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ABSTRACT: Brain-Computer Interfaces (BCIs) based
on imagined speech offer a promising alternative for intu-
itive communication; however, the transition to real-time
asynchronous systems is hindered by the "onset detec-
tion" problem. This study evaluates the efficacy of In-
stant Wavelet Energies (IWE), Empirical Mode Decom-
position (EMD), and Generalized Hurst Exponent (GHE)
for identifying the transition between Idle State Segments
(ISS) and Imagined Word Segments (IWS). We analyzed
three datasets (DS1, DS2, and DS3) using Support Vector
Machines (SVM), Random Forest (RF), k-NN, and Lo-
gistic Regression (LogReg).Our results demonstrate that
binary intent detection consistently outperforms multi-
class word recognition, with the latter remaining a sig-
nificant challenge. The MCC remains < 0.35 for most
configurations, indicating that while these features are ef-
fective for intention "gating"; however, they exhibit a lack
of the requisite specificity to achieve decisive discrimina-
tion.

INTRODUCTION

A Brain-Computer Interface (BCI) is a system that es-
tablishes a direct communication channel between bio-
electrical brain activity and external devices, enabling the
control of assistive devices or prostheses without the in-
tervention of conventional neuromuscular pathways [1].
These interfaces are fundamentally based on the acquisi-
tion and processing of biological signals, predominantly
electroencephalograms (EEG) to decode cognitive pro-
cesses. Their application is crucial in the development
of assistive technologies aimed at restoring autonomy in
individuals with severe motor disabilities.

In the state of the art, BCI systems are primarily cat-
egorized into synchronous and asynchronous modes.
Most current developments operate under a synchronous
paradigm, where the timing and speed of communica-
tion are predetermined by the experimental protocol [2,
3]. In these systems, users generate commands exclu-
sively within temporal windows defined by external stim-
uli, such as P300 evoked potentials or Steady-State Visual
Evoked Potentials (SSVEP) [2].

However, this dependence on external stimuli entails sig-
nificant limitations. It not only requires precise visual
stimulation hardware (e.g., LED matrices) that compli-
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cates the technical setup [4], but also induces consider-
able visual fatigue after prolonged periods of use [5].

In contrast, asynchronous (or self-paced) systems offer a
more natural interaction, allowing the user to issue com-
mands voluntarily at any time. Since they do not rely
on external stimuli, the system must continuously ana-
lyze the EEG stream to detect cognitive intent. The crit-
ical challenge in these systems is the "onset detection"
problem, which consists of accurately discriminating be-
tween an active cognitive task and an inactive or resting
state [6]. In the literature, this problem has been defined
as intentional versus non-intentional control, primarily
within the context of motor imagery [7, 8]. To address
this asynchrony, various taxonomies of approaches have
been developed, ranging from power threshold analysis
and state-based models to the use of gating classifiers or
evidence accumulation detectors [9-13].

As an alternative, the use of imagined speech has been
proposed. While we acknowledge the pioneering ad-
vances of Chang et al. [14-16] in using electro-
corticography (ECoG) to achieve superior Information
Transfer Rates (ITR), our work focuses on accessibility
and non-invasiveness. While Chang’s methods require
high-density surgical implants in patients with specific
pathologies, our proposal seeks to optimize the detection
of inactivity states through EEG. This enables a low-cost
BCI technology with lower clinical risk, which remains
an open challenge given the low signal-to-noise ratio in-
herent to non-invasive methods.

This neuroparadigm in EEG signals ranges from the iden-
tification of basic phonetic units such as vowels [17] and
phonemes [18] to the decoding of syllables [19] and full
words with semantic meaning [20, 21], as well as the
identification of emotions transmitted through speech in
EEG signals [22]. Despite its potential, current literature
lacks a robust approach for detecting imagined speech
segments independently of the specific words of interest
(e.g., "up", "down").

