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Classification via a Residual Depthwise-Separable
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Abstract—Lightweight networks that include depthwise-
separable convolution are widely used in motor imagery (MI)
electroencephalogram (EEG) decoding of brain–computer inter-
face (BCI). Many established MI classification networks are
relatively shallow, preventing them from benefiting from the
hierarchical feature extraction capabilities of deeper struc-
tures. Due to suboptimal residual connection structures, the
mismatched residual baseline layer design, and the poor com-
patibility between data preprocessing and residual modules,
the deepening of networks cannot be effectively combined with
residual structures. This creates a depth barrier that hinders
further performance improvements. To address these challenges,
we propose a novel method, residual depthwise-separable deep
neural network (ResDSNet), built upon an unraveled view-path
analysis of residual connection structures. The analysis reveals
that the residual mechanism achieves optimal performance
when the layer distribution across different paths approximates
a binomial distribution. Furthermore, we design a residual
depthwise-separable convolution module and a tailored data-
preprocessing module that effectively integrate with the residual
structure, filtering noise and retaining MI task features. We
evaluate ResDSNet on three publicly available datasets, including
the BCI Competition IV Dataset IIa, the BCI Competition
IV Dataset IIb, and the PhysioNet dataset, which collectively
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contain EEG signals recorded from 127 human subjects. Res-
DSNet achieves accuracies of 79.36%, 84.95%, and 64.13%,
outperforming state-of-the-art methods by 3.16%, 1.59%, and
8.40% with statistical significance. Experimental results indicate
that ResDSNet fully unlocks the hierarchical representation
capabilities of deep networks for MI-EEG decoding, achieving
robust performance and demonstrating substantial potential to
overcome the inherent challenges in BCIs.

Index Terms—Brain–computer interface (BCI), convolutional
neural network (CNN), motor imagery (MI), residual mechanism.

I. INTRODUCTION

BRAIN–COMPUTER interface (BCI) is a communica-
tion system that enables direct information transmission

between the brain and external devices without relying on
peripheral neural control [1]. BCIs are generally classified
as either invasive or noninvasive. Noninvasive BCIs have
attracted significant attention due to their ease of operation and
user-friendliness. Common paradigms used within noninvasive
BCIs include event-related potentials (ERP) [2], steady-state
visual evoked potentials (SSVEPs) [3], and motor imagery
(MI) [4]. Different paradigms can be combined and applied to
various scenarios [5], [6], [7], [8]. These include controlling
robotic systems [9], hand kinematics reconstruction [10], [11],
and enabling user interaction with smart wearables or mixed-
reality platforms on mobile devices [12]. The MI paradigm is
based on the imagination of bodily movements without actual
movement execution and is widely used within noninvasive
electroencephalographic (EEG)-based BCIs [13].

Conventional approaches to MI classification often employ
common spatial patterns (CSPs) and their variants and appli-
cations [14], [15], [16], [17]. MI classification networks are
inspired by computer vision (CV) and natural language pro-
cessing (NLP). A variety of network structures have been
successfully employed for MI classification, including con-
volutional neural networks (CNNs) [18], [19], [20], [21],
[22], [23], recurrent neural networks (RNNs) [24], [25], graph
neural networks [26], and Transformers [27], [28], [29], [30].
These network structures integrate diverse machine learning
mechanisms, such as reinforcement learning [31], transfer
learning [1], [32], and self-supervised learning [33], to perform
MI classification. However, the direct application of network
structures and mechanisms from CV and NLP to MI signal
recognition does not necessarily improve accuracy (Acc.) and
may even decrease it [28], [34].
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Unlike the deep CNNs used in CV and NLP applications,
the MI-EEG classification networks generally benefit from
shallow networks [18], [19], [34], [35]. Data preprocessing in
MI classification networks continues to incorporate traditional
EEG signal processing methods, with network structures delib-
erately designed to align with these preprocessing pipelines.
This codesigned structure aims to mitigate the challenge
of extracting discriminative features from inherently weak
MI-EEG signals [19], [20], [36], [37], [38]. This structural
choice is primarily dictated by the challenges associated with
MI-EEG data, including low signal-to-noise ratios and the
inherent risk of overfitting deep networks on small datasets.

Compared with the abundant large-scale annotated datasets
available in CV or NLP [39], [40], publicly available datasets
for MI task classification remain relatively scarce [41], [42].
The scarcity of MI-EEG data is attributable to significant
collection challenges, including costly and time-consuming
experimental sessions, as well as substantial data variability
between subjects and across sessions for the same subject,
which arises from the inherent noise, nonlinearity, and non-
stationarity of EEG signals [43], [44]. Consequently, most MI
datasets contain a limited number of subjects. For instance,
the widely used BCI Competition datasets in BCI research
also encompass EEG data from a relatively small cohort of
subjects [42].

As a result of these data constraints, many established MI
classification models, ranging from lightweight convolutional
networks to Transformer-based structures, remain relatively
shallow. This structural depth barrier prevents them from
benefiting from the depth-driven hierarchical representation
learning that has driven significant advances in CV and NLP.
While residual mechanisms are widely utilized to construct
deep structures in these fields [45], directly transferring them
to MI classification is problematic. For instance, because the
self-attention mechanism in Transformers lacks structural bias,
deep Transformer models without pretraining often severely
overfit on small- or medium-sized EEG datasets [46]. More-
over, even when attempting to mitigate this through large-scale
pretraining, the EEG foundation models still require fine-
tuning for specific downstream tasks, and their MI decoding
capability remains substantially limited, often falling short of
state-of-the-art (SOTA) MI classification models [47], [48].

Due to these fundamental differences in data characteristics
and model structures, the baseline layers typically used in
CV and NLP residual structures are suboptimal for MI data.
Simply adding residual connections to MI networks often fails
to yield consistent improvements. Effectively deepening these
networks instead requires the simultaneous alignment of three
critical factors, including the residual connection structure, the
residual baseline layer design, and the compatibility between
data preprocessing and residual modules.

