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ABSTRACT

Introduction: The use of brain—computer interfaces (BCls) to decode imagined speech has
significant clinical and assistive potential.

Methods: Twenty-four studies investigated covert speech decoding between 2009 and 2025
using electroencephalography (EEG), functional near-infrared spectroscopy (fNIRS), or
hybrid EEG—{NIRS systems.

Results: Early research (2009-2012) primarily focused on analyzing phonemes and syllables
with EEG, achieving accuracy rates around 75%. From 2013 to 2017, convolutional neural
network (CNN)-based phoneme decoding produced highly variable results (40-83%), with
more complex multiclass tasks occasionally performing poorly (as low as 26.7%). Since
2018, binary paradigms such as yes/no responses have reached 64-100% accuracy. CNN
variants (about 83.4%), AlexNet (90.3%), and LSTM-RNNSs (92.5%) demonstrated notable
improvements, whereas architectures, like EEGNet and SPDNet often underperformed
(24.79-66.93%). In hybrid EEG—NIRS studies, reported accuracy ranged from approximately
53% with CNN-based decoding to 70.45+19.19% with an RLDA-based decision-level fusion
approach, although direct comparisons are limited by differences in tasks, fusion strategies,
and validation settings.

Conclusion: Although deep learning and multimodal systems have potential for enhancing
imagined speech decoding, there are still major challenges related to generalization, variability,
and robustness.
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Highlights
e EEG was the dominant modality for imagined-speech decoding.
e Binary EEG paradigms achieved accuracies approaching 99%.
e Multiclass accuracy declined as vocabulary size and task complexity increased.
® Deep-learning models achieved 90.3% with AlexNet and 92.5% with LSTM-RNNSs.

e Hybrid EEG—NIRS performance varied across tasks, fusion strategies, and validation settings.
Plain Language Summary

People who cannot speak because of severe neurological or motor conditions may still be able to imagine words and
sentences. Brain—computer interfaces aim to detect this silent speech and convert it into commands or messages. This
review examined studies published between 2009 and 2025 that used two non-invasive methods to record brain activ-
ity. Electroencephalography, or EEG, measures rapid electrical activity through sensors placed on the scalp. Functional
near-infrared spectroscopy, or fNIRS, measures slower changes in blood oxygenation in the outer regions of the brain.
A small number of studies combined both methods. EEG was the most frequently used approach. Studies asking par-
ticipants to choose between two options, such as “yes” and “no,” generally reported better results than studies involv-
ing multiple words or phrases. Performance became less reliable as vocabulary size and task complexity increased.
Newer machine-learning methods, including deep neural networks, achieved high accuracy in some experiments, but
results varied considerably across datasets and participants. Systems often performed well when trained and tested
on the same individuals, but their performance generally declined when applied to new individuals. Combining EEG
and fNIRS may provide complementary information. However, only a small number of imagined-speech studies have
evaluated this approach, and their findings remain inconsistent. These results suggest that imagined-speech technology
is promising but is not yet ready for routine clinical use. Larger shared datasets, standardized evaluation methods, and
systems that can adapt to individual users are needed. Progress in these areas could eventually support more natural
communication for people who have lost the ability to speak or move.

Introduction vestigation (Diego Lopez-Bernal et al., 2022; Proix et
al., 2022). Two non-invasive techniques are commonly
employed by researchers to solve this challenge, elec-
troencephalography (EEG) and functional near-infrared
spectroscopy (fNIRS) (Ferrari & Quaresima, 2012). In-
tegrating EEG and fNIRS into a multimodal framework
offers an excellent opportunity. Scientists can leverage
each technique’s strengths: EEG captures rapid brain ac-
tivity, while fNIRS precisely targets specific regions (Li
et al., 2022). An investigation utilized a configuration to

he brain-computer interface (BCI) enables
direct interaction between the human ce-
rebral cortex and external devices (Mak
& Wolpaw, 2009; McFarland & Wolpaw,
2011). Individuals control devices via cog-
nitive intent, translating brain impulses, or
blood flow into signals through BCIs. This
is crucial in neurorehabilitation, assistive

