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ABSTRACT: Motor imagery-based brain-computer interface (MI-BCI) decodes subjective motor 
intentions to achieve proactive output control of external devices, representing a core research direction in 
BCI with important applications in post-stroke motor rehabilitation. Neural signals for motor imagery can 
be recorded using electroencephalography (EEG) and functional near-infrared spectroscopy (fNIRS). 
Combining the high temporal resolution of EEG with the high spatial resolution of fNIRS through 
multimodal fusion enhances the decoding accuracy of motor imagery commands and provides 
comprehensive insights into brain dynamics. This paper systematically reviews EEG-fNIRS multimodal 
fusion strategies and representative algorithms from traditional machine learning (ML) and deep learning 
(DL) for decoding fused data. We also discuss current challenges and potential solutions to facilitate MI-
BCI research and support future BCI-related industries. 

Keywords: Brain-computer interface; Electroencephalography; Functional near-infrared spectroscopy; 
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1. Introduction 

Brain-computer interface (BCI) captures and analyzes brain activity to enable direct communication 
between the brain and external devices [1]. This process bypasses traditional neural and muscular pathways 
and has proven valuable in robot control [2], mental workload assessment [3], and auxiliary diagnosis of 
neurological disorders [4]. The growing aging population and rising number of patients with neurological 
disorders have created an urgent demand for BCI technology in medical and rehabilitation settings [5]. 
Healthy individuals are also increasingly seeking to enhance their quality of life through BCI, presenting 
broad market opportunities for widespread BCI adoption. Recent policy incentives have further accelerated 
the development of the BCI industry chain. According to McKinsey estimates, the global market for BCI 
medical applications will reach 40 billion to 145 billion between 2030 and 2040, with China playing a 
significant role [6]. 
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Motor imagery (MI) describes the mental simulation of a movement without its actual execution [7]. 
For patients with motor impairments, MI-BCI technology decodes the spontaneous brain activity induced 
by motor imagery, creating an output pathway independent of muscle control that can recognize motor 
intentions and assist in rehabilitation training. The theory of neural plasticity explains the adaptability of 
brain structure and function, providing a key physiological basis for the application of MI-BCI in 
rehabilitation therapy [8]. Decoding MI-EEG signals can accurately identify the subject’s motor intentions 
and enable control over external signals. MI-EEG, due to its non-invasiveness, ease of acquisition, and 
effective representation of motor intentions, has become a research hotspot both domestically and 
internationally [9]. Currently, researchers have successfully applied MI-EEG in healthcare [10], robotic 
arm control [11], and smart homes [12]. 

Electroencephalogram (EEG) records scalp potential changes from synchronized neuronal activity, 
capturing millisecond-level neural oscillations with excellent temporal resolution. However, its spatial 
localization is limited, and the signal is susceptible to physiological and environmental artifacts [13]. 
Functional near-infrared spectroscopy (fNIRS) monitors cortical blood oxygen concentration changes 
coupled with neural activity, reflecting brain region activation with relatively high spatial resolution. Its 
hemodynamic response, however, results in relatively slow temporal dynamics [14]. 

To better understand neural mechanisms of BCIs, researchers have developed multimodal fusion 
methods that integrate EEG and fNIRS. This approach effectively combines the high temporal resolution 
of EEG with the high spatial resolution of fNIRS [15], while also being non-invasive, relatively low-cost, 
portable, suitable for natural environments, and capable of supporting long-term continuous monitoring 
[16]. Simultaneously acquiring neural electrical activity signals and local brain hemodynamic responses 
enables a more comprehensive characterization of brain functional activity, helping to explain neural 
plasticity processes influenced by BCIs [17]. EEG-fNIRS multimodal fusion analysis has thus become a 
major topic in neuroscience [18]. 

This paper systematically reviews EEG-fNIRS research in MI-BCIs from two core perspectives: 
multimodal fusion strategies and fusion data decoding algorithms. For fusion strategies, we focus on the 
theoretical principles, technical advantages, and applicable scenarios of data-level, feature-level, and 
decision-level fusion. For decoding algorithms, we trace the technical evolution and decoding performance 
of typical methods along two main technical lines: traditional machine learning and deep learning. On this 
basis, the paper further analyzes the key technical challenges faced by current research and prospects the 
future development trends in this field, aiming to provide a systematic methodological reference and 
technical guidance for relevant researchers in the field. A graphical abstract illustrating the overall 
framework and main content of this review is provided at the beginning of the manuscript. 

2. Strategies for EEG-fNIRS Multimodal Fusion 

Multimodal data provide complementary information about the same neurophysiological phenomena 
and have significant advantages over single modalities. Fusion methods play a key role in enhancing the 
interpretability and practicality of multimodal data, effectively utilizing the strengths of each modality 
while mitigating their specific confounding signal effects. EEG-fNIRS fusion methods are data analysis 
techniques for decoding brain activity, offering better spatiotemporal resolution and signal-to-noise ratio 
(SNR) than when applied individually. This section systematically reviews the different levels of fusion 
methods in EEG-fNIRS multimodal data processing, including data-level fusion [19], feature-level fusion 
[20], and decision-level fusion [21]. 
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2.1. Data-Level Fusion 

Information fusion organizes source data hierarchically into three abstraction levels: data-level, 
feature-level, and decision-level fusion. Data level fusion integrates multi sensor information directly at the 
raw acquisition stage, before feature extraction or pattern recognition. As the lowest level strategy, it 
preserves the completeness and granularity of the original information to the greatest extent, thereby 
supporting refined representations of underlying physiological or physical phenomena [22]. This strategy 
retains modality-specific details that later processing stages would otherwise discard, proving particularly 
valuable in multimodal BCI and complex sensing systems. However, this high fidelity preservation imposes 
substantial computational overhead, degrades real time performance, and offers limited interference 
robustness [23]. Additional difficulties include cross modal data heterogeneity, strict temporal 
synchronization and spatial alignment requirements, and exponentially increased input dimensionality, 
which complicate downstream modeling. 

Existing data-level fusion approaches fall into two broad categories: deep learning based structured 
fusion and traditional signal processing based transform-domain fusion. These paradigms address cross 
modal heterogeneity through fundamentally different mechanisms. 

