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Abstract—To enable communication for patients who have lost
the ability to speak due to severe neuromuscular diseases, covert
speech based brain-computer interfaces (BCIs) might be used.
These system use neural signals arising from covert speech and
translate them into text or synthesised speech. Covert speech is
imagining to speak without moving any of the articulators and
therefore does not rely on actual motor activity. As recognizing
covert speech from neural signals is extremely challenging,
machine learning algorithms are deployed. To make use of the full
potential of machine learning approaches in the �eld of decoding
covert speech and to accommodate real-world deployment of a
BCI, a large number of training samples is required to train the
networks.

In this study, a novel database is presented containing EEG
and audio data from 20 subjects recorded during the covert
and overt pronunciation of 15 Dutch prompts. To validate
the recorded data, two speaker-independent classi�cation tasks
were performed using a ResNet-50 algorithm as classi�er
with spatial-spectral-temporal features extracted from the EEG
signals. The speaker-independent three-class classi�cation of
pre-stimulus (rest) trials versus covert speech trials versus overt
speech trials obtained an average accuracy of 70.6% and the
speaker-independent �ve-class classi�cation of �ve covert vowels
(“aa”, “ee”, “oo”, “ie”, “oe”) obtained an average accuracy of
19.6%. Even though the �ve-class classi�cation task did not reach
an above chance level accuracy, the high performance reached by
the three-class classi�cation task provides support of the existence
of discriminative information in the covert speech segments to
decode covert speech in the future.

Future research should focus on EMG artifact detection and
on determining the performance per subject to improve the
dataset. Furthermore, subject normalisation strategies should
be investigated to address the challenges of subject-independent
covert speech decoding.

Index Terms—brain-computer interface (BCI),
convolutional neural network (CNN), Dutch covert speech,
electroencephalography (EEG), ResNet-50.

I. I NTRODUCTION

People who lost the ability to speak and cannot use
sign language due to severe neuromuscular diseases (e.g.,
severely paralysed people or patients of locked-in syndrome)
are strongly impaired in communicating with the external
world [1]. In many of these patients, the cognitive abilities

are preserved and the inability to communicate has a strong
adverse effect on their quality of life. For these patients,
brain-computer interfaces (BCIs) might enable communication
with the external world [2].

BCIs can offer a way of communicating by using neural
signals during covert speech. Covert speech is imagining
speaking without moving any of the articulators or making
any sound, so without relying on actual motor activity.
The standard modality for measuring neural signals with
BCIs is electroencephalography (EEG), mainly due to the
non-invasive nature, low costs, user-friendliness, and good
temporal resolution [3], [4]. For a covert speech based BCI, the
EEG recordings need to be decoded through signal processing
and classi�cation algorithms to allow the user to communicate.

The relationship between covert (imagined) and overt
(spoken) speech is still unclear. Generally, covert speech is
considered as truncated overt speech (i.e., interrupted speech
production). However, at what level this interruption exactly
occurs is still subject of much debate [5], [6]. Both covert and
overt speech tasks activate essential language areas (Broca's
and Wernicke's areas, inferior parietal lobule) and several
structures on the left and right hemisphere [5], [7], [8].
Some studies suggest that covert speech can be considered
as overt speech minus articulatory motor execution [9], while
other studies observed greater activity in several regions (e.g.,
middle temporal gyrus, left inferior frontal gyrus) during
covert speech in comparison to overt speech [10], [11].