tech for motor disabilities, and restoring communication
in severe impairments. A key research area is decoding
imagined speech (Panachakel & Ramakrishnan, 2021;
Pichiorri & Mattia, 2020). The methodology involves
individuals silently thinking words or phrases while the
system tries to identify their mental speech. Those unable
to speak or move can use imagined speech as a natural,
voluntary communication method. Reading these covert
cognitive processes is challenging due to their weak
neural activity often masked by noise, complicating in-

classify imagery related to hand movements, involving
three EEG electrodes (C3, C4, and Cz) and ten fNIRS
channels (Ge et al., 2017; Rupawala et al., 2018; Wang
et al., 2022). The system achieved 81.2% accuracy, out-
performing EEG at 74.7% and fNIRS at 56.8% (Ge et
al., 2017). The success of combining different BCI ap-
proaches shows that these technologies can improve
the field and inspire hope. However, merging these data
types is very challenging (Ahn & Jun, 2017; Deligani
et al., 2021). The differing temporal scales of EEG and
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fNIRS—instantaneous signals versus delayed blood
flow changes—require researchers to use advanced
methods such as phase-space reconstruction, common
spatial patterns (CSP), and hemodynamic features (e.g.
the Hurst exponent) to synchronize and combine the data
(Ge et al., 2017). Multimodal brain-computer interfaces
can restore communication and autonomy for critical
individuals by combining the advantages of EEG and
fNIRS (Chen et al. 2023; Guo et al., 2024).

In recent years, there has been growing scholarly inter-
est in decoding internally generated speech with EEG
signals, which goes beyond basic binary classification
tasks, like yes/no responses, where neural networks ap-
plied to 60-channel EEG data achieved accuracy rang-
ing from 70% to nearly 100% (Abdulghani et al., 2023;
Bakhshali et al., 2022; Choi & Kim, 2019b). Research-
ers quickly adopted CSP analysis and support vector
machines (SVMs) as methods that provide comparable
performance (Alzahrani et al., 2024). This review pa-
per explained why specific machine learning and signal
processing methods are suitable for speech decoding
by concluding valid studies. While previous reviews
mainly focus on EEG for decoding imagined speech,
this study emphasized evidence from fNIRS and hybrid
EEG-NIRS systems alongside EEG. Although reports
on fNIRS-only (Sereshkeh et al., 2018) and hybrid (Arif
etal., 2024; Cooney et al., 2021; Ge et al., 2017; Kwon et
al., 2020; Rezazadeh Sereshkeh et al., 2019) approaches
are limited, these findings offer valuable insights. This
review investigated whether combining or replacing
these modalities can enhance decoding imagined speech
by leveraging fNIRS’ ability to detect hemodynamic
changes and complement EEG’s limitations.

The distribution of the included studies by data modali-
ty is shown in Figure 1. This re-view investigated wheth-
er combining or re-placing these modalities could en-
hance imag-ined-speech decoding by leveraging fNIRS’
ability to detect hemodynamic changes and compensate
for EEG’s limitations.

Materials and Methods

We conducted a narrative review of empirical stud-
ies on decoding imagined speech with EEG, fNIRS, or
hybrid EEG—NIRS systems from 2009 to 2025, across
PubMed, IEEE Xplore, Scopus, and Google Scholar.
Keywords included combinations, like ‘EEG’ and
‘imagined speech’, among others. The search yielded
approximately 15,900 records. After eliminating dupli-
cates, we examined titles and abstracts. The studies had
to meet three criteria to be included: (1) the articles had

March & April 2026, Vol 17, No. 2

to be original research or reviews published in English,
(2) they had to investigate imagined speech decoding us-
ing EEG, fNIRS, or both, and (3) the methods used had
to be clearly explained. Studies were excluded if they
were not in English, did not involve imagined speech, or
lacked clear methodological details. After reviewing the
full texts, we identified 24 studies that met the criteria.

For comparison, the research studies were divided into
three distinct categories:

1. Laboratory-based investigations, focusing on data
acquisition and designing experimental tasks.

2. Algorithmic investigations, emphasizing the impor-
tance of feature extraction and the effectiveness of clas-
sification methods.

