] 0.7532%  0.7492*  0.5064*  0.7069 0.7037 0.4155 0.6488* 0.6469* 0.4731* 0.5804  0.5715  0.4408
EEGInception [27] 0.7034*  0.6978*  0.4069* 0.6702 0.6676  0.3414  0.5809* 0.5778* 0.3713* 0.4156* 0.3945* 0.2210*
ATCNet [24] 0.7553* 0.7524*  0.5106* 0.7069 0.7057 0.4144 0.6834  0.6826  0.5275 0.5818  0.5770  0.4424
EEG-Deformer [23]  0.7175*%  0.7101*  0.4349* 0.6485* 0.6461* 0.2973* 0.6529* 0.6503* 0.4793* 0.5233* 0.5156* 0.3643*
MDGEEG [35] 0.7413  0.7363* 0.4827 0.6849  0.6791 0.3721 0.6688  0.6634  0.5031 0.5481* 0.5417* 0.3978*
EEG-DG [38] 0.6663*  0.6610%  0.3327* 0.6826  0.6819  0.3652 0.6509* 0.6488* 0.4763* 0.4995*% 0.4912*% 0.3327*
DSGNet 0.7350 0.7252 0.4699 0.6878 0.6837 0.3754 0.6856 0.6833 0.5284 0.6033 0.5985 0.4710

Results are reported as the average performance across all subjects in the LOSO evaluation setting.

Bold values indicate the best performance.

* Asterisks indicate statistically significant differences compared to DSGNet (P < 0.05, one-tailed paired t-test), regardless of performance direction.
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Fig. 4: Training and validation dynamics of DSGNet on four MI-EEG datasets: (a) OpenBMI, (b) BCI42b, (¢) SHUvV3, and
(d) BCI42a. Blue curves indicate the training set, and red curves indicate the validation set. Dashed lines correspond to loss,

whereas solid lines correspond to accuracy.

specifically designed for EEG decoding. EEGNeX [20] is
an improved version of EEGNet that introduces enhanced
depthwise separable convolutions and refined architectural
design. EEG-Inception [27] employs a multi-scale inception
architecture to capture both short- and long-term temporal
dependencies in EEG signals, showing strong performance
in MI classification tasks. ATCNet [24] achieves state-of-the-
art classification accuracy on several MI-EEG datasets under
subject-dependent settings by leveraging attention mechanisms
and temporal convolutional blocks. EEG-Deformer [23] in-
corporates a Transformer-based deformable attention mecha-
nism to better model the temporal dynamics of EEG signals.
Additionally, we include two recent domain generalization
approaches: EEGDG [38], which employs adversarial learn-
ing and class-conditional feature alignment, and MDGEEG
[35], a multi-branch generalization framework that explicitly
models inter-subject variability. These baselines span compact
CNNgs, attention-based architectures, and domain generaliza-
tion paradigms, offering a comprehensive comparison for
evaluating the performance and cross-subject robustness of
DSGNet.

B. Performance Comparison

Table II reports the classification performance of all com-
pared methods on the four MI-EEG datasets, while Table III
summarizes their computational complexity in terms of the
number of trainable parameters and FLOPs. As shown in
Table II, DSGNet achieves the best performance on the SHUvS

(three-class) and BCI42a (four-class) datasets in terms of accu-
racy, macro-F1, and Cohen’s Kappa, demonstrating its strong
capability in handling more challenging multi-class classifi-
cation scenarios. On the binary-class BCI42b and OpenBMI
datasets, DSGNet also maintains competitive performance,
suggesting that its advantage becomes more evident as the
classification task becomes more complex.

Domain generalization methods such as MDGEEG and
EEGDG, which are designed to enhance robustness against
distribution shifts, do not consistently outperform conventional
deep networks across datasets. In particular, EEGDG shows
limited performance on the BCI42a dataset, possibly because
its feature-alignment strategy was originally proposed for
cross-dataset adaptation and may not fully address the finer-
grained subject-level variability involved in our experiments.