Accurate classi�cation of covert speech from EEG is
dif�cult [12], [13]. Previous studies have tried to overcome
this dif�culty by deploying many different traditional machine
learning algorithms (e.g., support vector machine [14], linear
discriminant analysis [15], and random forest [16]) and
deep learning architectures (e.g., convolutional neural network
(CNN) [17] and deep neural network (DNN) [18]). To classify
covert speech from EEG signals, discriminative features must
be extracted. Among the features used for covert speech
decoding are statistical features (e.g., mean, variance, and
standard deviation) [19], wavelet domain features [20], [21],
and common spatial patterns (CSP) [22], [23]. Although
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previous studies have shown the potential of using machine
learning algorithms for decoding covert speech from neural
signals [12], [13], [24], [25], no combination of classi�er
and features has been proven to consistently achieve high
decoding performances [26]. A systematic search in literature
did show that CNNs provide the most promising results in
decoding covert speech from EEG. More speci�cally, ResNet
(Residual Network) algorithms [13], [27] outperformed other
well performing CNN algorithms (e.g., DenseNet [28] and
CNNeeg1-1 [12]) on covert speech classi�cation tasks in
both robustness and practicability. ResNet models are deep
CNNs based on residual learning. The ResNet architecture
uses residual blocks to solve the vanishing gradient problem
[29]. Pre-trained ResNet models are pre-trained on more than
a million images from the ImageNet database [30] to learn
features from these images. These models can be used in many
speci�c applications to reduce the need for sample size [31],
[32]. The network has learned a rich set of features but can
through �ne-tuning still learn features speci�c to the new data.

To exploit the full potential of machine learning approaches
in the �eld of decoding covert speech, a large amount of
training data for a particular task is required to train the
networks [33]. Multiple research teams have created these
types of datasets and some of them are openly shared (e.g.,
KARA ONE database [34], Coretto et al. (2017) [16] database,
and Nguyen et al. (2018) [35] database). The different datasets
are poorly comparable because the BCI devices used have
different number of channels, signal quality, and recording
devices. Furthermore, there is no internal quality control of
the data in the datasets (e.g., did the subjects truly perform
covert speech), which leads to training networks on poorly
labeled data [13], [14].

The main purpose of this research is to provide the scienti�c
community with an multi-class EEG and audio database of
covert and overt speech that could be used to better understand
the related brain mechanisms and ultimately develop a BCI
based on covert speech. As the research is conducted in
the Netherlands and because native and non-native language
processing differs [36], [37], the database will consists of
Dutch prompts. While publicly available datasets for covert
speech do for example exist for English [34], [35], [38] and
Spanish prompts [16], [39], to the best of our knowledge there
is no publicly available EEG dataset containing Dutch covert
prompts.

In this study, an experimental design is set up and executed
to provide a database containing EEG and audio recordings
during overt and covert pronunciation of Dutch prompts. The
Dutch prompts collected are a combination of vowels and
words. Most studies on decoding covert speech acquire covert
and overt speech data separately, which makes it dif�cult to
verify whether a subject truly performed the covert speech
task. In contrast to these studies, the covert and overt speech
tasks in this study are collected consecutively in a single trial.
By collected both covert and overt speech in one trial and
by limiting the duration of the covert speech task, behavioral
control can be applied to ensure the subject only imagines the

articulation of the presented prompt [40].
The EEG signals collected in the database are analysed by

performing two analyses aimed at demonstrating the potential
use of the data: a speaker-independent three-class classi�cation
task of pre-stimulus (rest) versus covert speech versus overt
speech and a speaker-independent �ve-class classi�cation
task of the covert vowels. For these classi�cation tasks,
spatial-spectral-temporal features are used to train a ResNet-50
algorithm.

II. M ETHODS

A. Subjects

Twenty healthy volunteers, 14 women and 6 men (mean age:
24.6 ± 1.0 years, range 23-26), participated in the experiment,
see Table VI (Appendix B). All subjects were adult native
Dutch speakers without speech, language, or cognitive
disorders, and with normal or corrected to normal vision. Two
subjects reported to be left-handed. The handedness of the
subjects is relevant due to the potential relationship between
handedness and language dominant hemisphere [41], [42].

The experiments were conducted at the faculty of
Mechanical, Maritime and Materials Engineering (3mE) at
the Delft University of Technology. This study was approved
by the Human Research Ethics Committee (HREC) of the
Delft University of Technology (#2265). All subjects received
a participation information letter and gave written informed
consent prior to the start of the experiment. The participation
information letter and the informed consent form can be found
in Appendix C.

