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Abstract. Functional near-infrared spectroscopy (f{NIRS) is a promis-
ing modality for brain—computer interfaces (BCIs), yet multi-class neural
decoding remains limited by physiological noise, hemodynamic response
function (HRF) sluggishness, and scale-dependent spatio-temporal het-
erogeneity. To overcome these challenges, we propose Multi-scale Dual-
domain Fusion-Based Spatio-Temporal Graph Learning (MsDFSTGL),
a biologically informed hierarchical framework for {NIRS decoding. Ms-
DFSTGL first builds a noise-resilient topological prior by modeling dual-
domain HbO2-HbR neurovascular coupling via a Time-Frequency Global
Correlation (TFGC) module and Graph Convolutional Networks (GCN).
To address HRF sluggishness and scale heterogeneity, parallel multi-scale
branches utilize scale-adaptive TFGC and Multi-Stage Differential En-
coding (MSDE) to disentangle transient neural triggers from slow hemo-
dynamics. Finally, a Multi-Scale Multi-Head Cross-Attention (MSMHCA)
mechanism captures inter-scale dependencies, which are adaptively ag-
gregated by a Cross-Scale Mixture-of-Experts (CS-MoE) to minimize
inter-subject variability. Extensive evaluations on three heterogeneous
fNIRS datasets demonstrate superior multi-class decoding performance,
achieving accuracies of 95.51% on Mental Arithmetic, 76.85% on Unilat-
eral Finger and Foot Tapping, and 34.82% on a challenging Action Recog-
nition Motor Imagery dataset, with strong cross-subject generalization.
By explicitly disentangling non-stationary neurovascular dynamics, Ms-
DFSTGL establishes a biologically grounded and robust framework for
complex neural decoding in motor rehabilitation. Code is available at
https://github.com/astro1109/MsDFSTGL.

Keywords: fNIRS; Time-Frequency Graph Correlation; Differential En-
coding; Cross-Scale Mixture-of-Experts; Brain-Computer Interfaces.

1 Introduction

The Functional near-infrared spectroscopy (fNIRS) shows great promise for
Brain—-Computer Interfaces (BCIs) and stroke rehabilitation due to its porta-
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bility and motion tolerance [2,8,13]. However, robust multi-class neural de-
coding remains challenging, with accuracy often plateauing around 70-77.5%
for complex motor tasks [12-14, 19,21, 22,24, 25|. This limitation arises because
such tasks elicit weakly activated, spatially overlapping, and temporally sim-
ilar hemodynamic responses, making subtle non-stationary dynamics difficult
to disentangle [11,17]. These performance bottlenecks are primarily driven by
three fundamental limitations in {NIRS signal modeling: (1) Systemic physiolog-
ical artifacts severely corrupt neural activation patterns [3,4]; (2) The intrinsic
sluggishness of the hemodynamic response function (HRF) obscures transient
neural triggers [20]; and (3) Scale-dependent spatio-temporal heterogeneity and
pronounced inter-subject variability severely limit model generalization [6, 18].

Recent deep learning advances have substantially improved connectivity and
temporal modeling in fNIRS decoding, yet they still suffer from critical lim-
itations. On the spatial front, methods like ID-CapsuleNet [14], ST predic-
tion with Transformers and foundation models [16] and hybrid GCNs [26] pre-
serve hierarchical patterns and spatial topologies. However, these approaches
predominantly construct graphs from single-hemoglobin time-domain correla-
tions, largely overlooking the intrinsic phase-oppositional coupling between oxy-
hemoglobin (HbO2) and deoxyhemoglobin (HbR), leaving them vulnerable to
systemic physiological artifacts [3,4]. On the temporal front, sequence models
such as fNIRS-T [25], MedGNN [7], and fNIRSNet [24] explore multi-resolution
spatio-temporal architectures. Nevertheless, they often struggled to effectively
overcome the intrinsic sluggishness of the hemodynamic response function (HRF)
[20]. Static single-scale [9, 10, 23] and isolated-domain frameworks inadequately
model [3,15] fine-grained transient triggers and macroscopic sustained patterns
simultaneously, rendering them highly sensitive to pronounced inter-subject vari-
ability [6, 18] and limiting cross-subject clinical generalization.