Table III further provides a comparison of computational
complexity on the BCI42b dataset. DSGNet contains 6.764 x
10* trainable parameters, which is substantially smaller than
recent multi-branch or attention-enhanced architectures such
as EBEG-Deformer (1.681 x 10%) and EEGDG (1.274 x
107). Although its FLOPs are moderately higher due to the
global convolutional modules, the overall model size remains
lightweight. From a practical deployment perspective, real-
time feedback in neurorehabilitation systems is mainly de-
termined by inference-time latency, and the relatively higher
FLOPs of DSGNet do not constitute a bottleneck under
the several-second sliding-window setting commonly used in
motor imagery EEG decoding. In addition, as illustrated in
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Fig. 5: t-SNE visualization of the learned feature distributions under different loss configurations on the BCI42a dataset. All
visualizations are generated using the complete network architecture. (a) With full loss: Lintra — A1 Linter + Lalign. (b) Without
inter-class separability 1oss: Lintra + Lalign. (¢) Without intra-class compactness 10ss: —A1 Linger + Lalign. Feature embeddings
are colored by class label, and subject-level clusters are annotated.

Fig. 4 the training and validation curves across all datasets
exhibit smooth loss reduction and steadily increasing accuracy,
further indicating stable optimization without overfitting.

TABLE Ill: Computational complexity comparison of different
methods on the BCI42b datasets.

Parameters | FLOPst TT (h)
EEGNet [18] 4.168 x 103 2.298 x 107 3.560
EEGNeX [20] 8.443 x 10*  2.096 x 108 4.168
EEGInception [27] 2.544 x 10 2.544 x 10°  3.860
ATCNet [24] 1.452 x 105  2.741 x 107 6.302
EEG-Deformer [23] 1.681 x 106 2.787 x 108 8.683
MDGEEG [35] 1.047 x 105 1.809 x 108 3.271
EEG-DG [38] 1.274 x 107 2.165 x 108 14.186
DSGNet 6.764 x 10 3.832 x 108 3.906

TT: Training time.
T Parameters are the number of trainable parameters.
¥ FLOPs are approximated using Multiply—Accumulate operations (MACs).

C. Ablation Study

To investigate the contribution of each loss component
and architectural module to the model’s performance, we
conducted a systematic ablation study on the BCI42a dataset,
with results summarized in Table IV.

We first examine the effect of the loss components. When
all three auxiliary terms—~ZLintra, Linter, and Lajjgn—are re-
moved, the model is trained solely with the standard clas-
sification objective. This configuration leads to notably lower
performance, indicating that cross-entropy alone is insufficient
for producing discriminative and stable representations under
cross-subject variability. Removing either Lipntrs O Linger also
causes a clear performance drop, demonstrating that both
compactness and separability are essential for maintaining
well-structured latent features. When only Lgjign is retained
while the other two are disabled, the performance remains
suboptimal, suggesting that global alignment without local

TABLE IV: Ablation study evaluating the effect of different
loss components and architectural modules on classification
performance on the BCI42a dataset.

Loss Components Model Blocks BClI42a

Lintra Linter Lalign SE GC SB TB Acc F1 Kappa
- - - v vV vV 0.5848 0.5722 0.4463
- - V4 vV vV VvV 0.5783 0.5686 0.4393
- v VA v vV YV 0.5671 0.5626 0.4384
Vv - Vv v vV vV 0.5824 0.5726 0.4572
Vv Vv v -V VY 0.5890 0.5824 0.4597
v v VA - - VY 0.5744 0.5683 0.4488
Vv 4 Vv v v -V 0.5543 0.5478 0.4056
Vv v Vv v v V- 0.5593 0.5522  0.4127
Vv v V4 v v v v 0.6033 05979 0.4710

Bold values indicate the best performance.

Results are reported as the average performance across all subjects in the
LOSO evaluation setting.

SE: Squeeze-and-excitation block; GC: Global convolution block; SB:
Spectral branch; TB: Temporal branch.

structural constraints is inadequate for effective feature organi-
zation. These findings are further supported by the t-SNE [48]
visualizations in Fig. 5, which show that stronger structural
supervision makes the shape and internal class organization
of each subject’s cluster more consistent. When the structural
constraints weaken, these clusters become increasingly irregu-
lar, distorted, or internally mixed, reflecting a loss of coherent
class structure.