To address these three challenges, we develop a residual
depthwise separable deep neural network (ResDSNet). This
network comprises a data preprocessing module, a residual
depthwise separable convolution module, and a classifica-
tion module. To integrate the preprocessed data with the
subsequent residual mechanism, we employ a filter bank for
dual-frequency band segmentation to process the aligned data.

This multiband feature extraction enhances the capture of
effective information within low signal-to-noise ratio MI-EEG
signals and reduces intertrial distribution variations and input
redundancy. This improves the recognizability of the model’s
input data [19], [49]. To improve data extraction efficiency, we
utilize 1-D convolutional operations [19], [35]. In the residual
depthwise separable convolution module, to match the 4–16
and 16–40 Hz nonoverlapping frequency bands, we employ a
design combining depthwise separable convolution layers with
a residual mechanism. Through an unraveled view comparison
with various residual structures, we statistically analyze the
distribution of paths across different layers and find that the
residual depthwise separable mixed (RDSM) layer achieves
optimal performance when the residual connections approx-
imate a binomial distribution. We utilize larger kernels in
shallower layers and smaller kernels in deeper layers, enabling
a progressive increase in the depth of layers with different
kernel sizes. In the classification layer, we use GAP, which can
integrate spatial information between features, to produce the
final output result. In addition, our network applies the same
data settings to any dataset, eliminating the need to switch
configurations across different datasets. This demonstrates that
the designed network possesses strong robustness, can adapt to
different subjects across various datasets, and delivers superior
recognition performance. These claims are validated on real
EEG data recorded from 127 human subjects across three
benchmark datasets, without any numerical simulations. The
main contributions of this article are as follows.

1) We propose a ResDSNet for MI classification, achieving
statistically significant improvements over SOTA meth-
ods across three datasets containing 127 human subjects.

2) We design six residual structures and reveal, through
unraveled view analysis, that optimal performance is
achieved when layer distributions across paths approx-
imate a binomial distribution. This insight provides a
universal architectural criterion for residual networks in
MI classification, extending beyond ResDSNet.

3) We devise an optimized depthwise separable convolution
tailored specifically for the residual baseline layer, which
effectively filters noise and retains MI task features.

4) We develop a tailored data preprocessing module to
ensure optimal compatibility with residual modules,
fully exploiting the advantages of network depth on real
MI-EEG data.

The remainder of this article is organized as follows. In
Section II, we review the related work. In Section III, we
present our proposed method, ResDSNet. In Section IV, we
present the experimental results. In Section V, we present a
discussion of the results. Finally, in Section VI, we describe
the conclusions from our work.

II. RELATED WORK

A. MI-EEG Data Preprocessing

MI-EEG signals contain rich temporal, spatial, and spec-
tral features that require different preprocessing strategies.
In the temporal domain, MI-EEG signals are augmented
through techniques such as repeated and random cropping,
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overlapping time windows, and random erasing [19], [25]. In
the spatial domain, EEGProgress [50] employs a horizontal
topological permutation rule to optimize channel arrangement.
Preprocessing in the spectral domain is the most important
for MI tasks. Extracting discriminative MI signals from raw
EEG requires appropriate filtering to isolate the µ (8–12 Hz)
and β (18–26 Hz) bands that encompass sensorimotor event-
related desynchronization/synchronization (ERD/ERS), while
simultaneously attenuating low-frequency noise such as elec-
trooculography artifacts [51], [52]. Different networks adopt
different filtering strategies. For example, CSP [14], Shal-
lowNet [34], EEGNet [18], and EEGConformer [28] employ
a 4–40 Hz filtering band, DPMSNet [22] adopts 0.4–40 Hz,
while DBConformer [30] applies notch filtering and bandpass
filtering. However, these approaches rely on a single frequency
band and cannot accommodate intersubject spectral variability.
Filter bank CSP (FBCSP) decomposes MI data into multiple
subbands via a filter bank. FBCNet [36], FBMSNet [37], and
MFRCNet [20] extend this idea by designing parallel convo-
lutional branches corresponding to each subband. In contrast,
IFNet [19] leverages cross-frequency coupling and processes
MI data with only two frequency bands. After preprocessing,
MI-EEG signal features are extracted by designing different
temporal, spatial, and spectral structures [22], [38]. FACTNet
[53] employs frequency adapter mechanisms with temporal-
periodicity inception to enhance spectral feature extraction.
STGF [54] leverages graph-based representations to fuse
spatial and temporal features. SSTDPN [55] jointly models
spatial–spectral and temporal characteristics through a dual-
prototype architecture.

B. Deep Learning-Based MI-EEG Classification

Deep learning-based MI-EEG classification models focus on
capturing heterogeneous features through diverse structures.
ShallowNet utilizes a neural network to achieve FBCSP-
like log-variance calculations aimed at decoding band power
features [14], [34]. In the EEGNet structure, depthwise sep-
arable convolution [56], [57] is incorporated to achieve a
compact structure [18]. Building upon this foundation, DHCA
[21] introduces dynamic hierarchical convolutional attention
to dynamically capture time–frequency information. FBCNet
[36] employs a strategy combining multiple frequency bands
with multiscale convolutions to precisely capture MI-EEG
signals across different subjects, spawning a series of variants
[20], [37]. Attention mechanisms have also been integrated
into MI classification structures. For instance, DMSACNN
[58] utilizes deep multiscale attentional mechanisms to cap-
ture hierarchical features, MPSTANet [23] designs multiscale
pooling spatial–temporal attention for improved cross-session
decoding, and EISATCFusion [59] combines Inception mod-
ules with self-attention and temporal convolutional networks.
EEGConformer [28] and CTNet [29] integrate convolutional
layers with Transformer blocks to enhance feature extrac-
tion capability, while TMSANet [60] proposes a temporal
multiscale attention module to address the limitation of Trans-
formers in comprehensively leveraging both local and global
features. Nevertheless, these models rely on shallow designs,

as simply stacking conventional convolutions on low signal-
to-noise ratio MI-EEG data typically causes severe overfitting,
resulting in a depth barrier. Furthermore, while depthwise
separable convolutions are efficient in shallow networks [19],
their potential as foundational baseline layers for deep residual
structures remains unexplored.

