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Imagined Speech in Spanish: EEG Dataset
Acquisition Protocol and Baseline Classification

Results
Luis-Raul Sigala-Gonzalez , Graciela Ramirez-Alonso , Juan A. Ramirez-Quintana , Fernando

Martinez-Reyes , and David R. Lopez-Flores

Abstract—This work presents a new Spanish-language
electroencephalography (EEG) dataset for imagined speech,
designed to support research in brain–computer interface
(BCI) applications for assistive communication. A structured
experimental protocol was developed to guide the acquisition
process, incorporating auditory comprehension, imagined
speech, and articulated speech production stages to enhance
cognitive engagement and enable signal validation. The dataset
includes 16 participants (9 male and 7 female), each performing
14 linguistic prompts consisting of nine words and five
vowels. EEG signals were recorded using an open-source,
low-cost acquisition system (OpenBCI Cyton + Daisy) with
16 channels configured according to the international 10–20
system. The collected signals were preprocessed, segmented,
and evaluated through a deep learning classification framework
adapted from recent imagined speech decoding approaches.
Five classification experiments were conducted to assess the
discriminability of the imagined speech signals. The results
showed accuracies above the chance level across all experiments,
achieving 30.79% ± 4.76 for vowel classification, 20.81% ±
3.11 for word classification, and up to 74.61% ± 7.11 for
binary word–vowel discrimination. Comparisons with public
datasets demonstrated that the proposed dataset achieves
competitive or superior performance despite using low-cost
hardware. The code used in this work is available at https:
//github.com/GracielaRamirezA/Imagined-Speech-in-Spanish.git.

Link to graphical and video abstracts, and to code:
https://latamt.ieeer9.org/index.php/transactions/article/view/10609

Index Terms—Imagined speech, EEG dataset, BCI, low-cost
hardware, neural signal classification.

I. INTRODUCTION

SPEECH is the primary form of human communication
used to express thoughts, emotions, and intentions through

articulated sounds and words [1], [2]. The production of
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speech is a complex neuromuscular process that requires co-
ordinated movements of the tongue, lips, jaw, and vocal folds.
This process is primarily controlled by Broca’s and Wernicke’s
areas in the cerebral cortex [3]. Together, these regions enable
the motor execution of speech and the comprehension of
spoken language.

Language impairments represent a significant challenge in
clinical neuroscience and communication research [4]. Apha-
sia, in particular, is a language disorder that affects approx-
imately one-third of stroke survivors, as damage to specific
brain regions can result in impairments across multiple lin-
guistic domains, including phonology, morphology, semantics,
syntax, and pragmatics [5]. Individuals with aphasia retain
their cognitive ability to think, but lose the capacity to express
those thoughts verbally [6]–[8]. Beyond communication lim-
itations, affected individuals frequently experience emotional
distress, depression, social isolation, and a reduced quality of
life [9].

Assistive communication technologies provide alternative
methods for individuals with speech and language disorders to
express their thoughts and intentions. In this regard, BCIs have
emerged as a promising option, as they convert neural activity
into control commands for external devices, enabling com-
munication without requiring muscular movement [10]. BCIs
can rely on either invasive or non-invasive electrophysiological
signals; however, EEG is the most commonly used modality
because it offers a practical balance between accessibility and
performance, being affordable, portable, and suitable for both
clinical and non-clinical environments [11].

Different paradigms are used to generate EEG signals in
BCIs, including P300 [12], motor imagery (MI) [13], and
speech imagery (SI) [14]. The P300 paradigm relies on visual
attention to flashing or highlighted symbols, a requirement
that may limit its applicability for individuals with visual
or cognitive impairments. MI-based BCIs require users to
imagine motor movements, such as moving the left or right
hand, the tongue, or the foot. However, these systems typically
offer a limited set of commands, as the number of reliably
distinguishable motor tasks is generally restricted to four. This
limitation arises from EEG modulation patterns associated
with event-related synchronization and desynchronization in
sensorimotor rhythms [15], [16].

In contrast, the speech imagery paradigm involves imagin-
ing the articulation of phonemes, syllables, vowels, or words
without producing any audible or physical speech. SI-based
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BCIs have shown promise for restoring communication in
individuals with aphasia by translating internally generated
speech representations into external outputs [17].

Notably, public imagined-speech EEG datasets have demon-
strated the feasibility of decoding multiple imagined linguistic
units, including words, vowels, and phonological categories,
thus offering richer command spaces than traditional motor-
imagery-based systems [14].

The protocol used for EEG signal acquisition in imagined
speech datasets varies across studies, particularly in terms
of stimulus type, presentation modality, and the inclusion of
articulated speech. In general, participants are instructed to
imagine the articulation of words, syllables, or vowels without
producing audible speech, focusing on the internal simulation
of articulatory gestures involved in speech production.