3. Utilization of integrated EEG-fNIRS methodologies
for investigating the synthesis of multimodal signal con-
vergence.

Preprocessing methods were consistently used across
studies, mainly focusing on bandpass filtering to retain
signals within EEG (0.5-40 Hz) or fNIRS frequency
ranges, artifact removal via ICA, and phase-space re-
construction in EEG to reveal nonlinear attributes. Fea-
ture extraction included PSD, DWT, CSP, Riemannian
features, and fNIRS indicators, like hemoglobin con-
centration changes. Connectivity metrics, like PDC and
PLYV studied motor, Broca’s, and prefrontal areas during
imagined speech tasks. Algorithms, such as SVM, CNN,
RNN, and hybrid models, like CSP-EEGNet were com-
pared for their effectiveness in handling high-dimension-
al, small-sample EEG and fNIRS data. SVM offered ro-
bust decision boundaries, while CNN and RNN excelled
in feature learning and temporal modeling. Performance
was evaluated based on classification accuracy and error
rates for comparison.

Results

This section outlines 24 studies decoding imagined
speech with EEG, fNIRS, or both, highlighting key pat-
terns, comparing findings, and exploring reasons for
variances.

Data distribution methodology

EEG-exclusive investigations (20 out of 24): EEG
has been established as the premier modality due to its
remarkable temporal resolution and non-invasive char-
acteristics. The reported classification accuracy in EEG-
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exclusive investigations exhibit considerable variability,
ranging from approximately 34.2% to 99%, depending
on the task complexity, the number of electrodes used,
and the preprocessing methodologies employed (Alzah-
rani et al., 2024; Diego Lopez-Bernal et al., 2022).

fNIRS-exclusive investigations (1 out of 24): Despite
delays in the hemodynamic response, fNIRS is effective
in binary mental communication tasks, with past accu-
racy rate around 71-75% (Abdalmalak et al., 2020). This
study introduced a three-class imagined speech BCI, al-
lowing participants to communicate by thinking “yes”,
“no”, or resting. The average online accuracy over three
blocks was 64.1+20.6% , and nine of twelve participants
performed above chance. Results varied due to signal-to-
noise ratio, mental task performance, and channel setup,
especially over the left temporal and temporoparietal ar-
eas, which provided the most discriminative information
(Sereshkeh et al., 2018).

Hybrid EEG—NIRS investigations (3 out of 24):
Through the integration of EEG characteristics (e.g. CSP,
root mean square [RMS]) with fNIRS indicators (e.g.
average concentrations of oxyhemoglobin, Hurst expo-
nent), hybrid systems have demonstrated the remaining
hybrid studies reported variable performance depending
on the experimental task, fusion strategy, and validation
protocol. Nevertheless, challenges related to synchro-
nization (the alignment of rapid EEG intervals with the
more gradual fNIRS segments) and the increased com-
plexity of the equipment occasionally introduce extra-
neous noise, which partially mitigates these advantages
(Al et al., 2023; Arif et al., 2024; Bourguignon et al.,
2022; Cooney et al., 2021; Ge et al., 2017; Kwon et al.,
2020; Rezazadeh Sereshkeh et al., 2019).

Comparative analysis and classification of speech
stimuli

Various scholarly studies have used a variety of imag-
ined speech tasks that vary in complexity and number of
categories.

Binary tasks (yes/no)

EEG-only: Accuracy reached approximately 99%,
particularly with methods, such as common spatial pat-
tern and SVM. Simple two-category experiments remain
consistently robust and stable (Choi & Kim, 2019a).

fNIRS-only: In three-class classification, the average
accuracy over the last three online blocks was about
64.1£20.6%. By the final online block, 9 of the 12 partic-
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ipants performed above chance, with a mean three-class
accuracy of 83.8+9.4% among these nine participants
(Sereshkeh et al., 2018).

Phonemic stimuli (e.g. /a/ or /u/) in closed-set en-
vironments

EEG-based: Accuracy metrics using methods, like
the Hilbert transform with CSP, and predictive models,
like matched filters or CNN, range from 57% to 85%.
One study achieved 75% accuracy with a real-time
matched filter and PSD features. CNN architectures, like
CNNeegl-1 reached up to 85% accuracy on balanced
datasets (Bakhshali et al., 2022; Biswas & Sinha, 2022;
Guenther & Brumberg, 2011; Sarmiento et al., 2021;
Wang et al., 2017).