The deep learning paradigm offers structured data-level fusion. Chen et al. proposed the Multi-Channel 
Fusion Hybrid Network (MCFHNet), which constructs a unified multimodal representation by encoding 
EEG, oxyhemoglobin (HbO), and deoxyhemoglobin (HbR) signals into three-channel feature maps [24]. 
The core innovation lies in preserving complete modality-specific information at the raw signal level. 
MCFHNet achieves 99.641% average classification accuracy on public datasets, substantially 
outperforming single-modality and feature-level baselines. This performance gain confirms that 
maintaining fine-grained cross-modal information during early fusion critically enhances decoding 
accuracy. The approach, however, demands strict sensor synchronization and incurs considerable 
computational overhead due to exponentially increased input dimensionality. 

Traditional signal processing based data-level fusion strategies have also progressed substantially. The 
core challenge is overcoming feature heterogeneity across different modal signals, which manifests as 
mismatched sampling rates and amplitude scales, as well as time delays and offsets. Li et al. proposed a 
wavelet transform based data-level fusion method that separately decomposed EEG and fNIRS signals into 
four detail levels via the discrete wavelet transform [25]. This method decomposes EEG and fNIRS signals 
into four wavelet layers and reconstructs fused signals by constructing a weighted fusion rule based on the 
Fisher values of wavelet coefficients at each layer; common spatial pattern (CSP) features are then extracted 
and classified using linear discriminant analysis (LDA), ultimately achieving an accuracy rate of 88.1%. 
This performance significantly surpassed single-modality baselines and traditional feature-level fusion 
methods while maintaining low computational complexity. Limitations include dependence on prior 
knowledge for wavelet basis selection and decomposition level determination, as well as insufficient cross-
subject generalization validation. 

These two paradigms exhibit complementary strengths that reveal a fundamental trade-off in data-level 
fusion. Deep learning based structured fusion maximizes information preservation and decoding accuracy at 
the expense of computational resources and synchronization rigor. Signal processing-based transform fusion 
prioritizes computational efficiency and interpretability while sacrificing flexibility and generalization. This 
trade-off motivates hybrid strategies that leverage deep learning for feature extraction and signal processing 
for modality alignment and noise suppression, thereby balancing accuracy and deployability. 

Data-level fusion also finds applications beyond neural signal integration. Wojewoda et al. applied it 
to a position tracking system for a passive upper-limb rehabilitation robot, fusing data from two laser optical 
sensors mounted on the robot base and a webcam fixed above the workspace [26]. The optical sensors 
tracked relative motion at 97 Hz, while the webcam tracked absolute position at 5 Hz, yielding a sampling 
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frequency ratio of approximately 19:1. The system used high-frequency optical measurements as the 
primary basis for trajectory generation and employed low-frequency absolute measurements from the 
webcam to periodically correct cumulative drift errors. Experimental results showed position tracking 
accuracy of 2.8 ± 2.6 mm and orientation tracking accuracy of 0.5 ± 0.4 degree, both significantly superior 
to either individual sensor subsystem. This system specifically targets home rehabilitation of stroke patients 
and can track motor recovery trends without professional therapist supervision. Monitoring indicators 
include movement quality parameters such as path length, path duration, and normalized saccadicity, 
providing reliable technical support for remote rehabilitation assessment. Among all the included literature, 
these studies represent cases that employ data-level fusion, reflecting its scarcity in practical rehabilitation 
device applications and confirming its inherent limitations, including high computational cost and strict 
synchronization requirements. A comparison of the three fusion levels reveals that multiple constraints 
shape the choice of fusion strategy, including sensor type, data availability, computational resources, and 
application scenarios. Biological signal fusion emphasizes complete preservation of physiological 
information, whereas physical sensor fusion focuses more on noise suppression and drift compensation, 
with fundamental differences in objectives and methodologies. Notably, the aforementioned studies 
primarily rely on offline analysis and have not yet addressed online adaptive fusion mechanisms under 
dynamically changing signal quality, nor provided systematic cross subject generalization evaluations. This 
issue constitutes the key hurdle that data-level fusion must overcome for translation from laboratory to 
clinical applications. 

As a fundamental fusion strategy, data-level fusion exploits the spatiotemporal complementarity of 
EEG and fNIRS through structured representation or transform-domain alignment. The choice between 
deep learning and signal processing paradigms should depend on specific application constraints, including 
computational resources, real-time requirements, and the availability of synchronized multi-modal data. 
Closed-loop neurofeedback systems demand online adaptive mechanisms that dynamically adjust fusion 
weights in response to varying signal quality and task demands. Advancing this direction will drive 
multimodal BCIs toward more efficient and personalized neuroregulation. 

2.2. Feature-Level Fusion 

Feature-level fusion occurs at the feature extraction stage, constructing a unified discriminative 
representation by concatenating, weighting, or jointly encoding features independently extracted from each 
modality based on criteria such as mutual information. This method leverages prior unimodal feature 
extraction to map data into a common low-dimensional feature space, alleviating high dimensionality and 
inter-modality inconsistency while preserving each modality’s discriminative information. However, this 
process may lose some useful information. By systematically optimizing feature complementarity, 
redundancy, and correlation, this method can significantly improve classification performance and is 
considered an important fusion strategy in multimodal BCIs. 

Feature-level fusion has demonstrated its effectiveness across both offline classification and real time 
neurofeedback paradigms. In the offline domain, the deep synchronized fusion network (DeepSyncNet) 
introduces a deep feature level fusion framework that converts raw EEG and fNIRS signals into three 
dimensional tensors, extracts modality specific features through a four-branch multi scale convolution 
module, performs element-wise weighted fusion via a gated attention mechanism, and refines the fused 
representations through temporal pooling alignment and spatiotemporal attention screening [27]. On a 
public dataset with five fold cross validation, the model achieves 98.40% average accuracy for mental 
arithmetic and 98.92% for motor imagery tasks, while ablation studies confirm that removing the attention 
fusion module causes accuracy to drop sharply to 90.48% and 89.93%, respectively, underscoring the 
critical role of feature-level gated fusion in multimodal integration. In the online setting, Muller et al. 
developed an EEG-fNIRS bimodal neurofeedback platform that generates a unified neurofeedback score 
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by computing a weighted average of the alpha band event related desynchronization ratio at the C4 electrode 
and the oxyhemoglobin concentration changes above the right primary motor cortex [28]. A randomized 
controlled trial demonstrated that the fusion condition produced the strongest correlation between the 
neurofeedback score and motor imagery vividness, confirming that feature-level fusion effectively 
integrates electrophysiological and hemodynamic complementary information. Short-channel regression 
correction and Laplacian spatial filtering further enhance signal quality while maintaining real-time 
processing capability. These two studies collectively illustrate that feature-level fusion, whether 
implemented through deep attention mechanisms or weighted averaging strategies, consistently 
outperforms unimodal approaches by preserving modality-specific discriminative information and enabling 
cross-modal interactions, though the trade-off between computational efficiency and fusion sophistication 
remains an open challenge for practical deployment. 

