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Abstract
Brain-computer interfaces (BCI) based on augmented reality

steady-state visual evoked potentials (AR-SSVEP) face critical chal-
lenges in mobile environments, including low signal-to-noise ratio
(SNR) from dry electrodes and limited computational resources on
mobile embedded platforms. To optimize the AR-SSVEP system
performance, this study comprehensively considers the stimulus-
response coupling mechanism integrating visual optical princi-
ples with deep learning-based classification. First, we designed
an optimal AR visual stimulation configuration scheme capable
of adaptively adjusting key parameters. Second, to address the
time-varying non-stationary characteristics of SSVEP and inter-
electrode quality variations in dry electrode systems, we propose
CBAM-FNet-a lightweight SSVEP detection algorithm that incor-
porates the Convolutional Block Attention Module (CBAM) with
multi-band fusion. The algorithm achieves classification accuracies
of 93.84% on benchmark datasets and 74.43% on our self-collected
AR-SSVEP dataset, representing performance improvements of up
to 22.96% over state-of-the-art methods. Real-time implementa-
tion on an embedded unmanned vehicle platform demonstrates
65% control accuracy with an information transfer rate of 50.35
bits/min, validating the practical value of CBAM-FNet in embedded
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BCI applications and overcoming hardware-imposed performance
limitations.
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1 Introduction
Brain-computer interfaces (BCI) have established a novel path-

way for communication between the brain and the external envi-
ronment [4]. BCI based on electroencephalography (EEG) is gaining 
attention in various fields, including medical rehabilitation [17, 22], 
education [28], entertainment [19], and smart homes [8, 21]. Steady-
state visual evoked potentials (SSVEP) occur when a person’s eyes 
focus on visual stimuli that flicker at a specific frequency, leading 
to natural oscillations in the brain cortex and generating EEG sig-
nals with specific response potentials [2, 30]. SSVEP-BCI is highly 
effective due to its high signal-to-noise ratios (SNR) and informa-
tion transfer rate (ITR), resulting in widespread adoption [6, 34].
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However, traditional SSVEP-BCI using LCD displays confines us-
age to laboratory settings. Recently, researchers have incorporated
augmented reality (AR) technology into SSVEP-BCI, forming AR-
SSVEP, to enhance the efficiency and comfort of human-machine
interaction [1, 10]. However, deploying AR-SSVEP in mobile en-
vironments faces significant challenges, including reduced SNR
from dry electrodes, computational constraints of embedded plat-
forms, and varying ambient conditions that affect stimulus quality.
Previous works have demonstrated the feasibility of embedded
SSVEP-BCI systems, such as lightweight electric wheelchairs with
hybrid stimulators [16], but achieving robust performance in AR
environments with minimal computational resources remains an
open challenge.

Research on visual stimulation in AR-SSVEP has been guided by
fundamental physics principles governing visual perception and
neural oscillations. Researchers have systematically investigated
stimulus parameters that include layout [35], color characteris-
tics [5], target density [32], size and contrast optimization [23], and
ambient lighting adaptation [31], establishing theoretical founda-
tions for AR-SSVEP stimulus design and demonstrating the impor-
tance of systematic optimization for mobile applications.
Efficient detection of SSVEP signals has been a focal point of

AR-SSVEP research. Lin et al. introduced Canonical Correlation
Analysis (CCA) for SSVEP signal detection [12], followed by Filter
Bank CCA (FBCCA) which enhanced performance by incorporat-
ing harmonic components [3]. Nakanishi introduced Task-Related
Component Analysis (TRCA), achieving remarkable performance
by enhancing SNR by removing background EEG activity [18].
Deep learning approaches have further advanced detection capa-
bilities [24], with EEGNet achieving an accuracy of 80% under
12-target conditions [9, 27], and subsequent CNN architectures in-
corporating various optimization techniques, including LSTM, spec-
tral normalization, and transfer learning strategies [7, 20].Recent
works have also explored attention mechanisms to handle temporal
non-stationarity and channel-wise variations [13], while metric
learning approaches have demonstrated effectiveness in learning
robust representations from non-stationary EEG signals [33].
However, the current SSVEP signal detection algorithm has ob-

vious limitations and cannot fully capture the necessary features
in the signal, resulting in performance bottlenecks. To solve this
problem, this article proposes the convolutional block attention
module [29] and multi-band fusion (CBAM-FNet). The algorithm
combines the local attention module and can effectively capture
key information and features in the signal, thus compensating for
the shortcomings of the current algorithm in local perception, es-
pecially in a mobile environment.

