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Using Brain-Computer Interface to understand and
decode neural processes associated with imagined

speech
Duarte Mendes de Almeida

Abstract—Imagined speech plays a central role in human con-
sciousness, and its understanding is of great importance for the
construction of a speech-like Brain-Computer Interface (BCI).
Such BCIs would considerably benefit patients suffering from
severe conditions where they are unable to verbally communicate,
despite being fully conscious. The goal of this study was to build
a non-invasive closed-loop BCI for a vowel task. To this end, an
offline vowel / syllable / word task was designed to better under-
stand neural processes underlying imagined speech and evaluate
binary classification ability. We recorded six subjects brain
activities using electroencephalography (EEG) during the offline
task (listening to auditory stimuli and subsequently imagining
saying them) and performed a comparative analysis between
different classification approaches. The best method consisted
of a semi-automatic feature selection from a list of 41 EEG sub-
band spectral features, followed by principal component analysis
and nearest centroid classification. Using this method, vowel vs
rest average classification accuracies were 68.9 ± 12.4%s.d.
(best subject 85.5%) and 71.1 ± 12.7% (90.6%) for imag-
ined speech and auditory stimulation conditions, respectively
(p < 0.05). For the best pairs, vowel vs vowel corresponding
average classification accuracies were 58.7 ± 6.0% (63.5%)
and 60.4 ± 3.9% (65.9%). The online task, where users gener-
ated vowel speech imagery signals to control a ball on a screen,
resulted in 67.7 ± 10.9% (83.9%) classification accuracy for
the best pair. We conclude non-invasive speech imagery BCIs
are within reach, but their applicability still requires efforts in
signal acquisition, processing and classification improvement, and
in investigating the neural principles behind imagined speech.

Index Terms—Brain-Computer Interface, Closed-loop, Elec-
troencephalography, Non-Invasive, Speech Imagery.

I. INTRODUCTION

BRAIN-Computer Interfaces (BCI) are communication
and/or control systems that allow real time interaction

between the human brain and external devices, without
the need of peripheral nerve or muscle activation. Through
machine learning algorithms and pattern recognition, BCIs
are able to translate brain activity, predict a user's intents and
convert them into commands which control external devices.
BCIs are one of the top current emerging technologies, having
already achieved clinical success in rehabilitating patients
with severe conditions such as tetraplegia or locked-in
syndrome [1]–[4]. Using a BCI, such patients are able to
move a cursor on a screen [5], control a wheelchair [6]
and operate a prosthetic limb [7] or an entire exoskeleton
[8], among others. Interest for a speech-like BCI, which
would be able to assist conscious patients with covert speech

impairment in direct and natural communication have grown
over the past few years [9]–[12].
Inner speech is a common everyday experience. It plays
a central role in human consciousness at the interplay of
language and thought [13], and its understanding is of great
importance for the construction of a speech-like BCI. Until
now, speech BCIs mainly relied on invasive techniques, due
to their high signal-to-noise ratio (SNR). Electrocorticogram
(ECoG) and intracortical readings, have allowed decoding
vowels [11], syllables [14] and even some words [15], the
latter having been achieved with local field potentials (LFP).
For future clinical and commercial applications, it will be
essential to have a non-invasive speech-decoding BCI. A
pertinent approach is the use of electroencephalography
(EEG).
Most EEG-based BCIs have been focused on the motor
cortex, because it provides a greater SNR. On the other
hand, very few studies have explored speech BCIs [16], since
speech is regulated by a complex network highly dependent
on its content. Therefore, more efforts should be invested in
speech decoding. Thanks to the well-studied phenomenon
of neuroplasticity [17], EEG allows reinforcement learning
of the subjects with a BCI, while maintaining its minimally
invasive characteristics. Thus, if we were able to train a
speech-like BCI solely on EEG recordings, its application
would be more practical, without the requirement of a surgical
intervention.