Feature-level fusion extracts features from each sensor modality independently during the feature 
extraction stage, then fuses the resulting feature vectors according to specific association rules before 
feeding them into a classifier for decision making [29]. Common feature extraction and fusion algorithms 
include principal component analysis (PCA) and independent component analysis (ICA) for linear 
dimensionality reduction and source separation, autoencoders for nonlinear feature learning, and dedicated 
feature fusion neural networks. Among these, autoencoder-based methods have gained particular attention 
in EEG-fNIRS fusion due to their capacity to jointly learn compact and discriminative representations from 
heterogeneous modalities, while PCA and ICA remain attractive for their computational efficiency and 
interpretability in scenarios with limited training data [30]. In EEG-fNIRS bimodal brain-computer 
interfaces, feature-level fusion has recently undergone a paradigm shift from traditional feature engineering 
toward deep learning and personalized modeling, forming a multilevel technical framework. At the feature 
construction and representation learning levels, deep integration methods such as stacked denoising 
autoencoders perform multilayer nonlinear transformations to jointly learn [31] and fuse higher-order 
bimodal features, establishing an early paradigm foundation for this field. At the discriminative feature 
selection level, information-theoretic and statistical criteria driven methods, including  mutual information-
based feature selection, correlation-filtered channel selection [32], and a two-stage redundancy elimination 
strategy combining ReliefF with minimum redundancy-maximum relevance [33], effectively reduce feature 
dimensionality and computational complexity while steadily improving classification performance. These 
methods share the common goal of feature dimensionality reduction, yet differ in their underlying selection 
criteria. Mutual information based approaches capture nonlinear feature-target dependencies and suit high 
dimensional feature spaces with complex interactions. Correlation-filtering prioritizes computational 
efficiency and suits real-time applications. The Relief-based minimum redundancy maximum relevance 
(mRMR) strategy balances redundancy elimination with relevance preservation, offering a more 
comprehensive solution when both feature quality and inter-feature correlations are critical. This diversity 
of criteria provides flexible options for different data characteristics and application scenarios. 

For structured neurophysiological feature representation, task-related tensor decomposition separates 
task-shared from modality-specific components, endowing fused features with clear neurovascular 
coupling interpretability [34]; graph neural networks (GNNs) go beyond traditional Euclidean space 
limitations by revealing the intrinsic joint representation of bimodal features within graph topological 
structures [35]. Tensor decomposition excels at capturing the multi-dimensional structure of EEG-fNIRS 
data and preserving physiological interpretability, making it particularly suitable for studies investigating 
neurovascular coupling mechanisms. In contrast, GNNs are better suited for modeling spatial dependencies 
across distributed cortical regions, offering greater flexibility in capturing complex inter-channel 
relationships at the cost of reduced physiological interpretability. 

At the fusion strategy decision-making level, combining canonical correlation analysis (CCA) with deep 
learning demonstrates performance equivalence between feature-level concatenation and decision-level 
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voting [36]; personalized mathematical rules [37] and accuracy adaptive weighting mechanisms [38] offer 
interpretable and adaptive fusion weight allocation schemes targeting cross-individual generalization and 
clinical translation, respectively. This evolutionary progression from linear dimensionality reduction to 
nonlinear representation learning, and from global feature fusion to structured neurophysiological modeling, 
demonstrates that feature-level fusion continues to evolve toward deeper integration and personalization, with 
its core objective expanding beyond mere classification accuracy to encompass model interpretability, cross-
individual generalization, and clinical applicability. These methods span a spectrum from performance 
validation to interpretable and adaptive fusion, collectively reflecting the evolution of feature-level fusion 
from fixed rule-based integration toward context-aware and user-adaptive decision making. 

Overall, feature-level fusion has evolved from simple modal concatenation and statistical weighting to a 
deep integration paradigm that combines structured neurophysiological modeling, graph topology learning, 
and adaptive decision-making, increasingly focusing on user difference modeling and clinical translatability. 

2.3. Decision-Level Fusion 

Decision-level fusion independently performs feature extraction and classification for each modality, 
generating preliminary discrimination results or confidence distributions, then integrates these results 
through preset fusion rules to produce a final unified output [39]. This approach avoids temporal and spatial 
alignment issues of heterogeneous signals through a post-hoc integration mechanism and supports 
independent optimization of each modality, while uncertainty modeling enhances decision robustness [40]. 
However, decision-level fusion struggles to capture deep complementary information between modalities. 
Its performance depends on single-modality classifiers, and the system architecture is complex. This 
approach suits scenarios with significant differences in signal characteristics, though its effectiveness 
depends on both the fusion strategy and single-modality performance. Commonly used decision-level 
information fusion algorithms include Dempster-Shafer (D-S) evidence theory, Bayesian decision theory, 
weighted fusion, voting fusion, etc. [41]. 

Current research on multimodal fusion has progressively evolved from simple linear aggregation to 
adaptive uncertainty-aware paradigms, driven by the need to handle heterogeneous neural signal 
characteristics. In studies on multimodal brain signal decision fusion, the collaborative use of EEG and fNIRS 
has already demonstrated significant advantages. Rabbani et al. used maximum likelihood estimation to fuse 
classification results from seven deep learning networks, achieving 96% and 82.76% accuracy on two 
cognitive task datasets [42]. Their results demonstrated that decision fusion effectively improves classification 
performance and that hybrid convolutional neural network-recurrent neural network (CNN-RNN) structures 
offer advantages. This approach represents a classical probability-based decision fusion strategy, which relies 
on the statistical reliability of unimodal classifiers and offers computational simplicity. However, the linear 
probability fusion mechanism fails to model decision uncertainty and does not address physiological 
asynchrony between multimodal signals, limiting robustness in dynamic scenarios. 

In recent years, with the development of deep learning and evidence reasoning theory, some researchers 
have begun to explore multimodal fusion methods that can quantify decision uncertainty. To overcome 
these limitations, recent studies have explored uncertainty-aware decision fusion frameworks. Kang et al. 
proposed an EEG-fNIRS fusion model based on a two-layer D-S evidence reasoning framework. The model 
extracts EEG time-frequency features and fNIRS spatiotemporal features through dual-scale convolution 
and a hybrid attention mechanism, respectively, and introduces two basic belief assignment functions and 
a Dirichlet distribution for uncertainty modeling, thereby achieving decision integration through two-layer 
evidence fusion [43]. This method achieved 83.26% average classification accuracy on public datasets, 
significantly outperforming existing methods and providing a highly reliable technical path for multimodal 
brain signal fusion. In contrast to maximum likelihood estimation, which relies on linear probability fusion, 
this evidence-based approach quantifies the uncertainty of each modality’s decision via the Dirichlet 
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distribution. It robustly integrates multimodal classification results, even when individual modality 
decisions prove unreliable, and thus captures the physiological asynchrony between EEG and fNIRS signals 
that linear fusion methods overlook. This explicit uncertainty management marks a fundamental departure 
from classical probability-based fusion, moving decision-level fusion beyond deterministic aggregation 
toward principled uncertainty reasoning. 