The contribution of this study lies in the proposal of a
two-phase BCI structure. In this scheme, the first stage
acts as a crucial stochastic filter that conditions the sys-
tem’s flow: the transition to secondary classification only
occurs after effective isolation of the intention segment.
This hierarchical model aims to optimize the allocation
of computational resources and highly specialized algo-
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rithms, prioritizing the analysis of time windows with
substantial informational weight, such as imagined word
segments (IWS), and separating them from idle state seg-
ments (ISS).

This work builds upon the feature extraction framework
proposed by Herndndez-del-Toro et al. [20], applying a
1-50 Hz bandpass filter and evaluating its effectiveness
on three different datasets across three distinct tasks: (1)
discrimination between imagined word segments (IWS)
and inactive state segments (ISS), (2) multiclass classifi-
cation of imagined words in Spanish, and (3) a combined
classification of words versus the inactive state, which
more closely resembles a real-world application. Model
performance is assessed using the Matthews Correlation
Coefficient (MCC). Unlike the Fl-score, whose values
are not directly comparable across problems with differ-
ent numbers of classes, MCC maintains a fixed scale of
[-1,+1] where zero corresponds to random prediction re-
gardless of the class distribution. This property makes it
particularly suitable for jointly evaluating the binary task
[23] and the multiclass tasks [24], both of which exhibit
class imbalance due to the inclusion of the inactive state.

MATERIALS

Datasets:
The imagined speech datasets employed in this study cor-
respond to those previously used by Hernandez-del-Toro
et al. [20], with the exception of their third database,
which has been replaced by the dataset from Nieto et
al. [25], totaling three databases (DS1, DS2, and DS3).
Datasets DS1 and DS2 comprise the imagined words
"up," "down," "left,"” "right,” and "select" ("arriba",
"abajo", "izquierda", "derecha", "seleccionar"). Mean-
while, DS3 includes the commands "up," "down," "left,"

"non non

and "right" ("arriba", "abajo", "izquierda", "derecha").

The third database from [20], discarded due to tech-
nical inconsistencies identified during the data adapta-
tion phase, specifically regarding the synchronization and
alignment of event markers with the internal targets of the
recorded signals.

DS1: Data were recorded using the EMOTIV EPOC+
device (14 channels, 128 Hz sampling rate) with the
participation of 27 subjects. For each participant,
20 repetitions per word were obtained, resulting in a
total of 100 samples per subject [26].

DS2: Recorded using the EMOTIV EPOC+ device (14
channels, 128 Hz sampling rate) with 27 subjects
distinct from those in DS1. For each subject, 32 rep-
etitions per word were obtained, totaling 160 sam-
ples per subject. In this data acquisition protocol,
words were presented in a randomized order [26].

DS3: This dataset comprises multimodal recordings of
electroencephalography (EEG), electrooculography
(EOG), and electromiography (EMG) signals ac-
quired with the BioSemi ActiveTwo high-resolution
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biopotential measurement system. The configura-
tion consisted of 128 active EEG channels and 8 ex-
ternal active EOG/EMG channels, with 24-bit reso-
lution and an initial sampling rate of 1024 Hz. Sub-
sequently, the data were decimated by a factor of
four, resulting in a final sampling rate of 256 Hz.
This set integrates data from 10 subjects across three
different sessions. For each session, 50 repetitions
per word were obtained, recording signals for imag-
ined speech, spoken speech, and visualization, for a
total of 200 samples per session per subject [25].

METHOD

Data Cleaning and Epoching:

Before the preprocessing stage, a data cleaning and seg-
mentation phase was performed to isolate the epochs of
interest from the continuous recordings. This process
was implemented using MATLAB for all three datasets,
ensuring a standardized approach to identifying and ex-
tracting trials based on event markers. Each essay was
structured to cover the period leading up to the imagined
speech, the imagined speech period, and the subsequent
rest phase:

DSI1: A total of 100 trials were extracted per subject
with a mean duration of 4.3 s + 1 s.

DS2: A total of 160 trials were extracted per subject
with a mean duration of 5.6 s + 1 s.

DS3: From the original 5,640 trials and over 9 hours
of multimodal recordings, a specific subset was iso-
lated. For this study, only the imagined speech con-
dition was selected, excluding spoken speech and vi-
sualization trials. This resulted in 200 trials per sub-
ject across three sessions (50 repetitions per word),
each with a standardized duration of 4.5 s.