Word-based tasks (e.g. “up,” “down,” “left,”
llright’I/ llhelplll llstopll)

EEG-only: Accuracy metrics for tasks involving six
imaginary Persian words range from 85% to 97%, espe-
cially when using FFTs with SVM or CNN/LSTM. An
AlexNet study on ten imaginary words achieved about
90.03% (Asghari Bejestani et al., 2022; Chengaiyan &
Anandhan, 2015; Chengaiyan et al., 2020; Chinta &
Moorthi, 2022; Cooney et al., 2021; Garcia-Salinas et
al., 2019; Lee et al., 2022).

Multi-class phrases (up to 13 categories, some-
times multilingual)

EEG-only: For multilingual setups with 6-12 lexemes
in languages, such as English, Arabic, Persian, and Span-
ish, the accuracy of CNN, rLDA, and RF models var-
ies from 23.7% (12-class) / 34.2% (13-class) to 62.37%,
depending on the features and validation methods used
(Abdulghani et al., 2023; Asghari Bejestani et al., 2022;
Chengaiyan & Anandhan, 2015; Chinta & Moorthi,
2022; Cooney et al., 2019; D’Zmura et al., 2009; Ein-
izade et al., 2022; Lee et al., 2019; Lee et al., 2021; Rou-
sis et al., 2024; Saha et al., 2019a; Saha et al., 2019b;
Torres-Garcia et al., 2016).

Hybrid EEGHNIRS: EEG and fNIRS data are com-
bined using features, like discrete wavelet transform co-
efficients from Symlet-10 across six levels, the EEG sig-
nal’s RMS value, and the average [HbO] concentration
from fNIRS. One study reported a classification accu-
racy of 70.45+19.19% for imagined speech (Rezazadeh
Sereshkeh et al., 2019). These findings demonstrate that
the hybrid approach surpasses single-modality methods,
with EEG alone achieving accuracy between 34.2% and
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Figure 1. The distribution of data modalities utilized in the
reviewed studies

70.33%, and fNIRS alone generally showing weaker re-
sults compared to the combined technique (Cooney et
al., 2021; Khan et al., 2021; Kwon et al., 2020; Lee et
al., 2019; Rezazadeh Sereshkeh et al., 2019; Shin et al.,
2018; Torres-Garcia et al., 2016).

Feature extraction techniques

To extract meaningful features from neural signals, the
studies discussed in this review employed a variety of
signal processing techniques. The methodology used
was primarily determined by the type of data available,
whether EEG, fNIRS, or a hybrid system. The following
are the main techniques discussed:

EEG-based features

Root mean square (RMS): The temporal-domain pa-
rameter measures EEG signal amplitude via RMS, re-
flecting signal energy sensitive to cerebral activity, espe-
cially during motor imagery or movement (Guenther &
Brumberg, 2011; Ismail & Karwowski, 2020; Tavakolan
et al., 2016).

Power spectral density (PSD): PSD assesses power
across frequency bands—delta, theta, alpha, beta, gam-
ma—Ilinked to specific cognitive functions (D’Zmura et
al., 2009).

Discrete wavelet transform (DWT): DWT enables
multi-resolution EEG decomposition, making it ideal for
identifying time-frequency features crucial for interpret-

March & April 2026, Vol 17, No. 2

ing imagined speech (Diego Lopez-Bernal et al., 2022;
Torres-Garcia et al., 2016).

Common spatial patterns (CSP): CSP is used in bina-
ry classification to improve class discrimination by fine-
tuning spatial filters across EEG channels (Choi & Kim,
2019a; Einizade, Mozafari, Jalilpour, Bagheri, & Hajipour
Sardouie, 2022; Einizade, Mozafari, Jalilpour, Bagheri, &
Sardouie, 2022; Lee et al., 2019; Shin et al., 2018).

Phase-based connectivity measures: Techniques such
as PLV and coherence are used to examine synchroniza-
tion among cerebral regions, providing insight into the
neural dynamics involved in the generation of internal
speech (Lee et al., 2021; Mohammadi et al., 2023).

fNIRS-based features
Key features derived from fNIRS data

Mean changes in the concentrations of oxygenated he-
moglobin (HbO) and deoxygenated hemoglobin (HbR)
(Sereshkeh et al., 2018).

Variations in the slope of hemodynamic response
curves (Albinet et al., 2014).

Hurst exponent values, used to capture the complexity
and long-term memory characteristics of fNIRS signals
(Khan et al., 2021).

