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ABSTRACT: The integration of Electroencephalogra-
phy (EEG) and functional Near-Infrared Spectroscopy
(fNIRS) has emerged as a robust framework for pas-
sive Brain-Computer Interface (pBCI) applications, par-
ticularly in the field of cognitive workload monitoring.
This study benchmarks feature-level (early) and decision-
level (late) fusion strategies using a subject-independent
Leave-One-Subject-Out (LOSO) validation framework.
Leveraging an open-access dataset of 26 participants per-
forming an n-back task (0-back vs. 2/3-back), we de-
veloped a MATLAB-Python pipeline to contrast uni-
modal and multimodal performance. Our results demon-
strate that while EEG provides high temporal respon-
siveness, its inter-subject variability limits generaliza-
tion (65.9% LOSO accuracy). In contrast, fNIRS offers
stable hemodynamic markers (76.9% accuracy). Mul-
timodal integration significantly outperformed unimodal
baselines, with decision-level fusion achieving the high-
est subject-independent performance (85.3% accuracy,
0.977 AUC) using an SVM-Poly meta-classifier. These
findings demonstrate that hybrid EEG-fNIRS integration
provides a more reliable framework than unimodal ap-
proaches for detecting distinct cognitive states. While
further validation is needed for granular workload levels,
this study establishes a robust baseline for the develop-
ment of future pBCI applications in operational environ-
ments. KEYWORDS: Hybrid EEG-fNIRS, Multimodal
Fusion, Cognitive Workload.

INTRODUCTION

Monitoring cognitive states in high-risk operational sce-
narios is a fundamental challenge for the development
of reliable Brain-Computer Interfaces (BCIs) [1] [2]. In
these environments, the saturation of working memory
(WM) resources can lead to critical performance degra-
dation [1]. While traditional BCIs focus on active control,
passive BCIs (pBCIs) aim to monitor mental states—such
as cognitive workload—without requiring conscious ef-
fort from the user [3]. However, the deployment of pBCIs

in real-world settings is often hindered by the limitations
of unimodal recordings. Electroencephalography (EEG),
while providing excellent temporal resolution, is highly
susceptible to artifacts, whereas functional near-infrared
spectroscopy (fNIRS) offers hemodynamic stability but
suffers from an inherent metabolic delay [4], [5], [6].
Hybrid EEG-fNIRS systems have been proposed to over-
come these modality-specific weaknesses by leveraging
neurovascular coupling (NVC) [7]. Although the po-
tential of hybrid systems is well-documented, the opti-
mal architectural strategy for integrating these different
data streams, specifically regarding feature-level versus
decision-level fusion, remains a key area of investiga-
tion in neural engineering [8]. This paper establishes
a performance benchmark for multimodal fusion strate-
gies by evaluating their ability to detect working mem-
ory engagement using the n-back test [9]. By contrast-
ing minimal (0-back) versus high (2/3-back) cognitive
demand [10], the aim is to identify the most robust inte-
gration framework, providing a baseline for the transition
of pBCI technologies from controlled laboratory settings
to demanding operational applications.

MATERIALS AND METHODS

Dataset and Experimental Paradigm:
We utilized the open-access hybrid EEG-fNIRS dataset
provided by Shin et al. (2018) [11]. The data consists
of simultaneous recordings from 26 healthy participants
performing a mental workload task based on the n-back
paradigm.
EEG activity was recorded at 1,000 Hz using 30 ac-
tive electrodes (BrainAmp) following the 10-5 system.
Simultaneously, fNIRS data were acquired at 10.4 Hz
(NIRScout) through 36 channels formed by 16 sources
and 16 detectors. Sensors were strategically distributed
across frontal, motor, parietal, and occipital regions, with
a high-density focus on the prefrontal cortex (16 fNIRS
channels) to monitor executive demand (see Fig. 1).
The n-back paradigm is widely used to assess working
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Figure 1: Hybrid EEG-fNIRS montage

memory, requiring participants to determine whether the
current stimulus matches one presented n steps earlier in
the sequence (see Fig. 2). Cognitive load increases with
n: the 0-back condition serves as a low-load baseline,
while 2-back and 3-back impose higher demands through
continuous maintenance and updating of information.
The experimental design included three levels of diffi-
culty:

• 0-back (Control): Minimal WM demand, used as the
baseline.

