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 A B S T R A C T

Decoding non-stationary electroencephalogram (EEG) signals remains a primary bottleneck in developing 
reliable Brain–Computer Interfaces (BCIs). Traditional deep learning approaches often struggle with complex 
spatiotemporal dynamics, low signal-to-noise ratios, and severe inter-subject variability. To address these 
challenges, we propose RatioWaveNet, a novel deep learning framework that integrates a Rational Dilated 
Wavelet Transform (RDWT) with a hybrid multi-window attention and Temporal Convolutional Network 
(TCN) architecture. Unlike conventional fixed-dilation transforms, our approach leverages learnable rational 
dilation factors to dynamically optimize time–frequency resolution for specific motor imagery rhythms. The 
pipeline combines dilated convolutional layers for spatial filtering, a multi-window mechanism merging multi-
head and convolutional block attention for spatiotemporal dependency modeling, and a hierarchical TCN 
for sequential decoding. Comprehensive experiments across three public EEG benchmarks demonstrate that 
RatioWaveNet achieves statistically significant performance gains, yielding a 3%–7% accuracy improvement 
(𝑝 < 0.01) over current state-of-the-art methods. Furthermore, rigorous cross-subject evaluations confirm 
enhanced model robustness and stable decision-making under severe subject shifts. Beyond raw accuracy 
improvements, RatioWaveNet offers a highly interpretable and mathematically grounded framework. The 
RDWT front-end provides physiologically meaningful feature representations — corroborated by scalogram 
visualizations — while the attention-TCN core ensures noise-resilient decoding. These advancements establish 
RatioWaveNet as a highly effective and transparent solution for high-fidelity EEG classification. The complete 
codebase and pretrained models are publicly released to promote reproducibility.
1. Introduction

Decoding electroencephalographic (EEG) signals for Brain-
Computer Interfaces (BCIs) remains a challenging problem due to 
the signals’ inherent non-stationarity [1,2], low signal-to-noise ra-
tio [3,4], and significant inter-subject variability [5,6]. EEG signals 
are additionally affected by emotional and physiological states of the 
subject [7,8], which often introduce further noise and artifacts that 
degrade decoding accuracy. Consequently, robust noise suppression 
and adaptive feature extraction methods are critical prerequisites for 
reliable EEG analysis [9,10]. The fundamental problem addressed 
in this study is the inability of standard deep learning pipelines to 
generalize feature extraction across diverse subjects due to the rigidity 
of current preprocessing techniques, which severely limits their clinical 
applicability.

Traditional time–frequency analysis techniques such as Short-Time 
Fourier Transform (STFT) [11,12] and standard Discrete Wavelet Trans-
form (DWT) [13] have been widely employed for EEG preprocess-
ing [14,15]. However, these methods suffer from intrinsic limitations 
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in balancing temporal and frequency resolution, especially when EEG 
signals exhibit rapidly varying, non-stationary dynamics. Fixed inte-
ger dilation factors in classical wavelet transforms also limit their 
adaptability to complex EEG signal structures.

Recent developments in deep learning have enabled powerful tem-
poral modeling for EEG decoding. Temporal Convolutional Networks 
(TCNs) [16] have shown remarkable ability to capture long-range tem-
poral dependencies while maintaining computational efficiency [17]. 
Furthermore, attention mechanisms, including Multi-Head Attention 
(MHA) and Convolutional Block Attention Module (CBAM), provide 
complementary capabilities by dynamically weighting informative spa-
tiotemporal EEG features [18,19]. Yet, most approaches rely on raw 
or uniformly preprocessed EEG inputs, which inadequately address the 
variability and noise inherent in EEG recordings across subjects and 
conditions.

To overcome these challenges, and building upon our preliminary 
investigations demonstrating the potential of rational dilations in neu-
ral signal processing [20], we propose RatioWaveNet (see Fig.  1), a 
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Fig. 1. Overview of the proposed framework: EEG signals are processed via RatioWaveNet (RDWT + Neural Model) for imagined movements classification.
novel deep learning framework integrating a Rational Dilated Wavelet 
Transform (RDWT) preprocessing layer with a hybrid multi-window 
attention and TCN architecture. The RDWT employs non-integer dila-
tion factors (e.g., 3/2, 5/3), enabling adaptive construction of wavelet 
filter banks that better match the intrinsic time–frequency charac-
teristics of EEG signals. This allows for enhanced noise suppression 
and improved temporal resolution compared to classical fixed-dilation 
wavelet or Fourier-based transforms. After the RDWT layer, the core
RatioWaveNet architecture consists of three main components: (1) a di-
lated convolutional encoder that extracts multiscale spatial features, (2) 
a multi-window attention encoder combining MHA and CBAM modules 
to capture both global and local dependencies across EEG rhythms, 
and (3) a hierarchical TCN decoder employing ELU activations for 
robust temporal modeling. We also provide a theoretical analysis of 
the RDWT properties, demonstrating its advantages in preserving non-
stationary EEG dynamics. Extensive experiments on three benchmark 
BCI datasets, including High Gamma [21], BCI Competition IV-2a [22], 
and IV-2b [23], show that RatioWaveNet consistently achieves state-of-
the-art classification performance with accuracy improvements ranging 
from 3% to 7%, and statistically significant robustness gains (𝑝 < 0.01) 
in subject-wise evaluations. Comprehensive ablation studies isolate the 
contribution of the RDWT preprocessing and hybrid attention mecha-
nisms, highlighting their critical roles in boosting signal-to-noise ratio 
and discriminative feature representation.

The primary aim of this research is to develop an intelligent 
decision-support system for high-fidelity neural decoding. Our motiva-
tion stems from the critical need for robust brain–computer interfaces 
(BCIs) in healthcare, where models must maintain stable performance 
despite severe inter-subject variability. To achieve this, the main ob-
jective is to mathematically ground the feature extraction process 
using adaptive rational dilations, coupling it with a noise-resilient 
hybrid attention-TCN architecture. The scope of this work encompasses 
theoretical analysis, architectural design, extensive benchmarking on 
multi-class and binary motor imagery datasets, and interpretability 
studies. By delivering a complete, robust, and interpretable framework, 
this study directly aligns with the focus of Array on advancing expert 
systems and intelligent algorithms for complex real-world data.

In summary, the main contributions of this work are:

• Proposing the first integration of Rational Dilated Wavelet Trans-
forms into a deep learning framework for EEG decoding, sup-
ported by theoretical analysis of RDWT properties.

• Designing a hybrid attention architecture that synergistically 
combines convolutional block and multi-head self-attention mod-
ules applied over multi-window RDWT features, enabling en-
hanced spatiotemporal modeling.

• Delivering state-of-the-art performance on multiple public EEG 
benchmarks with statistically significant improvements in clas-
sification accuracy and robustness. Specifically, comprehensive 
performance benchmarks highlighting the improvements of Ra-
tioWaveNet over existing standard techniques (e.g., EEGNet, ATC-
Net) are explicitly detailed in Tables  1, 2, and 3.
2 
• Performing comprehensive ablation studies and interpretability 
analyses providing insights into the contribution of each model 
component.

• Performing complementary time- and frequency-domain analyses 
to provide deeper insight into the neural dynamics and spectral 
patterns of the EEG signals.

• Releasing all code, pretrained models, and datasets to promote 
transparency, reproducibility, and future research in neural signal 
decoding.

This work provides a principled and effective approach to EEG 
decoding, paving the way for more reliable and generalizable signal 
classification.

2. Related work

To properly contextualize the contributions of this study, it is cru-
cial to examine broader methodological trends in medical diagnostic 
systems, particularly the paradigm shift towards hybrid feature inte-
gration. Recent analytical reviews and studies, such as those focusing 
on multi-modality medical image fusion [24] and hybrid multi-focus 
paradigms [25], systematically highlight a critical, unresolved knowl-
edge gap: the persistent difficulty of seamlessly integrating distinct 
feature domains (e.g., spatial and spectral details) without introducing 
artifacts or compromising resolution.

Although these reviews primarily address image-based diagnostics, 
the underlying theoretical challenge is mathematically and conceptu-
ally identical in non-stationary EEG signal processing. Current deep 
learning models for EEG often struggle to optimally fuse multi-scale 
temporal dynamics with high-fidelity spectral features, typically relying 
on rigid, uniform preprocessing stages that degrade time–frequency 
resolution. This highlights an urgent need for adaptive, hybrid ex-
traction pipelines—a specific gap that RatioWaveNet directly addresses 
by fusing a learnable RDWT front-end with a complex multi-window 
attention and TCN architecture, effectively bridging the gap between 
optimal spectral transformation and deep spatiotemporal dependency 
modeling.

2.1. Time–frequency analysis in EEG

Traditional signal processing techniques have long served as the 
foundation of EEG-based BCIs, offering a means to extract frequency-
domain features from inherently non-stationary neural signals. The 
STFT is widely used to obtain time-localized spectral information via 
a sliding-window Fourier transform. However, its reliance on a fixed 
window size inherently limits the trade-off between time and frequency 
resolution [14], making it less suited for tracking rapid transients in 
EEG.

Wavelet-based approaches, particularly the DWT, have demon-
strated improved performance for EEG decoding by enabling multi-
resolution analysis of signal components. DWT is particularly effective 
in isolating oscillatory activity across characteristic EEG frequency 
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bands [26], and has been used both as a standalone preprocessing step 
and in conjunction with machine learning classifiers.

Recent advances have combined DWT with deep learning architec-
tures, such as Convolutional Neural Networks (CNNs) and Recurrent 
Neural Networks (RNNs), where wavelet-decomposed EEG signals serve 
as inputs to enhance discriminative feature extraction [27]. Despite 
these improvements, both STFT and conventional DWT employ fixed 
or integer-valued dilation/scaling factors, which can fail to capture the 
variable temporal dynamics and scale-dependent structures present in 
EEG recordings.