Several representative datasets have explored this paradigm
using different experimental configurations. Early work, such
as the DaSalla dataset [18], focused on vowel imagery guided
by visual cues, while subsequent studies expanded the vo-
cabulary to include short and long words as well as vowels
[19]. Other protocols incorporated auditory stimulation prior
to imagined articulation, either through syllables [20] or full
words following an auditory comprehension stage [21].

More elaborate acquisition schemes have combined imag-
ined and articulated speech to support signal validation. No-
table examples include the KaraOne dataset [22], which paired
auditory and visual word presentation and required subjects to
vocalize each stimulus after imagination, and the Dutch DAIS
dataset [23], which adopted a similar strategy to distinguish
EEG patterns associated with internal articulation from those
related to articulated speech.

Spanish imagined speech datasets remain comparatively
limited. Existing corpora include directional words acquired
under visual stimulation, with sequential articulated and imag-
ined stages [24], as well as datasets that combine Spanish vow-
els with directional commands imagined from visual prompts
[25]. While these datasets have demonstrated the feasibility
of decoding imagined speech in Spanish, they are typically
constrained in vocabulary size or experimental scope.

Despite their relevance, most of the aforementioned datasets
were acquired using high-end, clinical-grade EEG systems,
such as BioSemi ActiveTwo [18], [24], BrainProducts Ac-
tiCHamp [19], Neuroscan and ANT-Neuro platforms [20]–
[22], or the TMSi SAGA system [23]. Although these systems
provide high-quality electrophysiological recordings, their cost
and infrastructure requirements limit accessibility and repro-
ducibility.

In contrast, the present work introduces a new imagined-
speech EEG dataset acquired using the OpenBCI 1 Cyton
+ Daisy boards and the Ultracortex Mark IV headset, of-
fering a substantially more accessible acquisition setup. The
OpenBCI platform complies with internationally recognized
standards, including CE (Conformité Européenne), FCC (Fed-
eral Communications Commission), and RoHS (Restriction of
Hazardous Substances) certifications, supporting its suitability

1http://www.openbci.com

and reliability for EEG and BCI experimental research 2.
The central premise is that, when combined with a structured
protocol, appropriate preprocessing, and a robust classification
baseline, low-cost EEG systems can still yield discriminative
signals suitable for imagined-speech decoding. This approach
aims to broaden participation in BCI research and promote
reproducible and inclusive experimental practices.

Table I summarizes the main characteristics of representa-
tive imagined-speech EEG datasets and situates the proposed
dataset within the current research landscape. Based on this
comparative analysis, the main contributions of the present
work are as follows:

• Introduction of a publicly available Spanish imagined-
speech EEG dataset acquired using low-cost OpenBCI
hardware, while maintaining a structured protocol com-
parable to clinical-grade datasets.

• Development of a multimodal acquisition protocol com-
bining auditory comprehension, imagined speech, and
articulated speech stages for cognitive validation and
comparative analysis.

• Evidence that low-cost EEG systems can preserve dis-
criminative neural patterns for imagined-speech decod-
ing when combined with appropriate preprocessing and
acquisition strategies.

• Publication of a corpus comprising 16 participants and 14
linguistic prompts (9 words and 5 vowels), representing
one of the largest Spanish imagined-speech EEG datasets
reported to date.

• Adaptation of a transformer-based neural architecture as
a baseline framework for imagined-speech classification
using OpenBCI recordings.

• Execution of five classification experiments, including
multiclass and binary tasks, providing a detailed evalua-
tion of the separability of imagined-speech EEG patterns.

• Promotion of an accessible and reproducible BCI research
framework for institutions without access to high-end
EEG equipment.

The rest of this paper is organized as follows. Section II
describes the dataset acquisition protocol and preprocessing.
Section III reports the baseline classification results. Sec-
tion IV discusses the findings and comparisons with public
datasets. Finally, Section V concludes the paper.

II. METHODS

For this research, the dataset generation process was struc-
tured into five stages: (A) design of the experimental protocol
for EEG acquisition, (B) configuration of the data acquisition
setup, (C) participant recruitment and selection, (D) segmen-
tation and preprocessing of the recorded signals, and (E)
validation of the resulting dataset using classification models.

A. Experimental Design

1) Word Selection: Based on the datasets reported in [24],
[25], and [26], nine Spanish words (aceptar, cancelar, arriba,
abajo, derecha, izquierda, hola, ayuda, and gracias) and the

2https://docs.openbci.com/FAQ/Liability/
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TABLE I
SUMMARY OF EXPERIMENTAL PROTOCOLS IN PUBLIC IMAGINED SPEECH EEG DATASETS. N DENOTES THE NUMBER OF

PARTICIPANTS INCLUDED IN EACH DATASET

Dataset Language Stimuli Type Task Instructions Stimulus Mode Articulated N
DaSalla [18] English 2 vowels (/a/, /u/) Imagine articulation after viewing mouth-

shape cue.
Visual No 3

Arizona [19] English 3 short/2 long words +
3 vowels

Internal imagined speech of on-screen items. Visual No 15

Deng et al. [20] English 2 syllables (/ba/, /ku/) Listen, then perform imagined speech follow-
ing the specified rhythms.