• 2-back and 3-back (High Load): Increased demand
for maintenance, updating, and inhibition of infor-
mation.

Figure 2: N-back paradigm

For the purpose of this study, we defined a binary classi-
fication task comparing the 0-back condition (low load)
against the combined 2-back and 3-back conditions (high
load). Due to the differences in intensities of the difficulty
of the levels, this approach maximizes the physiological
contrast, allowing for a clear evaluation of multimodal
integration strategies.

Preprocessing Pipeline:
The preprocessing pipelines for both EEG and fNIRS
were conducted using the BBCI Toolbox in MATLAB,
and are described below.

EEG Preprocessing:
The raw EEG signal (1,000 Hz) was band-pass filtered
between 0.5 and 40 Hz using a zero-phase Butterworth
filter. Then, artifact rejection was performed via Inde-
pendent Component Analysis (ICA) using the FastICA
algorithm [12]. To ensure objectivity, artifactual com-
ponents were automatically identified and removed using
the Multiple Artifact Rejection Algorithm (MARA) [13],
supplemented by statistical thresholds (variance/kurtosis
> 3 SD). Finally, the cleaned signal was re-referenced to
a Common Average Reference (CAR) [14].The summa-
rized pipeline can be seen in Fig. 3.

Figure 3: EEG Processing Pipeline

fNIRS Preprocessing:
The fNIRS raw light intensities had already been trans-
formed into relative concentration changes of oxygenated
(∆HbO) and deoxygenated (∆HbR) hemoglobin via the
Modified Beer-Lambert Law (MBLL) and downsampled
to 10 Hz.
To eliminate cardiac and respiratory artifacts, a 4th-order
zero-phase IIR low-pass filter with a 0.2 Hz cutoff was
applied. Each block-level epoch was baseline-corrected
using a 3-second window (from -5 s to -2 s prior to block
onset) to remove slow physiological drifts and isolate
task-related hemodynamic responses. The summarized
fNIRS preprocessing pipeline can be seen in Fig. 4.

Figure 4: fNIRS Processing Pipeline

Segmentation and Multi-level Alignment:
Due to the differences in temporal resolutions, a block-
aggregation strategy was adopted. For EEG, spectral fea-
tures (PSD) and statistical metrics were first computed
for each trial-locked epoch (-0.1 to 1.0 s). These features
were then averaged across all trials within a 40 s block.
This approach ensures that high-frequency spectral infor-
mation (e.g., beta and gamma bands) is preserved before
aggregation, providing a synchronized feature set that
matches the 40 s fNIRS block duration.

Feature Extraction: Following block-level aggrega-
tion, a multi-domain feature set was extracted to capture
the complex dynamics of cognitive load. For each task
block, a unified feature vector was created.
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• EEG Features: Three domains were calculated for
each channel:

– Spectral: Power Spectral Density (PSD) in
Delta (0.5–4 Hz), Theta (4–8 Hz), Alpha (8–13
Hz), Beta (13–30 Hz) and Gamma (30–40 Hz)
bands using Welch’s method.

– Temporal: P300 component amplitude and la-
tency within a 300–600 ms post-stimulus win-
dow.

– Statistical: Mean, variance, skewness, and kur-
tosis.

• fNIRS Features: For each channel and chromophore
(∆HbO and ∆HbR), four metrics were extracted:
mean concentration, standard deviation, Area Un-
der the Curve (AUC), and the hemodynamic slope
estimated via first-order polynomial fitting.

Neurovascular Coupling (NVC) Analysis:
To ensure that the classification accuracy comes from le-
gitimate physiological changes rather than statistical arti-
facts, a Neurovascular Coupling (NVC) analysis was per-
formed as a biological validation step [15].