The choice of preprocessing techniques was dictated by
the electrode density of each system. For DS1 and DS2
(14 channels), CAR was applied as the primary spatial
filtering strategy due to its robustness and suitability for
low-density montages, where the application of ICA is
limited by insufficient dimensionality for reliable source
separation.

In contrast, for DS3 (128 EEG channels plus auxiliary
channels capturing EOG/EMG), ICA was employed as
an preprocessing step for artifact removal, leveraging the
higher dimensionality and the availability of reference
signals to achieve a more accurate decomposition of neu-
ral and non-neural sources.

Following the segmentation stage, each trial was delim-
ited by specific start and end markers identifying the
Imagined Words Segment (IWS) and its corresponding
word label. To prepare these segments for feature ex-
traction, the processing and validation pipeline (Figure 1)
was implemented. This workflow encompasses signal fil-
tering, experimental scenario definition, sliding window
segmentation, and the final machine learning evaluation.
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Figure 1: Block diagram of the methodology for imagined speech de-
tection and classification. The process spans from initial epoching to
the final machine learning evaluation, comparing performance with and
without PCA across different experimental tasks.

This bandpass filter was applied because previous fre-
quency analysis revealed significant saturation below 1
Hz. Additionally, this filter effectively eliminates power
line interference (50/60 Hz) and high-gamma frequen-
cies, which are outside the scope of this study.

Unlike the original work, we evaluate the performance
of the three scenarios under the extracted feature sets.
The sliding window segmentation (Signal Framing) and
model training were conducted independently for each
scenario using a hybrid workflow: feature extraction was
executed in MATLAB (exporting data in .hS format),
while model training and validation were implemented
in Python.

Experimental Scenarios Detail:

IWS vs. ISS (Binary): For the training phase, a specific
division is made prior to Signal Framing: Class O
(ISS) aggregates segments recorded before and after
word imagination, while Class 1 IWS) includes all
imagined speech segments. For the testing phase,
signal framing is applied to the entire trial; the la-
bel for each window is assigned based on a majority
voting criterion, determined by the predominant la-
bel within the 0.5s window duration.

Words (Multi-class): This scenario exclusively isolates
the imagined speech segments. Labels are assigned
according to the specific word (e.g., "up", "down"),
resulting in a number of classes that depends on the
database (DS1/DS2/DS3). Signal Framing is ap-
plied only to these epochs for both training and test-
ing sets.

Words + idle (Words + Inactive): This scenario follows a
logic similar to the binary one but with higher gran-
ularity. Imagined speech segments retain their in-
dividual words labels (word classes), while all rest
segments are consolidated into a final category des-
ignated as Idle State.
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Feature extraction:

1.-Wavelet Transform (DWT):
A four-level DWT was implemented using the bior2.2
mother wavelet. This technique decomposes the signal
into 1 set of approximation coefficients (low frequencies)
and 4 set of detail coefficients (high frequencies) 1 per
level. To quantify the power distribution in the time-
frequency domain, the Instant Wavelet Energie (IWE)
was calculated for each of the obtained coefficients [20].
This procedure generates a vector of 5 features per chan-
nel.

2. Empirical Mode Decomposition (EMD):
EMD is an adaptive technique that decomposes complex
signals into basis functions called Intrinsic Mode Func-
tions (IMF) and a final residue. Unlike other methods,
EMD does not rely on a predefined basis function, mak-
ing it ideal for non-linear and non-stationary EEG sig-
nals. Following the decomposition, the two IMFs exhibit-
ing the greatest Euclidean distance relative to the origi-
nal signal were selected, ensuring the capture of the most
physically relevant components[20]. For each of these
two IMFs, six non-linear metrics were calculated: Tea-
ger Energy (TE) and Instantaneous Energy (IE). Higuchi
and Katz fractal dimensions. Generalized Hurst Expo-
nent (GHE) for orders ¢ = 1 and ¢ = 2. This stage con-
tributes a total of 12 features per channel (6 metrics x 2
IMFs).