A. Speech processing in the brain
There are two parts in communication: the sensory part,

i.e. language input, and the motor part, i.e. language output.
While the former requires sensory organs, such as ears and
eyes, the latter mainly involves vocalisation and its control
(which also requires sensory, e.g. auditory, feedback).
It is also possible to identify two main pathways for
communication. One consists of hearing and speaking, while
the other involves reading and speaking. In the first case the
sequence is as illustrated in figure 1:

• Reception in the primary auditory area of the sound
signals that encode words

• Interpretation of the words in Wernicke's area, the main
cortical area for language comprehension

• Determination of the thoughts and words to be spoken in
Wernicke's area
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Fig. 1. Neural pathway for perceiving a word and speaking the same
word. After hearing a word, sound signals are sent from the ear to the primary
auditory area. Upon reception of word-encoding signals, interpretation takes
place in Wernicke's area. Thoughts and words to be spoken are determined
in Wernicke's area, that then sends signals through the arcuate fasciculus to
Broca's area, inducing in the latter activation of motor programs for the control
of word formation. Finally, transmission of these signals to the motor cortex
allow articulatory muscle activation [18].

• Transmission of the signals from Wernicke's area to
Broca's area through the arcuate fasciculus

• Activation of the skilled motor programs in Broca's area
for control of word formation

• Transmission of appropriate signals into the motor cortex
to control the speech muscles

For a denser review on heard speech, spoken language and
reading processing in the brain, refer to [20].
Above, we have given a general view on speech processing in
the brain, namely on the lateralisation in the left-hemisphere.
However, several studies have shown both hemispheres play
a role in speech processing [10], [21], [22]. Indeed, a com-
monly accepted model for language processing is the dual
pathway model [23], which assumes parallel pathways for
left-lateralised-segmental and right-lateralised-suprasegmental
processing, and predicts relevant interactions. In this model,
segmental and suprasegmental information develop along dif-
ferent temporal frames, such that different analyses may con-
stitute some lateralisation to one of the hemispheres. The left
hemisphere is more strongly engaged in syntactic and semantic
analysis, which explains its critical role in language functions.

B. Brain-Computer Interfaces

A brain-computer interface (BCI) is a communication
and/or control system that allows a real-time interaction
between the human brain and external devices. The users
intentions, reflected by signals of the central nervous system
(CNS), are translated by the BCI system, which returns a
desired output: communication via computer or control of
an external device. The system measures CNS activity and
converts it to an artificial output which replaces, re-establishes,
enhances, complements or improves the natural output of the
CNS, and thus alters the interactions between the CNS and
external and internal environments [24].
The BCI system uses one of the abovementioned techniques
to record neurophysiological data, which then uses to control

an external device through different signal processing and
machine learning algorithms. The BCI system is composed
of five sequential components [25]:

• Signal acquisition
– Acquisition interface (e.g. electrodes for electrohpysi-

oligcal signals)
– Amplification
– Digitisation

• Feature extraction
– Filtering
– Extraction of the features to be used
– Artefact removal

• Feature translation
– Dynamic feature translation algorithm

• Classification
– Production of an output allowing operation of an

external device
• Feedback

– Audio-visual feedback produced by the interface or the
external device

A great variety of neurophysiological signals can be utilised
in vivo to describe brain activity and thus recorded and used
to create a BCI [25], [27]. The different signals have different
spatial and temporal resolutions, as well as different degrees
of invasiveness and noise susceptibility. Thus, according the
intended objective, different techniques are used.
In this work, we used EEG as a non-invasive alternative
to ECoG and LFPs to understand and decode imagined
speech. The major challenge of this technique is the low
resolution and high susceptibility to noise, as well as the high
complexity and low amplitude of speech-associated brain
signals. The main advantages which motivate the use of EEG
are its non-invasiveness, portability, and very low costs when
compared to other equipment required for other brain signal
acquisition techniques [29].
The classification and/or feedback components form an
interface with the output device. These five elements are
managed by the operation protocol, which determines the
interactive operation of the BCI system. Ideally, the operation
protocol should be flexible and complete. One should note
that, in a BCI system, there is simultaneous learning of the
two participants: human, i.e. the user's brain, and machine,
i.e. the computer built classifier. For this double learning, it
is necessary to have closed cycles, through feedback from
the system to the user (command execution, alarms, etc.) and
from the user to the system (specific brain signals).
Building a practical brain-based communication system
using imagined speech would have numerous applications,
be they in the clinical context (e.g. speech prostheses for
severely paralysed patients or locked-in syndrome), or for
extra-clinical purposes (e.g. silent communication method in
security and military applications). To achieve such a system,
however, further studies are required for better understanding
of imagined speech and assessment of how consistent brain
activity patterns are in word discrimination, across subjects.
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Finally, the findings obtained in ECoG should be validated in
non-invasive and inexpensive methods such as EEG, in order
to achieve a large-scale silent communication system.