Multimodal features (EEG-fNIRS hybrid systems)

EEG and fNIRS signals were used in studies where
features were either combined or integrated before clas-
sification. This method leverages EEG’s high temporal
resolution along with the spatial and hemodynamic in-
formation from fNIRS to create more complete and in-
sightful data representations. As a result, this approach
helps the audience understand the potential of multimod-
al features for improving knowledge of brain function
(Fazli et al., 2012).

Classification algorithms

Various classification algorithms were utilized in this
research, each chosen based on the specific nature of the
data, task difficulty, and dataset size.

SVM

The reviewed studies show that commonly used clas-
sification algorithms have yielded promising results,
especially in complex tasks and large datasets. In EEG-
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Figure 2. Classification accuracy by modality and classifier

specific setups, SVM is the most used classifier. For
example, EEG features, like band power and CSP ex-
tracted from specific filters achieved subject-specific ac-
curacies of 70% to 99.9% when distinguishing “Yes/No”
responses in occupational questions. In a mixed-time
scenario, SVM achieved up to 97% accuracy in binary
classification for six imagined Persian words (Asghari
Bejestani et al., 2022). Other research has also reported
accuracies between 80.2% and approximately 86% for
tasks using simple yes/no words (Batres-Mendoza et al.,
2017; Choi & Kim, 2019a; Li & Liu, 2013). This high-
lights SVM’s ability to handle high-dimensional multi-
modal data (Khan et al., 2021).

Linear discriminant analysis (LDA) and regular-
ized LDA (rLDA)

In an fNIRS task, rLDA achieved a mean three-class ac-
curacy of 64.1420.6% for the classification of imagined
“yes,” imagined “no,” and rest; however, the consider-
able variance indicated a susceptibility to minor datasets
and noise (Sereshkeh et al., 2018). An rLDA classifier
combined with FBCSP achieved an accuracy of 57.80%
in imagined spoken word-pair classification (Cooney et
al., 2019). Although LDA is simple and interpretable,
its effectiveness decreases if Gaussian assumptions are
violated (Bourguignon et al., 2022b; Bourguignon et al.,
2022a; Kwon et al., 2020; Sereshkeh et al., 2018).

Random forest (RF)

The RF algorithm’s accuracy in multiclass EEG word
classification ranged from 68.18 to 70.33% for five
Spanish words (“arriba, abajo, izquierda, derecha, selec-

EEG + FNIRS

cionar’) along with their English equivalents, depend-
ing on features and subjects (Torres-Garcia et al., 2016).
A separate study with twelve words or phrases, plus a
rest class (creating a 13-class setup), showed accuracy
dropping to 26.7% for visual imagery and 34.2% for
imagined speech (Lee et al., 2019; Park et al., 2024;
Torres-Garcia et al., 2016). RF achieved moderate ac-
curacy with features, like wavelet transforms or statisti-
cal analyses but generally performed worse than deep
learning (Roy et al., 2019).

Naive bayes (NB)

Some EEG studies show that this method is used main-
ly with low-dimensional or discrete attributes. A NB
classifier using a Bag-of-Features approach achieved
an average accuracy of 65.65+13.39% when classify-
ing five Spanish words (‘arriba,” ‘abajo,” ‘izquierda,’
‘derecha,”seleccionar’). In transfer experiments without
calibration, the accuracy decreased to 58.74+13.39%
for the word Up and 61.38+12.47% for the word Down.
Compared to SVM or deep learning, NB tends to per-
form worse when features are correlated, despite its
speed and simplicity (Garcia-Salinas et al., 2019).

LDA variants

Regularized adaptations, like ridge-regularized LDA or
shrinkage-based LDA have been used alongside conven-
tional LDA. These techniques improved weight stability,
especially with limited data or contaminated EEG chan-
nels (Lotte et al., 2018; Xin et al., 2017).
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Recurrent neural networks (RNNs)

EEG classification (Up, Down, Left, Right) was in-
vestigated using LSTM-RNNSs, achieving an accuracy
of 92.5%. These models are adept at capturing intricate,
temporally varying characteristics, especially in tasks in-
volving motor imagery (Lee & Lee, 2022).