To address these limitations, we propose Multi-scale Dual-domain Fusion-
Based Spatio-Temporal Graph Learning (MsDFSTGL) for fNIRS multi-class
decoding. The design of MsDFSTGL is grounded in neurovascular coupling,
temporal phase synchronization, and frequency-energy similarity of functional
connectivity. Our contributions are threefold: (1) We introduce an MsDFSTGL
to unify noise-resilient spatial topology modeling, HRF-aware temporal disentan-
glement, and adaptive cross-scale fusion for robust fNIRS classification. (2) We
design a Time-Frequency Graph Correlation (TFGC) module to construct noise-
resilient spatial topology via dual-domain HbO2/HbR modeling, alleviating con-
nectivity degradation caused by hemodynamic delays. (3) We develop a cascaded
multi-scale architecture in which scale-specific TFGC and Multi-Stage Differen-
tial Encoding (MSDE) refine multi-resolution features, Multi-Scale Multi-Head
Cross-Attention (MSMHCA) models inter-scale dependencies, and Cross-Scale
Mixture-of-Experts (CS-MoE) adaptively aggregates features to enhance cross-
subject generalization. Superior performance on noisy real-world fNIRS datasets
and consistent cross-dataset gains demonstrate that the learned topology and at-
tention patterns capture meaningful brain activity.
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2 Method

Robust fNIRS neural decoding requires addressing systemic physiological noise,
intrinsic sluggishness of the hemodynamic response function (HRF), and scale-
dependent spatiotemporal heterogeneity. To this end, we propose the MsDF-
STGL framework whose overall architecture is shown in Fig. 1(a). Given prepro-
cessed paired fNIRS signals X € RVXT*2 where N, T, and 2 denote the number
of recording channels, time points, and hemoglobin modalities (HbOy/HbR), re-
spectively. We first concatenate HbO2 and HbR along the channel dimension
to obtain a 2/N-channel joint representation. The framework workflow is as fol-
lows: (1) An initial TFGC constructs a noise-robust global topological prior,
followed by a 4-layer (4L) GCN for initial spatial aggregation. (2) The aggre-
gated features are fed into parallel multi-scale 1D temporal convolutions (MS-
Convs) to generate m resolution-specific branches Ri, Ra, ..., R,,, where m is
the number of multi-scale branches. Each branch is sequentially processed by a
scale-specific TFGC, a Multi-Stage Differential Encoding (MSDE), and a 4-layer
GCN to produce scale-specific feature queries Q1, Q2, ..., Q- (3) A Multi-Scale
Multi-Head Cross-Attention (MSMHCA) module models inter-scale dependen-
cies. (4) A Cross-Scale Mixture-of-Experts (CS-MoE) module adaptively aggre-
gates cross-scale features for final classification via Softmax.

2.1 Time-Frequency Graph Correlation

Conventional single-domain, single-modality graph construction fails to build
noise-resilient functional connectivity, leaving GCN aggregation vulnerable to
fNIRS physiological artifacts. The TFGC module (Fig. 1(b)) jointly models
time-frequency dual-domain connectivity of the 2/N-channel representation to
construct robust, scale-adaptive topological graphs. For input features, we com-
pute the temporal Pearson correlation matrix Agme € RZVXZN to capture
intra- and inter-modality coupling, and the frequency-domain correlation ma-
trix Appeq € R2V*2N via Fast Fourier Transform (FFT) to filter baseline drifts.
A data-driven gating unit, driven by the disparity map AA = |Aime — Afreqls
generates weight matrix W for adaptive fusion symmetric A,,:

Am =W ®© maX(Atimea Af’req) + (1 - W) O] AVg(Atim€7 Afreq) (1)

where ® denotes the Hadamard product. A hard thresholding operation enforces
topological sparsity on A,,, with the refined adjacency matrix guiding subsequent
GCN aggregation.

2.2 Multi-Stage Differential Encoding

The intrinsic sluggishness of HRF obscures transient neural triggers in slow
metabolic trends, limiting fNIRS feature discriminability. The MSDE module
(Fig. 1(c)) works in parallel with the scale-specific TFGC module, and decou-
ples transient neural gradients from sustained metabolic states via a residual ar-
chitecture to counteract HRF sluggishness. For scale-specific input features, we



4 Chu, Cheng, et al.

(a) MsI;FSTfiLR ______ % £¥GC ‘&
= 2 S
: "QGC “o R, '(YGC E@ é . g
_'E : z FE—y
i Ey ‘%& _____ =0T
g N L,
)
Patching l 1 1 l l l
— Diff-Operator I Linear I I Flatten “ Flatten | | Flatten |

] [m]