Under the optimal visual stimulation obtained by test verification,
this study proposes a deep learning algorithm that can address the
key limitations of BCI signals to enhance the performance of AR-
SSVEP to meet the challenges of mobile BCI systems. To verify the
effectiveness of the proposed method, we implemented and tested
the system on an embedded unmanned vehicle control platform,
demonstrating the robustness of the algorithm in a dynamic real
environment. The main contributions of this paper are as follows.

• We designed an adaptive AR visual stimulation parameter
scheme, including key parameters such as shape, size, and

color-brightness interaction, to enhance the visual evoked
effects of stimulation targets in AR.

• We proposed a CBAM-FNet method that enhances atten-
tion to reliable electrodes and temporal features through
the CBAM module, further combined with multi-frequency
band fusion technology to improve the ability to capture key
SSVEP features.

• We designed and implemented an embedded BCI system
based on AR-SSVEP, obtained a self-collected AR-SSVEP
dataset to validate the algorithm’s effectiveness, and suc-
cessfully achieved online real-time control of an unmanned
vehicle platform.

The remainder of this paper is organized as follows. Section 2
introduces visual stimulus optimization and systematically studies
stimulus parameters to improve the quality of SSVEP responses. Sec-
tion 3 introduces the CBAM-FNet architecture for adaptive signal
detection under moving conditions. Section 4 presents the exper-
imental validation, including the description of the dataset, the
implementation details, and the performance analysis. Section V
outlines the conclusions and proposes future work.

2 Visual Stimulation Optimization
Since AR displays are easily affected by background interference

and ambient light changes, the SSVEP signal obtained from the
same stimulus display is 30%-50% lower than the SNR of traditional
LCDs. In order to optimize the stimulus response and improve the
performance of the AR-SSVEP system, we systematically varied
three key parameter sets to determine the optimal visual stimulus:
Experiment 1 - Stimulus shape: We tested four geometric

shapes of equal area (square, circle, triangle, hexagon) to isolate the
effect of shape on the quality of the SSVEP response. Keep the size,
color, and lighting conditions of the stimulus consistent.

Experiment 2 - Stimulus size: Using the optimal shape deter-
mined in Experiment 1, we evaluated four different sizes of stimuli,
ranging from 2.34 ° to 5.85 ° in the field of view, to determine the
effect of stimulus size in the AR environment.
Experiment 3 - Interaction between color and brightness:

Based on Experiments 1 and 2, we conducted a crossover experiment
to test four colors (white, red, green, blue) under three ambient
brightness levels (0, 165, 330 luminance) to establish an adaptive
color selection strategy for different ambient conditions.
In order to systematically evaluate the effect of stimulus opti-

mization, we collected data from 10 subjects, who subsequently
also participated in the self-collected AR-SSVEP dataset collection
(described in Section 4.1). The optimization results using various
SSVEP detection algorithms are presented in Table 1 and Table 2.

3 CBAM-FNet
The optimized stimulation configuration in the second part pro-

vides good visual stimulation. In this chapter, we will introduce
CBAM-FNet to address the problems of impedance instability, qual-
ity differences between electrodes, and time-varying signal features
when mobile AR-SSVEP deployment. This model can adaptively
focus on reliable electrodes and discriminative time domain fea-
tures through a dual attention module and is designed for low-SNR
mobile environments.
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Figure 1: The CBAM-FNet framework

Figure 1 shows the overall framework of CBAM-FNet, which
contains five submodules to extract and classify the characteristics
of the frequency domain and adapt to the characteristics of the
dynamic dry electrode signal.