Auditory No 7

Suppes et al.
[21]

English 7 words Auditory comprehension followed by imag-
ined speech.

Auditory No 7

KaraOne [22] English 7 phonemes + 4 short
words

Perform imagined speech, then produce artic-
ulated speech with minimal motion.

Audio+Visual Yes 12

DAIS [23] Dutch 10 words Perform imagined speech, then produce artic-
ulated speech for comparison.

Audio+Visual Yes 20

TOL [24] Spanish 4 directional words Produce articulated speech first, then perform
imagined speech.

Visual Yes 10

OA [25] Spanish 5 vowels + 6 directional
words

Perform imagined speech of the visually pre-
sented stimulus.

Visual No 15

Proposed Spanish 9 words + 5 vowels Auditory comprehension → imagined
speech → articulated speech.

Audio+Visual Yes 16

five Spanish vowels (/a/, /e/, /i/, /o/, /u/) were selected, defining
a set of 14 experimental commands.

2) Experiment Description: The experiment shown in Fig-
ure 1 was designed for EEG acquisition, based on the protocols
summarized in Table I. Each prompt was repeated 12 times per
participant, and the timing of the task blocks was adjusted to
minimize fatigue and maintain participant comfort throughout
the session. The stages of the experimental sequence are
described as follows:

• Rest (3 s): The participant clears their mind and prepares
for the task.

• Auditory and visual stimulus (3 s): The participant
hears the pronunciation of a word through headphones
while the same word is displayed on the screen.

• Imagined speech (2 s): The stimuli are removed, and the
participant is instructed to silently imagine articulating
the word once.

• Visual stimulus (2 s): The same word is presented again,
but without audio.

• Imagined speech (2 s): The participant again imagines
articulating the word.

• Visual stimulus with speech cue (2 s): The word is
displayed along with an indicator signaling that in the
next stage, the participant will produce articulated speech.

• Articulated speech (2 s): The cues are removed, and the
participant produces articulated speech once.

This sequence is repeated for each word. Each trial lasts

Fig. 1. Diagram of the proposed speech acquisition protocol.

16 s; therefore, presenting the 14 prompts once required 224 s
(3.73 min). Since each trial contained two imagined-speech
stages, two imagined-speech EEG segments were obtained per
prompt presentation. Each participant completed three runs of
approximately 15 min within a single session. Within each
run, the complete set of 14 prompts was repeated four times,
resulting in 12 repetitions per prompt across the three runs
and a total of 24 imagined-speech EEG segments per prompt
(336 segments per participant).

3) EEG Acquisition System: The dataset was acquired
using the OpenBCI Cyton + Daisy biosensing boards equipped
with dry electrodes and the Ultracortex Mark IV headset.
The OpenBCI Cyton + Daisy biosensing board is an open-
source, integrated acquisition system operating at a sampling
frequency of 125 Hertz (Hz) when used via Bluetooth. The
system provides up to 16 configurable EEG channels, allowing
electrode placement to be adjusted according to the require-
ments of the experimental protocol. The headset was modified
in Shapr3D to accommodate additional electrodes at CP3,
C5, and FT8, following the international 10–20 system. This
configuration aligns with the recommendations in [22], where
these sites showed stronger correlation with neural activity
associated with imagined speech production. The final set of
electrodes included FP1, C3, C5, T7, CP1, CP3, CP5, P3, FP2,
FC6, FT8, C4, F8, T8, P7, and P8.

B. EEG Acquisition Setup

1) Signal Acquisition Software: A software application was
developed in Python 3.11 [27] using the PyQt5 (v5.15), [28]
library to support two main tasks:

1) Present the auditory and visual stimuli to the participant
and indicate when to perform the imagined speech or
speech response.
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2) Monitor the participant’s EEG activity in real time
during acquisition, enabling the detection of artifacts or
anomalies throughout the session.

C. Participant Recruitment and Selection

1) Participants: Following the protocols described in [22],
[25], [19], and [24], a sample of 16 adult participants was
recruited, all of whom were students at the Universidad
Autónoma de Chihuahua.