II. OFFLINE TASK

In the hopes of contributing to the development of a non-
invasive speech-like BCI, we developed a first experimental
protocol in an offline setting. This was an explorative
work, since we did not know whether it would work, and
what would be the best approach. We investigated the
different features of speech, such as vowels — one of the
two main units of spoken speech formation, together with
consonants [34], [36] —, syllables — the main unit for
prosodic representation of speech [36], [37] —, and words —
which convey semantic information, and are the main unit of
sentences, the latter conveying complex information [10], [21].

A. Materials

1) Experimental protocol design: Each offline session was
composed of several trials, where the subject had to imagine
saying the vowel, syllable or word previously cued by an
auditory stimulus. The general organisation of each 7 s trial
for vowels/phonemes/words 486 to 504-trial sessions was as
illustrated in figure 2. Each session was organised in four
blocks. The number of trials per condition depended on the
subjects and was adapted along the way for reasons clarified
in the General Discussion:

• 6-9 control trials
• 24-36 vowel trials
• 0 or 48 syllable trials
• 8-72 word trials

When the visual cue was displayed on the screen, subjects
were instructed to imagine saying the vowel, syllable or word
they had previously heard: this consisted in the simultaneous
imagination of articulating, subvocalising, hearing what they
are saying. In addition, for words, subjects were asked to have
a visual representation of the word's meaning in their mind.
The goal of these complex instructions was for the subject to
imagine all phenomena that occur in overt (spoken) speech:
when one speaks, one must make use of one's articulatory
muscles and vocal cords to produce a sound; and hear the
sound one is producing and adapting its muscle activity so
that the produced sound matches the desired one (this process
is commonly called auditory feedback). Finally when one says
a word with a specific meaning, one is also thinking about
that specific word's meaning, since communication is the
main goal of speech, by conveying the semantic information
contained in words.
The set of stimuli was carefully chosen in order to maximise
chances of discriminating individual trials in EEG during
imagined speech. To this end, different criteria were used for
stimulus selection within the three stimulus categories, based
on literature review.

TABLE I
ARTICULATORY CHARACTERISTICS AND FORMANT FREQUENCIES OF THE

CHOSEN VOWEL SOUNDS

Vowel
Articulatory characteristics Formant frequencies

Height Backness Tenseness F1 F2

/ A: / Low Back Lax 785 1430

/ i: / High Front Tense 260 2152

/ u: / High Back Tense 318 1023

/ e: / Mid Front Lax 538 1892

2) Stimulus choice: We chose vowels present in the English
language that are further apart from each other in terms of
articulatory mechanisms and have distinct formant frequencies
(peaks found in the spectrum envelope of sound) [32], [35],
[38]. Table I summarises the chosen vowels, together with their
articulatory characteristics and formant frequencies [35], [39].
Henceforth, whenever the notation /. . . / is used, it refers to the
International Phonetic Alphabet (IPA) equivalent of American
English vowels, syllables or words.
Syllable and word selection criteria are not detailed here, since
they will not be fully developed, but all information can be
found in the full report.

The selected stimuli were recorded at 44.1 kHz by a native
American English speaker in an anechoic chamber. Post-
processing of the recorded stimuli was performed in PRAAT
software [44] and included length equalisation using Pitch
Synchronous Overlap and Add (PSOLA – 75 and 400 Hz
as minimum and maximum pitch, respectively) and ampli-
tude equalisation (average intensity). Possible alterations to
formant frequency were checked after length equalisation and
no detectable changes were found. After processing of the
stimuli, the auditory distance between stimuli was determined,
by computing the spectrograms of the stimuli and direct
comparison using the Euclidian distance. To this end, all
stimulus lengths were previously equated to 600 ms using
PSOLA (75 and 400 Hz as minimum and maximum pitch,
respectively). English fluency was assessed through LexTALE
test [46] (mean 75.2 %, standard deviation 10.5 %).