B. Experimental Set-Up

In the experiment, EEG and audio signals were collected
during trials with both covert and overt speech. The subjects
were seated in a comfortable chair in front of a microphone
and a screen in a sound-attenuating room, see Figure 1. Visual
cues were presented on the screen to inform the subjects about
the speci�c task to perform. The visual cues were designed
using the Psychtoolbox-3 [43] running in MATLAB (The
MathWorks, Inc., USA). A webcam was used to provide a
way for the subject to communicate through hand gestures and
for the researcher to observe and intervene when articulatory
movements were made during the covert speech segments.
The choice to visually check for movements instead of using
electromyography (EMG) (e.g., on the superior and inferior
orbicularis oris) was made with the comfort of the subject in
mind and to ensure that the overt speech was not negatively
in�uenced by an overcomplicated experimental set-up.

The EEG data was collected using the TMSi SAGA 64+ at a
sampling frequency of 1024 Hz and the TMSi SAGA interface
for MATLAB. The docking station of the TMSi SAGA,
located outside the sound-attenuating room, and the data
recorder of the TMSi SAGA were connected using an optical
�ber, see Figure 2. A 64-channel BrainWave EEG Cap in�nity
was used where the electrode placement follows the 10-20
system [44]. An appropriate capsize was chosen based on the
head circumference of each subject and the gaps between
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Fig. 1. Experimental set-up in the sound-attenuating room. The subject is
wearing the EEG cap and sits in front of a microphone and a screen. The
screen shows the visual cues during the experiment. In this illustrative �gure,
no visual cue is given.

the scalp and the electrodes were �lled with ABRALYT
HiCl Abrasive Electrolyte-Gel. The electrode impedance was
checked, and the experiment was only started if the impedance
of all electrodes was less than 50 kOhm. During operation,
the input was con�gured as an average reference ampli�er,
meaning all signals were ampli�ed against the average of all
connected channels.

The audio was recorded using an Audio Technica
AT2020USB+ microphone at a sampling frequency of 44.1
kHz. To reduce popping sounds, a pop �lter was placed
between the microphone and the subject at 10 cm from
the microphone, see Figure 1. The mouth-to-mic distance
was approximately 30 cm and was kept relatively constant
by �xating the position of the chair and the position of
the microphone. Audio was solely recorded during the overt
speech task.

A computer, located outside the sound-attenuating room,
executes the stimulation protocol, and receives the sampled
EEG and audio data from the acquisition systems. A National
Instrument data acquisition set-up was used to send a trigger to
the TMSi each time a new visual cue was presented to simplify
the signal processing. Each prompt has a unique trigger value
for the different tasks, see Table VII (Appendix B).

C. Stimuli

The subjects participated in one single session in which
they were asked to perform covert and overt speech of 15
prompts. The prompts consist of �ve Dutch vowels and

Fig. 2. Experimental set-up. The subject was seated in a sound-attenuating
room in front of a microphone and a screen. A computer, located outside the
sound-attenuating room, controlled the stimulation protocol, and received the
sampled EEG and audio data from the acquisition systems. The EEG data was
collected using the TMSi SAGA 64+. A National Instrument data acquisition
set-up sent a trigger to the TMSi for each time a new visual cue is presented
to the subject.

ten Dutch words. The vowels are “aa”, “ee”, “oo”, “ie”,
“oe”. The speci�c vowels were chosen as these make up
the different corners of the Dutch vowel quadrilateral [45].
The ten words are �ve Dutch word-pairs that turn in each
other when read backwards. The ten Dutch words are: “taal”,
“laat”, “leeg”, “geel”, “niet”, “tien”, “toon”, “noot”, “soep”,
and “poes”, corresponding to the English words: “language”,
“late”, “empty”, “yellow”, “not”, “ten”, “tone”, “note”, “soup”,
and “cat”. The speci�c words contain the aforementioned
vowels and contain different consonants (e.g., nasals, plosives,
and fricatives) that are pronounced the same if they appear
at the beginning or at the end of a word. This selection
of prompts enables researchers to explore the effects of the
phonetic environment in EEG signals and can be used to
recognize the order of different phonemes.