2) Participant Selection and Invitation: Participants were
initially grouped according to gender, and 10 individuals
from each group were randomly selected through a lottery
procedure. However, only 16 participants completed the EEG
acquisition sessions (9 male and 7 female), as some invited
volunteers did not attend the scheduled recording sessions.
No exclusion criteria were applied after recruitment. Each
participant received an invitation containing the experiment
guidelines and was scheduled for a recording session. Upon
arrival, the participant was briefed on the study procedures
and then signed the informed consent form, which was also
signed by the researcher. The study protocol was reviewed
and approved by the Bioethics Committee of the Universidad
Autónoma de Chihuahua (Approval No. DIP/4/419/25). The
experiment was conducted in accordance with the Declaration
of Helsinki.

D. Signal Preprocessing and Segmentation

The acquired signals were stored in .npz files as an 18-
row matrix with a number of columns corresponding to the
total recording duration. The first 16 rows represent the EEG
channels, while rows 17 and 18 store timestamp markers
corresponding to the displayed word and the experimental
stage, respectively.

1) Re-referencing and Signal Filtering: The EEG signals
were re-referenced by subtracting the average signal across
all electrodes from each channel. An 8th-order Butterworth
band-pass filter with cutoff frequencies of 8 Hz and 62 Hz was
then applied. Additionally, a 60 Hz notch filter (Butterworth,
quality factor = 30) was applied to all channels to attenuate
power-line interference.

2) Signal Segmentation: The EEG recordings were seg-
mented according to the experimental stage markers and
organized by the corresponding word prompt. Segments for
each participant were stored in individual .npz files. The
resulting segmentation distribution is shown in Table II.

TABLE II
SEGMENTATION OF TRIALS PER PROMPT

Segment Type Segments per Prompt
Imagined speech 24
Articulated speech 12
Relaxation 12
Auditory + visual stimulus 12
Visual stimulus 12
Speech cue 12

E. Dataset Validation
To validate the dataset, two classification tasks were defined

to assess whether the acquired EEG signals contained discrim-
inative information suitable for imagined speech decoding.
During the preliminary stage of this work, different EEG
classification approaches reported in the literature, includ-
ing shallow convolutional architectures and one-dimensional
convolution (Conv1D)–recurrent neural network (RNN)-based
models, were explored as potential baseline frameworks [29],
[30]. Among the evaluated configurations, the architecture
adapted from [31], which combines Conv1D layers with
lightweight Transformer-based strategies, achieved the most
consistent performance on the proposed dataset and was
therefore selected for the validation experiments.

After selecting the architecture, the original framework, in-
cluding the Randomized Leaky Rectified Linear Unit (RReLU)
activation function, a variant of the Rectified Linear Unit
(ReLU), was preserved and adapted to the characteristics of the
EEG signals acquired with the OpenBCI system. Specifically,
the input structure, sampling frequency settings, and output
layer dimensions were adjusted based on the acquisition setup
and the number of classes for each classification task.

Fig. 2 presents the resulting architecture. The model com-
prises an initial batch normalization layer, followed by two
parallel Conv1D branches that extract spatial and temporal
EEG patterns. Each branch feeds a transformer encoder—a
Spatial Transformer Encoder in the first branch and a Temporal
Transformer Encoder in the second—with an upsampling oper-
ation applied to the temporal pathway to preserve dimensional
consistency. The outputs of both encoders are then summed
and passed to a second transformer encoder, which captures
higher-level long-range dependencies.

The classification stage consists of a batch normalization
layer, a flattening operation, and a dense layer, followed by
dropout for regularization. The final fully connected layer
produces the output, with the number of neurons correspond-
ing to the classes defined in each classification task. For all
experiments, the model was trained using the Cross-Entropy
Loss function.

1) Imagined vs. Articulated Speech: The first classifica-
tion task aims to discriminate between imagined-speech and
articulated-speech EEG segments in order to assess the sep-
arability of their underlying neural patterns. This experiment
serves as an initial validation step, verifying that the acquisi-
tion protocol produces distinguishable EEG activity associated
with internal speech imagery and articulated speech. The
experimental setup follows the validation strategy reported
in [23].

2) Imagined Speech Classification Experiments: To further
evaluate the discriminative content of the proposed dataset,
five imagined-speech classification experiments were defined
using different class configurations. These experiments assess
multiclass discrimination, the separation between words and
vowels, and the pairwise discrimination of selected linguistic
units. All experiments were conducted using the same classi-
fication architecture, with the output layer adjusted according
to the number of classes in each case. Table III summarizes
the label assignments for the defined experimental settings.
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Fig. 2. Transformer-based neural architecture used for imagined-speech classification

III. RESULTS

A. Participant Sample

EEG recordings were obtained from 16 participants (9 male
and 7 female), with a mean age of 22.21 ± 3.92 years.
All participants completed a single recording session and
successfully followed the experimental protocol.