3) Data acquisition and pre-processing: EEG data was
acquired for six subjects at 2 kHz using a 64 electrode BioSemi
headcap. BioSemi amplifier and AD converter were used,
together with a USB2 receiver, which allowed to convert
optical data from the AD converter to a USB2 converter and
to include a trigger port. The trigger outputs, which could be
monitored through eegview software, allowed identification of
the different trials and intervals within a trial.
Vertical and horizontal electrooculography (EOG) was per-
formed in order to monitor for eye movement artefacts. Fur-
thermore, to assure no overt speech took place during the ses-
sion trials, both electromyography (EMG) and sound recording
were used. EMG was performed on musculi orbicularis oris,
risorius and depressor anguli oris.
Pre-processing of the collected EEG data included:

• Common Average Reference (CAR) re-referencing
method which allows the removal of broad effects. This
method removes the average of all electrodes from the
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Fig. 2. General organisation of a trial for the first offline experiment. Each trial was composed of a 2 s long pre-stimulus interval, followed by auditory
stimulation for 0.4 to 0.8 s. After the auditory stimulus, a blank interval (2.2 to 2.6 s) allowed to posteriorly evaluate brain activation in response to auditory
stimulation and to assure brain activity returned to baseline before speech imagination. A visual cue displayed on the screen for 2 s indicated the speech
imagery interval.

signal, since we are normally only interested in local
effects;

• Band-pass filtering from 1 to 30 Hz;
• Downsampling from 2 kHz to 256 Hz in order to reduce

computational costs;
• Epoching and detrending. The latter removes any linear

trend in the signal which might be caused by equipment-
related or setup effects.

B. Methods

Grand average analyses comprised PSD analysis
(periodogram and spectrogram) and focused mainly on
imagined speech vs rest, pairwise vowel and pairwise
consonant discrimination.
Offline classification was performed using three main
approaches: matched filter classification, frequency band
optimisation based on Bhattacharyya distance maximisation
followed by common spatial patterns (CSP) and a support
vector machine (SVM) classifier, and a semi-automatic feature
extraction method based on EEG sub-band spectral features,
followed by different classifiers. The latter outperformed the
others, and will be developed in the next section. For further
details about the other evaluated techniques, the full version
of the work is available at [URL].

1) Feature extraction and selection: Starting from an
arbitrary list of features, we selected the most discriminant
features for classification, which we then used as an input for
different classifiers. The initial list of features is essentially
based on complex combinations of power spectra. Concretely,
we took into account different physiological frequency bands
to construct the list of 41 features described in table II (here,
we used θ, α, β, β1, β2 and β3 for the normalised power
spectral density on those bands, to simplify the notation).

The most discriminant features and channels were selected
by computing the t-values of each of the 41 abovementioned
features over the training set. The selected features served
as inputs for different classifiers. The tested classifiers
were a random forest classifier, SVM, linear discriminant
analysis (LDA) and quadratic discriminant analysis (QDA),
principal component analysis (PCA) followed by nearest
centroid classification. The theoretical aspects about random
forests, SVM, and discriminant analysis are not described
here, but the reader can refer to [52], [53] and [54] for
additional information. Moreover, apart from these classifiers,

TABLE II
INITIAL LIST OF FEATURES

Sum St. deviation Ratio

∑
θ
∑

β1 σ(θ) σ(β1)

∑
α∑
θ

∑
β12∑
θ2

∑
β12+

∑
β22∑

θ2∑
α
∑

β2 σ(α) σ(β2)

∑
β22∑
θ2

∑
β22+

∑
β32∑

θ2∑
β
∑

β3 σ(β) σ(β3)

∑
β∑

θ+
∑

α

∑
β32∑
θ2

∑
β12+

∑
β32∑

θ2

Mean Sum of squares

∑
α∑

θ+
∑

β

µ(θ) µ(β1)
∑

θ2
∑

β12
∑

θ∑
α+
∑

β

∑
β12∑
β2

∑
β12+

∑
β22∑

β2

µ(α) µ(β2)
∑

α2
∑

β22
∑

β22∑
β2

∑
β22+

∑
β32∑

β2

µ(β) µ(β3)
∑

β2
∑

β32
∑

β2∑
θ2

∑
β32∑
β2

∑
β12+

∑
β32∑

β2

we also tested decision trees and neural networks as
potential classifiers, but they proved to be too biased and
too computationally expensive, respectively. In addition, their
classification accuracies were not better than chance level,
and therefore we did not discuss them any further.