Given the limited scale of MI datasets, lightweight models
are widely utilized to achieve efficient classification while
reducing computational overhead. EEGSimpleConv [35] pro-
poses a stacked 1-D convolutional structure, and SNNforMI
[61] is based on spiking neural networks. Furthermore, EEG
foundation models adopt large model frameworks, aggregat-
ing EEG data from diverse tasks and increasing network
depth and parameters by stacking multiscale attention layers
for cross-dataset task recognition. For instance, EEGPT [62]
aligns spatiotemporal representations via a hierarchical Trans-
former, LaBraM [63] employs channelwise patch embedding
with vector-quantized neural spectrum prediction, NeuroLM
[47] leverages text-aligned neural tokenization and multitask
instruction tuning, and LCM [64] integrates temporal–spectral
attention mechanisms. Although these foundation models
increase network depth through large-scale cross-task pretrain-
ing, their MI decoding performance still falls short of SOTA
task-specific models [47], [48].

C. Residual Connections

Residual connections [65] enable the training of extremely
deep networks by introducing identity shortcuts. The unrav-
eled view proposed by Veit et al. [66] reveals that residual
networks essentially function as exponential ensembles of
relatively shallow paths. In MI decoding, several structures
have leveraged this concept. For instance, ShallowConvNet
[34] investigated the impact of residual connections on
MI networks. CETRNet [67] designed a temporal convolu-
tional residual block to extract high-level temporal features.
MFRCNet [20] integrates multiscale feature extraction with
residual connections. Similarly, STDBNet [68] introduced
learnable residual connections deeply integrated with channel
attention. MSHANet [69] employed a multiscale residual
block with hybrid attention for improved decoding perfor-
mance. Furthermore, recent EEG foundation models, such
as EEGPT [62], LaBraM [63], NeuroLM [47], and LCM
[64], employ standard residual connections combined with
prenormalization, a configuration commonly utilized in large
language models (LLMs). However, standard residual struc-
tures from CV or NLP are not directly applicable to
MI tasks, and the design of MI-adapted residual architec-
tures lacks systematic investigation into subject structural
reusability.

III. METHOD

We develop a ResDSNet for MI classification. This network
is comprised of a data preprocessing module, a residual
depthwise separable convolution module, and a classification
module. These are illustrated in Fig. 1. The parameters of our
ResDSNet model are listed in Table I.



4 IEEE TRANSACTIONS ON CYBERNETICS

Fig. 1. Structure of the ResDSNet.

TABLE I
PARAMETERS OF OUR PROPOSED METHOD RESDSNET

A. Data-Preprocessing Module

A single trial of raw MI-EEG signals is denoted as (xi, yi),
i = 1, 2, . . . , n, where xi ∈ R

C×T and yi ∈ {1, 2, . . . ,Nc}, with xi

representing MI-EEG data, yi the trial labels, C the number of
channels, T the number of sample points, and Nc the number
of MI tasks. Therefore, (X,Y) is input n trials of MI-EEG data,
where X = [x1, x2, . . . , xn]T and Y = [y1, y2, . . . , yn]T .

First, we use the Euclidean-space data alignment (EA)
module to the original MI data. The EA module first computes
the average covariance matrix for each subject using n trials
(xi, yi), resulting in a reference matrix

R =
1
n

nX
i=1

xixT
i . (1)

We then perform data alignment as follows:

X̄ = R−1/2X (2)

where X̄ denotes the aligned MI-EEG data. By computing the
average covariance matrix across trials as the reference matrix,
this method aligns the raw data to effectively minimize distri-
butional discrepancies between different trials. Meanwhile, it
blends the processed data with the original data in a 5:1 ratio,
enhancing data robustness while preserving the characteristics
of the original MI-EEG signals.

The MI-EEG signals (B, C, and T ) are then transformed
by the double-band segmentation (DS) module, where B
represents batch trials. The DS using a filter bank reconstructs
single-frequency data into various frequency bands for data
augmentation, enhancing feature extraction efficiency [19].
The filter bank F = { fi}

Nb
i=1 uses Nb fifth-order Butterworth

filters, fi ∈ R(Nb×C)×T , applied in nonoverlapping bands,
spanning 4–16 and 16–40 Hz. The filtered MI data output
becomes

XFB = FEB
�
X̄
�
, XFB ∈ R

(Nb×C)×T (3)

where FEB denotes the DS operation, with Nb = 2 narrow-
band temporal filters. The channel dimension of the MI data
increases from (B,C,T ) to (B, 2 ∗C,T ).

B. Residual Depthwise-Separable Convolution Module

The residual depthwise-separable convolution module com-
prises the channel expanded layer and the RDSM layer.

1) Channel Expanded Layer: The first layer in MI recogni-
tion networks often uses spatial convolution to capture spatial
characteristics across channels. However, the structure of the
spatial convolution can significantly impact both the perfor-
mance and complexity of CNN-based MI-EEG classification
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models [50]. Therefore, we leverage the properties of 1-D
convolution [19], [35], implementing a channel-expanded layer
as the network’s first layer. The channel-expanded layer
takes the low-dimensional compressed representation of data
from the preprocessing module and expands it to a higher
dimension, thereby enhancing the informational richness for
subsequent layers and increasing the number of residual inputs
passed to the following feature maps [65]. The channel-
expanded layer, denoted as FEX, is computed as

XEX (CEX) = FEX (XFB (Cin)) (4)

where XEX denotes the output of the channel-expanded layer.
Cin = 2C and CEX = C1 denote the input channels and output
channels, respectively. The data are transformed by a 1 × 1
convolution kernel along the channel dimension, changing
from (B, 2C,T ) to (B,C1,T ), where C1 represents a manually
set input channel for group convolution, improving channel
usability and capturing common features across datasets. Here,
we set C1 = 80.