3.1 Multi-Band Feature Extraction
The input EEG signal undergoes multi-band filtering to extract

frequency components across different harmonic ranges. Given the
input signal 𝑋 ∈ R𝐶×𝑇 , where𝐶 represents the number of channels
and 𝑇 denotes time samples, we apply three bandpass filters:

𝑋𝑓 = [BP1 (𝑋 ), BP2 (𝑋 ), BP3 (𝑋 )] (1)

where BP1, BP2, BP3 represent bandpass filters with frequency
ranges (8-50Hz), (18-50Hz), and (28-50Hz), respectively, which yield
𝑋𝑓 ∈ R3×𝐶×𝑇 . This decomposition preserves both fundamental fre-
quencies and harmonics, as higher harmonics may have a higher
SNR despite lower amplitudes due to lower overall noise levels [11].
Filtered signals are processed through a 2D convolutional layer:

𝐹1 = ELU(BN(Conv2D(𝑋𝑓 ,𝑊1))) (2)

where𝑊1 ∈ R32×3×1×64 represents the convolutional kernel, BN
denotes batch normalization, and ELU is the exponential linear unit
activation function with parameter 𝛼 = 1.0:

ELU(𝑥) =
{
𝑥, 𝑥 > 0
𝛼 (𝑒𝑥 − 1), otherwise

(3)

3.2 CBAMModule
The CBAM module addresses the inter-electrode quality vari-

ations and nonuniform temporal distribution of SSVEP features
through sequential channel and spatial attention components.

Channel Attention:Adaptively weights electrode contributions
based on signal quality:

𝑀𝑐 = 𝜎 (MLP(AvgPool(𝐹1)) +MLP(MaxPool(𝐹1))) (4)

where 𝜎 represents the sigmoid function, MLP is a multi-layer
perceptron, and the refined features are:

𝐹2 =𝑀𝑐 ⊗ 𝐹1 (5)

Spatial Attention: Captures discriminative temporal segments:

𝑀𝑠 = 𝜎 (Conv2D( [AvgPool(𝐹2); MaxPool(𝐹2)])) (6)

The final attended features are:

𝐹𝑎 =𝑀𝑠 ⊗ 𝐹2 (7)

3.3 Spatial-Temporal Learning Module
This module employs separable convolutions in depth to extract

spatial and temporal features.

𝐹𝑠 = BN(DepthwiseConv2D(𝐹𝑎,𝑊𝑠 )) (8)

𝐹𝑡 = BN(DepthwiseConv2D(𝐹𝑠 ,𝑊𝑡 )) (9)
where𝑊𝑠 ∈ R64×32×8×1 and𝑊𝑡 ∈ R64×1×1×16 are the spatial and
temporal convolutional kernels, respectively. The features are then
processed through activation and pooling:

𝐹3 = Dropout(AvgPool2D(ELU(𝐹𝑡 )), 𝑝 = 0.2) (10)

3.4 Feature Fusion Module
The fusion module integrates information across all frequency

bands through a standard convolutional layer.

𝐹𝑐 = ELU(BN(Conv2D(𝐹3,𝑊𝑓 ))) (11)
𝐹4 = Dropout(AvgPool2D(𝐹𝑐 ), 𝑝 = 0.2) (12)

where𝑊𝑓 ∈ R32×64×1×16 facilitates the cross-frequency interaction.

3.5 Classification Module
The final classification is performed through fully connected

layers:
𝐹ℎ = Flatten(𝐹4) (13)

𝐹5 = Dropout(ELU(FC1 (𝐹ℎ)), 𝑝 = 0.2) (14)
𝑦 = Softmax(FC2 (𝐹5)) (15)

where FC1 : R32×(𝑇 /8) → R512 and FC2 : R512 → R6 are fully
connected transformations, and the softmax function provides class
probabilities:

Softmax(𝑧𝑖 ) =
exp(𝑧𝑖 )∑6
𝑗=1 exp(𝑧 𝑗 )

(16)
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3.6 Model Training
The network is trained using cross-entropy loss:

𝐿 = − 1
𝑛

𝑛∑︁
𝑖=1

6∑︁
𝑗=1

𝑦𝑖 𝑗 log(𝑦𝑖 𝑗 ) (17)

where 𝑛 is the batch size, 𝑦𝑖 𝑗 represents the true label and 𝑦𝑖 𝑗 de-
notes the predicted probability for the sample 𝑖 and class 𝑗 . The
model parameters are optimized using the Adam optimizer with
adaptive learning rate scheduling to ensure convergence stability
and optimal performance on SSVEP signal classification tasks.

4 Evaluation
4.1 Datasets and Preprocessing
Datasets: To comprehensively validate the proposed CBAM-

FNet algorithm, we used two datasets: the Tsinghua benchmark
dataset and a self-collected AR-SSVEP dataset.