3. Fractal Analysis and Generalized Hurst Exponent
(GHE):
Given the non-stationary nature and dynamic complex-
ity of EEG signals, the GHE was employed to quantify
self-similarity and temporal scaling properties. The GHE
extends the classic Hurst concept by evaluating different
statistical moments of signal fluctuations, allowing for
the identification of persistent, random, or anti-persistent
behaviors.
Exponents were calculated for two specific orders:
H(g = 1): Characterizes the dynamics associated with
absolute fluctuations of the signal[20]. H (g = 2): Linked
to second-order dynamics and the variance of fluctua-
tions[20].
The analysis of these two orders captures complemen-
tary information regarding the multifractal structure of
the EEG signal, generating 2 additional features per chan-
nel.

Feature Vector Summary:
By integrating the aforementioned techniques (5 DWT +
12 EMD + 2 GHE), a total of 19 features per channel is
obtained. Based on the electrode configurations of each
database, the resulting feature vector per trial is:

DS1 and DS2: 266 features (14 channels x 19).

DS3: 2432 features (128 channels x 19).

Classification:
The classification phase was conducted using four dis-
tinct machine learning architectures. RF was imple-
mented as an ensemble of 100 decision trees. The kNN
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algorithm was configured with k£ = 100 neighbors. For
the SVM, a non-linear decision boundary was established
using the Radial Basis Function (RBF) kernel with a de-
fault regularization parameter (C = 1.0). Finally, LogReg
was employed as a probabilistic classifier with an L2
penalty for weight regularization; notably, the maximum
number of iterations was increased to 10,000 to guarantee
model convergence across all experimental scenarios.
Data Leakage Prevention:

Because the original trials underwent differentiated seg-
mentation (as described in Experimental Scenarios De-
tail), a rigorous data integrity control was implemented.
Strict trial-level separation was guaranteed: any trial se-
lected for the test set was entirely excluded from the train-
ing database. This procedure prevents the model from be-
ing evaluated on overlapping segments or signals derived
from data already seen during the learning phase, thereby
ensuring the generalization capability of the results when
presented with unseen data.

Table 1: Experimental structure and training configuration per
dataset and scenario

Scenario / Task  Feature Set PCA ML Models
Binary All Yes / No 4/4
IWE, EMD, GHE No 4x3
Words* All Yes / No 4/4
IWE, EMD, GHE No 4x3
Words-all** All Yes / No 4/4
IWE, EMD, GHE No 4x3

Note: A total of 60 models were trained per subject across the
three datasets (DS1, DS2, and DS3) * 5 classes for DS1/DS2
and 4 for DS3 ** 6 classes for DS1/DS2 and 5 for DS3 .

To evaluate the performance of the classifiers across the
different imagined speech scenarios, two metrics were
used: the Fl-score and the Matthews Correlation Coef-
ficient (MCC).

RESULTS AND DISCUSSION

The application of Principal Component Analysis (PCA)
in this study was intended to manage the high dimen-
sionality of the features extracted from the EEG signals,
aiming to mitigate noise and reduce spatial redundancy.
However, a comparative analysis between the results ob-
tained using the original feature set (Table 2) and those
following the application of PCA (Table 3) reveals a dis-
tinct performance pattern. This behavior appears to be
strictly dependent on the channel density and the specific
nature of the experimental task.

Statistical validity was assessed using the Wilcoxon
signed-rank test with Bonferroni correction. For DS1 and
DS2, no significant differences were found (p > 0.05),
justifying the use of the original feature set to preserve
data integrity. In DS3, despite a marginal improvement
in the binary scenario with PCA, the change was not sta-
tistically significant. This suggests that inter-subject and
inter-session variability remain the dominant factors in
performance, outweighing the benefits of linear dimen-
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sionality reduction even in high-density (128-channel)
configurations.

Table 2: Best performing classifier for each scenario using the
combined feature set (All) without PCA.