B. Experimental Outcomes

1) Generated Imagined Speech Segments: For 13 of the
16 participants, the number of recorded segments matched
the expected distribution defined in Table II, consisting of
24 imagined-speech segments per word and 12 segments for
each of the remaining stages. Minor deviations were observed
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TABLE III
LABEL ASSIGNMENT FOR EACH CLASSIFICATION

EXPERIMENT

Class E1 E2 E3 E4 E5
aceptar 0 0 - - -
cancelar 1 1 - - -
arriba 2 2 - 0 -
abajo 3 3 - 0 -
derecha 4 4 - 0 -
izquierda 5 5 - 0 0
hola 6 6 - 0 -
ayuda 7 7 - - -
gracias 8 8 - - -
/a/ 9 - 0 1 -
/e/ 10 - 1 1 -
/i/ 11 - 2 1 1
/o/ 12 - 3 1 -
/u/ 13 - 4 1 -

E1: 14-class experiment (all 9 words + all 5 vowels).
E2: Words-only multiclass (9 words).
E3: Vowels-only multiclass (5 vowels).
E4: 5 words vs vowels (words=0, vowels=1).
E5: 1 word vs 1 vowel (izquierda vs /i/).

in three cases. Participant 5 produced 30 imagined-speech
segments per word and 15 segments for the remaining stages,
whereas Participant 6 completed 16 and 8 segments, respec-
tively, due to reported fatigue during the session. Participant 11
generated two additional imagined-speech segments and one
additional segment for the remaining stages, resulting in a total
of 384 imagined-speech segments for that participant. Since
the classification results were computed independently for
each participant, these cases resulted in different numbers of
training samples for the corresponding subject-specific models.
However, balanced class distributions were maintained within
each participant across all classification experiments.

2) Adverse Events and Experimental Errors: During data
acquisition, occasional hardware-related interruptions required
restarting the EEG system. On average, 2.68± 1.25 interrup-
tions were observed per participant. These events did not affect
the stored dataset, as corrupted trials were discarded and the
acquisition was resumed without altering the experimental pro-
tocol. Non-critical adverse events were also recorded, mainly
temporary electrode disconnections, which appear in the data
as channels with zero-valued samples. Table IV summarizes
the affected channels and the number of participants in which
these events occurred. No channels were excluded during
preprocessing or classification, and all recordings remained
suitable for subsequent analysis.

C. Signal Classification

1) Classification of Imagined vs. Articulated Speech Stages:
EEG segments corresponding to imagined and articulated

TABLE IV
NUMBER OF PARTICIPANTS IN WHICH EEG CHANNELS

WERE DISCONNECTED DURING ACQUISITION

Channel CP3 CP1 P3 CP5 FP1 F8 T8 C3 P8
Participants 9 5 3 2 2 1 1 1 1

speech were classified to evaluate the separability of their un-
derlying neural patterns. To assess result stability and repeata-
bility, the experiment was independently repeated 10 times.
This procedure yielded an average classification accuracy of
78.95%± 1.89. The corresponding confusion matrix is shown
in Fig. 3.

2) Imagined Speech Classification: For each experimental
configuration, the classification model was trained and vali-
dated independently 10 times per participant. The mean classi-
fication accuracy and standard deviation (SD) were computed,
and all results are reported as mean ± SD. A quantitative
summary of all results is reported in Table V.

IV. DISCUSSION

A. Comparison of the Participant Sample with Public Datasets

The participant sample in this study consisted of 56.25%
male and 43.75% female, reflecting a balanced gender dis-
tribution. Among the five publicly available imagined speech
datasets considered, only the dataset reported by [25] exhibits
a comparable proportion (53.33% male, 46.66% female).
This alignment supports fair performance comparisons across
datasets, as gender-related variability is unlikely to account for
differences in classification accuracy.

B. Signal Acquisition Errors in the EEG Device

Signal acquisition errors were primarily attributable to hard-
ware limitations of the wireless EEG system. Specifically, the
device relies on an internal buffer that temporarily stores EEG
samples before transmitting data packets to the host computer.
Although this mechanism enables wireless operation, it can
lead to data corruption or buffer overflow events, resulting
in invalid EEG packets when transmission errors occur [32].
When such events were detected, the acquisition was resumed
by restarting the device. The custom acquisition software
allowed trials to be paused and continued without restarting the
entire session. During preprocessing, corrupted segments were
automatically identified and excluded from further analysis.