I

Pea rson Pearson

FN
|
9, ? ”@ @“

Gate |

| B N | fl Qm
7 o -
& At & g? sl

T* L

L

-H
Lmear

—R—0O0—
:
Axl
i

l
(b) TFGC (c) MSDE (d) MSMHCE (e) CS-MoE

Fig. 1. MsDFSTGL framework and core modules: (a) Overall architecture; (b) TFGC
for noise-robust global topological prior; (¢) MSDE for HRF sluggishness mitigation;
(d) MSMHCA for inter-scale dependency modeling; (e) CS-MoE for adaptive cross-
scale aggregation.

first standardize sequence length via scale-specific patching, where the patching
length is aligned with the temporal resolution of its corresponding multi-scale
branch. We then extract first-order temporal gradients within sliding windows
AFsw = Fsw 11— Fsw to amplify instantaneous neural variations and filter slow
baseline drifts. Differential features are fed into a Multi-Head Attention (MHA)
block to model transient activation dynamics, followed by layer normalization,
feed-forward network and residual connections to generate enhanced transient
representations. The output of MSDE is fused with the topological prior from
the parallel TFGC module, forming enriched node features for the subsequent
4-layer GCN.

2.3 Multi-Scale Multi-Head Cross-Attention

Existing multi-scale fusion strategies ignore cross-scale complementary depen-
dencies, leading to insufficient utilization of heterogeneous scale-specific infor-
mation. The MSMHCA module (Fig. 1(d)) models inter-scale dependencies via
cross-attention for adaptive multi-scale information aggregation. For each target
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scale m, we take the scale-specific GCN output @,, as the Query matrix, and
concatenate features from all other scales to form Key and Value matrices:

K., = V,;, = Concat(Q1, ..., Qm-1, @m+1, s Qn) (2)

Cross-scale attention is computed via scaled dot-product attention, producing
multi-scale outputs:

QTYLKT
CrossAttn , K, Vi) = Softmax | —=—= ]V, 3
(Quns Ko Vi) (L) v 3)
where dj, is the Key vector dimension. This enables each scale to adaptively
aggregate complementary discriminative information from other scales, adapting
to individual differences in biomarker scale distribution.

2.4 Cross-Scale Mixture-of-Experts

Pronounced inter-subject variability in fNIRS signals leads to heterogeneous
scale distribution of discriminative information, limiting cross-subject model
generalization. The proposed Cross-Scale Mixture-of-Experts (CS-MoE) module
(Fig. 1(e)) achieves adaptive multi-scale feature fusion via a gating mechanism
to alleviate this issue. For the m cross-attended scale-specific features, each is
routed to an independent expert network composed of a flattening operation,
feed-forward network (FFN) and residual connection to preserve scale-specific
discriminative information. A centralized gating network takes all expert outputs
as input, generates a softmax-normalized gating weight w,,, for each correspond-
ing expert, and adaptively weights each expert output with its matched w,,.
All weighted expert features are concatenated and fed into the final Softmax
layer for classification. This dynamic strategy enables the model to focus on
the most discriminative scales for each input, effectively enhancing cross-subject
generalization.

3 Experiments and Results

We utilized three {NIRS datasets to evaluate MsDFSTGL: (1) Mental Arithmetic
(MA) comprised data from 8 subjects performing MA tasks and rest, totaling
174 trials. (2) Unilateral Finger and Foot Tapping (UFFT) involved 30 subjects
performing left /right hand tapping (LHT, RHT) and foot tapping (FT), totaling
2,250 trials. (3) Action Recognition Motor Imagery (AR-MI) was a self-collected
dataset from 9 subjects performing six imagery tasks, including left /right arm
swing (LA, RA), left/right leg kick (LL,RL), walk (WA), run (RU), totaling 36
trials per subject. HbO2 and HbR were obtained via standardized preprocessing
[5]. Continuous recordings were segmented into task trials, and each trial was
treated as an independent sample. Thus, MA contains 174 trials from 8 sub-
jects, each represented as 52 x 2 x 140 (channels x hemoglobin x time points).
The same construction was applied to UFFT (20 x 2 x 256) and AR-MI (36
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x 2 x 192). Data were partitioned into training and testing sets 8:2. Empiri-
cally, MsDFSTGL was optimized with 4 GCN layers and a 10% adjacency ma-
trix sparsity threshold, as retaining denser connections degraded performance.
Multi-scale temporal projections utilized kernel sizes of 2 and 16, with patching
lengths set to 2 and 16 in corresponding MSDE models. The model was trained
using Adam with learning rate 1 x 1073, and early stopping used a patience of
10 epochs. We compared MsDFSTGL with nine methods, including an artificial
neural network (ANN) [25], classical deep learning models (CNN [21], LSTM [1],
GCN), CapsuleNet variants (CapsuleNet [22], ID-CapsuleNet [14]), and special-
ized fNIRS transformers (fNIRSNet [24], {NIRS-PreT [25], {NIRS-T [25]). All
baseline models were implemented with the same training configuration, data
preprocessing pipeline, and dataset split strategy as the proposed method to en-
sure fair comparison. All models underwent 50 rounds of 5-fold cross-validation.
Evaluation metrics included Accuracy (ACC), Precision (PRE), Recall (REC),
F1-score (F1), and Kappa coefficient.