Though both approaches fall within the decision-level fusion paradigm, their methodological 
underpinnings diverge considerably. The former hinges on the statistical reliability of independent unimodal 
classifier outputs, offering computational simplicity and efficiency; the latter explicitly models classification 
uncertainty through the Dirichlet distribution and realizes progressive belief mass integration via two-tier 
evidential reasoning, delivering superior accuracy at the expense of heightened computational complexity. 
Both strategies perform a posteriori ensemble based on final classification outputs without exploiting 
crossmodal interactions within classifier internals, rendering unimodal classifier performance the primary 
determinant of the fusion system’s performance ceiling. EEG-fNIRS decision-level fusion has demonstrated 
practical utility across cognitive task decoding, neurorehabilitation, brain-computer interface control, and 
auxiliary neurological diagnosis, encompassing cognitive load assessment, mental fatigue monitoring, stress 
state identification, and neurorehabilitation support for individuals with motor impairments. 

These practical applications exemplify a broader paradigm shift in multimodal fusion research, 
transitioning from static rule driven frameworks toward dynamic uncertainty-aware architectures. 
Investigations by Rabbani et al. and Kang et al. illustrate that sophisticated model ensembles and evidential 
reasoning approaches not only boost classification performance but also explicitly quantify decision 
uncertainty. Nevertheless, the field continues to encounter several fundamental challenges, including the 
design of deep nonlinear fusion architectures that transcend linear aggregation, the development of 
asynchronous compensation mechanisms to accommodate physiological latency, and the construction of 
lightweight, interpretable systems suitable for real world deployment. The technical characteristics and 
relative merits of these three fusion levels are summarized in Table 1. 

Table 1. EEG-fNIRS multimodal fusion strategies. 

Integration Strategy Methods Main Conclusions 
Advantages and 

Disadvantages 

Data-level fusion 

Multi-channel fusion hybrid network 

Unified encoding of three-channel feature 

maps, attention mechanism enhances feature 

representation [24]. 

Offering lossless retention 

and finest fusion granularity, 

this method necessitates high 

synchronization and 

computational resources to 

overcome inter-modal 

discrepancies in rate, scale, 

and spatiotemporal 

alignment. 

Wavelet transform fusion 

Solves the heterogeneity problem of 

sampling rate and amplitude scale, with high 

computational efficiency [25]. 

Raw data joint processing of 

heterogeneous sensors 

Fusing high-frequency laser with low-

frequency webcam data achieved high-

precision positioning, outperforming 

unimodal systems [26]. 

Feature-level fusion 

SDAE ensemble learning 

Stacked denoising autoencoder ensemble 

performs multi-layer nonlinear feature 

learning and fusion of bimodal signals, 

exploring the combination of deep features 

and ensemble strategies to improve 

robustness and discriminative ability [31]. 

Map heterogeneous data to a 

unified feature space to 

alleviate inter-modal 

heterogeneity, with relatively 

strong interpretability and 

moderate computational 

efficiency. The feature 

extraction stage may lose 

fine-grained information from 

Correlation filter feature selection 

Correlation filter optimized channels and 

feature selection, improving computational 

efficiency [32]. 
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Relief-mRMR feature screening 

Feature-level fusion and selection of EEG 

CSP and fNIRS multi-class common spatial 

pattern (MCSP) features significantly 

improved motor imagery classification 

accuracy [33]. 

the original signal, and the 

fusion performance highly 

depends on initial single-

modal feature extraction 

quality. 

Task-related tensor decomposition 

Used for individualized modeling of EEG-

fNIRS neurovascular coupling, improving 

feature extraction accuracy and physiological 

interpretability [34]. 

GNNs fusion 

First fuses graph-structured EEG-fNIRS 

channels with GNNs, revealing intrinsic joint 

bimodal features under grasp force task via 

graph representation learning [35]. 

CCA Deep Learning Fusion 

EEG-fNIRS system significantly 

outperforms unimodal ones, with feature-

level concatenation and decision-level soft 

voting as equally optimal [36]. 

Personalized mathematical rule fusion 

Builds user-specific models via interpretable 

fusion rules to address large inter-user 

physiological variability and poor 

generalization in multimodal BCI [37]. 

Parallel deep feature extraction and 

accuracy-weighted linear fusion 

Proposed HEFMI-ICH, first EEG-fNIRS 

brain hemorrhage dataset with dual-branch 

depthwise separable convolution (DSConv), 

accuracy-adaptive weighted fusion for 

multimodal decoding [38]. 

Decision-level fusion 

Maximum likelihood estimation 

integration 

Maximum likelihood EEG-fNIRS fusion 

across seven DL classifiers achieved 96% 

(CNN-LSTM-GRU) and 82.76% (CNN-

LSTM), significantly outperforming 

unimodal classification [42]. 

This approach offers modality 

optimization, classifier, and 

uncertainty robustness 

without cross-modal 

alignment, yet lacks deep 

complementarity, is 

unimodal-bounded.  

Two-level decision layer fusion based on 

D-S evidence reasoning 

EEG-fNIRS uncertainty quantification 

achieved 83.26% accuracy on a public 

dataset, significantly outperforming 

traditional decision fusion [43]. 

To systematically review the core technological evolution in this field, particularly the specific 
implementations and performance breakthroughs of feature extraction and fusion methods in motor imagery 
tasks, as shown in Table 1, three fusion strategies exhibit significant differences in technical principles and 
applicable scenarios. These studies not only demonstrate the paradigm shift from traditional spatial methods 
to deep learning but also provide important references for subsequent research. 