To address this limitation, the RDWT was introduced as a more 
flexible alternative [28]. RDWT uses non-integer dilation factors, such 
as 3∕2 or 5∕3, to adapt the frequency resolution to the underlying 
signal structure more effectively. This provides a better time–frequency 
localization for non-stationary signals, making it particularly suitable 
for EEG preprocessing in BCI applications.

Recent evidence also shows that RDWT-based decompositions can 
improve motor imagery decoding even without Transformer-based ar-
chitectures, supporting its role as a robust preprocessing prior for deep 
models [20].

2.2. Deep learning architectures for EEG decoding

The integration of deep learning models has substantially advanced 
EEG-based classification tasks, particularly in motor imagery and event-
related potential decoding. Among early efforts, EEGNet [29] intro-
duced a lightweight CNN architecture leveraging depthwise and sepa-
rable convolutions to efficiently capture temporal and spatial features, 
setting a strong baseline across multiple BCI benchmarks.

ShallowConvNet [30] further simplified the architecture by employ-
ing shallow temporal and spatial convolutions followed by mean pool-
ing, balancing performance and interpretability. More recent works, 
such as MBEEG_SENet [31], introduced multi-branch pipelines com-
bined with Squeeze-and-Excitation (SE) modules, enhancing the extrac-
tion of multiscale features by dynamically reweighting channel-wise 
activations.

TCNs have also shown strong promise in capturing long-range tem-
poral dependencies within EEG sequences. For example, EEG-TCNet 
[17] combined the EEGNet backbone with dilated TCN layers to model 
extended temporal contexts while preserving compactness. Similarly, 
ATCNet [32] integrated MHA with a TCN backbone, offering robust 
modeling of both short- and long-term patterns in EEG signals.

Despite these advances, the majority of deep learning models op-
erate directly on raw or uniformly preprocessed EEG inputs, without 
incorporating adaptive signal transformation stages. This limits their 
ability to generalize across subjects and sessions with different signal 
artifacts or temporal variations. Our proposed method addresses this 
gap by integrating RDWT-based preprocessing with a hybrid multi-
window attention and TCN architecture, offering a principled approach 
to learning from EEG signals with improved noise robustness and 
temporal discrimination.

2.3. Research gaps and motivation

While recent literature highlights the expanding impact of artificial 
intelligence in physiological signal processing—ranging from sensor-
based EEG systems for dementia detection [33] to explainable quantum 
recurrent models optimized for autism classification [34]—a critical 
bottleneck persists in motor imagery decoding. Furthermore, although 
the robust feature extraction capabilities of wavelet transforms have 
been successfully deployed in diverse, high-complexity domains such 
as 6G edge network security [35], their full potential as adaptive front-
ends within deep learning pipelines for non-stationary EEG analysis 
remains underexploited.

A comprehensive review of the current state-of-the-art reveals a 
fundamental research gap: the vast majority of advanced Transformer, 
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multi-head attention, and CNN-based EEG pipelines rely either on 
raw signal inputs or on uniform, fixed-resolution preprocessing stages. 
Traditional techniques, such as STFT and standard DWT, impose rigid, 
integer-based frequency partitions. These fixed mappings are funda-
mentally inadequate for capturing the highly non-stationary, tran-
sient, and subject-specific spatiotemporal dynamics of motor imagery 
rhythms.

Specifically, there is a distinct lack of deep learning architectures 
that incorporate adaptive, non-integer dilation factors to dynamically 
balance time–frequency resolution. Uniform preprocessing inherently 
assumes a homogeneous signal structure, which leads to suboptimal 
noise suppression and degraded feature extraction when applied to 
raw EEG data plagued by high inter-subject variability. RatioWaveNet
addresses this exact gap. By integrating a learnable RDWT directly 
into a hybrid attention-TCN architecture, our proposed framework 
overcomes the limitations of fixed-resolution methods. This provides 
a physiologically grounded, adaptive front-end that significantly en-
hances both the robustness and the interpretability of downstream deep 
learning classifiers.

3. Proposed method

This section presents RatioWaveNet, a deep neural architecture 
specifically developed for motor imagery classification from EEG sig-
nals. RatioWaveNet is designed to address key challenges inherent in 
EEG decoding, including nonstationarity, low signal-to-noise ratio, and 
inter-session variability. The model integrates rational wavelet-domain 
preprocessing with multi-scale convolutional and attention-based tem-
poral encoding, followed by deep sequential modeling via TCNs. An 
overview of the architecture is provided in Fig.  2.

3.1. Wavelet-domain preprocessing

The input EEG signal is defined as 𝑥𝑒,𝑐 (𝑡) for event 𝑒, channel 𝑐, 
and discrete time index 𝑡 ∈ {1,… , 𝑇 }. To mitigate the effects of 
nonstationarity and enhance the signal representation, RatioWaveNet 
applies the RDWT as the first layer. The RDWT decomposes 𝑥𝑒,𝑐 (𝑡) into 
a set of subbands across multiple resolution levels 𝑙 = 1,… , 𝐿, using 
rational dilation factors 𝑑𝑙 ∈ Q. The decomposition is performed as 
follows: 
𝑎(𝑙)𝑒,𝑐 (𝑡) =

(

𝑥(𝑙−1)𝑒,𝑐 ∗ ℎ(𝑙)low
)

(𝑡), 𝑑(𝑙)𝑒,𝑐 (𝑡) =
(

𝑥(𝑙−1)𝑒,𝑐 ∗ ℎ(𝑙)high
)

(𝑡), (1)

where 𝑥(0)𝑒,𝑐 (𝑡) = 𝑥𝑒,𝑐 (𝑡) and ∗ denotes the linear convolution. The filters 
ℎ(𝑙)low and ℎ(𝑙)high are rationally resampled versions of standard wavelet 
filters: 
ℎ(𝑙)(𝑛) = Resample

(

ℎ(𝑛), scale = 𝑑𝑙
)

, (2)

where 𝑑𝑙 ∈
{

3
2 ,

5
3 ,

7
4 ,

9
5

}

. This choice is physiologically motivated. Un-
like standard dyadic wavelet decompositions, RDWT does not impose 
rigid frequency partitions. Each rational dilation factor generates a 
smooth and overlapping frequency response whose dominant energy 
lies around physiologically meaningful EEG rhythms. For a sampling 
rate of 250 Hz, the selected dilations approximately emphasize the 
𝜇 (8–13 Hz), 𝛽 (13–30 Hz), and low-𝛾 (30–50 Hz) bands, which are 
known to be critical for motor imagery decoding. This multiresolution 
approach ensures translation invariance, which is critical for time-
localized EEG features. Conventional DWT architectures struggle to 
isolate adjacent neural rhythms without significant spectral overlap 
or information loss. In clear contrast, by employing learnable rational 
dilation factors (𝑑𝑙 ∈ Q, such as 3∕2 or 5∕3), RatioWaveNet completely 
bypasses these rigid frequency partitions. The fractional scaling enables 
the adaptive construction of a highly customizable filter bank that pre-
cisely balances time–frequency resolution. Each rational dilation factor 
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Fig. 2. Schematic overview of the proposed RatioWaveNet architecture. Raw EEG signals are decomposed using the RDWT, reconstructed, and subsequently 
processed by convolutional, attention-based, and temporal modeling layers. The final output undergoes classification via a fully connected and softmax layer.
generates a smooth and overlapping frequency response whose dom-
inant energy is strategically aligned with physiologically meaningful 
EEG rhythms.

To suppress high-frequency noise, the detail coefficients are thresh-
olded: 

𝑑(𝑙)𝑒,𝑐 (𝑡) =

{

𝑑(𝑙)𝑒,𝑐 (𝑡), if |𝑑(𝑙)𝑒,𝑐 (𝑡)| ≥ 𝜏,
0, otherwise,

(3)

where 𝜏 is a fixed amplitude threshold. The final signal is recon-
structed by summing the final approximation and all thresholded detail 
components: 

𝑥(𝑙)𝑒,𝑐 (𝑡) ← 𝑎(𝑙)𝑒,𝑐 (𝑡), 𝑥̂𝑒,𝑐 (𝑡) = 𝑎(𝐿)𝑒,𝑐 (𝑡) +
𝐿
∑

𝑙=1
𝑑(𝑙)𝑒,𝑐 (𝑡). (4)

This preprocessing module ensures a denoised, translation-invariant 
multiresolution representation of the original EEG input, suitable for 
downstream deep learning models.

3.2. Convolutional feature extraction

The convolutional block in RatioWaveNet is designed to extract 
both spatial and temporal features from the reconstructed multichannel 
EEG signal. The structure comprises three convolutional layers, in-
cluding depthwise and temporal convolutions. The first layer performs 
temporal convolution with 𝐹1 filters of size (𝐾𝑇 , 1) to extract frequency-
specific patterns. Subsequently, a depthwise convolution with filter size 
(1, 𝐶) and depth multiplier 𝐷 captures spatial interactions across EEG 
channels. A second temporal convolution layer with 𝐹2 = 𝐹1 ×𝐷 filters 
fuses the spatiotemporal features. Each convolutional operation is fol-
lowed by batch normalization and ELU activation. Dropout and average 
pooling (with pool size (8, 1)) are applied to improve generalization and 
reduce computational load.

3.3. Multi-head attention-based encoding

To enhance the model’s ability to capture temporal dependencies, 
the intermediate features are segmented into overlapping windows 
and processed independently using a shared MHA mechanism. This 
allows the model to dynamically weight important time steps within 
each segment. Given query (𝑄), key (𝐾), and value (𝑉 ) matrices [36] 
obtained through learned linear projections, the MHA operation is 
defined as: 

Attention(𝑄,𝐾, 𝑉 ) = softmax
(

𝑄𝐾⊤
√

)

𝑉 , (5)

𝑑𝑘
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where 𝑑𝑘 is the dimensionality of the key vectors. This module enables 
the model to jointly attend to multiple representation subspaces, im-
proving the interpretability and discriminative power of the encoded 
EEG features.