3.1 Results

Comparative experiment: As shown in Fig. 2 and Table 1, MsDFSTGL
achieved state-of-the-art performance on the UFFT dataset (ACC: 76.85%, F1:
76.72%), outperforming fNIRS-T. On the MA dataset, it yielded a highly com-
petitive ACC of 95.51%, closely matching the top-performing fNIRSNet. Fur-
thermore, MsDFSTGL outperformed all baselines on the challenging AR-MI
dataset (ACC: 34.82%, F1: 33.70%). Paired two-sample t-tests with FDR cor-
rection confirmed the superior performance of MsDFSTGL over most baseline
methods across three datasets (p < 0.05). The notably lower classification accu-
racy on the AR-MI dataset compared with MA and UFFT datasets is attributed
to the higher cognitive and motor complexity of motor imagery tasks and the spa-
tially overlapping cortical activation patterns they elicit [17,12,3,8,24]. These
results demonstrate the model’s robust decoding capabilities for both cognitive
and fine-grained motor tasks.

Ablation experiment: We conducted comprehensive ablation studies on all
three datasets (Table 2) to quantify the contribution of each component. Replac-
ing the multi-scale kernels with fixed-2 ones (w/o MS-Convs) resulted in the most
severe degradation, with ACC decreasing by 9.80% on MA, 8.67% on UFFT, and
11.37% on AR-MI, indicating the necessity of modeling heterogeneous tempo-
ral dynamics. Removing the differential branch (w/o MSDE) further reduced
performance, particularly on MA (-7.51%) and UFFT (-3.29%), demonstrating
the importance of hemodynamic gradients for transient activation detection. By-
passing the TFGC and global GCN stage (w/o Global TFGC) led to ACC drops
of 6.37%, 4.45%, and 6.18% on MA, UFFT, and AR-MI, respectively. Eliminat-
ing either the temporal (w/o TFGC-Time) or spectral (w/o TFGC-Freq) branch
consistently impaired performance, confirming that dual-domain global initial-
ization provides a robust spatial prior. Finally, replacing MSMHCA and CS-MoE
with simple feature concatenation reduced ACC by 4.81%7.55% , highlighting
validating the value of explicit inter-scale dependency modeling the effectiveness
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Fig. 2. t-SNE visualization on three datasets.

Table 1. Performance comparison with baselines on MA, UFFT, and AR-MI datasets.
* p < 0.05, ** p < 0.01 compared with MsDFSTGL (paired two-sample t-test with
FDR correction).

Dataset Methods ACC (%) PRE (%) REC (%) F1 (%) Kappa (%)
ANN 75.4944.32%* 76.124+4.45%* 74.85+4.51** 75.48+4.48%* 68.25+5.60**
GCN 86.68+3.23%* 87.15+3.18** 86.224+3.45%* 86.68+3.30** 82.40+4.25**
CNN 87.0043.32%* 86.50+3.50** 86.50+3.50%* 87.00+3.37** 82.85+4.30**
LSTM 88.45+3.41%* 88.92+3.35%* 87.95+3.58** 88.434+3.46** 84.75+4.45**