Dataset / Scenario Best Classifier MCC £ SD

DS1I (Binary) LogReg 0.250 £ 0.136
DS1 (Words) LogReg 0.423 + 0.169
DS1 (Words + Inactive) LogReg 0.049 £+ 0.072
DS?2 (Binary) LogReg 0.153 + 0.118
DS2 (Words) SVM 0.032 £+ 0.059
DS2 (Words + Inactive) SVM 0.071 £ 0.053
DS3 (Binary) SVM 0.299 + 0.116
DS3 (Words) LogReg -0.009 £ 0.048
DS3 (Words + Inactive) SVM 0.131 £+ 0.050

Table 3: Best performing classifier for each scenario using the
combined feature set (All) with PCA.

Dataset / Scenario Best Classifier MCC + SD

DSI (Binary) LogReg 0.253 + 0.141
DS1 (Words) LogReg 0.402 £+ 0.168
DS1 (Words + Inactive) LogReg 0.050 £+ 0.075
DS2 (Binary) LogReg 0.143 + 0.117
DS2 (Words) SVM 0.030 £+ 0.057
DS2 (Words + Inactive) SVM 0.069 + 0.053
DS3 (Binary) LogReg 0.317 + 0.114
DS3 (Words) RF -0.006 + 0.040
DS3 (Words + Inactive) SVM 0.128 £ 0.050

The superior performance achieved in DS1 (MCC =
0.423) should be interpreted considering that the data
were acquired through a continuous stimulation protocol
without randomization of stimuli. This sequential struc-
ture likely enhanced the stability of neural patterns, en-
abling the classifier to optimally leverage the integrity
and relevance of the original extracted features.

For DS2, the LogReg model in the Binary task with-
out PCA achieved an average F1-score of 0.704 + 0.052
across 27 subjects, with a corresponding MCC of 0.153 +
0.118. This significant discrepancy between metrics sug-
gests that the model is biased toward the majority class,
which in this case represents the inactive states. This
phenomenon is attributed to the acquisition methodology,
where the duration of the imagined speech trials was self-
regulated by the subjects through a keypress at the begin-
ning and end of the mental task, resulting in a temporal
class imbalance. Similarly, for the Words + Inactive sce-
nario using SVM, the observed F1-score of 0.256 £+ 0.055
and MCC of 0.071 £ 0.053 further indicate that the clas-
sifier predominantly identifies the majority class.

In contrast, DS3 featured stricter control over the timing
of the imagined speech task; however, a class imbalance
persists. In the Binary task with PCA, the LogReg model
with PCA yielded the highest performance with an MCC
of 0.317 £ 0.114 and an associated F1-score of 0.746 +
0.043. For the Words + Inactive dataset, the SVM model
with PCA achieved an MCC of 0.128 + 0.050 and an F1-
score of 0.339 £ 0.036. These results demonstrate that
while improved temporal control enhances classification
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quality, the underlying class imbalance continues to influ-

ence the relationship between these performance metrics.
Evaluation by Feature Type:

To identify the individual contribution of each extraction

method (IWE, EMD, GHE), independent tests were con-

ducted. The comparative performance across different

datasets and tasks is summarized in Table 4.

Table 4: Top performing configuration (Classifier and Feature
Extraction method) for each dataset and experimental scenario
(without PCA).

Dataset / Scenario

DS1I (Binary)

DS1 (Words)

DS1 (Words + Inactive)

Rank 1: Model + Feature (MCC + SD)
LogReg + IWE (0.242 4+ 0.157)
LogReg + IWE (0.422 + 0.156)
LogReg + EMD (0.053 £ 0.075)

DS?2 (Binary) LogReg + IWE (0.157 + 0.114)
DS2 (Words) SVM + GHE (0.027 + 0.037)
DS2 (Words + Inactive) RF + GHE (0.054 £ 0.042)
DS3 (Binary) LogReg + IWE (0.325 £+ 0.112)
DS3 (Words) LogReg + IWE (0.003 +£ 0.046)

DS3 (Words + Inactive) SVM + EMD (0.133 + 0.039)