The Benchmark dataset provides standardized 64-channel EEG
data from 35 healthy subjects, originally sampled at 1000 Hz and
downsampled to 250 Hz, with frequency-phase joint modulation
stimuli ranging from 10.2-15.2 Hz. Each subject completed 6 blocks
of 40 trials, each trial lasting 6 s. For consistency with our self-
collected AR-SSVEP dataset, we selected 8 occipital channels and 6
stimulus categories from the data of each subject [26].
The self-collected AR-SSVEP dataset contains data on the

8-channel occipital area under the AR display collected from 10
healthy subjects using a dry electrode acquisition device at a sam-
pling rate of 500 Hz. The dataset contains the best stimulus con-
figuration determined in Section 2: a circular medium-size (field
of view 4.68°) white stimulus at 0 and 165 luminance, and a red
stimulus at 330 luminance. Each condition contains 6 blocks, each
block contains 6 trials, the stimulation frequency range is 10-15
Hz, and the interval is 1 Hz. Each trial lasts 7 seconds, including
2 seconds of target presentation, 4 seconds of visual stimulation,
and 1 second of stimulus extinction. The experimental process in
Section 2 is similar.

Preprocessing: In order to extract effective SSVEP characteris-
tics, the collected EEG signals must be pre-processed. SSVEP signals
are mainly concentrated in the range of 8-30 Hz, and the amplitude
is relatively weak. Since there is a lot of 50 Hz power line noise
related to the human body in EEG, we applied a 5-45 Hz bandpass
filter to retain the SSVEP features and remove the noise component.
In order to solve the problem of delayed visual response of hu-
mans to SSVEP stimulation, we performed signal delay correction
to ensure that effective EEG signal fragments are captured. Due to
the low SNR caused by the high impedance characteristics of the
dry electrode device, we used common average reference (CAR)
spatial filtering to enhance the signal. The CAR method eliminates
spontaneous brain activity while retaining induced characteristic
signals. The CAR formula is as follows:

𝑆𝐶𝐴𝑅𝑖 = 𝑆𝑟𝑎𝑤𝑖 − 1
𝑛

𝑛∑︁
𝑗=1

𝑆𝑟𝑎𝑤𝑗 (18)

Where 𝑛 represents the total number of channels, 𝑆𝑟𝑎𝑤
𝑖

represents
the raw signal from channel 𝑖 . This algorithm can filter out non-
spontaneous components and interference in EEG signals, thus

making the spatial distribution of EEG features highly concen-
trated. [14]
In order to meet the neural network training needs and focus

on the more important short-term SSVEP detection performance
in mobile environments, we applied an overlapping segmentation
technique to expand the available data. Both datasets are segmented
at 1 second intervals and overlapped at 0.1 second/0.05 second
to generate enough training samples while maintaining temporal
continuity. This enhancement strategy ensures a fair comparison
between all algorithms using the same preprocessing method.

4.2 Baseline and Experiments
Baseline:We compared CBAM-FNet against three established

SSVEP detection algorithms: CCA, FBCCA, and EEGNet. CCA
serves as a fundamental frequency-domain correlation method,
while FBCCA enhances detection by incorporating filter bank de-
composition and harmonic information. EEGNet represents the
state-of-the-art deep learning approach specifically designed for
EEG signal classification tasks.

Experiments: We conducted comprehensive offline evaluations
using both the benchmark dataset and the self-collected AR-SSVEP
dataset to validate the proposed CBAM-FNet algorithm. The bench-
mark dataset evaluation evaluates algorithm performance in high-
quality standardized EEG data, while the self-collected AR-SSVEP
dataset evaluation examines effectiveness in AR environments with
dry electrode acquisition systems.

To validate the practical feasibility and real-time control capabil-
ity of CBAM-FNet in mobile environments, we developed a portable
AR-SSVEP unmanned vehicle control system as Figure 2. The sys-
tem comprises four key components as follows: (1) AR Visual Stim-
ulator: The X2 Pro (NED+, CN) with 60Hz refresh rate, featuring
a separate head mounted display from the design of the comput-
ing unit to reduce head weight and enhance comfort. External
computer-based graphics rendering ensures stable visual stimulus
signals. The Qt-developed stimulation interface presents a 3×2 array
of six stimulus targets with frequencies of 10-15 Hz (1 Hz intervals,
𝜙 = 0, where brightness values are determined using sinusoidal sam-
pling theory for specific flicker waveforms. [15] (2) Dry Electrode
EEG Acquisition Device: 8 dry electrodes placed in the occipital
region following an international system of 10-20 (Oz, O1, O2, POz,
PO3, PO4, PO5, PO6 sites). The system operates at 500 Hz sampling
frequency with an Ag / AgCl ear clip reference electrode with val-
idated stability. (3) Embedded EEG analysis platform: deploy the
CBAM-FNet algorithm using the LibTorch neural network infer-
ence framework for real-time signal processing and classification.
(4) Unmanned Vehicle Microcontroller: Implement vehicle control
commands through integration of the x3566 microcontroller with
the vehicle remote control system.
The feasibility verification experiment was conducted on two