Graph neural networks (GNNs)

The GraphIS method, combining classical signal pro-
cessing, graph processing, and graph learning features
with a two-stage SVM (RBF kernel), achieved 50.1%
accuracy in decoding ‘rock, paper, scissors, rest’ imag-
ined speech EEG, surpassing chance (25%) and the CSP
baseline (47.1%), highlighting the benefit of feature fu-
sion (Einizade et al., 2022).

EEGNet-SPDNet

The researchers evaluated the EEGNet—SPDNet archi-
tecture by combining EEGNet’s temporal features with
SPDNet’s covariance representations for two imagin-
able-speech EEG tasks. BCI 2020 reported an accuracy
of 66.93%, and Kara One reported 24.79%. The results
suggest that Riemannian geometry features may outper-
form Euclidean methods in EEG classification (Rousis
et al., 2024).

Hybrid and ensemble approaches

Many studies examine classifier combinations or lay-
ered frameworks, like using CSP or wavelet features
with SVM or RF, or LDA followed by ensemble voting
with CNNs or SVMs over deep features. These meth-
ods improve robustness but add complexity (Choi &
Kim, 2019b; Cooney et al., 2019; Lee et al., 2019). The
evaluation of all classification models employed subject-
dependent or subject-independent protocols, using meth-
ods like k-fold cross-validation and leave-one-subject-
out (LOSO) to assess generalizability (Dos Santos et al.,
2023). Additional details, including stimulus types, class
labels, and accuracy ranges, are presented in Table 1.

Classification performance: The accuracy of classifi-
cation, as documented in various studies, was influenced
by variables, such as the complexity of the imagined
speech tasks, the number of stimulus categories, and the
data modalities used. The following is a synthesis of per-
formance trends categorized accordingly:

Binary EEG tasks: The tasks above typically yielded
high accuracy rates, ranging from 75% to over 99%,
especially when employing feature extraction method-

Basic and Clinical

ologies, such as CSP in conjunction with SVM classi-
fiers. The effectiveness of this performance was further
enhanced by simplified task designs and a reduction in
the number of classes (Choi & Kim, 2019a).

Multi-class EEG tasks: Accuracy seemed to decrease
as the complexity of the tasks increased. Depending on
the number of imagined words or phrases and the spe-
cific combination of features and classifiers used, the
documented performance ranged from 34.2% to 85%
(Asghari Bejestani et al., 2022; Chengaiyan & Anand-
han, 2015; Chengaiyan et al., 2020; Chinta & Moorthi,
2022; Cooney et al., 2019; Garcia-Salinas et al., 2019;
Guenther & Brumberg, 2011; Lee et al., 2022; Lee et
al., 2019; Lee, 2021; Saha et al., 2019; Sarmiento et al.,
2021; Torres-Garcia et al., 2016).

fNIRS-only investigations: The accuracy of classifi-
cation was typically moderate in studies relying solely
on fNIRS data. For instance, one study achieved a mean
three-class accuracy of 64.1£20.6% using the mean
value of [HbO] as a feature and the rLDA algorithm
to distinguish imagined “yes,” imagined “no,” and rest
(Sereshkeh et al., 2018).

Hybrid EEG—{NIRS systems: Even with the same
experimental settings, multimodal methods consistently
surpass single-modality systems. One study showed that
integrating EEG and fNIRS features for imagined speech
achieved a peak classification accuracy of 53%, notably
higher than EEG alone (about 30-37%) or f{NIRS alone
(around 28-31%) (Cooney et al., 2021). While hybrid
methods can improve accuracy from 65-72% (single
modality) to about 87%, these numbers come from dif-
ferent tasks with varying class numbers and difficulty
levels. Therefore, they are not directly comparable
across studies and should be viewed as general indica-
tors of the potential of multimodal systems, rather than
definitive proof of superiority.

Hybrid systems may provide complementary informa-
tion from EEG and fNIRS, although their performance
advantage is not consistent across tasks, datasets, and
validation protocols (Figure 2).

EEG-fNIRS hybrid data

The remaining hybrid EEG—NIRS studies specifically
addressing imagined-speech-related tasks used different
feature- and decision-level fusion strategies. Their find-
ings suggest that EEG and fNIRS may provide comple-
mentary information; however, performance varied
across participants, experimental tasks, classifiers, and
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validation protocols. Therefore, the available findings
do not yet establish consistent superiority over single-
modality systems (Cooney et al., 2021; Ge et al., 2017;
Shin et al., 2018).

