Journal of The Institute of Electronics and Information Engineers Vol.63, NO.1, January 2026 https://doi.org/10.5573/ieie.2026.63.1.65
ISSN 2287-5026(Print) / ISSN 2288-159X(Online)

== 2026-63-1-9

H
o
__>1‘1_'44
>
ol
M
gy
~
>
FO
—
e

EEG-INIRS &% 7|5t
VY ¢85
( Current Trends in EEG-INIRS Fusion-based Brain Biosignal Analysis
and Clinical Applications )
A A A s g

(Ji-Wook Jeong® and Ho-Youl Jung)

fO

HAE ToIME 58] AFEBY A3, Y Ee T HET, A HEY SolMe R X9 welE A%
el sfetehs Aol YA o F-E AT EEG, INIRS F A59] 32 v RaE|2s 9] ofg 21734284

A
718 75 AT 5ol &8 TFs S AAME & k. 2 Rl
1 O Z3)

o |o 2 ox b
g el fot

O
24 583 59 7lsHd wel, EEGHNIRS 7]i v

Abstract

In neurological disorders — particularly neurodegenerative diseases, ischemic or hemorrhagic stroke, and traumatic
brain injury (TBI) — the rapid and accurate identification of the lesion’s location and extent is a critical determinant of
clinical prognosis. The fusion of EEG and fNIRS signals provides neurophysiological interaction information that is
difficult to obtain from a single modality, thereby suggesting potential applications in diagnosis, neurorehabilitation
monitoring, and Al-based brain function research. This review comprehensively examines recent research trends in EEG
—fNIRS fusion techniques, which are non-invasive and allow repetitive measurements among brain bio—signal-based
approaches. With future advances in precise signal fusion, wearable sensor technologies, and real-time analysis
efficiency, EEG-{NIRS-based multimodal analysis techniques are expected to play an essential role in the early diagnosis,
personalized treatment, and neurofunctional studies of various brain disorders.

Keywords : EEG{NIRS fusion, Neurovascular coupling, Multimodal brain analysis, Brain disorder diagnosis
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Table 1. Comparison of Signal Processing and Fusion Methods for EEG-Informed fNIRS Analysis.

Experimental /

Reference Signal Processing Method Signal Fusion Approach . )
Functional Domain

Peng et al. (2014)1] Event-related analysis Simultaneous EEG-NIRS Focal epilepsy detection

Posterior epilepsy
localization

Time-locked hemodynamic

Pouliot et al. (2014)1 .
mapping

EEG-guided fNIRS activation

GLM with patient-specific

(171
Peng et al. (2016) HREF

EEG-informed HRF modeling | Epileptic spike analysis

Motor imagery BCI

Gao et al. (2023)1"% CSP-based GLM modeling EEG-informed GLM fusion e L.
classification

9 .| Model-based multimodal N 1 li
Talukdar et al. (2015)™| Clustered parameter modeling odelmbased muiimoda eurovascuiar couping
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Blanco et al. (2024)2! Structure—function network | Cross—modal connectivity Brain network
' analysis mapping structure—function relation
. 99 e C -modal signal Resting-state h d i
Sirpal et al. (2022)1%% Deep autoencoder prediction rossTmo ? sigha es mg state hemodynaric
reconstruction prediction
. . Multi-d in feat . . .
Li et al. (2023)1% w .omam eature Early-stage data fusion Motor imagery decoding
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Hou et al. (2024)4 Source-space brain network |Hybrid EEG-NIRS graph fusion frotion Tecoghition 1m
source space
or . EEG-dri h i Rapid h i
Khan et al. (2018)%! Early response detection G-driven hemodynamic ap1d .emodynamlc onset
onset estimation
. . imul EEG-NIR M 1 with del
Zama et al. (2019)!%0! Motion-related ERP analysis S1mu. tgr}eous G S otor control with delayed
acquisition feedback
Su et al. (2023)27 Motor-state decoding Synchrqnous multimodal Executionf.observation*imag
Integration ery analysis
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Table 2. Comparison of Signal Processing and Fusion Methods for fNIRS-Informed EEG Signal Processing and Spatial

Modeling.