The feasibility of using low-cost OpenBCI-based EEG
hardware for BCI applications has been previously reported
in [33], showing that occasional disconnections and the inher-
ent limitations of low-cost acquisition systems do not prevent
the recording of EEG signals suitable for BCI analysis when
compared with clinical-grade configurations under controlled
conditions. Consistent with these observations, the classifica-
tion performance obtained in this work remained stable across

Fig. 3. Confusion matrix for imagined and articulated speech classi-
fication.
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TABLE V
CLASSIFICATION ACCURACY (%) REPORTED AS MEAN ± SD ACROSS ALL PARTICIPANTS FOR THE FIVE

IMAGINED-SPEECH EXPERIMENTS: E1:14-MULTICLASS (9 WORDS + 5 VOWELS); E2:WORDS-ONLY MULTICLASS (9
WORDS); E3:VOWELS-ONLY MULTICLASS (5 VOWELS); E4:WORDS VS. VOWELS (WORDS=0, VOWELS=1); E5:BINARY

CLASSIFICATION BETWEEN THE WORD Izquierda AND THE VOWEL /I/

Subject E1 E2 E3 E4 E5
1 13.37 ± 2.09 18.62 ± 3.67 29.44 ± 3.56 63.06 ± 3.12 80.67 ± 4.67
2 12.57 ± 1.00 19.23 ± 1.98 29.44 ± 3.56 67.36 ± 1.12 90.00 ± 6.15
3 11.58 ± 0.77 20.62 ± 1.97 26.94 ± 2.17 60.97 ± 3.43 74.67 ± 4.00
4 13.47 ± 0.91 17.23 ± 1.66 34.72 ± 3.98 64.44 ± 1.88 72.00 ± 4.00
5 30.87 ± 1.57 30.49 ± 1.75 39.33 ± 3.30 67.33 ± 2.00 60.56 ± 4.61
6 14.85 ± 2.23 22.73 ± 2.27 40.83 ± 2.50 64.79 ± 2.18 74.00 ± 8.00
7 12.87 ± 0.99 23.69 ± 2.40 28.33 ± 3.89 68.47 ± 2.41 68.00 ± 7.18
8 11.49 ± 0.91 18.46 ± 2.18 29.44 ± 3.97 63.19 ± 1.28 82.67 ± 3.27
9 13.66 ± 0.59 19.08 ± 2.40 27.22 ± 2.72 60.14 ± 1.97 70.00 ± 4.47
10 11.88 ± 0.89 17.23 ± 2.04 27.78 ± 3.29 60.69 ± 2.49 84.00 ± 8.00
11 13.73 ± 1.18 21.41 ± 2.25 31.03 ± 2.68 54.49 ± 3.21 72.50 ± 5.73
12 15.35 ± 1.49 21.54 ± 1.69 32.50 ± 4.13 62.36 ± 2.10 73.33 ± 4.22
13 12.28 ± 0.66 20.00 ± 3.30 32.78 ± 5.67 59.58 ± 3.37 66.00 ± 3.59
14 13.86 ± 1.47 22.92 ± 2.00 22.22 ± 4.12 64.31 ± 2.92 74.67 ± 6.53
15 16.14 ± 1.18 20.00 ± 1.38 35.00 ± 3.77 65.83 ± 2.58 79.33 ± 5.54
16 15.35 ± 1.01 19.69 ± 1.79 25.56 ± 3.47 69.44 ± 1.76 71.33 ± 6.00
Mean 14.58 ± 4.42 20.81 ± 3.11 30.79 ± 4.76 63.53 ± 3.72 74.61 ± 7.11

participants despite isolated acquisition errors. Although direct
electrode impedance comparisons with clinical-grade EEG
systems were not performed in this study, the obtained results
further support the feasibility of low-cost EEG systems for
imagined-speech decoding tasks.

C. Validation of the Proposed Dataset

According to the results presented in Table V, the five
experiments (E1–E5) provide clear evidence of discriminative
neural patterns in the proposed dataset.

E1 (14-class multiclass) achieved an average accuracy of
14.58% ± 4.42, which is more than double the theoretical
chance level (7%). Although this represents the most challeng-
ing configuration, combining all nine words and five vowels,
participants still produced separable patterns, a result rarely
reported in imagined-speech research due to the inherent
difficulty of large multiclass settings.

E2 (words-only multiclass) reached a mean accuracy of
20.81% ± 3.11, also above chance level and consistent with
findings from public datasets with comparable vocabulary
sizes. This outcome suggests that the imagined production of
Spanish words yields identifiable EEG signatures, even when
acquired using low-cost hardware.

E3 (vowels-only multiclass) yielded the highest multiclass
accuracy (30.79% ± 4.76). The superior performance with
vowels aligns with previous studies, which show that vowel
imagery typically produces clearer cortical activation patterns
than words, likely due to simpler articulatory representations.

In the binary configurations, E4 (words vs. vowels) obtained
63.53% ± 3.72, substantially exceeding the 50% chance level.
This separation reflects the strong contrast between the neural

processes underlying lexical items and isolated phonemic
units, despite both being acquired under the same protocol.

Finally, E5 (izquierda vs. /i/)—the most constrained binary
task—showed a mean accuracy of 74.61% ± 7.11, indicating
robust discriminability even between two linguistically related
prompts (a word beginning with the same vowel). This re-
sult reinforces the presence of consistent, class-specific EEG
patterns across participants.