CBAM-FNet subjects who performed well in the initial screening.
Subjects performed real-time vehicle control tasks paying visual at-
tention to AR-recognized stimuli to verify the practical applicability
of the algorithm in a mobile environment.
For both offline and online experiments, we employed consis-

tent model configuration and training procedures. The datasets
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Figure 2: AR-SSVEP unmanned vehicle control system based
on embedded platform

were randomly partitioned using six-fold cross-validation. CBAM-
FNet was implemented using the PyTorch framework with Adam
optimizer (learning rate = 0.0012, batch size = 64) and the cross-
entropy loss function. StepLR learning rate adjustment strategy was
employed with an early stopping mechanism. All comparative al-
gorithms followed identical training procedures and preprocessing
methods to ensure a fair evaluation. Recognition accuracy within 1-
second time windows was used as the primary performance metric
for offline evaluation, while recognition accuracy and information
transfer rate (ITR) were measured for online validation.

𝐼𝑇𝑅 =

(
log2 𝑁 + 𝑃 log2 𝑃 + (1 − 𝑃) log2

1 − 𝑃

𝑁 − 1

)
× 60

𝑇
(19)

where 𝑁 is the number of targets (6), 𝑃 is the recognition accuracy,
and 𝑇 is the time window in seconds (1s).

4.3 Results
4.3.1 Stimulus Configuration Optimization.
The optimal test performance of the experiment in Section 2 is
shown in Table 1 and Table 2.

Table 1: Shape and Size Optimization Results for AR-SSVEP
Stimuli (FBCCA)

Shape Accuracy (%) Size (FOV) Accuracy (%)
Circle 66.54±18.92 4.68° 75.53±15.21
Hexagon 64.81±14.55 5.85° 71.55±20.76
Square 60.58±11.64 3.21° 56.08±10.05
Triangle 60.97±6.49 2.34° 54.09±25.52

Table 2: Color-Brightness Optimization Results for AR-
SSVEP Stimuli (FBCCA)

Brightness White Red Green Blue
0 lum 72.09±20.50 46.96±6.21 44.97±17.19 34.13±14.28
165 lum 58.86±12.57 50.27±16.14 37.96±15.21 22.49±15.61
330 lum 56.35±14.29 58.47±19.58 37.69±6.74 21.82±6.75

Among algorithms, FBCCA achieved the highest detection ac-
curacy. The optimal stimulus configuration determined by the ex-
periment is circular, moderate in size (field of view 4.68 °), and
adaptive in color selection (white at low ambient brightness; red

at high ambient brightness). After the optimized configuration, a
detection accuracy rate of up to 75.53% was achieved, providing
reliable visual stimulus support for the effective verification of the
subsequent CBAM-FNet algorithm.

4.3.2 CBAM-FNet Performance Evaluation.

Benchmark Dataset Performance: The experimental results
of the benchmark dataset demonstrate the superior performance
of CBAM-FNet in all evaluation blocks. As shown in Figure 3(a),
CBAM-FNet achieved an average detection accuracy of 93.84%
within 1s time windows, significantly outperforming the baseline
methods: CCA (82.99%), FBCCA (88.96%) and EEGNet (88.46%).
With CBAM-FNet showing consistent superiority in the six blocks
with accuracy ranging from 93.15% to 94.67%.