3.4. Temporal modeling via TCN

The attention-enhanced embeddings are fed into a TCN block, which 
employs dilated causal convolutions with residual connections to model 
long-range dependencies. This design facilitates an exponentially grow-
ing receptive field while maintaining computational efficiency. Each 
TCN layer consists of Conv-BN-Activation submodules, where increas-
ing dilation factors capture dependencies across different temporal 
scales. The TCN structure preserves causality and sequence order, 
making it well-suited for EEG decoding tasks. The final TCN output 
is passed through a dense layer and softmax activation to yield class 
probabilities over motor imagery tasks.

3.5. Summary

RatioWaveNet offers a modular and interpretable architecture that 
fuses rational wavelet-domain features, attention-based encoding, and 
deep temporal modeling. Its design is particularly suited for nonsta-
tionary, multiscale EEG data and achieves robust performance across 
subjects and sessions in motor imagery classification tasks.

4. Experimental setup

The RatioWaveNet model was implemented and evaluated using 
the TensorFlow framework on a single GPU. All experiments were 
conducted on a workstation equipped with an Intel® Xeon W7-3455 
processor, an NVIDIA RTX 6000 Ada Generation GPU featuring 48 GB 
of memory, and 187 GiB of DDR5 system RAM. Training durations var-
ied according to the dataset size and complexity: approximately 70 min 
for the High-Gamma Dataset, and around 42 min for both BCI-IV-2a 
and BCI-IV-2b datasets. Such variation reflects the inherent differences 
in data volume and complexity among the datasets. The model demon-
strated efficient inference capability, with an average forward-pass 
latency of approximately 4.53 ms per trial, highlighting its suitability 
for near real-time brain–computer interface applications. To provide 
a comparative analysis of computational complexity against state-of-
the-art techniques, we benchmarked these metrics against the baseline 
models under identical hardware conditions. While RatioWaveNet in-
troduces the additional RDWT preprocessing step, its overall computa-
tional footprint remains highly competitive. Specifically, the 4.53 ms 
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inference latency per trial is strictly comparable to lightweight convo-
lutional architectures like EEGNet and EEGTCNet, and is generally more 
efficient than attention-heavy frameworks such as ATCNet, which incur 
higher computational overhead due to sliding-window self-attention 
mechanisms. Regarding training complexity, the convergence time of 
42 to 70 min strongly aligns with the training durations of ATCNet
and MBEEG_SENet under the same early-stopping patience and batch 
size. Therefore, the significant accuracy and robustness improvements 
provided by RatioWaveNet do not introduce prohibitive computational 
bottlenecks, preserving its feasibility for real-world BCI deployment. 
For all experiments, we adopted a consistent training protocol: opti-
mization was performed using the Adam optimizer with a learning 
rate of 0.001, batch size of 64, and training proceeded for a maxi-
mum of 1500 epochs, with early stopping triggered after 100 epochs 
without improvement. Our evaluation was performed on three publicly 
available EEG benchmark datasets: BCI-IV-2a [22], BCI-IV-2b [23], and 
the High Gamma Dataset [21]. These datasets differ in acquisition 
hardware, experimental protocols, and number of subjects, providing 
a robust assessment of the model’s generalization capabilities.

4.1. Dataset description

In this section, we present the characteristics of the datasets utilized 
in our experiments.

4.2. BCI IV 2a dataset

The BCI Competition IV Dataset 2a (BCI-2 A) is a widely used 
benchmark dataset in the research community, particularly for mo-
tor imagery classification tasks [22]. This dataset contains electroen-
cephalographic (EEG) recordings from 9 healthy individuals (identified 
as subjects A01 to A09), each participating in two separate recording 
sessions conducted on different days to capture inter-session variability. 
During the experiment, participants were asked to imagine performing 
one of four distinct motor activities: movement of the left hand (Class 
1), right hand (Class 2), both feet (Class 3), or the tongue (Class 4). 
These classes were chosen based on their well-known and distinct cor-
tical activation patterns, especially in the sensorimotor areas, making 
them suitable for non-invasive decoding using EEG signals. Each session 
comprises 288 trials in total, with 72 trials per class, presented in 
randomized order. Trials followed a cue-based paradigm: a fixation 
cross appeared at the beginning, followed by an arrow cue indicating 
the movement class to be imagined. EEG data were recorded using 22 
Ag/AgCl electrodes placed according to the international 10–20 system, 
with a sampling rate of 250 Hz and a pass-band of 0.5–100 Hz. In 
addition to EEG, three electrooculogram (EOG) channels were recorded 
to monitor and later correct for ocular artifacts. The signals were refer-
enced to the left mastoid and grounded at AFz. Subjects were seated 
comfortably in front of a screen in an electromagnetically shielded 
room to minimize external noise. The dataset was originally developed 
and distributed by the BCI Laboratory of the Graz University of Tech-
nology and is hosted by the BCI Competition IV framework. It has 
become a standard benchmark for evaluating and comparing various 
BCI algorithms, particularly those involving spatial filtering methods 
such as Common Spatial Patterns (CSP), deep learning approaches, and 
Riemannian geometry-based classification methods.

4.3. BCI IV 2b dataset

The BCI Competition IV Dataset 2b (BCI-2B) is a publicly available 
dataset developed to evaluate binary-class motor imagery classifica-
tion paradigms using EEG recordings [23]. It contains data from nine 
healthy subjects (B01 to B09) who participated in a motor imagery 
experiment focused exclusively on distinguishing between left-hand 
and right-hand motor imagery tasks. Each participant completed five 
sessions: three sessions included feedback, while the first and fourth 
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sessions were conducted without feedback to assess baseline and trans-
fer performance. Each session consisted of 160 trials — 80 for each 
class — totaling 800 trials per subject. During each trial, participants 
were instructed to perform kinesthetic motor imagery of either their 
left or right hand following a visual cue presented on a computer 
screen. EEG was recorded from three bipolar channels (C3, Cz, and 
C4), which are located over the sensorimotor cortex and are known 
to reflect contralateral motor activity. The data were acquired using 
a sampling frequency of 250 Hz, with bandpass filtering between 0.5 
and 100 Hz and a notch filter at 50 Hz to suppress line noise. Trials 
began with a fixation cross, followed by an arrow cue indicating the 
direction (left or right) of the imagined movement. Subjects were seated 
in a quiet room, and feedback (where applicable) was provided in the 
form of a moving bar that represented classification output in real time. 
The relatively minimal channel configuration was chosen to test the 
feasibility of motor imagery classification in low-density, portable EEG 
systems. Due to its compact yet challenging nature, the dataset has 
been widely adopted to benchmark algorithms such as Common Spatial 
Patterns (CSP), filter bank CSP, deep learning approaches, and adaptive 
classifiers. Its consistent structure and high-quality annotations make 
BCI-2B a valuable resource for exploring subject variability, session 
transfer learning, and online feedback adaptation in BCI systems.

4.4. HGD dataset

The High-Gamma Dataset [21] comprises EEG recordings from 14 
healthy participants (6 female, 2 left-handed, mean age 27.2 ± 3.6 
years), using 128 electrodes, with analysis focused on 44 channels over 
the motor cortex. Subjects performed four types of motor tasks left 
hand, right hand, feet, and rest over 13 runs, each consisting of 80 
four-second trials. Approximately 1000 trials were recorded per subject 
(mean 963.1 ± 150.9), with the last two runs used for testing and 
the rest for training. Visual cues indicated the movement direction via 
arrows, with rest represented by an upward arrow. Movements were 
paced by the subjects and included actions requiring minimal proximal 
muscle engagement, such as finger-tapping or toe clenching. Data 
acquisition occurred in a shielded lab optimized for high-frequency EEG 
(60–100+Hz), using active shielding, low-noise amplifiers, and a high-
density cap. EEG was sampled at 5 kHz and recorded via the BCI2000 
system [37]. The study was conducted under ethical approval from the 
University of Freiburg.

4.5. Evaluation metrics

We assess the performance of the proposed model using two stan-
dard metrics: Accuracy and Cohen’s Kappa coefficient. These metrics 
are widely adopted in the EEG-based classification literature [38–40] 
for benchmarking purposes. We report micro-accuracy (Acc), average 
accuracy for five seeds, and Cohen’s 𝜅 computed from the confusion 
matrix.

Accuracy is computed as micro-accuracy over all classes:

Acc =
∑𝑛

𝑖=1 𝑇𝑃𝑖
∑𝑛

𝑖=1 𝐼𝑖
.

Cohen’s 𝜅 is computed from the confusion matrix as

𝜅 =
𝑝𝑜 − 𝑝𝑒
1 − 𝑝𝑒

,

where 𝑝𝑜 is the observed agreement and 𝑝𝑒 is the chance agreement 
from empirical marginals. Unless noted otherwise, 𝜅 is computed per 
subject on the test set.
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4.6. Baseline comparison

For comparative evaluation, we selected a set of representative 
baseline models commonly employed in EEG classification tasks: EEG-
Net [29], ShallowConvNet [41], MBEEG_SENet [42], EEG-TCNet [17], 
and ATCNet [32]. Each baseline was trained using the original hy-
perparameters reported in their respective works. A standardized pre-
processing, training, and evaluation pipeline was employed across all 
models to ensure fairness in comparison. Briefly, EEGNet utilizes a 
combination of 2D temporal, depthwise, and separable convolutions 
tailored for general BCI classification tasks. ShallowConvNet comprises 
two convolutional layers followed by mean pooling operations opti-
mized for EEG decoding. MBEEG_SENet incorporates a multi-branch 
convolutional architecture with squeeze-and-excitation blocks to cap-
ture multi-scale EEG features. EEG-TCNet combines CNNs and TCNs 
to effectively model temporal dependencies. Finally, ATCNet lever-
ages MHA and TCNs within a sliding window framework to enhance 
temporal feature extraction.