D. Experimental Protocol

The full experimental protocol can be found in Figure 3.
The experiment consisted of multiple trials in which one of
the 15 different prompts was shown. As shown in the bottom
half of Figure 3, each trial (i.e., showing of a single prompt)
consisted of four successive segments: pre-stimulus (rest),
reading, covert (imagined) speech, and overt (spoken) speech.
The pre-stimulus (rest) segment was the period two seconds
before the onset of the visual stimulus (blank screen), during
which the subject was instructed to relax and was allowed to
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Fig. 3. Experimental protocol. The experiment consisted of 20 runs per subject. Each run consisted of 15 trials in which the different prompts were shown.
The order of the prompts was randomized for each run. A trial consisted of four consecutive segments of two seconds: pre-stimulus (rest), reading, covert
speech, and overt speech. At the start of each segments a different visual cue was shown on the monitor and at onset of this visual cue a trigger was sent to
the TMSi SAGA. During the experiments, black text was used on a dark-grey coloured background for the visual cues.

blink. This segment was followed by a two second reading
segment. For this segment, the prompt was shown on the
screen and the subject was instructed to only read the prompt.
During the following two second covert speech segment, the
prompt was shown in a thought cloud and the subject was
instructed to imagine the articulation of the prompt once
without emitting sound or making any articulatory movement.
The subject was told to focus on imagining the execution
of the different articulatory gestures. Lastly, during the two
second overt speech segment, the prompt was shown in a
speech balloon and the subject was instructed to articulate
the prompt once. During all segments except pre-stimulus
(rest), the subject was instructed to avoid moving, swallowing,
and blinking to reduce the presence of artifacts. To minimize
eye fatigue, black text was used on a dark-grey coloured
background for the visual cues. The subjects were instructed
to perform the speci�c task once right after the visual cue
appeared on the screen. By limiting the duration for covert
speech task and by collecting covert and overt speech in a
single trial, behavioral control can be applied to ensure that the
subject only imagines the articulation of the presented prompt
which they are expected to overtly pronounce in the same trial
[40].

The top half of Figure 3 shows the schematic representation
of the experimental timeline. Fifteen consecutive trials made
up one single run. For each run, the prompts (i.e., the 15
Dutch vowels and words) were randomized using a balanced
Latin square to reduce order effects and remove immediate
carry-over effects [46], see Table X (Appendix B). A single
session of the experiment consisted of 20 runs. Considering the
mental effort required for executing the covert speech tasks,
the experiment should not last more than approximately one

hour per subject. Increasing the number of runs per sessions
leads to fatigue and subsequent quality degradation of the
recorded EEG data. After the 20 runs, each subject therefore
performed each segments a total of 20 times per prompt.
To prevent boredom and fatigue, a three-minute break was
scheduled after every 5th run. Furthermore, the subject had
the possibility to ask for a break between each run to relax
and keep focus during the recording process. To ensure that
the subjects were familiar with the experimental protocol, the
experiment was explained and the different visual cues were
shown during the placement of the EEG electrode cap using
a test trial.

E. Data Pre-Processing

To clean, organise, and make the data ready for future
use, the raw data was pre-processed. The EEG data was
pre-processed and analysed with MATLAB (The MathWorks,
Inc., USA) using custom scripts and functions from EEGLAB
[47]. During pre-processing the following channels were
deleted: the status (channel not used during data acquisition),
counter (channel containing the sample numbers), M1,
M2 (unused reference electrodes), and any channels that
disconnected during the experiment. Other potentially bad
channels (e.g., noisy channels) were not deleted. If no channels
disconnected during the experiment, a total of 62 EEG
channels remain per subject.

The data was band-pass �ltered (Hamming windowed sinc
FIR �lter) between 1 Hz and 70 Hz to remove low-frequency
trends in the data and to remove artifacts related to EMG
activity by excluding the high gamma band [25], [35]. A
notch �lter (Hamming windowed sinc FIR �lter) between
49 and 51 Hz was applied to remove power line noise at
50 Hz. The �ltering was done before data segmentation and
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artifact removal. The data was re-referenced after �ltering
using the average reference. Then, the data was segmented into
trials (epochs) from 0.0 to +2.0 seconds after stimulus onset
based on the trigger values from the trigger channel. Epochs
containing eye blinks were marked using ERPLAB artifact
detection (moving window peak-to-peak threshold) [48]. To
preserve the original data as much as possible, as the relevant
features of the covert speech paradigm are still unknown, and
because there were enough epochs that did not contain any eye
blinks for the covert and overt speech trials, it was decided not
to use Independent Component Analysis (ICA) for the removal
of eye artifacts. No EMG artifact detection was done in this
study.