2) RDSM Layer: After processing the channel features in
the first layer, the convolution operation typically moves to
the time dimension T . In developing ResDSNet, our primary
focus is on establishing a suitable baseline layer structure. We
analyze commonly used MI classification models to identify
an appropriate baseline layer structure.

EEGNet introduced depthwise-separable convolution
to create a compact structure [18], and some EEG-
focused networks—such as FBCNet, FBMSNet, IFNet, and
TSFCNet—have adopted it as well. Depthwise-separable
convolution differs from regular convolution (RC) by
processing each channel individually. This means that feature
information across different branches in the depth dimension
remains isolated, only merging in the separable convolution,
to achieve isolated feature extraction for different bands. This
characteristic minimizes noise interference between channels.

Between standard convolution and depthwise-separable con-
volution, there exist various kernel and channel variations
[56]. To optimize depthwise-separable convolution for MI
tasks, we incorporate group convolution FGC and contractive
convolution FCC. Each channel is processed independently,
and the group convolution FGC is computed as

X(g)
GC

�
CEX

G

�
= F (g)

GC

�
X(g)

EX

�
CEX

G

��
(5)

where g denotes the group index, g = 0, 1, . . . ,CEX/G − 1.
X(g)

EX(CEX/G) denotes the input channels in group g, and CEX is
divided into groups of size G channels per group. F (g)

GC denotes
the group convolution operation in group g, and X(g)

GC denotes
the output of the group convolution in group g.

In the contractive convolution step FCC , unlike the original
pointwise design with a kernel size of 1, we apply different
kernel sizes to capture localized temporal information at vari-
ous layers. The contractive convolution step FCC is computed
via

XCC (CEX) =

CEX
G −1X
g=0

F (g)
CC

�
X(g)

GC

�
CEX

G

��
(6)

where F (g)
CC denotes the contraction convolution in group g, XCC

denotes the output of the contractive convolution, and CEX

denotes the output channels. Then, the depthwise-separable
convolution from (5) and (6) is simply written as

XCC = FCC ◦ FGC (XEX) (7)

where ◦ denotes the function composition operation.
Following the depthwise-separable convolution layer, we

introduce a normalization layer FNorm and a ReLU activation
function FReLU to obtain the output XDS C . This is computed
via

XDS C = FReLU ◦ FNorm (XCC) . (8)

This addition enhances the network’s nonlinear expressive
capability, enabling it to fit more complex functions. Thus,
our depthwise-separable convolution layer comprises group
convolution, contractive convolution, a normalization layer,
and the ReLU activation function, creating a robust foundation
for MI classification.

MI-EEG signals are characterized by a low signal-to-noise
ratio, compounded by challenges such as limited samples and
significant trial-to-trial variability within MI EEG datasets.
As network depth increases, Acc. tends to plateau and even
decline, while loss values rise, leading to training degradation
as gradients fail to propagate effectively. To address these
issues, we introduced a residual mechanism within the resid-
ual depthwise-separable convolution block, establishing the
RDSM layer.

In the residual mechanism, the residual output mapping
is defined as Concat(Fres(xs), xs), where Fres(xs) represents
the feature map output by the depthwise-separable mixed
layer, and xs denotes the input data passed through a shortcut
connection. This approach has the potential to significantly
enhance the training effect of deep networks and alleviate
the training degradation problems caused by noise signals.
Specifically, by positioning the ReLU activation at the end
of the residual branch Fres, we enforce a nonnegative sparsity
constraint. Such sparsity encourages the decoupling of features
and helps the network focus on significant activations [70]. For
low signal-to-noise ratio MI-EEG signals, this mechanism acts
to suppress weak, noise-related fluctuations while preserving
discriminative patterns.

Therefore, we construct RDSM layers

XRDSC (CEX) = Concat (Fres (XEX (CEX)) , XEX (CEX)) (9)

where XRDSC denotes the output of the RDSM layer, and Fres
denotes the function composition FReLU ◦FNorm ◦FCC ◦FGC.

Guided by the path distribution analysis of residual networks
detailed in Section IV-D, we design each residual block
to consist of RDSM layers with identical parameters. We
have designed a total of four residual blocks with varying
parameters to optimize feature extraction. Inspired by the use
of large convolutional kernels in the early layers of ResNet,
we incorporate large kernels in the initial shallow blocks to
capture broader temporal contexts and coarse-grained informa-
tion in MI-EEG signals. As the network progresses, smaller
kernels in the deeper layers capture fine-grained information
over shorter time intervals. Our proposed ResDSNet model
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supports adjustable network depth by varying the number
of layers within each block, offering flexibility to adapt the
network depth to different levels of complexity in MI-EEG
classification tasks.

C. Classification Module

Processed MI data typically contains a high number of fea-
tures along the temporal dimension. These features typically
exhibit significant intraclass variance and high noise levels.
To reduce the feature dimensionality, average pooling or max
pooling is commonly applied. The GAP effectively reduces
the dimensionality of the data and extracts essential features
along the temporal axis. This is computed via

X(c)
GAP =

1
T

T−1X
i=0

X(c)
RDSC (i) (10)

where X(c)
RDSC(i) denotes the value of the cth channel in the

input feature map at position i. The term X(c)
GAP denotes the

output of the cth channel. This operation reduces the MI
signal dimensions from the original (B,C1,T ) to (B,C1, 1).
A dropout layer is then applied to reduce the parameter count
and mitigate overfitting. Finally, the data are flattened and
passed through a fully connected layer to produce the final
classification output Ŷ

Ŷ = FFC ◦ FFL (XGAP) (11)

where FFL denotes the flattening operation and FFC denotes
the fully connected layer operation.

IV. EXPERIMENTS

A. Experiments Setting

We evaluated the proposed network using three publicly
available benchmark datasets. All three datasets contain real
EEG signals recorded from human subjects performing MI
tasks. These datasets are the BCI Competition IV Dataset IIa
(IV2a) [42], the BCI Competition IV Dataset IIb (IV2b)
dataset [42], and the PhysioNet dataset [71].