CapsuleNet  60.81+£5.54** 61.55+5.80** 59.88+6.10** 60.70+5.95** 48.651+7.20**

MA fNIRS-PreT 94.844+2.71  95.124£2.65 94.58+2.90 94.85+£2.77 93.10£3.55
fNIRS-T 95.2943.17  95.58+3.08  95.02+£3.30 95.30£3.19  93.72+3.95
ID-CapsuleNet 95.01+£2.41  95.2842.35 94.75£2.58 95.01£2.46 93.35+3.15
fNIRSNet 95.59+2.44 95.85+2.38 95.35+2.60 95.60+2.49 94.12+3.20
MsDFSTGL 95.51+1.46 95.68£1.52 95.42+1.44 95.54+1.48 94.01£1.95
ANN 47.5442.07%* 48.404£2.12%* 47.014£2.12** 47.70+£1.98** 30.051+2.96**
GCN 69.82+£2.29%* 70.19+2.58** 69.44+2.36** 69.811+2.22** 59.761+2.86**
CNN 72.89+1.70** 73.384+1.86™* 72.134+1.74** 72.754+1.66** 63.85+2.21**
LSTM 61.94+1.95%* 62.35+2.12%* 61.25+1.96** 61.79+1.97** 49.2542.43**

UFFT CapsuleNet 36.92+£1.94%* 37.70+£2.03** 36.91+1.97** 37.30+1.98** 15.89+2.56**
fNIRS-PreT  70.66£1.45%* 69.824+1.51%* 71.44+1.59** 70.624+1.42** 60.88+£1.94**

fNIRS-T 75.4942.07* 75.16+2.36* 76.56+£2.35 75.86+2.09 67.324+2.99*
ID-CapsuleNet 74.03+2.26* 73.24+2.39* 74.194+2.35% 73.714+2.33* 65.37+2.93*
fNIRSNet 73.16+£2.15% 73.33+2.17* 72.93+2.47* 73.134+2.21*% 64.214+2.69*
MsDFSTGL 76.85+1.72 76.78+1.46 76.85+1.72 76.72+1.73 64.53+2.58
ANN 22.40+£3.10%* 21.85+3.25%* 22.75+3.15%* 22.05+3.05** 6.88+3.72**
GCN 27.50£2.60%* 26.95+2.70%* 27.80+2.55%* 27.154+2.65** 13.004+3.12**
CNN 29.8042.50%* 29.15+2.68%* 30.20+2.45%* 29.35+2.52** 15.76+3.00**
LSTM 28.154£2.75%* 27.60+£2.82** 28.45+2.90** 27.804+2.78** 13.78+3.30**

AR-MI CapsuleNet 19.5043.20%* 19.10£3.35%* 19.85+£3.25%* 19.25+3.18** 3.40+3.84**
. fNIRS-PreT 30.50+2.45% 29.85+2.55% 30.95+2.62* 30.104+2.40* 16.60+2.94*

fNIRS-T 32.45+2.85% 31.904+2.92* 32.854+2.80* 32.054+2.75*% 18.9443.42%*
ID-CapsuleNet 33.10+2.58* 32.45+2.65*% 33.56+2.72* 32.68+2.60* 19.72+3.10*
fNIRSNet 33.95+2.45 32.88+2.51 34.124+2.60* 33.15+2.48 20.68+2.95*

MsDFSTGL 34.82+2.80 33.25+2.63 35.05+2.79 33.70+2.60 21.75+3.33
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of adaptive expert fusion in handling inter-subject variability. All core compo-
nents of the proposed framework contribute significantly to the final decoding
performance, verifying the rationality of our module design.

Table 2. Ablation study results on MA, UFFT, and AR-MI datasets.

Methods MA UFFT AR-MI

ACC (%) F1 (%)  ACC (%) F1(%) ACC (%)  F1(%)
MsDFSTGL 95.51 + 1.46 95.54 + 1.48 76.85 4+ 1.72 76.72 £ 1.73 34.82 £ 2.80 33.70 + 2.60
w/o MS-Convs 85.71 + 6.19 85.41 £ 6.47 68.18 4 3.72 68.01 £ 3.83 23.45 + 3.64 22.46 + 2.62
w/o MSDE 88.00 + 10.52 87.47 £+ 11.56 73.56 £+ 2.81 73.42 + 3.02 26.45 + 6.39 25.90 £+ 6.96

w/o Global TFGC 89.14 + 6.41 88.99 £ 6.71 72.40 £ 1.06 72.39 £ 1.14 28.64 + 2.94 27.22 + 2.37
w/o TFGC-Freq  91.37 £ 2.91 91.37 £ 2.91 73.11 + 2.39 73.12 £ 2.44 29.09 &+ 7.04 27.17 + 7.15
w/o TFGC-Time 90.29 £ 6.02 90.18 £ 6.23 74.40 £ 1.20 74.30 £ 1.40 30.22 + 3.38 26.04 + 2.26
w/o MSMHCA 90.05 + 5.87 89.92 £+ 6.03 72.68 £ 2.15 72.59 + 2.08 27.86 £ 3.21 26.95 + 3.10
w/o CS-MoE 88.57 £ 7.23 88.40 + 7.53 72.04 £ 2.01 72.14 £ 1.98 27.27 £+ 5.50 26.59 + 5.33