3. Decoding Algorithms for EEG-fNIRS Fusion Data 

In BCI and neuroscience research, classification is the core process to decode neural signals and map 
them to specific cognitive states. By classifying multimodal data such as EEG and fNIRS, different 
psychological states of individuals can be effectively identified, providing key support for applications such 
as cognitive monitoring [44], disease diagnosis [45], assistive interaction [46], and rehabilitation training 
[47]. By extracting discriminative features from high-dimensional, low signal-to-noise ratio neural signals, 
the conversion from neural activity to interpretable categories can be achieved, thereby completing the 
objective quantification of cognitive functions and the closed-loop control of BCIs. 
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3.1. Traditional Machine Learning Methods 

Traditional machine learning methods in BCIs typically follow a serial processing paradigm of feature 
extraction, feature selection, and classifier design. Unlike deep learning, traditional machine learning relies 
on manually designed feature descriptors, making performance highly dependent on the quality of feature 
engineering [48]. This reliance on hand-crafted features not only requires domain expertise but also limits 
the model’s ability to capture complex, nonlinear patterns embedded in EEG and fNIRS signals. 

Decoding motor intentions to achieve high degrees of freedom in movement command control is key 
to improving the precision of BCI device operations [49]. In recent years, significant progress has been 
made in this field, including three-dimensional drone control based on MI-BCI [50] and robotic arm 
assistance in daily life [51]. As an important branch of artificial intelligence, machine learning aims to 
enable computers to automatically discover patterns through data-driven approaches and make predictions 
and decisions based on what they have learned [52]. In the field of multimodal fusion, traditional machine 
learning has historically relied on feature engineering and statistical models to achieve modality alignment 
and fusion, using techniques such as feature concatenation, CCA, and multiple kernel learning [53]. In 
research on decoding motor intentions based on EEG-fNIRS multimodal fusion, traditional machine 
learning methods have achieved a series of advances in the two core aspects of feature extraction and 
classifier design, thanks to their strong interpretability and computational efficiency. 

Early research prioritized computational efficiency. Hasan et al. validated the feasibility of hybrid BCI 
systems under resource-constrained conditions [54]. Subsequent studies progressively introduced more 
refined feature engineering. Meng et al. demonstrated that Pearson-Fisher coefficient based channel 
selection effectively integrates signal correlation with feature separability information [55]; Qiu et al. 
further combined multi-domain features with progressive learning strategies, elevating motor imagery 
classification accuracy beyond 96% and revealing a strong positive correlation between feature fusion depth 
and performance gains [56]. Collectively, these studies trace a clear methodological progression from 
channel level optimization to statistical feature selection and, finally, to multi-domain feature integration, 
demonstrating that increasing the depth and breadth of feature engineering yields consistent improvements 
in decoding performance. Tang et al. [57] and Liu et al. [58] respectively explored the CSP-PCA-SVM and 
PCA-SVM frameworks from feature extraction and dimensionality reduction perspectives, confirming that 
traditional machine learning approaches maintain competitive performance on medium-scale datasets. In 
the domain of data-level fusion, Li et al. introduced a wavelet transform-based strategy that provides a 
novel pathway for cross-modal signal alignment [25]. For fine motor decoding tasks, Yang et al. 
incorporated Higuchi fractal dimension features into the filter bank CSP framework, achieving 80.47% 
accuracy in three class grasp posture decoding using k-nearest neighbor (KNN) classification [59]. These 
four works address distinct aspects of traditional machine learning-based fusion, including feature 
extraction and dimensionality reduction, data-level cross-modal signal alignment, and fine-grained task-
specific decoding. Together, they illustrate the expanding scope of traditional ML methods, from general-
purpose feature engineering to task-adaptive and fine motor decoding. The collective findings delineate a 
clear technical trajectory from single-modal feature engineering toward multi-modal deep integration. 
Nevertheless, critical bottlenecks persist in cross-subject generalization and real-time deployment. 

Recent research has extended multimodal fusion from EEG-fNIRS dual modal configurations to more 
complex architectures integrating three or more modalities. Mateen N et al. pioneered the application of a 
genetic algorithm-optimized SVM framework to a hybrid EEG-EMG (electromyography)-fNIRS BCI 
system, attaining 98.17% classification accuracy in EEG-EMG tasks with a highly parsimonious feature 
set while improving average classification performance by 4 to 5 percentage points, thereby furnishing an 
efficient solution for real-time low-latency systems [60]. This multimodal expansion aligns with the broader 
trajectory toward individualized modeling. Laura Dipietro et al. constructed a multimodal predictive system 
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that synthesizes clinical, sensor, and neuroimaging data for stroke rehabilitation outcome forecasting [61]. 
Through feature extraction, PCA-based dimensionality reduction, and Elastic Net regression, they elevated 
the coefficient of determination from 0.83 to 0.89, underscoring the substantial value of cross-modal data 
fusion in regression-based predictive tasks. Whereas the classification-oriented studies above concentrate 
on discrete motor intention decoding, this regression-based approach addresses a distinct clinical question, 
rehabilitation outcome prediction, illustrating that multimodal fusion confers advantages across both 
classification and predictive paradigms. Typical classifiers and their performance of traditional machine 
learning methods are shown in Table 2. 

In summary, traditional machine learning methods follow a clear developmental trajectory in EEG-
fNIRS multimodal fusion research. Channel selection and statistical feature engineering laid the 
foundational framework for subsequent methodological advances. The shift toward multi-domain feature 
integration expanded the information space available for classification, whereas data-level reconstruction 
strategies resolved cross-modal signal alignment challenges that feature-level approaches could not fully 
address. More recently, subject-specific feature selection has emerged as a means to mitigate the inter-
individual variability that undermines cross-subject generalization. Deep learning methods excel at 
automatic feature extraction and have delivered substantial performance improvements, frequently 
surpassing traditional approaches by notable margins in large sample offline studies. Nevertheless, 
traditional machine learning methods retain distinct advantages in small-sample scenarios, real-time 
systems, and model interpretability. These complementary strengths indicate that hybrid approaches, such 
as integrating deep learning-derived features with interpretable traditional classifiers or adaptively selecting 
fusion strategies based on data availability, may offer a promising direction for future BCI systems. 

Table 2. Decoding algorithms of traditional machine learning. 

Methods Main Contributions Advantages and Disadvantages References

Linear 
discriminant 
analysis 

Multimodal fusion classification combining CSP 
and wavelet-fused signals achieved 88.1% 
accuracy; LDA further improves stability under 
small-sample conditions. 

Simple computation, stable performance, good 
interpretability; poor adaptability to nonlinear 
distributed data, strong independence assumption 
between features. 

[25] 

Decision tree 
Used for motor intention classification, used in 
parallel with KNN to build a hybrid classification 
system. 

Strong interpretability, no need for data 
normalization, high computational efficiency; 
prone to overfitting, sensitive to noise, relatively 
weak generalization ability. 