We then assess the contribution of key architectural ele-
ments. Removing the SE block yields a moderate decline in
performance, as eliminating adaptive recalibration reduces the
model’s ability to emphasize informative temporal—spectral
regions. Disabling the global convolution block leads to a more
substantial degradation, underscoring its importance in cap-
turing long-range dependencies beyond local receptive fields.
The results of the single-branch variants further highlight
the advantage of the proposed dual-branch design. Both the
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Fig. 6: Grad-CAM visualizations and corresponding topographic maps for representative samples of feet and right-hand motor
imagery in the BCI42a dataset. (a) Temporal-branch CAM for feet MI; (b) Temporal-branch CAM for right-hand MI; (c)
Topographic map for temporal-branch; (d) Spectral-branch CAM for feet MI; (e) Spectral-branch CAM for right-hand MI; (f)
Topographic map for spectral-branch; (g) Fused CAM for feet MI; (h) Fused CAM for right-hand MI; (i) Fused topographic

map.

temporal-only and spectral-only networks show considerable
decreases in all three metrics compared with the full model,
confirming that temporal dynamics and spectral characteristics
provide complementary information. Their integration is there-
fore essential for achieving robust and generalizable cross-
subject classification.

V. DISCUSSION

This section presents an in-depth analysis of the proposed
model’s structural and functional design, with the aim of
understanding the underlying mechanisms that drive its per-
formance. We organize the discussion into two major compo-
nents. First, we investigate the effectiveness of the dual-branch
architecture by visualizing the spatial-temporal attention maps
generated by Grad-CAM [49], revealing the complementary
nature of the temporal and spectral pathways. Second, we
analyze the influence of key hyperparameters on classification
accuracy, including temporal segment length, pooling strategy,

and feature aggregation schemes. These insights provide both
theoretical and empirical justification for the architectural
choices and training configurations adopted in this study.

A. Structural Insights from the Dual-Branch Design

The dual-branch architecture serves as the foundation of our
model, designed to extract and integrate complementary fea-
tures from the EEG signal’s temporal and spectral dimensions.
To gain insight into the internal behavior of each branch, we
employ Grad-CAM to visualize the attention distribution over
input segments, as illustrated in Fig. 6.

As shown in Fig. 6(a)—(b), the temporal branch exhibits sus-
tained and distributed activation patterns across a wide range
of sampling points and channels, indicating its capacity to
model temporally evolving dynamics. In contrast, the spectral
branch (Fig. 6(d)—(e)) presents sparse and sharply localized
activations, suggesting a focus on transient and frequency-
specific responses.
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Fig. 7: Performance sensitivity analysis with respect to key hyperparameters. (a) Effects of stride s between sliding windows.
(b) Impact of the number of sliding windows n, the depth d, and the kernel size k of dilated convolutional blocks. (c) Sensitivity

of model performance to A; and \s on the BCI42a dataset.

The fused attention maps (Fig. 6(g)—(h)) integrate these
distinct patterns, resulting in a more spatially balanced and
robust representation. As shown in Fig. 6(g), the fused CAM
for feet MI exhibits vertically aligned and spatially consistent
activation around electrodes Cz, FCz, and CPz (indices 10,
4, and 16), consistent with the somatotopic representation of
lower-limb movement in the midline sensorimotor cortex. For
right-hand MI (Fig. 6(h)), the activation focuses on electrodes
C3, C1, FC3, and CP3 (indices 8, 9, 2, and 14), corresponding
to the contralateral left-hemisphere motor cortex.

In addition to the Grad-CAM analysis, the topographic
maps in Fig. 6(c), (f), and (i) visualize the spatial distribution
of the learned convolutional spatial filters. As shown in the
fused topographic map (Fig. 6(i)), the spatial weights are
predominantly concentrated over the frontal-central regions.
Motor imagery is known to modulate /8 rhythms primarily
over the premotor and sensorimotor cortices, with frontal areas
contributing to movement planning and central regions reflect-
ing sensorimotor activation. The consistency between these
spatial weight distributions and known cortical organization
further supports the interpretability and neurophysiological
plausibility of DSGNet.

B. Impact of Pooling Strategies on Performance

We explore the impact of different pooling strategies on the
performance of the DSGNet model. The results, presented in
Table V, show that when both branches use average pooling,
the model achieves an accuracy of 0.5879 and a macro-F1
of 0.5762. When average pooling is applied to the temporal
branch and max pooling to the spectral branch, the model
performs best, with an accuracy of 0.6033 and a macro-F1 of
0.5979. This suggests that max pooling in the spectral branch
effectively selects the most prominent features, improving the
model’s ability to distinguish between motor imagery classes.

When the temporal branch uses max pooling, the model’s
performance drops significantly, with an accuracy of 0.5542
and a macro-F1 of 0.5469. This result indicates that max
pooling is less suitable for the temporal branch, as it may
discard important temporal dynamics of the EEG signals,

TABLE V: Performance comparison of DSGNet under differ-
ent pooling strategies on the BCI42a dataset.