self-collectedAR-SSVEPdataset performance: In Figure 3(b),
the self-collected dry electrode AR-SSVEP dataset is used for veri-
fication, further confirming the robustness of CBAM-FNet under
more challenging low SNR conditions. The proposed algorithm
achieves an average detection accuracy of 74.43%, significantly out-
performing the baseline methods: CCA (45.00%), FBCCA (47.38%)
and EEGNet (51.47%), which is 22.96% higher than the best baseline
method, demonstrating the effectiveness of the CBAM attention
mechanism in dealing with realistic noisy AR-SSVEP environments.
Ablation Study on CBAMModule: To validate the effective-

ness of the CBAM attention mechanism, we performed ablation
experiments by comparing CBAM-FNet with its base network (with-
out the CBAM module). As shown in Table 3, on the benchmark
dataset, the CBAMmodule improves the average accuracy of 92.35%
to 93.84%, representing an absolute improvement of 1.49%. More
importantly, on the challenging self-collected AR-SSVEP dataset
with lower SNR, the CBAM module demonstrates its critical role
by improving the average accuracy from 56.11% to 74.43%, achiev-
ing an impressive 18.32% absolute improvement. This significant
performance gain under noisy conditions confirms that the CBAM
attention mechanism effectively enhances the model’s ability to
focus on informative features while suppressing noise interference.

Table 3: Ablation study comparing CBAM-FNet with base
network (without CBAM)

Method Benchmark Acc. (%) AR-SSVEP Acc. (%)
Base Network 92.35 56.11
CBAM-FNet 93.84 74.43

Online validation results:The CBAM-FNet algorithm achieved
real-time performance on the x3566 embedded platform with infer-
ence latency below 100ms per classification, meeting the require-
ments for online control applications.The feasibility verification
results preliminarily in Table 4 prove that CBAM-FNet has the
potential for real-time control through the AR-SSVEP interface.
The recognition accuracy of both subjects exceeded 60%, indicating
that the system has the ability to generate basic control commands.
The verification experiment focused on the implementation of basic
vehicle control operations (forward, backward, left turn, right turn,
start, ignition).
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(a) Accuracy on benchmark dataset

(b) Accuracy on self-collected AR-SSVEP dataset

Figure 3: The performance evaluation results in benchmark
and self-collected AR-SSVEP dataset.

Table 4: Online validation results for embedded unmanned
vehicle control

Subject Accuracy (%) ITR (bit/min)
CCA CBAM-FNet CCA CBAM-FNet

1 43.33 66.67 16.92 53.57
2 36.67 63.33 9.98 47.12

Mean 40.00 65.00 13.45 50.35

The current sample is too small (2 subjects), and a comprehensive
evaluation of a larger number of subjects is required to achieve
stable actual deployment. However, the accuracy level preliminarily
verifies the technical feasibility of deploying the algorithm in this
paper on the resource-constrained AR-SSVEP embedded mobile
control platform, laying the foundation for future experimental
verification.

5 Conclusion
This study systematically optimized AR-SSVEP visual stimuli by

evaluating the effects of shape, size, color, and brightness on SSVEP

response quality. Through comprehensive experiments, we iden-
tified optimal stimulus configurations that significantly enhance
signal quality in mobile AR environments.

To address the critical problem of low SNR in mobile AR-SSVEP
systems, we developed an enhanced detection method incorpo-
rating CBAM and multi-band fusion modules. These innovations
specifically target SSVEP signal non-stationarity and electrode de-
tachment issues common in dry electrode acquisition. Our experi-
mental validation demonstrates significant performance improve-
ments. In the SSVEP benchmark dataset, the algorithm achieved an
accuracy of 93.84%, confirming its fundamental effectiveness. More
critically, on our self-collected AR-SSVEP dataset that simulates re-
alistic mobile conditions, we achieved 74.43% accuracy, a substantial
22.96% improvement over the EEGNet algorithm. This performance
gain validates the algorithm’s robustness in challenging low-SNR
environments. We further validated the practical feasibility through
an embedded unmanned vehicle platform, achieving 65% average
control accuracy and 50.35 bits/minute ITR. Although based on
limited samples, these results demonstrate promising real-world
applicability under hardware constraints.
Future research directions include: (i) Advanced visual stimula-

tion optimization through high-refresh hardware, personalized sub-
ject configuration, and improved display algorithms; (ii) Enhanced
algorithmic processing through distillation learning from high-
quality SSVEP data, integration of calibration-free frameworks [25],
cross-subject transfer learning, and multimodal integration of phys-
iological signals such as laryngeal vibration and cerebral blood
oxygen; (iii) Expanded experimental validation with larger subject
pools, enriched datasets, and diverse real-world mobile scenarios
to facilitate the laboratory-to-application transition.
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