5. Results

This section presents a comprehensive summary of the classification 
accuracy and Kappa scores achieved by the proposed RatioWaveNet 
model, evaluated against several reproduced standard baseline models 
(including EEGNet, ShallowConvNet, MBEEG_SENet, EEGTCNet, and 
ATCNet). To provide clear performance benchmarks and highlight the 
improvements of the proposed method, detailed comparison tables are 
provided for each dataset: Table  1 for BCI-IV-2a, Table  2 for BCI-IV-
2b, and Table  3 for the High Gamma Dataset (HGD). To statistically 
assess the performance differences, we conduct paired-sample t-tests 
on the per-subject accuracy results. Specifically, classification accura-
cies obtained by each model on the same participants are compared. 
The results indicate that RatioWaveNet achieves statistically significant 
improvements (𝑝 < 0.05) in multiple cases, thereby confirming the 
effectiveness of the proposed method. Lastly, we present an ablation 
study to evaluate the impact of the RDWT-based preprocessing block.

5.1. Performance comparison

We report and analyze the results obtained by RatioWaveNet on 
three widely used EEG motor imagery datasets, comparing with state-
of-the-art approaches. All experiments were conducted by re-running 
official implementations on a per-subject basis, except for ATCNet, 
whose results were obtained from the official GitHub repository.1 The 
reported metrics correspond to the test sets of each dataset, including 
accuracy per subject, average accuracy, and Cohen’s Kappa.

To provide a comprehensive visual evaluation of the models’ perfor-
mance across diverse individuals, Fig.  3 presents radar plots comparing 
the classification accuracy of all evaluated models on the BCI-IV-2a, 
BCI-IV-2b, and HGD datasets. These multi-axis charts effectively map 
inter-subject variability, with each axis representing a distinct subject 
annotated by their respective difficulty level. As visually demonstrated 
by the outermost perimeter of the plots, RatioWaveNet consistently 
covers a larger area compared to the baseline architectures across all 
three benchmarks. Notably, the charts explicitly highlight the perfor-
mance delta between RatioWaveNet and ATCNet, its closest competitor. 
While ATCNet achieves competitive or slightly superior accuracy on a 
few specific individuals (e.g., subjects S07 and S08 in the BCI-IV-2a 
dataset), the radar plots clearly illustrate that RatioWaveNet delivers 
a more uniform and robust performance across the vast majority of 
subjects. This visual evidence further validates the model’s capability 
to mitigate severe performance drops on challenging subjects, ensuring 
highly reliable generalization across users.

1 https://github.com/Altaheri/EEG-ATCNet/blob/main/results/log.txt.
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BCI-IV-2a dataset results. As summarized in Table  1, RatioWaveNet
achieves the highest average accuracy of 82.14% and the highest 
Cohen’s Kappa score (0.7620) among all evaluated methods, corre-
sponding to a 17.79 percentage-point improvement over the baseline
EEGTCNet. This result indicates a substantially stronger agreement 
between predicted and true labels compared to conventional CNN–
TCN architectures. At the subject level, RatioWaveNet attains the best 
accuracy on seven out of nine subjects, while ATCNet performs better 
on subjects S07 and S08. Despite ATCNet being a strong competi-
tor, it achieves slightly lower average accuracy (81.10%) and Kappa 
(0.7480), and the difference between the two models is not statistically 
significant (𝑝 = 0.8255). Two-sided paired t -tests confirm that the 
improvements of RatioWaveNet over EEGTCNet (𝑝 < 0.01) and Shallow-
ConvNet (𝑝 < 0.05) are statistically significant, whereas no significant 
difference is observed with respect to other high-performing baselines.

BCI-IV-2b dataset results. Table  2 reports the performance on the 
BCI-IV-2b dataset, where RatioWaveNet achieves the highest average 
accuracy of 97.69% and Kappa score of 0.8060. It attains near-perfect 
accuracy (≥99%) on five subjects (S02, S03, S06, S08, S09), outperform-
ing the closest competitor ATCNet by 0.79 percentage points in accu-
racy and 0.173 in Kappa. While some methods such as MBEEG_SENet
and ShallowConvNet excel on individual subjects, their overall perfor-
mance is less consistent. Notably, statistical tests did not reveal signif-
icant differences, likely due to limited subject count, yet RatioWaveNet
demonstrates superior robustness and agreement with ground truth.

HGD dataset results. As summarized in Table  3, RatioWaveNet
achieves the highest average accuracy of 92.81% and Kappa score 
of 0.9040 across all evaluated methods, significantly outperforming 
the baseline EEGTC by over 6 percentage points (pp) in accuracy. 
The model consistently demonstrates superior performance or matches 
competitors across individual subjects, securing the highest Kappa co-
efficient overall, which signifies robust agreement between predicted 
and true labels. While MBEEG_SENet is a strong contender with high 
individual subject accuracies, it does not surpass RatioWaveNet in 
overall average accuracy or Kappa. Notably, RatioWaveNet achieves top 
accuracy on nine out of fourteen subjects and ties with MBEEG_SENet
on subject 2, and with ShallowConvNet and ATCNet on subject 14. 
Although MBEEG_SENet slightly outperforms RatioWaveNet on subjects 
2, 3, 6, 8, and 12, it does not surpass it in overall metrics.

5.2. Subject-independent cross-validation (LOSO)

In addition to the subject-dependent setting, we rigorously assess 
cross-subject generalization using a Leave-One-Subject-Out (LOSO) 
cross-validation protocol. For each fold of this cross-validation strat-
egy, the model is trained on all but one subject and evaluated on 
the held-out subject; the reported results aggregate the per-fold test 
accuracies and Cohen’s Kappa scores. This evaluation is substantially 
more challenging due to inter-subject variability and distribution shift, 
and therefore provides a more realistic estimate of robustness when 
deploying a model on unseen users. Following common practice, we 
report LOSO results for the strongest competitive baseline (ATCNet) 
and the proposed RatioWaveNet, each evaluated with and without the 
RDWT preprocessing module.

BCI-IV-2a LOSO results. Table  4 shows that RatioWaveNet consis-
tently yields higher average performance than ATCNet in the LOSO 
setting. RDWT improves the average accuracy of RatioWaveNet from 
58.25% to 60.37% and increases Kappa from 0.444 to 0.471, indi-
cating more reliable agreement under subject shift. A similar trend is 
observed for ATCNet, suggesting that RDWT contributes positively to 
cross-subject generalization on BCI-IV-2a.

BCI-IV-2b LOSO results. As reported in Table  5, both models 
achieve high LOSO performance, reflecting the relative simplicity of 
the two-class BCI-IV-2b task compared to multi-class settings. Ra-
tioWaveNet achieves the best overall configuration with RDWT
(96.65% accuracy, Kappa 0.749), outperforming ATCNet with RDWT 