2) Principal Component Analysis: PCA is a dimensionality
reduction method where the first K linear combinations of
input space coordinates that maximise variance within a data
set are selected. Equivalently, this means the directions over
which variance is maximal, i.e. the principal directions, are
found. Since we are interested in the variation about the mean,
we start by centring the data x̄ by performing:

x̃ = x̄− µ̄ (1)

where
µ̄ = 〈x̄〉 (2)

The covariance matrix of the data will then be given by:

Σx =
〈
(x̄− µ̄)(x̄− µ̄)T

〉
=
〈
x̃x̃T

〉
= Rx̃ (3)

where Rx̃ is the correlation matrix of the centred data.
It is fairly simple to demonstrate that the first K directions
over which variance is maximal correspond to the first K
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eigenvectors of the covariance matrix (i.e. the eigenvectors v̄i
associated with the K largest eigenvalues λi, i = 1, ...,K).
The first K principal components thus are:

pi = v̄i · x̃, i = 1, ...,K (4)

For a detailed demonstration, refer to [63]. This method
namely has the big advantage of reducing dimensionality,
thus simplifying our problem, reducing computational costs,
and allowing us to better visualise the data.

3) Evaluation: For classification accuracies, significance
was determined using two sample t-test statistical analysis
by comparing to a null distribution. Null distributions were
determined by randomly shuffling class labels over 1000
iteations and were well approximated by normal distributions
with a mean around 50% and standard deviation between 18
and 23% for binary classifications and mean around 25% and
standard deviation between 6 and 10% for 4-class classifi-
cations. Bonferroni correction was performed in all analyses
except for grand average analyses, due to their exclusively
informative nature.

C. Results

1) Grand average analyses: We first started by performing
a grand average analysis to obtain an insight on the general
behaviour of the recorded data. In a first step, we assessed
how to best discriminate between imagined speech and the
rest condition. An example of such an analysis is depicted in
figure 3. For all six recorded subjects, most informative areas
were found to be located in temporal regions, specially in the β
band, particularly β2 and β3 power, although in some subjects
θ and α activity also proved to be useful. Performing a similar
analysis over time led to an interesting observation, which is
illustrated by figure 4 for subject s4. Indeed, we observed
auditory stimulation and speech imagery condition showed
distinct similarities in terms of brain activation patterns, but at
different latencies. This is compliant with previous findings on
magnetoencephalography [48], where the authors showed that
speech imagery can be subdivided into articulation imagery,
observable at lower latencies, and hearing imagery, observ-
able at higher latencies. Unfortunately, we were not able to
clearly observe this shift, since our protocol was not perfectly
synchronous and since detecting when speech imagery occurs
precisely is not evident, due to the presence of noise and
evoked potentials.
We then determined which features allowed to best discrim-
inate between vowels. We found differences between vowels
in broad ares at specific frequency bands, namely β activity
in speech associated areas and θ and/or α activity with
broader effects. As for consonants, we were only able to
perform this analysis on two subjects, since we eliminated
syllable trials on the other four subjects, to reduce excessive
fatigue and cognitive demand of the experimental protocol.
Despite this, we found most information to be contained in
the α and β bands of areas surrounding Wernicke’s area.
However, because of the limited number of subjects used,
robust conclusions could not be drawn. Interestingly, certain

TABLE III
CONFUSION MATRIX OF DECODING VOWELS FOR IMAGINED SPEECH

(*p < 0.05, T: TARGET, P: PREDICTED).