Experimental configurations

Although research focus and design varied, many stud-
ies shared similar experimental setups, including the
main aspects listed below:

Participant demographics

Most studies involved healthy, right-handed partici-
pants, often aged 20-30, with gender data provided for
demographics.

Signal acquisition

EEG systems vary from consumer headsets to re-
search-grade devices with 14-128 electrodes, offering
different spatial resolutions (Flanagan & Saikia, 2023;
Saha et al., 2015).

Most fNIRS setups used 10-16 optodes, with short-
separation channels to improve spatial specificity and
reduce interference (Flanagan & Saikia, 2023).

Session structure

Experimental sessions involved multiple blocks with
randomized imagined speech trials. To avoid fatigue, tri-
als lasted 2 to 10 seconds, followed by inter-trial intervals.

Data preprocessing

Most studies used standard preprocessing, like band-
pass filtering (e.g. 0.5-45 Hz for EEG), ICA for artifact re-
moval in EEG, and baseline correction for fNIRS signals.

Validation methods

Studies used cross-validation methods, like 10-fold,
leave-one-out, or trial-wise validation to assess model
generalizability, based on dataset size and design. This
trend toward standardizing protocols is key for compara-
bility and reproducibility in imagined speech decoding.

Discussion

The growing research on decoding imagined speech
with EEG and fNIRS, as well as their combined use,
indicates significant progress in BCI technology (Ab-
dulghani et al., 2023; Cooney et al., 2021). This review

March & April 2026, Vol 17, No. 2

summarized advances in methods to acquire cerebral
signals, extract patterns, and classify them to understand
silent speech intentions, all within carefully controlled
laboratory settings (Diego Lopez-Bernal et al., 2022;
Rahman et al., 2024).

Model performance and key insights

EEG remains the primary tool for decoding imagined
speech due to its high temporal resolution and ease of
use (Lopez-Bernal et al., 2022). EEG classification ac-
curacy varies from 60% to over 90%, influenced by task
complexity, features, and algorithms (Abdulghani et al.,
2023; Alzahrani et al., 2024; Diego Lopez-Bernal et al.,
2022). Although fNIRS has been used less frequently,
it shows good performance (65-85%) in simpler binary
tasks (Abdalmalak et al., 2020; Herff et al., 2012; Seresh-
keh et al., 2018). The integration of EEG and fNIRS into
a hybrid system often improves performance, some-
times by as much as 25% over using either method alone
(Cooney et al., 2021; Rezazadeh Sereshkeh et al., 2019).
Each modality offers advantages: EEG’s rapid response
and fNIRS’s spatial resolution work together to pro-
vide a better understanding of imagined speech activity
(Ghosh et al., 2024; Li et al., 2017).

Strengths and weaknesses of EEG and fNIRS

This review’s limitations include reliance on English
publications and specific search terms, which may po-
tentially omit relevant research. Larger and standardized
datasets are needed for better comparisons, as highlight-
ed by the few hybrid EEG—{NIRS studies. In order to
measure performance accurately, future reviews should
include systematic methods and meta-analyses. EEG has
excellent temporal resolution, recording changes in cere-
bral activity in milliseconds, making it ideal for capturing
rapid neural responses in inner speech (Parvizi & Kast-
ner, 2018). Model generalizability was assessed through
cross-validation methods, such as 10-fold, leave-one-
out, or trial-wise validation, depending on dataset size
and design. The trend toward standardizing protocols is
crucial for achieving comparability and reproducibility
in imagined speech decoding (Cutini & Brigadoi, 2014).
In contrast, fNIRS is slower and unable to measure blood
flow changes immediately, as these take time to become
evident due to real-time limitations (Arredondo, 2023;
Cutini & Brigadoi, 2014). Furthermore, blood flow in
the dermis can cause noise during measurement.