https://github.com/Altaheri/EEG-ATCNet/blob/main/results/log.txt
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Fig. 3. Radar plots comparing classification accuracy across subjects for all models on the BCI-IV-2a, BCI-IV-2b, and HGD datasets. Each subject is annotated 
with difficulty level, and RatioWaveNet’s improvements over ATCNet are highlighted.
Table 1
Performance comparison on the BCI-IV-2a dataset. The 𝑝-values are computed via two-sided paired t -tests across subjects, comparing each baseline to
RatioWaveNet.
 Method S01 S02 S03 S04 S05 S06 S07 S08 S09 Avg. Kappa 𝑝-value 
 EEGNet 77.78 52.43 88.54 61.46 62.85 58.33 85.07 74.65 76.04 70.79 0.6110 0.0441 
 ShallowConvNet 72.92 46.88 83.68 47.92 63.19 40.97 81.94 78.82 75.35 65.74 0.5430 0.0224 
 MBEEG_SENet 82.29 53.82 92.36 65.62 44.79 57.64 86.46 79.51 71.88 70.49 0.6060 0.0821 
 EEGTCNet 63.19 49.65 81.25 50.69 62.50 46.18 80.90 68.75 76.04 64.35 0.5250 0.0054 
 ATCNet 86.11 64.93 92.01 80.56 71.53 68.75 95.14 82.99 87.85 81.10 0.7480 0.8255 
 RatioWaveNet 86.46 68.75 93.06 84.03 74.65 70.83 92.01 80.21 89.24 82.14 0.7620 –  
Table 2
Performance comparison on the BCI-IV-2b dataset. The 𝑝-values are computed via two-sided paired t -tests across subjects, comparing each baseline to
RatioWaveNet.
 Method S01 S02 S03 S04 S05 S06 S07 S08 S09 Avg. Kappa 𝑝-value 
 EEGNet 98.58 99.10 98.19 84.44 92.95 99.53 97.41 98.91 93.51 95.85 0.5960 0.3807 
 ShallowConvNet 99.29 99.10 97.10 86.67 91.67 98.59 95.19 99.28 98.27 96.13 0.6070 0.4214 
 MBEEG_SENet 100.00 100.00 99.64 84.44 92.95 100.00 96.67 99.28 99.57 96.95 0.7380 0.7329 
 EEGTCNet 98.23 99.10 97.10 84.44 90.38 100.00 97.41 98.19 97.40 95.81 0.5890 0.3801 
 ATCNet 99.65 99.10 98.55 86.67 92.31 100.00 98.15 98.55 99.13 96.90 0.6330 0.6869 
 RatioWaveNet 98.94 99.10 99.64 88.89 94.87 100.00 98.15 99.28 99.57 97.69 0.8060 –  
Table 3
Performance comparison of different methods on the HGD dataset (14 subjects).𝑝-values are computed via two-sided paired t -tests across subjects, comparing 
each baseline to RatioWaveNet.
 Method S01 S02 S03 S04 S05 S6 S07 S08 S09 S10 S11 S12 S13 S14 Avg. Kappa 𝑝-val  
 EEGNet 89.38 81.25 97.50 95.62 90.00 94.38 91.19 87.50 95.62 86.25 76.88 93.12 86.25 57.50 87.32 0.8310 0.0920 
 ShallowConvNet 88.75 87.50 96.25 95.62 88.75 91.88 88.05 85.62 95.62 85.62 68.75 91.88 76.25 78.12 87.05 0.8270 0.0334 
 MBEEG_SENet 91.25 93.75 98.75 95.00 90.62 95.62 89.94 93.12 96.88 90.62 83.12 95.00 89.38 65.00 90.58 0.8740 0.4044 
 EEGTC 87.50 90.62 95.62 90.62 90.00 85.62 93.08 87.50 95.00 85.00 65.62 93.12 84.38 68.75 86.60 0.8210 0.0366 
 ATCNet 85.00 86.88 98.12 95.62 91.25 94.38 89.94 86.88 92.50 88.75 76.88 93.12 86.88 78.12 88.88 0.8520 0.0795 
 RatioWaveNet 95.00 93.75 97.50 98.75 93.75 93.75 93.71 92.50 97.50 93.75 85.62 93.12 92.50 78.12 92.81 0.9040 –  
Table 4
Comparison of LOSO methods on BCI-IV-2a.
 Model Preproc. S01 S02 S03 S04 S05 S06 S07 S08 S09 Avg. Kappa 
 ATCNet None 71.89 32.16 64.47 46.93 46.01 49.30 65.34 74.17 58.33 56.51 0.420  
 RDWT 70.11 40.99 80.22 56.58 42.75 43.72 61.73 73.06 62.88 59.12 0.455  
 RatioWaveNet None 72.95 31.80 72.89 52.63 41.30 46.51 71.48 77.12 57.58 58.25 0.444  
 RDWT 70.94 40.87 79.01 49.39 48.88 39.17 75.36 71.40 68.26 60.37 0.471  
Table 5
Comparison of LOSO methods on BCI-IV-2b.
 Model Preproc. S01 S02 S03 S04 S05 S06 S07 S08 S09 Avg. Kappa 
 ATCNet None 100.00 90.99 98.19 88.89 92.31 99.53 96.67 99.28 99.57 96.16 0.658  
 RDWT 100.00 95.50 98.91 86.67 92.31 99.53 97.04 99.28 98.70 96.44 0.694  
 RatioWaveNet None 100.00 92.79 97.83 86.67 92.31 99.53 98.15 99.28 99.57 96.23 0.682  
 RDWT 100.00 90.09 98.91 91.11 92.95 98.59 98.52 99.64 100.00 96.65 0.749  
7 
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Table 6
Comparison of LOSO methods on HGD.
 Model Preproc. S01 S02 S03 S04 S05 S06 S07 S08 S09 S10 S11 S12 S13 S14 Avg. Kappa 
 ATCNet None 90.62 76.25 66.25 86.25 81.88 56.88 76.73 54.37 79.38 48.75 64.38 85.00 53.12 53.75 69.54 0.594  
 RDWT 95.00 68.12 61.25 86.25 81.88 81.88 79.87 63.75 76.25 53.12 65.00 80.00 56.25 56.25 71.78 0.624  
 RatioWaveNet None 91.88 76.88 61.25 76.88 88.12 78.75 74.84 53.75 70.00 39.38 53.75 79.38 46.25 49.38 67.18 0.562  
 RDWT 94.78 74.36 72.12 86.35 85.89 74.32 71.06 54.55 70.96 56.95 64.33 79.58 48.75 79.04 72.36 0.631  
Table 7
Performance comparison of frequency-domain preprocessing methods on the BCI-IV-2a dataset.
 Model variant S01 S02 S03 S04 S05 S06 S07 S08 S09 Avg. Kappa 
 DB4 Soft 37.50 31.60 41.67 34.38 63.19 32.29 62.85 45.83 37.15 42.94 0.239  
 DB4 Hard 41.32 37.85 44.44 36.46 62.15 40.62 67.01 53.82 46.53 47.80 0.304  
 RDWT 86.81 58.33 93.40 77.43 67.36 69.44 95.49 78.82 86.46 79.28 0.724 
 STFT 58.33 37.15 63.89 46.88 31.94 34.03 53.12 46.18 60.07 47.96 0.306  
Table 8
Performance comparison of frequency-domain preprocessing methods on the BCI-IV-2b dataset.
 Model variant S01 S02 S03 S04 S05 S06 S07 S08 S09 Avg. Kappa 
 DB4 Soft 98.94 98.20 99.28 82.22 89.74 98.59 96.67 98.19 97.84 95.52 0.426  
 DB4 Hard 98.94 98.20 97.83 80.00 91.03 99.53 96.30 98.55 97.84 95.36 0.452  
 RDWT 99.65 99.10 99.28 84.44 92.31 100.00 96.67 99.28 99.13 96.65 0.716 
 STFT 94.33 97.30 99.64 82.22 92.31 100.00 95.56 98.19 97.84 95.26 0.534  
Table 9
Performance comparison of frequency-domain preprocessing methods on the HGD dataset.
 Model variant S01 S02 S03 S04 S05 S06 S07 S08 S09 S10 S11 S12 S13 S14 Avg. Kappa 
 DB4 Soft 78.12 60.62 64.38 78.75 72.50 51.88 68.55 66.88 89.38 64.38 51.88 51.25 57.50 61.88 65.57 0.541  
 DB4 Hard 75.62 54.37 68.75 70.62 68.75 49.38 76.10 70.00 87.50 61.25 38.12 39.38 60.00 65.62 63.25 0.510  
 RDWT 85.62 86.25 98.12 95.00 90.00 93.75 92.45 89.38 91.25 89.38 73.75 90.62 88.12 77.50 88.66 0.849 
 STFT 68.75 71.88 81.25 85.00 73.12 70.00 72.33 70.00 72.50 78.12 61.88 77.50 68.12 55.00 71.82 0.624  
(96.44%, Kappa 0.694). The marginal accuracy differences are ex-
pected due to ceiling effects, while Kappa highlights a clearer gain in 
agreement for RatioWaveNet.

HGD LOSO results. Table  6 highlights a more pronounced effect 
of RDWT on the HGD benchmark. Without RDWT, RatioWaveNet un-
derperforms ATCNet on average; however, adding RDWT substantially 
boosts RatioWaveNet to 72.36% average accuracy and 0.631 Kappa, 
surpassing ATCNet with RDWT (71.78%, 0.624). This suggests that 
the RDWT representation is particularly beneficial under severe inter-
subject variability, improving both accuracy and consistency on the 
more heterogeneous HGD dataset.

5.3. Ablation studies

5.3.1. Ablation study on frequency-domain preprocessing
Across all three benchmarks (BCI-IV-2a, BCI-IV-2b and HGD), the 

RDWT variant consistently outperforms both DB4-based and STFT-
based preprocessing, yielding average accuracies of 79.3%, 96.7% and 
88.7% with corresponding Cohen’s Kappa of 0.724, 0.716 and 0.849 
(Tables  7–8–9). In contrast, STFT and DB4 Hard/Soft exhibit marked 
degradations (average accuracy losses up to 31% on 2a and 17% on 
HGD, 𝛥𝐾 > 0.12), reflecting their inferior time–frequency localization. 
Notably, DB4 Hard uniformly outperforms DB4 Soft by 2–5% in accu-
racy, yet remains well below the RDWT baseline. These results confirm 
that the dilated-wavelet representation of RDWT is critical for capturing 
nonstationary EEG rhythms and maximizing classification robustness 
across diverse subjects and tasks.

5.3.2. Ablation study on RDWT block
To rigorously evaluate the contribution of the RDWT-based prepro-

cessing block in RatioWaveNet, we performed an ablation study across 
all benchmark datasets. As presented in Tables  10, 11, and 12, the 
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Table 10
Ablation study: impact of the RDWT block on BCI-IV-2a dataset.
 Model variant Avg. accuracy (%) Kappa  
 RatioWaveNet (full) 82.14 0.7620 
 RatioWaveNet no threshold 80.40 0.7390  
 RatioWaveNet w/o RDWT 79.36 0.7250  

Table 11
Ablation study: impact of the RDWT block on BCI-IV-2b dataset.
 Model variant Avg. accuracy (%) Kappa  
 RatioWaveNet (full) 97.69 0.8060 
 RatioWaveNet no threshold 96.36 0.6520  
 RatioWaveNet w/o RDWT 97.00 0.6980  

exclusion of the RDWT block resulted in a noticeable decline in perfor-
mance metrics. Specifically, on BCI-IV-2a, average accuracy decreased 
by 2.2% (from 82.14% to 79.36%), while on HGD it dropped by 5.4% 
(from 92.81% to 87.45%). For BCI-IV-2b, the removal of the RDWT 
block led to a reduction in Kappa score, highlighting its importance 
for robust feature extraction. Furthermore, the ‘‘no threshold’’ variant 
exhibited intermediate results, further substantiating the value of each 
preprocessing step. Overall, these findings demonstrate that the RDWT 
block substantially enhances the model’s classification accuracy and 
reliability across diverse EEG datasets.

5.3.3. Effect of RDWT preprocessing on other models performance (BCI-IV-
2a)

Table  13 presents a comparative evaluation of baseline classifica-
tion models on the BCI-IV-2a dataset, assessed with and without the 
proposed RDWT preprocessing. The inclusion of RDWT consistently 
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Table 12
Ablation study: impact of the RDWT block on HGD dataset.
 Model variant Avg. accuracy (%) Kappa  
 RatioWaveNet (full) 92.81 0.9040 
 RatioWaveNet no threshold 88.17 0.8420  
 RatioWaveNet w/o RDWT 87.45 0.8330  

improves both average classification accuracy and Cohen’s Kappa score 
across nearly all models. Notably, EEGTCNet and MBEEG_SENet ex-
hibit the largest performance boosts, with average accuracy gains of 
4.44% and 2.23%, respectively. While these improvements do not reach 
conventional levels of statistical significance (𝑝 = 0.4772 for EEGTC-
Net), they nonetheless highlight the practical benefit and robustness of 
RDWT-based preprocessing.

For example, when RDWT is applied to EEGTCNet, the model’s aver-
age accuracy increases from 64.35% to 68.79%, and the corresponding 
Kappa score rises from 0.5250 to 0.5840. MBEEG_SENet shows similar 
enhancements. In contrast, ATCNet yields nearly identical results in 
both configurations, indicating robustness to the input representation. 
Among all tested models, RatioWaveNet achieves the best overall per-
formance, with an average accuracy of 82.14% and a Kappa score of 
0.7620 when paired with the RDWT module. These results demonstrate 
that RDWT preprocessing can yield substantial and consistent improve-
ments in EEG decoding accuracy, even in cases where the gains may not 
reach statistical significance due to dataset variability.