[54] 

Support vector 
machine 

Filter bank CSP-PCA fusion achieved 92.25% 
(self-collected) and 96.90% (public) accuracy; 
genetic algorithm-based feature selection further 
improved accuracy by 4–5%. 

Strong generalization for high-dimensional 
features and nonlinear problems via kernel 
functions; however, long training time for large-
scale data and hyperparameter tuning relies on 
experience. 

[57,60] 

KNN 

Used for motor intention classification, achieving 
low-complexity classification tasks; combined 
with filter bank common spatial pattern and 
higuchi fractal dimension to decode grasping 
gestures. 

Simple and low-overhead, suitable for real-time 
and small-sample scenarios, but limited high-
dimensional expressivity; accuracy highly 
feature-quality dependent. 

[59] 

Elastic net 
regression 

Used for stroke rehabilitation prediction tasks, 
integrating clinical, sensor, and neuroimaging 
data, increasing the predicted coefficient of 
determination from 0.83 to 0.89. 

L1/L2 regularization suits high-dimensional 
sparse features with feature selection; mainly 
regression-oriented, limited classification use. 

[61] 
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3.2. Deep Learning Methods 

Deep learning is a machine learning method based on artificial neural networks, and its core is the 
automatic extraction of multi-level feature representations from data through multiple layers of non-linear 
transformations [62]. It learns complex patterns from large-scale data and is suitable for various types of 
data, such as images [63], speech [64], and time-series signals [65], showing powerful feature learning and 
classification capabilities in fields like BCIs. In research on motor intention decoding based on EEG-fNIRS 
multimodal fusion, deep learning methods have achieved significant breakthroughs in decoding 
performance due to their end-to-end feature learning capabilities. 

Early research primarily concentrated on optimizing single-modality network architectures, with CNN 
networks, long short-term memory (LSTM) networks, bidirectional long short-term memory (Bi-LSTM) 
networks, temporal convolutional network (TCN), and gated recurrent units (GRU) laying the foundational 
backbones for subsequent multimodal extensions. A key challenge then emerged: how to effectively 
integrate heterogeneous features from different modalities. To address this, Ciaran C et al. pioneered a dual-
CNN subnet structure that separately extracts EEG and fNIRS features and fuses them at an early stage 
before feeding into a GRU classifier, establishing a paradigm for independent feature extraction and cross-
modal integration in bimodal systems [66]. However, this architecture still relied on manually designed 
branches. Mughal et al. advanced the field by transforming raw signals into recurrence plot features and 
employing a CNN-LSTM network for joint spatiotemporal modeling, achieving 88.41% average accuracy 
and 92.4% peak performance across modalities, thereby validating the potential of non-primitive 
representations to enhance cross-modal discriminability [67]. To overcome the difficulty of simultaneously 
capturing time-frequency characteristics, Liu Jinrui et al. combined wavelet packet energy entropy for 
frequency-domain extraction with a Bi-LSTM network for time-domain modeling, and further integrated 
these features via a one-dimensional CNN for deep fusion, attaining 95.31% accuracy on the public 
HYGRIP dataset [68]. Concurrently, optimization strategies emerged to improve parameter tuning 
efficiency. Majid Nour et al. integrated multi-band analysis with the grey wolf optimization algorithm to 
fine-tune the fully connected layers of a CNN, achieving 99.85% classification accuracy in bilateral hand 
MI tasks [69]. These advancements collectively indicate that deep learning in EEG-fNIRS fusion has 
evolved beyond isolated network design toward a diversified paradigm where architectural innovation, 
representation enhancement, and optimization-driven refinement jointly exploit the complementary 
characteristics of bimodal signals. 

As research continues to advance, deep learning methods have achieved a series of significant 
breakthroughs in two key areas: decision fusion and cross-subject evaluation. In terms of decision fusion, 
Md. Hasin Raihan Rabbani et al. pioneered the introduction of maximum likelihood estimation into the 
EEG-fNIRS multi-task classification framework. After systematically comparing the performance of CNN, 
LSTM, and GRU networks, as well as their combined architectures, in single-modality classification, they 
derived fused decisions by multiplying the decision likelihood ratios, achieving a peak accuracy of 96% in 
cross-subject cognitive task identification. Building on this foundation, subsequent research gradually 
shifted focus from fusion strategies themselves toward model generalization capabilities in cross-subject 
scenarios. Arif et al. constructed a dual-branch CNN architecture comprising an EEG temporal branch and 
an fNIRS spatial branch, with a fusion classification layer performing decision-making [70]. They 
pioneered the introduction of a cross-subject evaluation framework into EEG-fNIRS multimodal analysis, 
achieving an F1 score of 65.05% under cross-subject conditions, substantially outperforming traditional 
machine learning and mainstream deep learning methods. Bunterngchit et al. approached the problem from 
the perspective of loss function optimization [71]. By combining a temporal convolutional network with an 
LSTM and designing a custom loss function, they achieved accuracy rates exceeding 99% across various 
cognitive tasks, reaching approximately 97.48% in motor imagery tasks, significantly surpassing existing 
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cross-subject classification methods. These studies reveal a clear trajectory from the exploration of decision 
fusion strategies toward optimization of cross-subject generalization capabilities. Nevertheless, current cross-
subject evaluations rely predominantly on macro-level metrics such as accuracy and F1 scores, lacking in-
depth analysis of feature distribution shifts when models transfer across subjects. Moreover, the evaluation 
protocols across studies remain unstandardized. Future research should prioritize establishing standardized 
cross-subject evaluation benchmarks and exploring the potential of domain adaptation and domain 
generalization methods to mitigate the impact of individual differences on fusion model performance. 