T \P /a/ /e/ /i/ /u/

/a/ 32.88± 10.93* 25.76± 9.13 17.08± 1.23* 24.28± 4.65

/e/ 26.30± 4.85 27.00± 7.01 26.44± 4.71 20.26± 3.60

/i/ 24.30± 4.75 26.24± 3.67 28.18± 9.36 21.28± 5.58

/u/ 25.08± 8.04 20.00± 8.78 20.92± 2.99 34.13± 18.70*

language processing models, such as the dual pathway model,
postulate consonants are represented by activity in small loci
in the cortex, while vowels are characterised by broader effects
at specific frequency bands.

2) Vowel vs rest classification: Performing vowel vs rest
classification led to significant results in four out of six and
five out of six subjects for imagined speech and auditory stim-
ulation conditions, respectively. Overall results are depicted in
figure 5.

3) Vowel vs vowel classification: In a first approach, vowel
pairwise classification led to significant results for some pairs
of vowels. Results for each subject can be found in the full re-
port. Then, we tried discarding non-stereotypical vowel trials,
by training a vowel vs rest classifier, and removing all vowel
trials which were mislabelled as rest. Vowel trials which were
correctly classified as vowels (that we defined as stereotypical
vowel trials) were then used to train vowel vs vowel classifiers.
Classification performance improved substantially, achieving
significantly above chance results in five out of six subjects.
This process and its consequences are summarised in figure 6.
Motivated by these newfound results, we decided to attempt
four class classification for imagined vowels after discarding
non-stereotypical trials using vowel vs control classification.
Table III shows the obtained confusion matrix average across
all subjects except for subject s3 (the one subject who did not
improve its results to a significant level for at least one vowel
pair due to non-stereotypical trial removal).

4) Other stimuli: In consonant vs consonant classification
and animal vs food classification, significant results were
achieved in some subjects, but accuracies remained relatively
low. For this reason and since in many cases classification did
not perform above chance, results are not shown here, but can
be found by referring to the full report.

D. Discussion

As a general comment, performances obtained for the
different classifiers were, in many cases, at chance level.
In some cases, accuracy rose to a level significantly above
chance, but remained at relatively low levels, due to the
complexity of the signal and its high susceptibility to noise.
Nevertheless, some of the obtained results were comparable
to those found in the literature with similar setups [21], [33].
Although the described method consisted in selecting
from an arbitrary list of 41 PSD-based features, it had the
advantages of dealing with power-based features, without high
computational requirements, and more complex nonlinear
ones, e.g. standard deviation or ratio features, projecting our
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Fig. 3. Imagined speech vs rest discrimination at 24 Hz. Average PSD for the imagined speech (red) and rest (blue) conditions at channels FC5 (left)
and T8 (right) for subject s1. Shaded areas represent frequency bins where t-test results for the null hypothesis that the two samples have equal means was
positive (p < 0.01). Vertical lines separate δ, θ, α and β physiological bands. (Centre) Topographic map of the average power difference between the two
conditions at a frequency of 24 Hz. Only significantly different electrodes are plotted (p < 0.05): the power difference of the remainder was equated to zero.

Fig. 4. Auditory stimulation vs rest and imagined speech vs rest discrimination over time. Average power difference evolution over time between auditory
stimulation condition and control (AS) or speech imagery condition and control (SI) for subject s4. Only significant electrodes are plotted (p < 0.05). Times
0 correspond to beginning of the auditory stimulus and visual cue onset, for AS and SI conditions, respectively. Auditory stimuli were 0.4 to 0.8 s long. The
visual cue was on for 2 s.

Fig. 5. Imagined vowel vs control and heard vowel vs control classifier performances. Average classification accuracies for each subject and each
classifier using semi-automatic feature extraction. Error bars represent standard deviation.
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Fig. 6. Imagined and heard vowel vs vowel classifier performance after
discarding non-stereotypical trials. Average classification accuracies for
each subject and each classifier using semi-automatic feature extraction and
non-stereotypical trial removal based on vowel vs vowel classification results.
Speech imagery (SI) and auditory stimulation (AS) are represented before and
after non-stereotypical trial removal. Error bars represent standard deviation.