The IV2a dataset includes EEG recorded under four MI
classes: left-hand, right-hand, feet, and tongue imagery. Real
MI-EEG data from nine healthy human subjects is recorded
using 22 electrodes at a sampling rate of 250 Hz. For each
subject, the first session serves as the training set and the
second session serves as the test set, setting up a subject-
independent evaluation protocol. Each session contains 288
trials, with 72 trials per class.

The IV2b dataset includes left-hand and right-hand imagery.
Real MI-EEG data are recorded from nine healthy human
subjects using three electrodes and sampled at 250 Hz. For
each subject, three sessions are designated as the training set,
while the last two sessions form the test set, setting up a
subject-independent evaluation protocol. Each session contains
120 trials. All trials in the IV2a dataset and the IV2b dataset
use data from 0.5 to 3.5 s, starting from the beginning cue of
the MI tasks.

The PhysioNet dataset includes EEG data recorded during
motor execution, resting-state, and MI tasks. We selected

four types of MI data, including left-fist, right-fist, fists, and
feet imagery. Real MI data were recorded from 109 healthy
human subjects using 64 electrodes at a sampling rate of
160 Hz. PhysioNet contains six sessions, in which each session
includes two out of the four MI tasks. The first 50% of trials
in each session are combined for training, while the latter
50% of trials are aggregated for testing, setting up a subject-
independent evaluation protocol. All trials of the PhysioNet
datasets use 3 s starting from the beginning cue of the MI
tasks.

We employ the cross-entropy loss together with the Adam
optimizer to update all ResDSNet-related model parameters
during training. The learning rate of the Adam optimizer is set
to 0.003. The number of training epochs is set to 1000 for all
ResDSNet-related models, and the model from the final epoch
is tested. A batch size of 512 is used for all ResDSNet-related
models. Increasing the batch size within the same epoch
reduces training time and promotes stable gradient descent,
thereby enhancing network training effectiveness. When the
number of trials in the training set is less than the desired
batch size, the training batch size is set to the number of trials.
We use an NVIDIA RTX 4090 GPU, an Intel i9-13900KF
processor, and 32 GB of RAM for training and testing.

B. Comparison With State-of-the-Art Methods

We compare our proposed ResDSNet with several SOTA
models, including ShallowNet [34], DeepNet [34], EEGNet
[18], FBCNet [36], EEGConformer [28], FBMSNet [37],
IFNet [19], TSFCNet [38], ADFCNN [72], EISATCFusion
[59], DoNet [73], EEGSimpleConv [35], CTNet [29], FACT-
Net [53], STGF [54], DMSACNN [58], SSTDPN [55],
TMSANet [60], SNNforMI [61], DBConformer [30], on IV2a,
IV2b, and PhysioNet datasets. The experimental evaluation
metrics adopted include Acc., Prec., Rec., F1, and Cohen’s
kappa coefficient (Kappa) [58], [74]. The p-value (p) from
the t-test is used to examine whether the proposed method
achieves a statistically significant improvement in Acc. The
results are shown in Table II. To ensure comparability, all
models adopt their original hyperparameters except for nec-
essary input/output adjustments. Input trials are standardized
to 3 s segments, and the final fully connected layer dimensions
are modified to match dataset class counts.

As shown in Table II, the proposed ResDSNet model
achieves optimal results compared with SOTA methods. In
terms of Acc., it attains 79.36% on the IV2a dataset, 84.95%
on the IV2b dataset, and 64.13% on the PhysioNet dataset.
Variations in factors such as subjects, acquisition channels,
and sampling frequencies across different datasets lead to
performance differences for the same network structure.

The combined work of the residual depthwise-separable
convolution module and the data preprocessing module
achieves substantial performance improvements over models
utilizing single-channel EEG data, such as EEGNet [18]
and ShallowNet [34], and over models leveraging multiband
approaches, such as FBMSNet [37], TSFCNet [38], and MFR-
CNet [20]. Furthermore, the synergy between the EA and
dual-band features enables superior results compared with
IFNet. Compared to Transformer-based models employing
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TABLE II
COMPARISONS OF RESDSNET AND SOTA MODELS ON IV2A, IV2B, AND PHYSIONET DATASETS. EVALUATION METRICS INCLUDE ACCURACY

(ACC., %), PRECISION (PREC., %), RECALL (REC., %), F1-SCORE (F1, %), KAPPA, AND p-VALUE (p). ASTERISKS (∗ , ∗∗ , ∗∗∗) INDICATE
RESDSNET’S SIGNIFICANT SUPERIORITY (p < 0.05, p < 0.01, p < 0.001)

TABLE III
COMPARISON OF ACCURACY (%, ACC.) AND KAPPA RESULTS BETWEEN DIFFERENT FREQUENCY BANDS USING RESDSNET ON THREE DATASETS

attention mechanisms, such as EEGConformer [28], CTNet
[29], TMSANet [60], and DBConformer [30], and as a CNN,
ResDSNet incorporates structural bias presets, rendering it less
susceptible to variations induced by different subjects’ MI
data. In comparison with models using convolutional attention
mechanisms like DMSACNN [58], ResDSNet demonstrates
more robust performance across different datasets. ResDSNet,
utilizing a CNN structure, also maintains a significant per-
formance advantage over alternative network structures such
as graph networks STGF [54] and spiking neural networks
SNNforMI [61]. Moreover, compared to MFRCNet [20],
which also employs a residual mechanism, ResDSNet, incor-
porating its specifically designed residual layers, residual
connection patterns, and convolutional kernel sizes, achieves
further performance enhancements.

V. DISCUSSION

A. Different Bands

The proposed method, ResDSNet, employs different fre-
quency bands, which can have varying impacts on the
network’s recognition performance. Therefore, we referenced

existing frequency band segmentation methods, including the
single-band setting (4–40 Hz) used in EEGNet [18] and the fil-
ter bank methods used in FBCNet [36], which divides the band
into (4–8, 8–12, 12–16, 16–20, 20–24, 24–28, 28–32, 32–36,
and 36–40 Hz). We also explored the differences between
(4–20 and 20–40 Hz) and the (4–16 and 16–40 Hz) used in the
proposed ResDSNet. In addition, we introduced two frequency
band settings mentioned in IFNet [19], including (4–8, 8–16,
and 16–40 Hz) and (4–8, 8–16, 16–30, and 30–40 Hz).
Finally, we considered the impact of starting the segmentation
from higher frequencies on the network’s performance, so
we designed two reverse filter bank methods: (16–40 and
4–16 Hz) and (36–40, 32–36, 28–32, 24–28, 20–24, 16–20,
12–16, 8–12, and 4–8 Hz). The other settings of the network
remain unchanged.