Table 4 reports the best-performing configuration (clas-
sifier and feature extraction method) for each dataset
and classification scenario in the absence of PCA. Lo-
gistic Regression combined with IWE features consis-
tently ranks first in five of the nine evaluated combina-
tions, suggesting that this pair generalizes well across bi-
nary tasks. The lowest non-trivial performance (0.003 +
0.046) corresponds to DS3 in the Words scenario, high-
lighting the substantial inter-dataset variability that char-
acterizes imagined-speech decoding. For the most eco-
logically realistic task (Words + Inactive), the best con-
figurations achieve modest MCC values (0.053 for DS1,
0.054 for DS2, and 0.133 for DS3), with SVM combined
with EMD features producing the highest result. These
figures confirm that the inclusion of the inactive class in-
troduces substantial difficulty due to class imbalance, and
that no single classifier—feature combination dominates
across all datasets and scenarios.

A noteworthy observation is the relatively high MCC ob-
tained on DS1 in the Words scenario (0.422 + 0.156 us-
ing LogReg + IWE), which exceeds the values reported
for the other two datasets in the same scenario by a wide
margin. As previously described, DS1 was acquired us-
ing a non-randomized (sequential) stimulation protocol,
in contrast to the randomized protocols employed in DS2
and DS3. This sequential structure likely provided a more
stable cognitive framework and reduced cognitive load
for the participants, favoring the consistency of EEG pat-
terns and allowing linear models such as Logistic Regres-
sion to identify discriminative features more effectively.
This result should therefore be interpreted with caution:
the higher MCC reflects the specific acquisition proto-
col rather than an intrinsic advantage of the classification
pipeline, and it is not directly comparable to the values
obtained on DS2 and DS3.

Across all datasets, Logistic Regression and SVM
emerged as the most robust classifiers. This consistency,
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combined with the strong performance of IWE and EMD
features, suggests that discriminative information related
to imagined speech can be effectively captured through
linear relationships in the time—frequency domain. The
competitive performance of EMD features in the Words
+ Inactive scenario further indicates their capacity to ex-
tract non-stationary components of the EEG signal that
retain class-discriminative information even under the
more challenging conditions imposed by class imbalance.

CONCLUSION

Results demonstrate that, regardless of whether the com-
plete feature space or isolated subsets are employed, su-
perior performance—quantified by the Matthews Corre-
lation Coefficient (MCC)—is consistently achieved for
the intention identification task (IWS vs. ISS) relative
to multiclass scenarios. This trend is particularly salient
when contrasting the binary onset task against the contin-
uous classification paradigm (Words + Inactive), which
serves as the most proximal model for real-time BCI ap-
plications.

The evaluation in the multiclass word scenario confirmed
that the proposed feature sets are primarily optimized for
detecting the cognitive intent of speech (IWS vs. ISS).
This experiment corroborated that these descriptors are
not designed to efficiently discriminate between individ-
ual words, proving insufficient for an adequate classifica-
tion of imagined speech words. While the observed MCC
values consistently remain below 0.35—which exceeds
the chance threshold but recognizes non-optimal perfor-
mance—these findings demonstrate that the features im-
plemented from the baseline work of [20] provide a vi-
able operational basis for the first gating stage. Con-
sequently, this scenario underscores that the path to en-
abling a successful transition toward word classification
does not lie in the simple tuning of classifiers, but in the
strategic evolution of this first phase of intent detection.
To perfect this isolation of IWS from ISS and break cur-
rent limits, future research must maintain the gating ar-
chitecture but expand the analytical framework beyond
isolated-channel paradigms. While evidence demon-
strates that the current feature sets, specifically IWE and
EMD, are effective as initial filters, it is essential to lever-
age the intrinsic high-dimensionality and spatiality of
the EEG manifold without imposing restrictive lineariza-
tions. Directly integrating spatial covariance through
adaptive methods and multiresolution analysis thereby al-
lows transforming the BCI from a conventional pattern
classifier into a dynamic system, capable of faithfully
decoding the complex cortical activity of speech within
non-invasive neural interfaces.
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