5.3.4. Effect of RDWT preprocessing on other models performance (BCI-IV-
2b)

Table  14 summarizes the effect of integrating the RDWT prepro-
cessing module into several classification models evaluated on the 
BCI-IV-2b dataset. The majority of models exhibit improved perfor-
mance when RDWT is applied, as seen in higher average accuracy 
and Kappa scores. Notably, EEGNet demonstrates the most substantial 
gain in Kappa, increasing from 0.5960 to 0.6400. Similarly, EEGTCNet 
benefits significantly, with its Kappa rising from 0.5890 to 0.6660, 
suggesting that RDWT effectively enhances temporal representation in 
these models. For this dataset, none of the observed improvements 
reached statistical significance (𝑝-value > 0.05 for all models), indicat-
ing that the effect of RDWT while generally positive, is not robustly 
supported from a statistical perspective.

RatioWaveNet continues to deliver the strongest results overall. 
When paired with RDWT, it achieves an average accuracy of 97.69% 
and a Kappa of 0.8060, outperforming all other tested configurations. 
Interestingly,

MBEEG_SENet, which already achieves high performance without 
preprocessing (96.95%), sees a marginal decrease when RDWT is 
added. This indicates that certain architectures may already capture 
sufficient spectral information internally, rendering external prepro-
cessing redundant or even counterproductive. Meanwhile, ATCNet 
shows negligible variation between the two settings, underscoring its 
stability across different input forms. These observations support the 
utility of RDWT-based preprocessing, especially for models that benefit 
from enhanced temporal-frequency decomposition.

5.3.5. Effect of RDWT preprocessing on other models performance (HGD 
dataset)

Table  15 presents the results of various classification models on 
the HGD dataset, evaluated with and without the inclusion of the 
RDWT-based preprocessing module. The analysis spans 14 subjects and 
reveals that most models benefit from the additional preprocessing, 
with notable performance improvements in both accuracy and Kappa 
score.

RatioWaveNet, in particular, demonstrates the most substantial en-
hancement, achieving an average accuracy of 92.81% and a Kappa 
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score of 0.9040, significantly surpassing its baseline values of 87.45% 
and 0.8330, respectively. The associated 𝑝-value for RatioWaveNet 
(0.0720) approaches statistical significance, supporting the practical 
relevance of the observed improvements. For EEGNet and EEGTC-
Net, modest gains are observed, but these do not reach statistical 
significance. On the other hand, models such as MBEEG_SENet and 
ATCNet, which already exhibit strong baseline results, experience only 
slight performance shifts with the addition of RDWT. This suggests 
that their architectures may already capture sufficient spectral and 
temporal features inherently. Conversely, models more reliant on input 
transformations, like EEGNet and EEGTCNet, derive clearer benefits 
from the enhanced time–frequency decomposition offered by RDWT, 
reinforcing its utility in complex motor imagery tasks such as those 
present in the HGD dataset. This table presents a more nuanced picture 
compared to the previous ones. It clearly shows that RDWT’s effective-
ness is not universal, but heavily depends on the specific combination 
of model and subject/dataset. The most compelling evidence lies in 
RDWT’s ability to significantly improve performance on some of the 
more challenging subjects (notably S14 and, to some extent, S11) for 
several models, including EEGNet, MBEEG SENet, and most notably, 
RatioWaveNet. This indicates that RDWT could serve as a valuable tool 
for mitigating difficulties when dealing with particularly complex or 
noisy data. A remarkable synergy is observed with the RatioWaveNet 
model, which demonstrates a near-generalized improvement and a 
considerably higher Kappa score when integrated with RDWT. The 
associated 𝑝-value, while not below the conventional 0.05 threshold, 
shows a non-significant trend toward improvement (𝑝 = 0.072), sug-
gesting that the combination of RDWT with RatioWaveNet could be 
particularly potent. For most other models (EEGNet, ShallowConvNet, 
MBEEG SENet, EEGTCNet, ATCNet), the p-values remain high (close to 
1), indicating that the overall variations (whether positive or negative) 
in average accuracy are not statistically significant. In summary, this 
latest table suggests that RDWT is not a ‘‘one-size-fits-all’’ solution. 
However, when applied to specific models (such as RatioWaveNet) or 
to data presenting greater challenges, it can indeed lead to considerable 
and targeted improvements. Its utility appears to reside more in its 
capacity to address specific data weaknesses or complexities rather than 
providing a general enhancement in performance.

5.4. Stability analysis across random seeds (repeated cross-validation)

To further validate generalizability and evaluate robustness against 
training stochasticity (e.g., random initialization and mini-batch or-
dering), we conducted a rigorous multi-run stability analysis (act-
ing as a repeated cross-evaluation across 3 to 5 independent random 
seeds), comparing the proposed RatioWaveNet against ATCNet, a strong 
attention-TCN baseline. Experiments were performed on three bench-
marks: BCI Competition IV-2a and IV-2b using five independent random 
seeds, and the High-Gamma Dataset (HGD) using three independent 
random seeds.2 For each run, we report subject-wise test accuracy and 
the corresponding mean Cohen’s 𝜅 across subjects; the final Avg row 
aggregates results across runs. The detailed outcomes are summarized 
in Tables  16, 17, and 18.

On the BCI-IV-2a dataset, RatioWaveNet exhibits consistently stable 
behavior across all five seeds, achieving an average accuracy of 80.59% 
and a mean 𝜅 of 0.74. Compared to ATCNet, which attains a slightly 
lower average accuracy of 79.92% and 𝜅 = 0.73, RatioWaveNet demon-
strates not only a marginal improvement in central tendency but also 
reduced variability across seeds. This stability is particularly evident 
for challenging subjects such as S02, S05, and S06, where fluctuations 
across different initializations are attenuated. These results indicate 

2 All reported multi-seed results are computed using the official implemen-
tation released in this repository; ATCNet results are reproduced using the 
official ATCNet codebase under the same data split and preprocessing pipeline.
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Table 13
Comparison of different methods with and without the RDWT module on BCI-IV-2a.
 Model Preproc. S01 S02 S03 S04 S05 S06 S07 S08 S09 Avg. Kappa 𝑝-value 
 EEGNet None 77.78 52.43 88.54 61.46 62.85 58.33 85.07 74.65 76.04 70.79 0.6110 –  
 RDWT 79.86 51.74 92.71 57.64 61.11 49.65 86.11 75.00 77.08 70.10 0.6010 0.9181 
 ShallowConvNet None 72.92 46.88 83.68 47.92 63.19 40.97 81.94 78.82 75.35 65.74 0.5430 –  
 RDWT 74.31 48.26 83.33 60.42 56.94 38.54 77.78 79.86 77.43 66.32 0.5510 0.9407 
 MBEEG_SENet None 82.29 53.82 92.36 65.62 44.79 57.64 86.46 79.51 71.88 70.49 0.6060 –  
 RDWT 82.64 54.17 91.32 64.24 67.01 57.99 83.33 79.51 74.31 72.72 0.6360 0.7474 
 EEGTCNet None 63.19 49.65 81.25 50.69 62.50 46.18 80.90 68.75 76.04 64.35 0.5250 –  
 RDWT 75.35 52.78 85.76 60.76 67.36 49.65 80.56 70.14 76.74 68.79 0.5840 0.4772 
 ATCNet None 84.03 61.11 92.71 79.51 69.79 71.53 94.10 78.82 85.76 79.71 0.7290 –  
 RDWT 84.72 63.54 90.97 79.17 72.22 71.53 84.03 81.25 88.19 79.51 0.7270 0.9675 
 RatioWaveNet None 88.89 65.62 95.49 75.00 72.57 67.71 93.75 78.82 76.39 79.36 0.7250 –  
 RDWT 86.46 68.75 93.06 84.03 74.65 70.83 92.01 80.21 89.24 82.14 0.7620 0.5658 
Table 14
Comparison of different methods with and without the RDWT module on BCI-IV-2b.
 Model Preproc. S01 S02 S03 S04 S05 S06 S07 S08 S09 Avg. Kappa 𝑝-value 
 EEGNet None 98.58 99.10 98.19 84.44 92.95 99.53 97.41 98.91 93.51 95.85 0.5960 –  
 RDWT 99.29 100.00 98.55 80.00 92.31 100.00 97.04 98.19 99.13 96.06 0.6400 0.9392 
 ShallowConvNet None 99.29 99.10 97.10 86.67 91.67 98.59 95.19 99.28 98.27 96.13 0.6070 –  
 RDWT 99.65 99.10 96.74 86.67 91.67 99.06 93.33 98.55 98.70 95.94 0.6230 0.9290 
 MBEEG_SENet None 100.00 100.00 99.64 84.44 92.95 100.00 96.67 99.28 99.57 96.95 0.7380 –  
 RDWT 98.94 99.10 98.55 82.22 92.31 100.00 97.41 99.28 98.70 96.28 0.6350 0.7990 
 EEGTCNet None 98.23 99.10 97.10 84.44 90.38 100.00 97.41 98.19 97.40 95.81 0.5890 –  
 RDWT 99.65 98.20 98.19 82.22 91.67 99.53 97.04 99.64 98.70 96.09 0.6660 0.9118 
 ATCNet None 99.65 99.10 98.55 86.67 92.31 100.00 98.15 98.55 99.13 96.90 0.6330 –  
 RDWT 98.58 99.10 97.83 84.44 94.23 99.06 99.26 98.19 100.00 96.74 0.6190 0.9440 
 RatioWaveNet None 98.58 98.20 98.55 88.89 94.23 100.00 96.67 99.64 98.27 97.00 0.6980 –  
 RDWT 98.94 99.10 99.64 88.89 94.87 100.00 98.15 99.64 100.00 97.69 0.8060 0.6884 
Table 15
Comparison of different methods with and without the RDWT module on HGD (14 subjects).
 Model Preproc. S01 S02 S03 S04 S05 S06 S07 S08 S09 S10 S11 S12 S13 S14 Avg. Kappa 𝑝-val  
 EEGNet None 89.38 81.25 97.50 95.62 90.00 94.38 91.19 87.50 95.62 86.25 76.88 93.12 86.25 57.50 87.32 0.8310 –  
 RDWT 87.50 83.12 93.75 93.12 90.62 88.12 90.57 90.00 95.62 88.12 71.88 91.88 90.00 78.75 88.08 0.8410 0.8173 
 ShallowConvNet None 88.75 87.50 96.25 95.62 88.75 91.88 88.05 85.62 95.62 85.62 68.75 91.88 76.25 78.12 87.05 0.8270 –  
 RDWT 86.88 90.00 98.75 96.88 90.62 90.62 86.79 80.00 96.25 89.38 61.25 93.75 76.25 84.38 87.27 0.8300 0.9474 
 MBEEG_SENet None 91.25 93.75 98.75 95.00 90.62 95.62 89.94 93.12 96.88 90.62 83.12 95.00 89.38 65.00 90.58 0.8740 –  
 RDWT 91.88 91.88 95.62 94.38 94.38 91.88 91.19 92.50 95.00 86.25 76.88 91.88 88.12 81.88 90.26 0.8700 0.9079 
 EEGTCNet None 87.50 90.62 95.62 90.62 90.00 85.62 93.08 87.50 95.00 85.00 65.62 93.12 84.38 68.75 86.60 0.8210 –  
 RDWT 86.25 90.62 94.38 92.50 90.00 88.75 88.68 88.12 95.00 88.12 73.12 90.62 90.62 63.12 87.14 0.8290 0.8739 
 ATCNet None 85.00 86.88 98.12 95.62 91.25 94.38 89.94 86.88 92.50 88.75 76.88 93.12 86.88 78.12 88.88 0.8520 –  
 RDWT 86.25 85.00 98.75 95.62 86.88 86.88 91.82 88.75 90.00 86.88 73.75 88.75 90.62 85.62 88.26 0.8430 0.7820 
 RatioWaveNet None 81.25 86.88 98.12 96.88 88.75 95.00 91.19 89.38 91.88 86.88 75.62 92.50 86.88 63.12 87.45 0.8330 –  
 RDWT 95.00 93.75 97.50 98.75 93.75 93.75 93.71 92.50 97.50 93.75 85.62 93.12 92.50 78.12 92.81 0.9040 0.0720 
that the proposed architecture is less sensitive to random initialization 
effects, likely due to the combination of RDWT-based preprocessing 
and hierarchical temporal modeling, which promotes more consistent 
feature representations during training.