Reference Signal Processing Method

Signal Fusion Approach

Experimental /
Functional Domain

Electrophysiological source

He et al. (2018)1 L
imaging

Noninvasive multimodal fusion

Brain dynamics mapping

Morioka et al. (2014)®! |Cortical current decoding

EEG with {NIRS prior

Spatial attention mapping

Aihara et al. (2012)°" | Cortical current estimation

EEG-INIRS hierarchical prior

Source localization

Lin et al. (2023)B1 NVC parameter modeling

EEG-NIRS neurovascular
analysis

Cognitive-motor interference

Channel selection, temporal

Li et al. (2017)"%
features

Hybrid EEGNIRS

BCI performance enhancement

Time-domain preprocessing

(331
Jeong et al. (2019) and filtering

Spatial-channel fNIRS
integration

Frontal motor task decoding

Multi-domain feature

Qiu et al. (2022)" .
extraction

Multi-level progressive fusion

BCI classification
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Table 3. Comparison of Signal Processing and Fusion Methods for fNIRS-Informed EEG Applications for Brain Function and

Disease Evaluation.

Reference Signal Processing Method

Signal Fusion Approach

Experimental /
Functional Domain

Li et al. (2024)P9 Wearable signal acquisition

Hybrid EEG-NIRS patch

Mobile brain monitoring

Li et al. (201987 Dynamic connectivity analysis

EEG-NIRS integration

Alzheimer’s cortical
alterations

Concurrent multimodal

. [38]
Li et al. (2020) decoding

EEGNIRS fusion

Poststroke recovery
assessment

SVM feature-based

Yi et al. (2023)1% o
classification

EEGNIRS hybrid fusion

Depression diagnosis
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Table 4. Comparison of Signal Processing and Fusion Methods for EEG - fNIRS Fusion—Based Characterization of Brain
Function and lts Applications to Brain - Computer Interfaces.

Reference Signal Processing Method

Signal Fusion Approach

Experimental / Functional
Domain

Chen et al. (2015)™ Concurrent response analysis

EEG-INIRS correlation

Auditory/visual stimulus
mapping

Putze et al. (2014)1 Hybrid classification

fNIRS-EEG integration

Auditory/visual perception
decoding

Physiological noise

Kim et al. (2023)*! ;
suppression

Synchronous EEG-{NIRS
integration

Sleep-stage monitoring
system

Liu et al. (202112 Systematic review synthesis

EEG/INIRS hybrid methods

BCI performance overview

Yin et al. (2015)1 Motor imagery decoding

EEG—NIRS hybrid

Hand force/speed control

Aghajani et al. (2017)M1 | Workload estimation

EEG+{NIRS fusion

Mental workload assessment

Al-Shargie et al. (2017)"* | Decision-level feature fusion

EEGNIRS integration

Stress level assessment

Sun et al. (2020)M6! Multimodal affective decoding

EEG+{NIRS + facial features

Emotion recognition

Chen et al. (2024)17] Strategic integration review

Multimodal imaging
framework

Neuroimaging application
review

Cicalese et al. (202001 | Four-class classification

EEG—NIRS hybrid

Alzheimer’s disease detection
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Table 5. Comparison of Signal Processing and Fusion Methods for Correlation Structure Modeling and Signal Processing
Analysis of EEG - fNIRS Multimodal Data.

Reference

Signal Processing Method

Signal Fusion Approach

Experimental /
Functional Domain

Gentile et al. (2020)Y

Motor-pain interaction
mapping

Concurrent EEG-fNIRS

Fibromyalgia motor—pain
coupling

Chen et al. (2020)1%

Global signal amplitude
analysis

Simultaneous EEG-{NIRS

Vigilance / resting-state study

Lin et al. (2020)"

Fatigue state detection

EEG-NIRS synchronization | Driving fatigue monitoring

Kaga et al. (2020)°7

Executive dysfunction
analysis

Multimodal EEG+ {fNIRS

ADHD cognitive assessment

Govindan et al. (2016)%®

Quantitative bedside
monitoring

EEG-NIRS neurovascular
model

Neonatal neurovascular
coupling

Chalak et al. (2017)""

Wavelet real-time analysis

EEG-NIRS integration

Neonatal encephalopathy

Chiarelli et al. (2021)!%

Multivariate resting—state
analysis

EEG—NIRS multimodal

Alzheimer’s neurovascular
uncoupling

Perpetuini et al. (2020)!

Nonlinear complexity metrics | EEG-INIRS fusion

Cognitive function decline

Zhang et al. (2019)!6%

Dynamic functional
connectivity

Resting-state EEG-fNIRS

Brain network assessment

Keles et al. (2016)!

Resting—state correlation
mapping

Whole-head EEG-{NIRS

Spontaneous neural activity

Nair et al. (2021)!64!

Anesthesia state monitoring

EEG-NIRS real-time

Neurophysiological monitoring

Pinti et al. (2021)%!

Broadband spectral analysis

EEG-informed NIRS fusion

Neurovascular /
neurometabolic coupling

(73
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