Together, these outcomes demonstrate that the imagined-
speech EEG signals collected with the proposed acquisition
setup contain sufficient discriminative structure to support
both multiclass and binary classification, laying the foundation
for meaningful comparisons with public datasets in the next
section.

A Wilcoxon signed-rank test was conducted for all clas-
sification experiments to determine whether the observed
accuracies were significantly higher than their corresponding
theoretical chance levels. All comparisons yielded statistically
significant differences (p < 0.001). These results provide
strong evidence that the classifiers captured meaningful dis-
criminative EEG patterns rather than achieving the observed
performance through random chance.

Additional analyses were conducted to evaluate inter-subject
variability and its possible relationship with processed EEG
signal features. Metrics, including RMS amplitude, variance,
signal power, and beta-band power, were analyzed across par-
ticipants. The Shapiro–Wilk test indicated that the normality
assumption was rejected for all analyzed variables (p < 0.05).
Therefore, correlations were assessed using Spearman’s rank
correlation coefficient. No statistically significant correlations
were found between the evaluated EEG signal metrics and
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classification performance (all p > 0.05). Likewise, no
clear association was identified between reported channel
disconnections and classification accuracy. These observations
suggest that the observed inter-subject variability may be
influenced by subject-dependent neurophysiological and cog-
nitive factors, such as differences in attention, mental task
engagement, or consistency in imagined speech generation,
beyond the evaluated EEG signal features.

D. Dataset and Code Availability

The preprocessing scripts, segmentation procedures, and
baseline classification implementation used in this work are
publicly available in the project repository: https://github.
com/GracielaRamirezA/Imagined-Speech-in-Spanish.git. The
repository also includes instructions for dataset access and
reuse.

E. Comparison of Classification Performance with Public
Datasets

To contextualize the performance of the baseline classifica-
tion model on the proposed dataset, its results were compared
with classification accuracies reported for publicly available
imagined-speech EEG datasets. This analysis aims to assess
the relative discriminative capability of the proposed dataset
under comparable experimental settings.

In [25], the classification accuracy reported for Spanish
vowel imagery was 22.72%±1.81, whereas our baseline model
achieved 30.79%±4.76 when evaluated on the vowel segments
of the proposed dataset. Similarly, [25] reported an accuracy
of 19.6%±1.47 for the classification of six Spanish directional
words (arriba, abajo, derecha, izquierda, adelante, and atrás).
To enable a fair comparison under the same class cardinality,
the words adelante and atrás, which are not included in the
proposed protocol, were replaced by aceptar and cancelar.
Under this six-class configuration, the model achieved an
accuracy of 21.55%± 0.24 on the proposed dataset. Overall,
these results indicate comparable or improved performance
relative to the values reported in [25] for both vowel and word
classification tasks.

A similar analysis can be made with the dataset introduced
in [19]. In that study, the authors reported an accuracy of
49.0%±2.4 for the classification of the imagined English vow-
els a, i, and u, considering a subset of eight participants. When
the classification task was restricted to the same three vowels,
our baseline model achieved an accuracy of 50.00% ± 7.73
when evaluated across all 16 participants in the proposed
dataset. To further align the evaluation in terms of participant
count, the experiment was also performed on a subset of eight
participants, yielding an accuracy of 56.63%± 4.20.

The same study in [19] also reported a binary classification
task distinguishing long and short English words (e.g., out
vs. independent), achieving an accuracy of 80.1%± 8.0 when
evaluated on six participants. As these specific words are
not included in the proposed dataset, the Spanish words hola
(short) and izquierda (long) were selected to approximate the
characteristics of the task. Under this binary configuration,

the model achieved an accuracy of 75.87% ± 12.97 across
all 16 participants. When the comparison was restricted to six
participants to match the experimental setting of [19], the mean
accuracy increased to 90.45% ± 6.76, indicating comparable
or improved performance under matched conditions.

Finally, to compare the performance of the adapted clas-
sification architecture used in this study, the obtained results
were contrasted with those reported in [31], where the model
was evaluated on the dataset introduced in [24]. In that
work, a classification accuracy of 40.8% ± 3.6 was reported
for the discrimination of the words arriba, abajo, derecha,
and izquierda. When the number of classes in the Words
experiment of the proposed dataset was reduced to match
this four-class configuration, the baseline model achieved an
accuracy of 45.75%± 6.65. To further align the evaluation in
terms of participant count, the experiment was also performed
using the same number of subjects as in [31], yielding an
accuracy of 51.11%±5.12. Overall, these results indicate com-
parable or improved performance under matched experimental
conditions.