All �les are organized and named using the EEG extension
to the Brain Imaging Data Structure (BIDS) [49], [50]. The
database structure can be found in Appendix A.

F. Data Analysis

1) Pre-Processing and Channel Selection:Subjects were
excluded for the data analysis if they were left-handed, if
their data contained multiple noisy channels, and if more than
40% of the covert or overt trials were marked (i.e., contain
eye artifacts) during pre-processing. Only the pre-stimulus
(rest), covert speech, and overt speech segments were used
for the data analysis. The reading segments were not used
because multiple subjects indicated that they found it dif�cult
to differentiate between the reading task and the covert speech
task. These subjects were already focused on the different
articulatory gestures during the reading task in preparation to
the covert speech task.

Due to the onset of the microphone occurring between the
onset of the visual cue for the overt speech task and sending
the trigger for the overt speech segment, the overt trigger was
not sent to the TMSi SAGA directly after the visual cue of
the overt speech was shown, but approximately 0.06 seconds
later. As the trials were segmented based on these triggers,
the overt speech epochs were segmented from 0.06 to +2.06
seconds after stimulus instead of 0.0 to +2.0 seconds after
stimulus. To compensate for this delay and synchronise the
timeline of the three different segments (pre-stimulus (rest),
covert speech, and overt speech), the �rst 0.06 seconds of
the pre-stimuli (rest) and covert speech segments and the last
0.06 seconds of the overt speech segments were neglected for
the data analysis. The segment synchronisation approach is
visualised in Figure 10 (Appendix B). The segments are not
synchronised in the data saved in the database.

Based on the involvement of speci�c areas of the cortex
in language processing [18], [35], [51]–[53], the following 16
EEG channels were chosen to be used for the analysis in this
study (Figure 4):

1) FC1: Premotor cortex
2) FC3: Premotor cortex
3) Cz: Motor cortex
4) C4: Motor cortex
5) C3: Motor cortex
6) FC5: Broca's area

7) FT7: Broca's area, inferior temporal gyrus
8) F5: Broca's area
9) F7: Broca's area

10) C5: Wernicke's area, primary auditory cortex
11) T7: Middle temporal gyrus, secondary auditory cortex
12) CP3: Wernicke's area
13) CP5: Wernicke's area
14) TP7: Wernicke's area
15) P5: Wernicke's area
16) P3: Superior parietal lobule

The signi�cance of the channels covering Broca's and
Wernicke's areas for classifying covert speech has been shown
by multiple studies using common spatial patterns (CSP) and
event-related spectral perturbation (ERSP) [34], [35], [54].
Moreover, by discarding the EEG channels over the occipital
lobe, the interference of the visual cues on the EEG recordings
is greatly reduced as visual cues mainly elicit responses in the
occipital lobe [25], [35].

Fig. 4. Visualisation of the electrode placement according to the international
10-20 system with 62 channels. The sixteen EEG channels used in this study
are colored red.

2) Event Related Potentials (ERP):As a method to validate
the EEG signals collected in the database, the structural
differences between the segments are visualised through
averaging. The average of all epochs for the 16 pre-selected
channels of each segment (i.e., pre-stimulus (rest), covert
speech, and overt speech) for each subject were calculated to
visualise event-related potentials (ERPs) in time series. Due
to the high inter-subject variability in timing of speech, no
grand average between subjects was calculated. A peak or a
trough of the curve of the ERP waveshape is identi�ed as
an ERP component, which is thought to re�ect the maximum
activation of a brain process associated with a speci�c task in
information processing. The ERP components can be divided
into three main categories: exogenous, endogenous, and motor
components. Exogenous, or early components (e.g., P1, N1,
P2, and N2) are pre-attentive responses and are dependent on
the physical characteristics of the stimulus. These exogenous
components do not re�ect cognitive processing and mostly
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