As shown in Table III, in the proposed network, the Acc.
and Kappa exhibits a fluctuating downward trend across the
three datasets. Compared with the (4–40 Hz) method, the nine-
band division shows varying degrees of metric decline across
different datasets, with more significant decreases observed
on the IV2a and PhysioNet datasets. As distinct frequency
bands of MI-EEG signals exhibit different frequency-domain
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Fig. 2. Structure of the different baseline layers. (a) Residual RC layer.
(b) Residual DRD layer. (c) Residual dual depthwise-separable mixed layer.
(d) Residual depthwise-separable mixed layer used in the ResMIEEGNet.

TABLE IV

COMPARISON OF ACCURACY (%, ACC.) AND KAPPA RESULTS BETWEEN
DIFFERENT BASELINE LAYERS USING RESDSNET

ON THREE DATASETS

characteristics, a single frequency band in ResDSNet struggles
to fully leverage these features. Limited by the impact of
depthwise-separable convolution in the RDSM, the number of
frequency segmentations must be consistent with the number
of groups in the group convolution to achieve optimal per-
formance; otherwise, the performance will decline or fail to
meet expectations. We also observe that the results from the
reversed filter bank yield similar outcomes to those without
reversal. These experiments demonstrate the validity of the
specific frequency band segmentation employed in our filter
bank setting of the DS module.

B. Influence of Different Baseline Layers

Different baseline layers have various effects on network
performance, but their specific quantitative impact on Acc.
remains unclear. To explore this, we compare the effects
of four types of baseline layers: an RC layer, a dual RC
(DRC) layer, a dual depthwise-separable convolution (DDSC)
layer, and a depthwise-separable convolution layer within our
proposed method, ResDSNet. The structure of each of the
different baseline layers is shown in Fig. 2.

The residual RC layer consists of a 1-D convolution layer, a
normalization layer, and a ReLU activation layer in sequence,
and is shown in Fig. 2(a). The residual DRC layer, shown

in Fig. 2(b), consists of two 1-D convolution layers, fol-
lowed by a normalization layer and a ReLU activation layer.
The residual DDSC layer, shown in Fig. 2(c), includes a
depthwise-separable convolution layer, a normalization layer,
a ReLU activation, another depthwise-separable convolution
layer, and another normalization layer and ReLU activation, all
in sequence. The remaining network layers are consistent with
our proposed ResDSNet structure. The results of comparing
these different baseline layers are shown in Table IV.

Table IV presents the impact of applying different baseline
layers within ResDSNet on the performance of ResDSNet
across the IV2a, the IV2b, and the PhysioNet datasets. We
observe that using the residual RC layer with the residual
mechanism achieves an Acc. of 77.12%. However, this is
lower than that achieved with the residual depthwise-separable
convolution layer with 79.36% Acc., which can be considered
analogous to an inception module with a high number of
branches, thereby enabling a broader network width [56]. In
contrast, the performance of the double-layer result lags that
of the single-layer result. The residual DRC layer reaches an
Acc. of 75.62%, approximately 1.5% lower than the residual
RC. This may be attributed to the limited branches in RC
and the disruption of residual connections when using double
layers. Similarly, the residual DDSC achieves only 77.01%,
marking a 2.35% gap from the residual depthwise-separable
convolution.

However, this gap varies across different datasets. In the
IV2b dataset, the residual RC layer and the residual DRC
layer yield similar results, whereas in PhysioNet, there is a
1.15% difference. This discrepancy may arise from variations
in the number of channels and sampling rates used in different
datasets. In the IV2b dataset, there are only three channels
(C3, C4, and Cz), which are the primary feature channels
for MI tasks. Under the same 250 Hz sampling rate, the gap
in IV2a is significantly larger than that in the IV2b dataset.
In the PhysioNet dataset, the difference between the residual
dual depthwise-separable mixed layer and the RDSM layer is
5.28%, likely because more channels are better suited for the
depthwise-separable structure, while increasing the number of
layers leads to a rapid decline in performance.

C. Different Kernel Sizes on RDSM

We select different kernel sizes to evaluate the performance
of RDSM in ResDSNet. Specifically, we test convolutional
kernel sizes of 3, 7, 15, and 31. For instance, when selecting
size 3, all convolutional kernels in the network are uniformly
set to 3. These dimensions represent commonly used sizes in
neural networks. In addition, we design a configuration where
all kernel sizes start with 31, modifying the kernel sizes in
Table I to ([31, 31], [15, 7], [7, 7], and [7, 3]). The results are
presented in Table V.

As shown in Table V, the parameters we employ in Res-
DSNet demonstrate optimal performance. Our findings reveal
that under identical kernel configurations, larger kernel sizes
lead to faster performance degradation, particularly evident on
the PhysioNet dataset with a 5% decrease. Similarly, when all
convolutional kernels start with a size of 31, the performance
also declines.
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TABLE V

COMPARISON OF ACCURACY (%, ACC.) AND KAPPA RESULTS BETWEEN
DIFFERENT KERNEL SIZES USING RESDSNET ON THREE DATASETS

Fig. 3. Structure of different residual connection mechanisms. (a) Nonresid-
ual. (b) Routing without IR. (c) Bypass without IR. (d) RR. (e) BR. (f) IR.

D. Influence of Different Residual Connections

The use of residual connections significantly enhances net-
work depth and improves recognition efficiency. We evaluate
six types of residual connection structures to assess their
impact on network performance. Specifically, we evaluate the
effect of nonresidual, interblock residual (IR), routing without
IR (RIR), routing residual (RR), bypass without IR (BIR), and
bypass residual (BR) connection structures, as shown in Fig. 3.