Although the obtained classification results remain moderate
in the multiclass configuration, the primary objective of this
work is not the development of a state-of-the-art imagined-
speech classifier, but rather the introduction and validation of
a new Spanish imagined-speech EEG dataset acquired using
low-cost hardware. In this context, the implemented classifi-
cation framework mainly serves to verify that the proposed
acquisition protocol and preprocessing methodology preserve
discriminative neural patterns suitable for imagined-speech
decoding. It should also be noted that the participant sam-
ple size, although comparable to those of publicly available
imagined-speech EEG datasets, remains relatively limited for
broad population-level generalization.

F. Channel-wise Ablation Analysis

This section investigates the contribution of individual
EEG channels to classification performance. A channel-wise
ablation study was performed across the five experimental
configurations by systematically removing one channel at a
time and evaluating the corresponding variation in accuracy
over 10 independent runs. Channel importance was computed
as the mean difference between the baseline accuracy and the
accuracy obtained after removing the corresponding channel.
Due to the high inter-subject variability commonly observed
in EEG signals, the study was conducted using Subject 5, as
this participant achieved the highest overall classification per-
formance. Fig. 4 presents the resulting topographic importance
maps.

The results revealed that the spatial contribution of EEG
channels varied depending on the evaluated task. In the 14-
class configuration (E1), channels FC6 and P7 showed the
highest importance, suggesting involvement of frontal-central
and parietal regions, whereas C5 showed limited contribution.
In the words-only experiment (E2), channels C5 and T7 were
among the most relevant, indicating the participation of central
and temporal regions, whereas Fp2 showed low relevance.
For the vowels-only task (E3), channels P8 and P7 presented

https://github.com/GracielaRamirezA/Imagined-Speech-in-Spanish.git
https://github.com/GracielaRamirezA/Imagined-Speech-in-Spanish.git
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TABLE VI
COMPARISON OF AVERAGE CLASSIFICATION ACCURACY (%) WITH PUBLIC IMAGINED SPEECH EEG DATASETS. THE

VARIABLE n DENOTES THE NUMBER OF PARTICIPANTS CONSIDERED IN EACH EXPERIMENT

Dataset E3 Words (6 classes) Vowels (3 classes) Long vs. Short Words Words (4 classes)
OA [25] (n = 20) 22.72 ± 1.81 19.6 ± 1.47 – – –
Arizona [19] (n = 8, 6) – – 49.00 ± 2.40 80.10 ± 8.00 –
TOL [31] (n = 10) – – – – 40.80 ± 3.60
Proposed (n = 16) 30.79 ± 4.76 21.55 ± 0.24 50.00 ± 7.73 75.87 ± 12.97 45.75 ± 6.65
Proposed (n = 8, 6) – – 56.63 ± 4.20 90.45 ± 6.76 –
Proposed (n = 10) – – – – 51.11 ± 5.12

Fig. 4. EEG channel importance maps obtained from the channel-wise ablation analysis for the five experimental configurations using Subject
5.

the highest importance, emphasizing the role of parietal re-
gions, while Fp2 exhibited negative importance values. In
the words-versus-vowels configuration (E4), channels P7 and
FT8 showed the strongest contribution, suggesting relevant
activity in parietal and temporal regions, whereas P8 exhibited
limited contribution. Finally, in the binary “izq” versus “/i/”
experiment (E5), channels F8 and P7 were identified as the
most discriminative, indicating the involvement of frontal and
parietal regions, while FC6 exhibited negative importance
values.

Overall, the identified discriminative channels were predom-
inantly located over frontal, temporal, and parietal regions,
which are spatially close to cortical areas associated with lan-
guage processing, including Broca’s and Wernicke’s regions.
According to the literature, these areas play a central role
in speech planning, phonological processing, and imagined-

speech generation [34]. Therefore, the observed channel im-
portance distributions are consistent with previously reported
neurophysiological findings in imagined-speech EEG studies.

V. CONCLUSION

This work presents the development of a new EEG dataset
for imagined speech, supported by a structured acquisi-
tion protocol that encompasses participant selection, stimu-
lus definition, experimental design, signal preprocessing, and
classification-based validation.

The obtained classification results indicate that the proposed
dataset preserves discriminative imagined-speech EEG pat-
terns suitable for baseline decoding tasks. Furthermore, the
implemented framework demonstrates the feasibility of using
low-cost, open-source hardware for imagined-speech analysis
under controlled experimental conditions.
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By releasing this dataset to the research community, we aim
to facilitate replication, benchmarking, and methodological im-
provements, encouraging collaborative progress in imagined-
speech decoding and accessible brain–computer interface re-
search.

As future work, we plan to investigate alternative
lightweight classification architectures that improve decoding
performance while maintaining low computational cost, en-
abling deployment on resource-constrained devices.

In summary, the proposed dataset constitutes a practical
and accessible resource for advancing imagined-speech BCI
research and has the potential to support the development
of assistive communication technologies for individuals with
speech impairments.
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