• Correlation Analysis: Spearman’s correlation (rs)
was calculated between EEG Alpha power (a marker
of cortical inhibition) and HbO concentration in the
prefrontal cortex. The aim was to identify the clas-
sic inverse relationship: a decrease in Alpha power
(event-related desynchronization) correlated with an
increase in the hemodynamic response during high-
load (2/3-back) conditions.

• Granger Causality: A Granger Causality test was ap-
plied to verify that changes in neuronal electrical ac-
tivity temporally precede fluctuations in hemoglobin
metabolism with a physiological delay of 2–5 sec-
onds, validating the neurovascular activation chain.

To account for the metabolic delay of the fNIRS signal,
the correlation analyses considered a physiological lag of
2–5 seconds. The use of 40 s blocks further stabilizes the
comparison, focusing on sustained hemodynamic trends
rather than instantaneous changes.

Classification Framework and Fusion Strategies:
The classification pipeline was implemented in Python
using scikit-learn and XGBoost. To ensure a rigor-
ous comparison between unimodal and multimodal ap-
proaches, a consistent evaluation protocol was performed
in all experiments.

Unimodal Baselines:
Two independent pipelines were developed for EEG and
fNIRS [16].
To avoid overfitting due to high-dimensional data, a su-
pervised feature selection using SelectKBest with an
ANOVA F-test was implemented. This allowed identify-
ing the most discriminative features (those with the high-
est variance between cognitive load levels). To reduce di-
mensionality and mitigate overfitting, EEG features were

selected using an ANOVA F-test, retaining features with
a significance threshold of p<0.05.
To ensure robustness, a grid search for hyperparameter
tuning was performed, evaluating a diverse set of classi-
fiers. The specific configurations for the best performing
models are summarized in Table 1.

Table 1: Classification Models and Hyperparameter Configura-
tions

Model Core Parameters Details/Kernel
LDA Solver: SVD No shrinkage.
RF Estimators: 100 Gini; Max depth: None.
XGBoost LR: 0.1 Max depth: 6; Sub. 0.8.
SVM-RBF C ∈ [0.1,10], γ RBF kernel.
SVM-Poly Deg: 3; C = 1.0 Poly (Meta-classifier).

Feature-Level Fusion (Early Fusion):
EEG and fNIRS feature vectors were concatenated into
a high-dimensional joint representation [17]. To prevent
overfitting and exploit cross-modal interactions, we ap-
plied dimensionality reduction and hyperparameter tun-
ing within the training folds.

Decision-Level Fusion (Late Fusion):
This modular approach combined the probability outputs
of the best-performing unimodal classifiers. These prob-
abilities were used as inputs for a meta-classifier (e.g.,
SVM-Poly), which generated the final prediction [18].
This strategy preserves the unique characteristics of each
signal while leveraging their complementary predictive
power.

Validation Protocol:
To ensure a comprehensive evaluation, we employed a
dual-validation scheme.
First, a stratified block-level hold-out split (80/20) was
used to establish a performance baseline for the hybrid
features. To stabilize the high-dimensional feature space,
a global scaling transformation (Z-score) and supervised
feature selection (SelectKBest, p < 0.05) were applied
based on the training pool distribution.
Second, to assess subject-independent generalization, a
LOSO cross-validation was performed. In this scheme,
the model was iteratively trained on N − 1 subjects and
tested on the remaining participant. This protocol eval-
uates the BCI’s ability to handle inter-subject variability,
which is the primary challenge in real-world deployment.
The overall classification and fusion pipeline is illustrated
in Fig. 5.

RESULTS

Unimodal Performance and Cross-Subject Robust-
ness:
The first stage of our evaluation established the baseline
performance of EEG and fNIRS in a subject-independent
scenario. To ensure the results represent the system’s
ability to generalize to new users, we prioritized Leave-
One-Subject-Out (LOSO) cross-validation over simple
hold-out splits.