The nonresidual connection structure has no residual con-
nections between any layers or blocks in the network. The
IR connection, as we propose in ResDSNet, employs a resid-
ual mechanism with identity mapping limited to intrablock
connections. In the RIR structure, residual connections are
omitted within blocks, and blocks instead use DenseNet-style
dense connections, where each block receives features from all
preceding blocks and forward them as input features to subse-
quent blocks. The RR structure combines IR connections with
DenseNet-style dense connections between blocks. In the BIR

TABLE VI

COMPARISON OF ACCURACY (%, ACC.) AND KAPPA RESULTS BETWEEN
RESIDUAL CONNECTIONS USING RESDSNET ON THREE DATASETS

structure, residual connections are excluded within blocks, and
all blocks are densely connected. The BR connection structure
introduces a bypass for the initial input to serve as input for
all subsequent layers, creating an interblock bypass structure,
while also applying residual connections within each block.

We evaluate six types of connection structures on the IV2a,
IV2b, and PhysioNet datasets, as shown in Table VI. The
IR connection structure in ResDSNet consistently achieves
more stable Acc. than the other five connection types, reaching
79.36% Acc. and 0.7248 Kappa on the IV2a dataset, 84.95%
Acc. and 0.699 Kappa on the IV2b dataset, and 64.13% Acc.
and 0.5205 Kappa on the PhysioNet dataset. This improvement
is due to the IR structure, which enables each layer to establish
identity mappings, allowing feature maps processed in the
initial channel-expansion layers to propagate through these
connections. This design facilitates the seamless transmission
of feature maps from the channel-expansion layer to the final
RDSM layer, supporting efficient training across the network.
Conversely, the network without any residual connections
shows the lowest Acc., with 67.32% Acc. achieved on the
IV2a dataset, 81.37% on the IV2a dataset, and 48.46% on the
PhysioNet dataset.

We employ an unraveled view [66] to reconstruct different
residual connections to demonstrate the differences between
various mechanisms, as shown in Fig. 4. From this, it can
be observed that the structural diagrams for the nonresidual,
RIR, and BIR are similar to those before reconstruction. When
IR connections are added, the RR, BR, and IR significantly
change their structures. The IR can be viewed as a collection
of 2n independent paths (where n is the number of residual
modules). The depth of each path l, representing the num-
ber of modules traversed, follows a binomial distribution,
l ∼ B(n, p = 0.5). The output is the ensemble of all paths

yout =
X

b∈{0,1}n
Pb (x) (12)

where Pb(x) denotes the path selected by the binary mask b
(bi = 1 indicates the ith module is enabled). The distribution
of paths in different structures is as follows:

In Table VII, ps = l0/(l0 + l1 + l2 + l3) represents the
proportion of paths traversing only the initial layer (i.e., con-
tributing directly with no modules). pm = 1/2× (l1 + l2)/(l0 +
l1 + l2 + l3) indicates the intermediate-layer dominance,
computed as half the proportion of paths traversing one or
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Fig. 4. Reconstruct of different residual connection using unraveled view
[66]. (a) Nonresidual. (b) Routing without IR. (c) Bypass without IR. (d) RR.
(e) BR. (f) IR.

TABLE VII

PATH DISTRIBUTION AND LAYER DOMINANCE ACROSS
RESIDUAL STRUCTURES

two modules. pd = l3/(l0 + l1 + l2 + l3) represents the deep-
layer dominance, i.e., the proportion of paths traversing all
three modules.

From Table VII, it can be observed that when intermediate-
layer paths dominate the structure (i.e., pm is high), such as in
the proposed IR connections of ResDSNet, better performance
is achieved. This has been validated across multiple datasets.
Conversely, nonresidual structures yield poor performance as
only deep-layer paths exist. Shallow layers extract significant
features, and multilayer traversal can prevent some of these
features from reaching the output, degrading performance [19].

Comparing RIR and BIR, which differ only by the presence
of the yellow connection line that connects shallow features
directly to the output, in Fig. 3(b), BIR has a lower pm

value. The inclusion of this connection in RIR enables shallow
features to reach the final output and integrate with deeper
features, resulting in a substantial performance gain for RIR
over BIR on the PhysioNet dataset. While both RR and BR
employ dense residual connections, they exhibit similar ps

and pm values. This lack of intermediate-layer dominance
(pm not being predominant) likely explains their inferior
performance compared to IR. Furthermore, we find significant
performance differences between the RIR/BIR and the RR/BR
across datasets. We speculate that this is because datasets IV2a
and IV2b have fewer acquisition channels; the smaller gap
in IV2b may be due to it being a binary classification task

Fig. 5. Comparison of (a) Acc. (%), and (b) Kappa of our proposed network
ResDSNet using (c) different depths (numbers of RDSM) on the IV2a, IV2b,
and PhysioNet datasets.

with only three channels. In contrast, the PhysioNet dataset
features a larger number of channels (64), a four-class task, and
a larger subject number. These characteristics likely amplify
the performance differences between structures in large-scale,
diverse populations.

E. Influence of Different Depth on ResDSNet

To further evaluate the impact of adding or removing layers
in ResDSNet with residual structures, we gradually increase
the number of RDSM layers. In the “Layer41” model, each of
the four RDSM layers has only one layer. In the “Layer42”
model, all layers except the first are increased by one layer
compared to “Layer41.” In the “Layer43” model, the first and
second layers remain as in “Layer42,” while the other layers
are each increased by one. This incremental addition continues
until it aligns with our proposed method.