Recent research has progressively shifted the frontier of EEG-fNIRS fusion from basic architectural 
design toward addressing the intertwined challenges of data efficiency, cross-modal alignment, and clinical 
deployability. The prohibitive cost of acquiring labeled multimodal data constitutes a primary bottleneck. 
Euijin Jung et al. addressed this limitation through the EEG-fNIRS representation learning model, which 
combines a masked autoencoder for modality-specific feature extraction with contrastive learning for 
shared representation discovery, followed by few-shot linear probing [72]. This framework achieves fully 
supervised level performance with only 4 to 8 labeled samples per class, reducing labeled data requirements 
by approximately 90%. However, data efficiency alone cannot resolve the inherent spatiotemporal 
misalignment between EEG and fNIRS signals, which poses a second critical obstacle to effective fusion. 
Mutian Liu et al. tackled this issue via the spatial temporal alignment network, which incorporates an fNIRS 
guided spatial alignment layer and an EEG guided temporal alignment layer coupled with a cross attention 
mechanism, attaining 69.65% accuracy for motor imagery and 85.14% for mental arithmetic in subject-
specific evaluations. Concurrently with these alignment efforts, architectural innovations have further 
extended the performance frontier. Zhizheng Yuan et al. introduced a capsule dynamic graph convolutional 
network that achieves 91.72% average accuracy on the HYGRIP dataset, surpassing single-modality EEG 
by approximately 8% and fNIRS by approximately 20% [73]. These methodological advances collectively 
establish the foundation for the most consequential challenge, translating laboratory grade fusion systems 
into real-world clinical practice. Chayut Bunterngchit et al. took a decisive step in this direction by 
developing the graph attention convolutional LSTM network, which integrates multiscale spatial feature 
extraction, graph attention based channel relationship modeling, and bidirectional temporal dynamics 
capture [74]. Validated on an EEG dataset from 50 stroke patients, the model achieved 99.52% classification 
accuracy with 97.43% leave-one-subject-out generalization and an inference latency of 33 to 56 milliseconds. 
These complementary lines of inquiry target distinct bottlenecks in EEG-fNIRS fusion, including labeled data 
scarcity, spatiotemporal misalignment, feature extraction from dynamic graph structures, and clinical 
translation using lightweight, real-time architectures. Their collective contributions illustrate that the field is 
moving toward holistic solutions that simultaneously address data efficiency, representation learning, and 
deployment constraints. This demonstration of clinical grade performance underscores a broader trajectory: 
the field has matured beyond isolated algorithmic benchmarks toward integrated frameworks that 
simultaneously address data scarcity, modality heterogeneity, and deployment constraints. 

Transfer learning is a machine learning method that improves the learning efficiency of a target domain 
by reusing knowledge from a source domain. Its core lies in breaking the traditional assumption in modeling 
that training and testing data must follow the same distribution [75]. In EEG-fNIRS multimodal motor 
imagery decoding studies, due to significant individual differences in EEG and near-infrared signals, and 
the high cost of synchronous acquisition and annotation of multimodal data, cross-subject generalization 
faces the dual challenges of small sample sizes and distribution shift. 

Two complementary technical approaches to transfer learning have emerged in EEG-fNIRS cross-subject 
decoding. One approach concentrates on source domain selection strategies. Chen et al. employed the 
Wasserstein distance to separately select the optimal source domains for EEG and fNIRS modalities and 
achieved source-target statistical distribution alignment through deep correlation alignment and CCA, attaining 
74.87% accuracy on intracerebral hemorrhage patient data [38]. This method, however, depends critically on 
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the quality and accessibility of source domain data. The alternative approach emphasizes direct alignment of 
cross-domain distributions. Yu and Zhang proposed a two-stage alignment strategy incorporating Euclidean 
alignment at the data-level to reduce inter-subject covariance distribution discrepancies and multi-constraint 
feature alignment to simultaneously match marginal and conditional distributions between source and target 
domains in a shared subspace, while introducing a selective pseudo-label update strategy to prevent error 
accumulation [76]. Unlike Chen’s method, this strategy circumvents external source domain selection and 
achieves cross-subject generalization through explicit feature-space distribution alignment, though pseudo-label 
quality remains a critical factor influencing alignment performance. 

Departing from these strategy-level solutions, Liu approaches the problem from an architectural 
perspective, embedding domain adaptation mechanisms directly into the network hierarchy [77]. Liu finds 
that shallow layers favor global marginal distribution alignment, while deeper layers require finer-grained 
conditional adaptation. This observation holds particular value for multimodal fusion scenarios, where 
domain discrepancies arising from distinct sensor modalities demand differentiated adaptation strategies 
across network layers. The Liu framework adopts maximum mean discrepancy for distribution alignment. 
This metric offers high computational efficiency but captures complex distribution shifts in high-
dimensional feature spaces less effectively than adversarial alternatives. The identical label space 
assumption further constrains its applicability in cross-task transfer settings. 

These studies reveal that transfer learning in EEG-fNIRS fusion has evolved from single-point domain 
adaptation strategies toward multi-level, multi-constraint joint alignment frameworks. Significant 
challenges persist, however, including the precision of inter-domain distribution discrepancy measurement 
and the reliability of alignment under completely unlabeled target domain conditions. More broadly, deep 
learning continues to drive methodological innovation across EEG-fNIRS multimodal BCIs, with research 
trends shifting from accuracy-driven approaches toward enhanced generalization, cross-subject adaptation, 
and clinical applicability [78]. Table 3 summarizes the performance of deep learning methods in EEG-
fNIRS decoding. 

Table 3. Decoding algorithms for deep learning. 

Methods Main Contributions Advantages and Disadvantages References

Spatial-temporal 
alignment network 
(STA-Net) 

fNIRS-guided spatial and EEG-guided 
temporal alignment with cross-attention 
achieves task accuracies of 69.65%, 85.14%, 
and 79.03%. 

Bidirectional guided alignment resolves modal 
spatiotemporal heterogeneity, yet task-specific 
performance varies notably across three tasks. 

[21] 

CNN + LSTM + 
GRU 

Maximum likelihood decision fusion yields 
the highest cross-subject cognitive task 
accuracy of 96%. 

Decision-level fusion circumvents modality 
alignment, yet linear probability fusion lacks 
decision uncertainty modeling. 

[42] 

CNN + GRU 

Dual CNN nets each extract EEG and fNIRS 
features; fusion to GRU classifier achieves 
first independent dual-modality feature 
extraction and early fusion. 

The dual-branch structure effectively extracts 
modality-specific features; mainly aimed at 
speech tasks, limited application scenarios. 

[66] 

CNN-LSTM 

EEG-fNIRS recursive graph features with 
CNN-LSTM spatiotemporal fusion achieve 
88.41% integrated accuracy and up to 92.4% 
maximum. 

Recursive graphs effectively represent the 
spatiotemporal structure of signals; 
constructing recursive graphs increases 
computational complexity. 

[67] 

Bi-LSTM + 1DCNN 

Wavelet packet energy entropy extracts 
frequency features, Bi-LSTM extracts 
temporal features, and one-dimensional 
convolutional neural network (1DCNN) 
performs deep fusion, achieving 95.31% accur 

Time-frequency domain feature extraction is 
sufficient, and the dual-branch structure 
achieves feature complementarity; the model 
structure is complex, and real-time 
performance needs to be evaluated. 