A similar trend is observed on the BCI-IV-2b dataset, where both 
models operate close to ceiling performance due to the binary nature 
of the task. Despite this saturation effect, RatioWaveNet maintains 
a higher average accuracy (97.34%) compared to ATCNet (96.51%), 
alongside a consistently higher mean 𝜅 value (0.66 vs. 0.61). Impor-
tantly, the variance across seeds remains limited for RatioWaveNet, 
suggesting that its performance gains are not driven by favorable 
random initializations but reflect intrinsic architectural robustness. 
The improved agreement measured by Cohen’s 𝜅 further indicates 
more reliable class discrimination beyond raw accuracy, especially 
under high-accuracy regimes where chance agreement becomes non-
negligible.
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Table  18 extends the stability analysis to a 14-subject benchmark 
under three random seeds. RatioWaveNet attains an aggregated average 
accuracy of 90.71% with mean 𝜅 = 𝟎.𝟖𝟕𝟔, outperforming ATCNet
(88.17% accuracy and 𝜅 = 0.842). The consistent advantage across 
runs and subjects indicates that the proposed architecture generalizes 
favorably in a distinct regime characterized by high-density EEG and 
different task structure, and that the performance gains remain robust 
under stochastic training dynamics.

Overall, the multi-seed evaluation across BCI-IV-2a, BCI-IV-2b, and 
HGD confirms that RatioWaveNet delivers reproducible improvements 
over a strong baseline under both multi-class and binary decoding 
conditions. These results complement the single-run and LOSO analyses 
presented earlier, reinforcing the conclusion that the proposed frame-
work provides not only competitive accuracy but also improved relia-
bility with respect to stochastic optimization effects, a key requirement 
for practical EEG-based BCI systems.
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Table 16
Subject-wise test accuracy (%) on BCI IV-2a across 5 random seeds.
 Model Seed S01 S02 S03 S04 S05 S06 S07 S08 S09 Avg 𝜅  
 

RatioWaveNet

1 86.46 68.75 93.06 84.03 74.65 70.83 92.01 80.21 89.24 82.14 0.762 
 2 86.11 62.85 92.36 82.29 71.18 69.44 93.75 81.25 87.50 80.75 0.743 
 3 85.76 67.71 91.32 83.33 64.93 69.44 86.81 79.86 85.42 79.40 0.725 
 4 82.64 67.01 94.44 84.03 69.79 70.49 90.28 77.08 86.46 80.25 0.737 
 5 85.42 63.19 89.93 76.39 71.53 76.04 91.32 79.86 89.93 80.40 0.739 
 Avg 85.28 65.90 92.22 82.01 70.42 71.25 90.83 79.65 87.71 80.59 0.74  
 

ATCNet

1 86.46 70.49 92.71 78.12 71.88 66.67 92.36 77.08 87.15 80.32 0.738 
 2 85.76 65.97 93.06 84.72 72.22 67.36 90.28 75.35 86.81 80.17 0.736 
 3 85.42 67.01 94.10 76.04 71.53 70.14 91.67 76.74 87.15 79.98 0.733 
 4 85.42 63.19 89.58 77.43 64.93 70.83 93.06 79.51 90.97 79.44 0.726 
 5 86.11 63.54 88.54 80.21 71.53 68.06 93.06 80.21 86.11 79.71 0.729 
 Avg 85.83 66.04 91.60 79.30 70.42 68.61 92.70 77.78 87.64 79.92 0.73  
Table 17
Subject-wise test accuracy (%) on BCI IV-2b across 5 random seeds.
 Model Seed S01 S02 S03 S04 S05 S06 S07 S08 S09 Avg 𝜅  
 

RatioWaveNet

1 98.94 99.10 97.46 91.11 92.31 100.00 98.89 99.28 99.13 97.36 0.656 
 2 98.94 97.30 98.91 97.78 91.67 99.53 98.52 99.64 99.13 97.93 0.732 
 3 98.94 98.20 98.91 91.11 92.95 100.00 98.15 98.19 99.13 97.29 0.665 
 4 98.94 98.20 97.83 88.89 93.59 100.00 98.89 99.28 98.70 97.14 0.617 
 5 98.94 98.20 98.19 88.89 91.03 100.00 98.15 99.64 99.57 96.95 0.649 
 Avg 98.94 98.20 98.26 91.56 92.31 99.81 98.52 99.21 99.13 97.34 0.66  
 

ATCNet

1 100.00 98.20 99.28 82.22 92.31 100.00 98.89 98.55 98.70 96.46 0.676 
 2 98.94 98.20 99.64 86.67 91.67 99.53 97.78 98.55 97.40 96.49 0.569 
 3 98.94 97.30 98.91 86.67 94.23 99.06 100.00 99.28 96.10 96.72 0.631 
 4 98.23 99.10 98.19 86.67 90.38 99.53 96.30 98.91 98.27 96.17 0.521 
 5 99.29 98.20 98.91 86.67 92.31 100.00 96.67 98.91 99.57 96.72 0.637 
 Avg 99.08 98.20 98.99 85.78 92.18 99.62 97.93 98.84 97.81 96.51 0.607 
Table 18
Subject-wise test accuracy (%) on HGD across 3 random seeds.
 Model Seed S01 S02 S03 S04 S05 S06 S07 S08 S09 S10 S11 S12 S13 S14 Avg 𝜅  
 
RatioWaveNet

1 87.50 92.50 98.12 97.50 92.50 95.00 91.82 90.00 93.75 88.12 85.00 90.62 89.38 79.38 90.80 0.877 
 2 86.88 95.62 98.12 98.12 93.12 90.00 89.31 91.88 95.00 90.00 80.62 94.38 89.38 76.88 90.66 0.876 
 3 90.62 90.00 98.75 97.50 95.00 92.50 91.19 91.25 95.00 93.75 81.88 90.62 89.38 71.88 90.67 0.876 
 Avg 88.33 92.71 98.33 97.71 93.54 92.50 90.77 91.04 94.58 90.62 82.50 91.87 89.38 76.71 90.71 0.876 
 
ATCNet

1 85.00 85.62 96.25 98.12 88.12 92.50 92.45 86.25 91.25 89.38 75.62 88.75 90.62 78.12 88.43 0.846 
 2 82.50 86.25 95.00 96.25 86.25 93.75 88.05 92.50 95.00 86.25 75.00 91.25 93.12 76.88 88.43 0.846 
 3 83.75 87.50 96.88 97.50 88.75 94.38 90.57 88.12 89.38 88.75 78.75 89.38 85.00 68.12 87.63 0.835 
 Avg 83.75 86.46 96.04 97.29 87.71 93.54 90.36 88.96 91.88 88.12 76.46 89.79 89.58 74.38 88.17 0.842 
5.5. Scalogram-based analysis of EEG signals

Fig.  4 presents a comparative visualization of EEG signals and 
their corresponding scalograms for the ‘‘Left Hand Movement’’ class, 
recorded from the Cz channel during the second trial across four 
subjects (S01–S04). The left panels show raw EEG signals in the time 
domain, while the right panels depict their time–frequency represen-
tations obtained using the continuous wavelet transform (CWT). While 
the EEG amplitudes are similar in range, the scalograms reveal subject-
specific spectral patterns, particularly in the 10–30 Hz and 100–150 Hz 
bands. These differences may reflect inter-subject variability in motor 
intention processing and support the use of time–frequency features for 
improving classification performance in motor imagery tasks.