Temporal branch pooling type Average Average  Max Max
Spectral branch pooling type  Average Max Max  Average
Accuracy 0.5879 0.6033 0.5542  0.5788
macro-F1 0.5762 0.5979 0.5469  0.5692
Kappa 04476 0.4710 0.4171 0.4295

Bold values indicate the best performance.

which are more subtle and require averaging for better feature
preservation.

These findings suggest that max pooling is more effective
in the spectral branch, while average pooling is better suited
for capturing temporal features.

C. Impact of Key Hyperparameters

To better understand the performance dynamics of the
proposed DSGNet, we systematically investigate the impact
of several key hyperparameters that govern both the struc-
tural composition and the training behavior of the model.
These hyperparameters include the stride (s) between sliding
windows, the number of sliding windows (n), the depth of
dilated convolutional blocks (d), the kernel size of dilated
convolutional blocks (k), and the weighting factor A\; used
in the class alignment loss.

The stride s controls the overlap between adjacent temporal
windows. As shown in Fig. 7(a), setting s = 1 yields the
best performance, while larger strides lead to reduced accuracy
and F1 scores. This suggests that overlapping windows help
preserve temporal continuity, enabling the model to capture
more stable and informative patterns. In contrast, larger strides
may introduce discontinuities, weakening temporal feature
extraction.

As shown in Fig. 7(b), performance improves steadily as n
increases, peaking at n = 6. This suggests that dividing the
feature map into moderately overlapping segments enhances
local pattern extraction without over-fragmenting the input.
Depth d = 4 and kernel size k = 4 consistently yield better
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results across different window settings, indicating that they
offer a good trade-off between model capacity and gener-
alization. Larger values may lead to overfitting or unstable
training, while smaller ones may under-represent key temporal
or spectral patterns.

To further validate the robustness of the proposed weighting
strategy, we performed a joint sensitivity analysis of A; and
A2 on the BCI42a dataset. As shown in Fig. 7(c), the value
of Ao—which controls the overall contribution of the class
alignment loss relative to the classification loss—has a decisive
influence on model performance. When Ay = 0.01, the
magnitude of Lca becomes comparable to that of L5, and
this setting achieves the overall best performance, with its
peak accuracy and F1-score obtained at \; = 1.1. A smaller
value (A2 = 0.005) leads to moderately reduced performance.
In contrast, Ay = 0.1 or Ay = 0.001 significantly degrades
performance, as the imbalance in scale either overwhelms or
underweights the structural alignment constraints.

Despite the promising performance demonstrated by DS-
GNet across multiple MI-EEG benchmarks, several limitations
should be acknowledged. The proposed framework incorpo-
rates multiple architectural components and hyperparameters,
which may increase implementation complexity and require
careful tuning to achieve optimal performance across different
datasets. While these design choices are motivated by the need
to capture complementary temporal-spectral characteristics
and enforce semantic alignment, they also suggest opportu-
nities for further simplification and optimization. In future
work, we plan to investigate lightweight variants of DSGNet
to reduce model complexity, as well as explore self-supervised
or few-shot learning strategies to further enhance cross-subject
generalization with limited labeled data, which have recently
shown effectiveness in other EEG analysis tasks [50]-[52].
Extending the proposed alignment mechanism to other EEG-
based paradigms also represents a promising direction for
future research.

VI]. CONCLUSION

In this study, we proposed DSGNet, a subject-independent
deep learning framework for motor imagery EEG classi-
fication, which integrates dual convolutional branches for
temporal-spectral representation learning with a structure-
aware class alignment loss. By explicitly enforcing intra-class
compactness, inter-class separability, and cross-subject class-
center consistency, DSGNet effectively mitigates inter-subject
variability without requiring labeled data from unseen indi-
viduals. Extensive experiments conducted on four public MI-
EEG datasets under a rigorous leave-one-subject-out protocol
demonstrate that DSGNet achieves state-of-the-art or highly
competitive performance, particularly in challenging multi-
class scenarios. Ablation studies and visualization analyses
further validate the complementary roles of the temporal and
spectral branches, as well as the effectiveness of semantic
structure alignment in enhancing generalization. These results
highlight the potential of DSGNet as a reliable and scalable
solution for subject-independent MI-BCI systems in neurore-
habilitation applications.
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