[68] 
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CNN 

Using multi-bandwidth analysis and grey wolf 
optimization to tune the fully connected layer, 
this method first introduces a cross-subject 
evaluation framework, achieving 99.85% 
accuracy on public datasets. 

Extremely high accuracy, cross-subject 
evaluation is close to practical application; the 
optimization algorithm has high computational 
overhead, and cross-subject performance is 
relatively low. 

[69] 

TCN + LSTM 

TCN-LSTM with a custom loss function 
achieves above 99% classification accuracy 
for cognitive tasks and 97.48% for motor 
imagery decoding tasks. 

Temporal convolution effectively captures 
local dependencies; the model is sensitive to 
hyperparameters and has weak interpretability. 

[71] 

Masked autoencoder 
(MAE) + 
Contrastive learning 

Only 4–8 labeled samples per class are needed 
to achieve fully supervised performance, 
reducing labeling requirements by about 90%. 

Breaks the dependency on paired data, 
significantly reducing labeling costs; pre-
training computational cost is relatively high. 

[72] 

Capsule dynamic 
graph convolutional 
network 

Achieves 91.72% accuracy on the HYGRIP 
dataset, approximately 8% higher than 
unimodal EEG and 20% higher than fNIRS. 

Retains spatial hierarchical relationships and 
adaptively learns the topological structure, 
model complexity is high, training is difficult. 

[73] 

Graph attention 
convolutional LSTM 
network (GACL-
Net) 

Achieves 99.52% accuracy on a stroke patient 
dataset, inference speed 33-56ms. 

Fast inference enables real-time clinical 
rehabilitation, primarily validated on stroke 
patient cohorts. 

[74] 

4. Summary and Outlook 

Over the past decade, EEG-fNIRS based MI-BCI decoding has advanced considerably. Researchers 
have moved from single data-level fusion toward feature-level fusion, decision-level fusion, and multi-level 
integration, resulting in increasingly sophisticated fusion frameworks. The paradigm shift from traditional 
machine learning to deep learning has significantly improved classification accuracy and model 
generalization, allowing fuller utilization of multimodal complementary advantages. Nevertheless, several 
key bottlenecks remain before clinical application and daily use become feasible. 

The study of EEG-fNIRS based motor intention decoding has developed over several decades. With 
the continuous updates in fusion methods and decoding algorithms, it is expected to overcome traditional 
bottlenecks such as limited command sets and less natural brain-machine interaction. However, it should 
be noted that some problems in the current research still need to be addressed: 

1. The decoding accuracy of fine motor intentions is insufficient. MI-BCIs mostly rely on simplified 
paradigms, and the coding mechanisms for multi-dimensional movement vectors and dynamic neural 
responses are still unclear. Currently, decoding motor intentions based on scalp EEG signals still faces 
bottlenecks. The weak signals of fine movements and error-related potentials (ErrP) result in overall 
accuracy that has not yet reached practical levels, making most systems still rely on simplified action 
paradigms to achieve basic control functions. At the same time, research on the coding mechanisms of 
multi-dimensional movement parameters, such as direction, speed, and force, remains limited and has 
not systematically revealed the dynamic EEG response patterns throughout the process from motor 
planning to execution. 

2. Multimodal hardware synchronization and signal fusion are difficult, and differences in spatiotemporal 
characteristics restrict the effectiveness of fusion. Existing linear fusion methods lack adaptability, 
limiting the efficiency of information collaboration. EEG and fNIRS face issues such as mismatched 
sampling frequencies and spatial registration errors during hardware integration, and significant 
differences in signal time-domain and frequency-domain characteristics increase the complexity of 
multimodal fusion. The commonly used linear weighted fusion methods in current research are difficult 
to adapt to different task states and individual characteristics, and a framework capable of dynamically 
adjusting fusion weights has not been established, restricting the collaborative expression ability of 
multimodal information in motor intention decoding. 
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3. Neurofeedback exhibits individual response differences and non-responder phenomena, and 
hemodynamic signal delays affect feedback synchrony and training outcomes. Approximately 30% of 
participants show non-responder characteristics during neurofeedback training, and differences in 
individual anatomy, cognitive strategies, and task engagement significantly impact the consistency of 
training effects. In addition, the hemodynamic responses measured by fNIRS have a delay of several 
seconds, leading to temporal mismatches in multimodal feedback systems, which may reduce the 
efficiency of neural plasticity induction during training [79]. 

4. The equipment has poor portability, and its application scenarios are limited. The system has a single 
function and is difficult to support complex tasks, making clinical translation a significant challenge. 
Currently, EEG acquisition devices are usually large in size and complicated to operate, which restricts 
the promotion and application of MI-BCIs in daily environments. At the same time, due to limitations 
in decoding algorithm performance and paradigm flexibility, the existing systems are relatively single 
in function. Especially in populations such as stroke patients, the system’s effectiveness and tolerability 
have not been fully validated, and changes in neurovascular coupling mechanisms under pathological 
conditions may further affect signal quality and intervention outcomes [80]. 

Beyond the specific challenges outlined above, future EEG-fNIRS integration will deepen along three 
dimensions: multimodal fusion strategies, model architecture innovation, and system application loops. 
Further exploration of multi-level fusion mechanisms should include collaborative optimization of feature-
level, decision-level, and spatiotemporal-level fusion, combined with cross-modal attention, spatiotemporal 
joint modeling, meta-learning, and transfer learning to enhance model generalization across subjects, tasks, 
and scenarios. As discussed in Section 3.2, transfer learning offers a promising pathway to address cross-
subject generalization, though challenges such as negative transfer and computational efficiency remain 
unresolved. Promoting lightweight, embedded system design will enable wearable, low-latency, long-term 
neural signal monitoring, providing feasible pathways for daily cognitive enhancement, rehabilitation 
training, and real-time brain-computer interaction. 

In terms of data resources, evaluation systems, and clinical translation, large-scale, multi-center, and 
multi-pathological open datasets should be constructed, and standardized evaluation protocols and 
performance benchmarks should be established to promote fair model comparison and clinically 
reproducible validation. In addition, further integration of multiple physiological signals such as eye 
movements and electromyography, is needed to achieve more comprehensive state recognition and 
coordinated regulation. By deepening interdisciplinary collaboration among neuroscience, computational 
science, clinical medicine, and rehabilitation engineering, EEG-fNIRS technology can be advanced from 
the laboratory to clinical diagnosis, personalized neural modulation, intelligent rehabilitation systems, and 
immersive interactive applications, forming a complete closed loop of ‘signal acquisition—analysis—
intervention—evaluation’ and laying the foundation for precise neural health management and next-
generation human-machine intelligent integration systems. 
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