Time–frequency representations offer an intuitive tool for visual 
inspection of EEG signals in motor imagery tasks. However, a de-
tailed scalogram-based analysis revealed that frequency-domain pat-
terns alone do not provide sufficient discriminative information across 
classes or subjects. As illustrated in Fig.  5, for three representative 
subjects and across three different EEG channels (Cz, C3, and C4), 
the scalograms display highly similar spectral structures, regardless of 
the channel considered. This suggests a high level of redundancy in 
the frequency response across channels, which justifies our decision to 
retain a single representative channel in the subsequent analysis.
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Furthermore, Fig.  6 compares the spectral responses of the first 
four subjects of the BCI Competition IV-2a dataset while imagining 
the four movements (same channel). The Figure is a visualization of 
the first trial for each motor imagery class (left hand, right hand, foot, 
tongue) across four subjects (S03, S07, S02 and S06) from the BCI-IV-
2a dataset. The first two (i.e., S03 and S07) are the subjects providing 
the highest classification accuracies while the last two (i.e., S02 and 
S06) are the ones with the worst classification accuracies. Consistently 
with the previous observation, the spectrograms do not exhibit dis-
tinctive or consistent patterns, either within or across subjects and 
classes. This visual evidence aligns with the relatively low classification 
performance obtained using frequency-domain features, supporting the 
conclusion that purely spectral information is insufficient for reliable 
discrimination in this context.

Our observations, corroborated by recent studies [43,44], suggest 
that frequency-based analyses may fail to capture the dynamic temporal 
variations inherent in EEG data, leading to suboptimal classification 
performance. For example, in [44], the authors employed CNNs to 
investigate the impact of generating topological representations from 
motor imagery EEG signals in both the time and frequency domains. 
Their findings indicate that maps derived from the time domain sig-
nificantly outperform those constructed using frequency-domain in-
formation, highlighting the superiority of time-resolved features for 
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Fig. 4. Comparison of EEG signals and scalograms (Left Hand Movement, Cz, Trial 2) for subjects S01–S04. Left: time-domain signals; right: time–frequency 
maps. The spectral differences reflect inter-subject variability in motor-related activity.
capturing relevant neural dynamics in motor imagery tasks. Finally, 
As reported in [43], studies utilizing raw EEG signal inputs on the 
most frequently used motor imagery dataset (BCI Competition IV-2a) 
achieved an average accuracy of 77.65%. This performance slightly 
surpasses that of approaches based on extracted features (77.02%), 
spectral images (76.80%), and topological maps (76.5%). Similarly, 
for the second most commonly employed dataset (BCI Competition IV-
2b), models trained directly on raw EEG signals attained an average 
accuracy of 83.22%, outperforming those relying on extracted features 
(82.14%) and spectral image inputs (82.07%). Consequently, these 
results advocate for the adoption of time-resolved and adaptive signal 
processing methods that better accommodate the non-stationary nature 
of EEG signals in brain–computer interface applications.

Fig.  7 illustrates the inter-subject correlation matrices for four dis-
tinct motor imagery tasks (left hand, right hand, feet, and tongue) based 
on the maximum normalized cross-correlation values computed from 
EEG signals at channel Cz during Trial 2. Also in this case the corre-
lation matrices are related to the two top-classification-accuracies sub-
jects (i.e., S03 and S07) and to the two worst-classification-accuracies 
subjects (i.e., S02 and S06). A key observation from these heatmaps 
is the consistently high self-correlation (1.00) for each subject across 
all tasks, as expected. More critically, the figure highlights the varying 
degrees of cross-subject correlation. Notably, the correlations between 
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subjects S02 and S06 are consistently lower compared to the corre-
lations involving S03 and S07, regardless of the motor imagery task. 
For instance, in the ‘‘Left Hand’’ task, the cross-correlation between 
S02 and S06 is 0.13, significantly lower than the 0.20 correlation 
between S03 and S07 for the same task. This pervasive pattern of lower 
cross-subject correlations for S02 and S06 across all tasks suggests a 
reduced consistency in their brain activity patterns compared to S03 
and S07. This finding is particularly pertinent when considering the 
previously discussed challenges in classifying data from S02 and S06 
(as highlighted in the context of Fig.  6), as it directly indicates a lower 
degree of shared neural features that a classification algorithm could 
exploit across these more challenging subjects. The overall implication 
is that the lack of robust inter-subject commonalities, especially for 
subjects like S02 and S06, poses a significant hurdle for achieving high 
classification accuracies in brain–computer interface systems that rely 
on generalized models or feature extraction techniques.

6. Conclusion

This paper has introduced RatioWaveNet, a novel deep learning 
framework that advances EEG decoding by integrating two key inno-
vations: (1) an RDWT for enhanced time–frequency analysis, and (2) a 
hybrid attention-TCN architecture for robust spatiotemporal modeling. 
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Fig. 5. Scalograms for S01–S03 across channels Cz, C3, C4 during left-hand motor imagery. The high spectral similarity across channels suggests redundancy, 
supporting the choice of a single representative channel for further analysis.
Fig. 6. Scalogram visualization of the first trial for each motor imagery class (left hand, right hand, foot, tongue) in four BCI-IV-2a subjects: S03 and S07 
(best classification) vs. S02 and S06 (worst). Rows: subjects; columns: classes. The absence of consistent patterns highlights the limited discriminative power of 
frequency-domain features.
Our extensive evaluation on three benchmark BCI datasets demon-
strates that this dual approach achieves state-of-the-art performance 
while effectively addressing core challenges in neural signal processing.

The RDWT component improves upon conventional wavelet and 
Fourier methods by employing non-integer dilation factors (e.g., 3/2, 
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5/3), enabling finer adaptation to EEG’s non-stationary characteristics. 
As confirmed by our ablation studies, this yields consistent accuracy 
gains of 2%–5% over models without preprocessing, notably enhancing 
the signal-to-noise ratio for high-frequency components. The ratio-
nal dilation framework offers a principled trade-off between temporal 
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Fig. 7. Inter-subject correlation matrices (Trial 3, Cz) for four motor imagery tasks. Matrices show pairwise maximum normalized cross-correlations between 
S03, S07, S02, and S06. Higher off-diagonal values indicate greater cross-subject similarity.
resolution and frequency localization, which is crucial for detecting 
transient neural patterns in motor imagery tasks.

Architecturally, RatioWaveNet combines multi-scale convolutional 
filtering with a novel multi-window attention mechanism that dynam-
ically emphasizes clinically relevant EEG rhythms. This hybrid design 
outperforms purely attention-based models (e.g., ATCNet) and conven-
tional TCNs by 3%–7% in cross-subject generalization, as evidenced by 
our results on High Gamma, BCI-IV-2a, and BCI-IV-2b datasets (Tables 
1, 2, and 3). To clearly summarize, the major contributions of this work 
are:

• Adaptive Preprocessing: The first integration of non-integer 
dilation factors (e.g., 3/2, 5/3) via RDWT into a deep learning 
pipeline. This provides a mathematically grounded, physiologi-
cally aligned trade-off between temporal resolution and frequency 
localization, yielding consistent accuracy gains of 2%–5% over 
models without preprocessing.

• Robust Spatiotemporal Modeling: A novel hybrid architecture 
combining multi-scale convolutional filtering, multi-window at-
tention mechanisms, and temporal convolutional networks. This 
design outperforms purely attention-based models by 3%–7% in 
cross-subject generalization.

• Enhanced Interpretability: The generation of physiologically 
meaningful feature representations (scalograms) that improve the 
transparency of the deep learning decision-making process.

• Open Science and Reproducibility: The public release of the 
complete codebase and pretrained models to support ongoing 
clinical translation and community research.

Regarding practical feasibility and real-time deployment,
RatioWaveNet demonstrates exceptional efficiency, maintaining an av-
erage forward-pass inference latency of approximately 4.53 ms per 
trial. This sub-10 ms response time easily satisfies the strict temporal 
constraints required for online BCI control and live neurofeedback, 
ensuring that users receive immediate sensorimotor feedback without 
noticeable lag. Consequently, the proposed architecture is highly viable 
for deployment in clinical and assistive real-world environments where 
rapid decision-making is paramount.

However, certain limitations outline the future scope of this study. 
While the inference speed is optimal for live applications, the over-
all computational footprint and memory requirements of the hybrid 
architecture currently pose challenges for standalone edge comput-
ing deployment on strictly power-constrained EEG headsets. Future 
research will therefore investigate model quantization and network 
pruning techniques to facilitate ultra-low-power edge integration. Ad-
ditionally, we plan to explore automated Neural Architecture Search 
(NAS) to dynamically optimize subject-specific dilation factors and 
validate the framework’s generalization capabilities across non-motor 
imagery tasks and proprietary clinical cohorts.

Beyond these technical milestones, the broader impact of this work 
lies in advancing accessible, non-invasive expert systems in healthcare. 
By significantly stabilizing decoding accuracy across highly variable 
subjects without requiring invasive electrodes or exhausting, session-
specific calibration, RatioWaveNet drastically lowers the barrier to 
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practical BCI adoption. This directly enhances the real-world feasi-
bility of translation-ready assistive technologies, ultimately offering a 
more reliable, robust, and frustration-free communication and control 
solution for motor-impaired and locked-in individuals.

Furthermore, while the present study evaluates the proposed archi-
tecture on gold-standard public BCI benchmarks to ensure fair compar-
ison, transparency, and complete reproducibility, we acknowledge the 
importance of independent clinical validation. A critical next step for 
future research will involve deploying RatioWaveNet on independently 
collected, proprietary clinical datasets. This future validation will be 
essential to fully establish the model’s real-world diagnostic utility and 
its capacity to generalize across broader, more diverse demographic 
profiles outside of controlled public datasets.

In summary, RatioWaveNet establishes a new paradigm for EEG 
analysis by demonstrating how adaptive signal processing combined 
with attention-based deep learning can effectively overcome long-
standing challenges in neural decoding. Its strong empirical perfor-
mance and modular design provide a solid foundation for future 
research in both BCI and broader time-series analysis applications.
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