Although the reported advancements are significant,
many of the reviewed studies have notable limitations.
For instance, a study (Rezazadeh Sereshkeh et al., 2019)
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only achieved around 70% ternary accuracy in clas-
sifying imagined speech using a hybrid EEG—fNIRS
approach, and performance varied significantly from
person to person. Similarity, another study (Cooney et
al., 2021) reported accuracies of about 34% for imag-
ined speech using deep learning, showing that decod-
ing speech without invasive methods remains highly
uncertain. Recent CNN-based models, such as EF-Net,
achieved a subject-independent F1 score of 65.05%, em-
phasizing that many models only perform well in con-
trolled lab conditions (Arif et al., 2024). These differ-
ences highlight the gap between promising results and
practical clinical applications.

Classical vs deep learning methods

SVMs, LDA, and RF are still widely used in machine
learning algorithms (Asghari Bejestani et al., 2022; Ba-
tres-Mendoza et al., 2017; Choi & Kim, 2019a; Khan et
al., 2021; Li & Liu, 2013; Lee et al., 2019; Lotte et al.,
2018; Park et al., 2024; Roy et al., 2019; Torres-Garcia
etal., 2016; Xin et al., 2017). These methods are simple,
transparent, and effective for small datasets, especially
with features, like PSD, CSP, or wavelet transforms
(Choi & Kim, 2019a; D’Zmura et al., 2009; Einizade et
al., 2022; Lee et al., 2019; Diego Lopez-Bernal et al.,
2022; Shin et al., 2018). Recent advancements favor
deep learning, especially CNNs and RNNs, which can
independently identify data patterns, removing the need
for manual feature engineering (Alotaibi, 2023; Chinta
& Moorthi, 2022; Lee & Lee, 2022; Saha et al., 2019).
Despite their potential to improve accuracy, these ad-
vanced models face challenges. They need large training
data, which are often limited, and act as ‘black boxes,’
making their outputs hard to interpret—an issue in clini-
cal settings.

Progress in decoding imagined speech has been made,
but challenges remain. Most studies use small vocabu-
laries and offline tests that do not mimic real interac-
tions. Small sample sizes, variability, and limited data
hinder generalization, with little use of transfer learning.
Models also lack neurophysiological interpretability, re-
ducing trust and usefulness. Additionally, their robust-
ness to artifacts, like motion, visual, and environmental
noise in real-time remains problematic.

Regarding challenges for real-world BCI deployment,
transitioning from controlled experiments to real-world
imagined speech BCIs faces major obstacles: weak,
variable signals; decoding delays with fNIRS; poor per-
formance outside the lab due to lack of personalization;
and small datasets that hinder robust model training. So-
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lutions include developing better algorithms, standard
methods, and richer, multimodal datasets.

Future brain activity research should focus on multi-
modal systems (like EEG and fNIRS) for better under-
standing, creating larger and shared datasets, using hy-
brid deep learning models (CNN-RNNs, Transformers),
developing personalized, adaptive systems, and employ-
ing interpretable Al to enhance trust and clinical appli-
cability. Recent studies that combined EEG and fNIRS
(Arif et al., 2024; Cooney et al., 2021; Ge et al., 2017;
Kwon et al., 2020; Rezazadeh Sereshkeh et al., 2019)
further demonstrate the potential of integrating these
technologies. These studies suggest that multimodal fu-
sion may improve performance in some experimental
settings; however, its benefit is task- and validation-
dependent and is not consistently observed across all
studies. The inclusion of their information emphasizes
the importance of hybrid frameworks for future BCI de-
velopment, particularly in clinical and assistive commu-
nication settings.

Conclusion

Research increasingly confirms that EEG and fNIRS
can decode imagined speech, confirming this field’s po-
tential to enhance BCI technologies. While traditional
machine learning offers strong benchmarks, advance-
ments in deep learning and multimodal integration have
opened new opportunities, leading to a significant boost
in decoding accuracy. However, there is still a signifi-
cant obstacle to overcome. For EF-Net, the multimodal
F1 score reached 99.36% in the subject-dependent set-
ting but decreased to 65.05% in the subject-independent
setting. This gap highlights the challenge of creating
models that perform well for new users and real-world
scenarios, where robustness and adaptability are crucial.
Future efforts should focus on the creation of hybrid sys-
tems, the expansion of shared datasets, the development
of adaptive and interpretable deep learning models, and
the establishment of standardized evaluation methods to
address this issue. Overcoming these challenges is cru-
cial to transform imagined speech BCls from controlled
laboratory experiments into practical clinical and assis-
tive devices that provide reliable, scalable communica-
tion for users.
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