EEG-based Classification:
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Figure 5: Classification framework

The RF classifier achieved a peak accuracy of 87.2% on
the hold-out set. However, performance significantly de-
creased under LOSO validation to a mean accuracy of
65.95% (± 20.6%) and an AUC of 0.709. This drop,
combined with the high standard deviation, reflects the
high inter-subject variability of electrophysiological sig-
nals. While EEG captures fast cognitive changes, its pat-
terns vary significantly between individuals.

fNIRS-based Classification:
Hemodynamic features, evaluated via SVM-RBF,
showed a lower peak accuracy on the hold-out set
(82.9%) but demonstrated better stability across subjects.
The LOSO mean accuracy remained at 76.92% (±
12.8%) with an AUC of 0.805. These results suggest
that prefrontal hemodynamic responses—specifically
oxygenation trends—are more consistent markers of
cognitive workload across different participants than
EEG spectral densities.

Table 2: Performance Benchmark: Unimodal vs. Multimodal
Fusion Strategies. Results reported as Mean (%) ± SD for Acc.
and Mean ± SD for AUC.
Strategy Hold-out Acc LOSO Acc LOSO AUC

(%) ± SD (%) ± SD ± SD

Unimodal
EEG 87.2 ± 5.4 66.0 ± 20.6 0.71 ± 0.25

fNIRS 82.9 ± 4.2 76.9 ± 12.8 0.81 ± 0.18

Multimodal
Feature Fusion 90.1 ± 3.1 80.1 ± 11.7 0.86 ± 0.16

Decision Fusion 89.7 ± 2.8 85.3 ± 19.1 0.98 ± 0.05

Multimodal Feature-Level Fusion (Early Fusion):
This strategy integrates EEG and fNIRS information at

Figure 6: Comparison of unimodal classification accuracy and
variability under LOSO cross-validation.

the input stage by concatenating their feature vectors into
a single, high-dimensional joint representation. This ap-
proach allows the models to learn cross-modal dependen-
cies directly from the synchronized neurophysiological
data.
As shown in Table 3, the XGBoost classifier achieved a
peak accuracy of 90.1% on the hold-out set. However,
the subject-independent LOSO validation, which repre-
sents a more realistic scenario for new users, obtained an
accuracy of 80.1%.

Table 3: Feature-Level Fusion Performance (Early Fusion).
Metrics reported as Mean (%) ± SD for Acc. and Mean ± SD

for AUC.
Model Hold-out Acc LOSO Acc LOSO AUC

(%) ± SD (%) ± SD ± SD

XGBoost 90.1 ± 3.1 80.1 ± 11.7 0.86 ± 0.16

Random Forest 84.4 ± 4.5 75.3 ± 14.1 0.81 ± 0.19

SVM-RBF 85.8 ± 3.8 74.2 ± 15.5 0.80 ± 0.21

The feature importance analysis (Fig. 7) confirms that
both EEG and fNIRS contribute significantly to the clas-
sification. Frontal Alpha power and prefrontal HbO
emerged as the most relevant features. This is consistent
with the role of the prefrontal cortex in working memory
tasks.
Fig. 7 illustrates the relative contribution (Gain) of the
top features in the hybrid model. The decision-making
process is clearly driven by a balanced integration of both
modalities: while Frontal Alpha power (EEG) serves as
a primary neural trigger, prefrontal HbO metrics (fNIRS)
provide metabolic stability to the classification. This con-
firms the biological relevance of our features, as the most
discriminative variables are located over the prefrontal
cortex, the main hub for working memory processing.

Decision-Level Fusion (Late Fusion):
In this strategy, we combined the posterior probabilities
from the best unimodal classifiers (EEG-RF and fNIRS-
SVM). As shown in Table 4, the SVM with a Polyno-
mial kernel (degree 3) emerged as the most robust meta-
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Figure 7: Feature importance ranking (XGBoost Gain) for the
early fusion model.

classifier. Under LOSO validation, it achieved a mean
accuracy of 85.3% (± 19.1%) and an AUC of 0.977 (±
0.05). This high AUC value demonstrates a strong abil-
ity to separate workload states across the entire cohort as
illustrated by the ROC curve in Fig. 8.