In Fig. 5, we can see that network performance gradually
improves as the number of layers increases. When looking at
the IV2a dataset, Layer41 achieves an Acc. of 83.42%. As
network depth increases, performance first declines and then
rises. Ultimately, our proposed method results in an Acc. of
78.89% and the Kappa of 0.7135. This effect occurs because
subjects in the IV2a dataset tend to achieve higher Acc. with
lightweight, shallow networks [19]. When the number of layers
increases without sufficient network parameters, performance
initially declines. However, with an increase in parameters and
the implementation of residual mechanisms, the network can
effectively construct robust hierarchical representations. The
residual mechanism effectively prevents information loss in
deeper layers, allowing the network to achieve higher perfor-
mance. When looking at the IV2b dataset, Layer41 reaches
an Acc. of 82.89%, whereas ResDSNet achieves a 2.06%
improvement, reaching 84.95%. In the PhysioNet dataset,
Acc. increases from 56.81% to 64.13%, demonstrating that
network performance gradually improves under the influence
of residual mechanisms. In addition, the plug-and-play layer
structure offers greater flexibility for network expansion.
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TABLE VIII

COMPARISON OF THE NUMBER OF PARAMETERS (K), TRAINING TIME (S), AND TEST TIME (MS) OF NETWORKS ON THREE DATASETS

Fig. 6. t-SNE visualization illustrates trials classification of different subjects on three datasets.

We evaluate three key metrics across three datasets. The
number of parameters reflects model size in thousands (K)
and spatial complexity through trainable weights. Training
time (seconds, s) represents the time required to train on
the training set for an individual model. Inference time
(milliseconds, ms) denotes the per-trial inference duration
for the different depth models on the test set. As shown
in Table VIII, the parameter count gradually increases with
progressive layer-depth augmentation. The per-trial inference
time remains under 32 ms, fully meeting conventional online
experimentation requirements.

F. Different Pooling Layer

To evaluate the impact of different pooling layers on
ResDSNet, we selected the commonly used average pool-
ing layer, max pooling layer, the variance layer employed
in FBCNet [36], and the GAP used in ResDSNet for
assessment.

In Table IX, we found that using GAP can integrate spatial
information between features [75], achieving optimal results:
79.36% Acc. and 0.7248 Kappa in the IV2a dataset, 84.95%
Acc. and 0.699 Kappa in the IV2b dataset, and 64.13%
Acc. and 0.5205 Kappa in the PhysioNet dataset. Similar
to the results obtained in [36], the average pooling layer
significantly outperforms the max pooling layer. Although the

TABLE IX
COMPARISON OF ACCURACY (%, ACC.) AND KAPPA RESULTS BETWEEN

DIFFERENT POOLING LAYERS USING RESDSNET
ON THREE DATASETS

variance layer performs better than the max pooling layer, it is
weaker than both the average pooling layer and the proposed
global pooling layer. We speculate that the batch normalization
layer in RDSM normalizes the input features, reducing the
occurrence of outliers, which diminishes the variance layer’s
ability to handle outliers and indirectly leads to a decline in
performance.

G. Ablation Experiment

We validate our proposed methods and structures by
conducting ablation experiments on the data preprocessing
modules, the RDSM layer, and the GAP to evaluate their
influence on network performance. The data preprocessing
techniques include EA and DS. The results are shown in
Table X.
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TABLE X
COMPARISONS OF THE ABLATION STUDY WITH THE PROPOSED METHOD, RESDSNET, FOR THE METHOD’S FOUR MODULES, INCLUDING EUCLIDEAN

SPACE DATA ALIGNMENT (EA), DS, THE RDSM LAYER, AND THE GAP, ON THREE DATASETS. THE ∗ , ∗∗ , AND ∗∗∗ INDICATE THAT THE
ACCURACIES OF LIGHTMIEEGNET ARE SIGNIFICANTLY HIGHER THAN THE COMPARED METHODS WITH p < 0.05, p < 0.01, AND

p < 0.001, RESPECTIVELY

In Table X, we find that all proposed modules impact net-
work performance. Removing the RDSM layer and the GAP
layer significantly degrades the performance on the IV2a and
PhysioNet datasets. For the IV2b dataset, the final GAP layer
shows a smaller performance decline, while the RDSM layer
still exhibits a substantial drop. This occurs primarily because
unprocessed features tend to produce random predictions,
converging to a 25% probability for four-class classification
in the IV2a and PhysioNet datasets. Regarding the GAP layer,
the three datasets have different numbers of channels, and its
role is to capture global features across all channels. When the
number of channels is small, the global spatial features become
limited, which leads to a smaller performance decline.

We use t-SNE to visualize the ablation results of different
modules, as shown in Fig. 6. As observed, ResDSNet exhibits
the most distinct clustering, whereas without RDSM and GAP,
features of different categories remain highly entangled. The
addition of EA and DS makes the intraclass features more
clustered, as seen in the comparison between the ResDSNet
plot and the w/o EA plot for the IV2a dataset.

VI. CONCLUSION

In this article, we propose a ResDSNet to address the
longstanding challenge of training deep structures on low
signal-to-noise ratio MI-EEG data. By systematically resolving
the structural incompatibilities that traditionally cause deep
networks to overfit on limited EEG data, ResDSNet success-
fully breaks the depth barrier in MI classification. Extensive
evaluations on real EEG data from 127 human subjects on
three public benchmark datasets—including IV2a, IV2b, and
PhysioNet—demonstrate that our deep network architecture
consistently outperforms 21 SOTA models, achieving statisti-
cally significant improvements.

Our study reveals that effectively deepening MI classi-
fication networks requires the simultaneous alignment of
three critical factors. First, through an unravelled-view path
analysis, we demonstrate that residual mechanisms in MI
networks achieve optimal performance when the layer dis-
tribution across paths approximates a binomial distribution,
whereas overly dense or unsuitable connections degrade per-
formance. Second, depthwise-separable convolution serves as
a superior residual baseline layer compared to RC, func-
tioning efficiently to filter noise while retaining task-relevant
features. Finally, integrating an optimized data preprocessing
module—specifically combining EA with DS—is essential to

reduce input redundancy and maintain compatibility with the
subsequent deep residual modules.

Overall, ResDSNet not only provides a robust and scalable
structure for MI-EEG decoding but also offers generalizable
architectural design criteria for future deep BCI models. In
future work, we plan to extend this deep residual structure to
different BCI paradigms.
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