Leave-one-subject-out classification experiment: We conducted a Leave-
One-Subject-Out (LOSO) cross-validation (Table 3) to evaluate cross-subject
generalization, where data from one subject was iteratively held out for testing
while the remaining subjects constituted the training set. MsDFSTGL demon-
strated robust generalization performance against inter-subject variability with
the highest ACC of 94.23% and PRE of 94.68% on the MA dataset, and main-
tained a competitive ACC of 77.24% on the UFFT dataset. On the challenging
AR-MI dataset, MsDFSTGL achieved the highest ACC of 41.55%, significantly
surpassing both random chance (16.67%) and Transformer models. This veri-
fied the model’s robustness against inter-subject variability and highlighted its
potential for calibration-free BCI applications.

Table 3. Performance comparison of LOSO cross-validation.

Methods MA UFFT AR-MI

ACC (%) PRE (%) | ACC(%)  PRE(%) | ACC (%)  PRE (%)
ANN 68.84£9.92 70.18 £12.05| 45.78 £8.76 46.88 £9.05 24.50£8.50 25.10£9.20
GCN 82.38+£10.23 83.154+12.18| 72.94+15.62 73.91£16.37 | 33.50+10.50 32.80+11.20
CNN 82.47+11.64 83.96+13.59| 73.47+17.11 75.34+16.07 | 34.20£11.20 34.85+12.05
LSTM 83.68 £12.42 84.88 +12.62| 66.89 £14.29 67.92+14.60 | 29.80+12.00 28.95+12.80

CapsuleNet 85.424+10.96 84.34 +£12.93| 33.38+4.18 23.80+9.89 | 21.50£9.00 20.80+10.50
fNIRS-PreT 92.97+6.70 93.55+7.39 | 76.98+16.35 77.66+16.09 | 39.10£9.20 38.50+9.80

fNIRS-T 93.844+5.99 96.30+£4.22 |78.22+16.69 79.36 +16.67| 40.25£9.50 40.60 & 10.10
ID-CapsuleNet| 88.72+10.47 88.20+12.41| 75.78 £16.73 77.52+15.83 | 38.50+£10.10 37.90+11.20
fNIRSNet 87.854+11.30 86.87+£13.00| 75.72+7.45 76.67+9.49 |37.80£9.80 37.20%10.50

MsDFSTGL |94.23 +6.24 94.68+1.46 | 77.244+18.20 78.994+17.49 (41.55+8.61 41.49+10.36

4 Discussion and Conclusion

The fNIRS-based multi-class neural decoding is severely limited by systemic
physiological noise, HRF sluggishness and scale-dependent spatiotemporal het-
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erogeneity, hindering the clinical translation of fNIRS-BCI systems, we propose a
multi-scale dual-domain spatio-temporal graph learning framework MsDFSTGL.
The MsDFSTGL constructs noise-resilient topological priors via the dual-domain
TFGC module, decouples transient neural triggers via the parallel MSDE mod-
ule, models cross-scale dependencies via MSMHCA, and adaptively fuses features
via CS-MoE. Comprehensive evaluations on three diverse fNIRS datasets demon-
strate that MsDFSTGL achieves excellent multi-class decoding performance,
outperforming both classical and advanced deep learning baselines. LOSO per-
formance (94.23% ACC on MA and 77.24% ACC on UFFT) further validates the
cross-subject generalizability of MsDFSTGL. Our survey of fNIRS-based motor
imagery studies published between 2012 and 2026 shows that multi-class research
remains limited, with most reported accuracies below 40% for four-class tasks.
On the six-class AR-MI dataset, MsDFSTGL achieved 34.82% ACC and 41.55%
ACC under the random split and LOSO settings, respectively, substantially ex-
ceeding the 16.67% random baseline and demonstrating promising scalability to
more challenging multi-class motor imagery classification. Stable performance
across 20-channel 3-class, 36-channel 6-class, and 52-channel 2-class tasks fur-
ther demonstrates strong scalability. This work provides a robust, calibration-
efficient technical paradigm for fNIRS-based neural decoding, laying a critical
foundation for the practical clinical application of fNIRS-BCI systems in motor
rehabilitation and cognitive neuroscience research.
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