Table 4: Decision-Level Fusion Performance. Comparison of
different meta-classifiers. Metrics reported as Mean (%) ± SD

for Acc. and Mean ± SD for AUC.
Meta-Classifier Hold-out Acc LOSO Acc LOSO AUC

(%) ± SD (%) ± SD ± SD

SVM-Poly (d=3) 89.7 ± 2.8 85.3 ± 19.1 0.98 ± 0.05

XGBoost 88.5 ± 3.5 81.2 ± 14.5 0.91 ± 0.12

Random Forest 86.4 ± 4.1 79.8 ± 16.2 0.88 ± 0.15

A key finding is the balanced contribution of both modal-
ities. As detailed in Table 5 and Fig. 9, the SVM-Poly
meta-classifier assigns nearly equal weights to each sig-
nal (48.1% for EEG and 51.9% for fNIRS). This improve-
ment happens because the model combines the strengths
of both signals: the fast response of the EEG and the sta-
bility of the fNIRS. By integrating both electrical and
hemodynamic data, the model can compensate for the
weaknesses of each modality, leading to a more reliable
prediction than unimodal methods.

Table 5: Relative contribution of EEG and fNIRS probabil-
ities to the final decision-level fusion across different meta-
classifiers.

Meta-Classifier EEG Influence fNIRS Influence
(%) (%)

SVM-Poly (d=3) 48.1 51.9
XGBoost 51.8 48.2
Random Forest 55.2 44.8
LDA 45.5 54.5

DISCUSSION

The unimodal results highlight a clear difference between
the two modalities. EEG shows a high potential to detect
changes but fails to generalize well to new users (approx-
imately 66% accuracy). This is likely due to the natu-
ral differences in brain shape and electrical patterns be-
tween individuals. In contrast, fNIRS acts as a more sta-

Figure 8: ROC curve analysis for the top-performing Decision-
Level Fusion model.

Figure 9: Relative influence of EEG and fNIRS probabilities
across different meta-classifiers.

ble marker of workload across the group (77% accuracy),
even though it is a slower signal.
The results of the Early Fusion strategy (90.1% peak ac-
curacy) confirm that EEG and fNIRS work better together
by capturing complementary aspects of working mem-
ory. The XGBoost model effectively identifies moments
where both signals align, such as when a drop in Alpha
waves (EEG) occurs at the same time as an increase in
oxygenation (fNIRS). However, the 10% drop in LOSO
accuracy shows that combining too many variables can
make the model too specific to the training group.
Regarding Late Fusion, the high AUC (0.977) should be
viewed carefully. This result is partly due to our test
comparing two very different states (very low effort vs.
high effort). While this shows the system is very effec-
tive at detecting clear workload changes, its main strength
is how the stability of fNIRS helps correct the variability
of the EEG. This makes the hybrid approach more reli-
able for potential pBCI applications. Although the use of
ICA and MARA is mainly an offline approach, it allows
us to establish a clear performance benchmark for fusion.
For future real-time applications, these steps could be re-
placed by faster online artifact rejection methods without
changing the core fusion logic.
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This dual-source confirmation is essential for transition-
ing passive BCI (pBCI) systems from controlled labora-
tory settings to real-world, safety-critical applications.

CONCLUSIONS

In conclusion, our results show that hybrid EEG-fNIRS
fusion helps to mitigate the high inter-subject variability
of EEG by using fNIRS as a stable reference. Our find-
ings establish that:

1. Multimodal Reliability: Hybrid architectures con-
sistently outperform unimodal baselines by using
fNIRS as a stabilizing anchor for variable EEG sig-
nals.

2. Generalizability: Achieving 85% accuracy in
subject-independent (LOSO) scenarios confirms
that the system captures reliable biomarkers of cog-
nitive load that work across different users.

3. Future Work: While the system is highly effective at
detecting clear workload transitions, future research
should evaluate its performance in more granular
states to further define its operational limits.
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