points into a new feature space where discriminability proved
to be higher (something that could not be achieved when
simply using concatenation of periodograms in all channels).
After feature selection, we tested different classification
algorithms in order to choose the best performing one.
Random forest classifier is a class of non-linear classifiers
that deal well with high dimensional training sets and, unlike
decision trees, do not tend to bias or overfit the training
set. However, previous works that dealt with EEG data
claim linear classifiers, such as LDA, tend to perform better
on high dimensional spatio-temporal data [57], and SVMs
have the advantage of using the kernel trick to avoid great
computational costs. Finally, although this might not be the
best practice, PCA prior to classification is, in some cases,
successful in reducing dimensionality (and thus the risk of
overfitting) without great loss of relevant information, as
was shown when decoding spoken words using local field
potentials (LFPs) [15]. When classifying vowels relative to
control (cf. Figure 5), four out of six subjects had average
(over all four vowels) statistically significant (α = 5%,
Bonferroni corrected) classification accuracies using the best
performing classifier (nearest centroid classifier after PCA, in
average). The best performing subject (s3) showed an average
classification accuracy of 85.2 ± 4.7%, while the worst one
of 55.6 ± 7.8%. Interestingly, / i / vs control classification
was significantly above chance for all six subjects (average
classification accuracy 72.1%), while the other three vowels
proved to be significantly discriminable from chance for four
out of six subjects. This is in line to what was observed
in the grand average analyses for phonemes which involve
movements of the back of the tongue against the palate.
Indeed, [14] also had highest classification accuracy for
vowel / i / in an overt speech task using ECoG. Despite
this, the best performing subject-specific vowel vs control
classification was for vowel / a / in subject s3 where accuracy
rose to 91.0%. Overall performances in vowels vs control
classification are far superior to previous studies dealing with

imagined vowels [33].
Better performances were achieved in the auditory stimulation
condition (cf. Figure 5): as predicted, it was easier to
discriminate auditory interpretation than speech intent. In
this condition, five out of six subjects had average accuracies
above chance level. Similarly to the speech imagery condition,
s3 was the best performing subject, with an accuracy of
90.6 ± 2.0% for the best performing classifier over all
subjects, and a maximum at 92.7% for / u / vs control.
We were able to classify at a significantly above chance
level certain pairs of vowels. Of these classifiers, the nearest
centroid classifier after PCA was the one that performed best
for the majority of the subjects, and was thus the one used
for the online experiment, where a vowel discrimination task
was implemented. Although performance was not as high as
when performing vowel vs control classification, these results
are in line with previous EEG studies on imagined vowels
[33], and performance was expected to increase with the
subjects learning during the online experiment. Interestingly,
a previous study [22] managed to consistently obtain above
chance-level results for vowel speech perception classification.
However, the mentioned study used an auditory steady-state
response (ASSR) paradigm, which, although usually results
in higher performance, also is less realistic and generalizable
than our simple natural length stimuli.
Here, for those pairs where classification was performed at
an above chance level, we determined features and channels
which were commonly selected for classification: globally,
both hemispheres were involved, although in many pairs,
information was only gathered in one of the two, with no
particularly distinguishable preference for a side; activity over
speech-associated areas, namely Broca's area and motor and
supplementary motor areas, was observed; most informative
bands were determined to be α and β (mostly β2 and β3),
although in some cases θ activity was used for classification.
These results corroborate our previous observations in the
grand averages analyses. More importantly, feature selection
was very consistent across iterations, validating the data as
coherent and the feature selection method as generalizable.
Discarding non-stereotypical vowel trials, i.e. vowel trials
incorrectly labelled as rest in a vowel vs rest classifier, led to
considerable increases in average classification performances
in all subjects for both speech imagery and auditory
stimulation conditions, except for one subject in the auditory
stimulation condition. However, only in five out of six subjects
did this result in significant imagined vowel classification
results. Discarding these trials corresponds to discarding
too noisy or too low activation trials, for instance. Indeed,
it is common-practice to discard non-stereotypical [15] or
excessively contaminated trials [58] when training classifiers
for BCI applications. When assessing 4-class classification
performance after non-stereotypical trial removal, we obtained
promising results (cf. Table III) with accuracies comparable
(but still inferior) to those obtained in previous studies using
ECoG [34]. Being able to reproduce results obtained with
more invasive techniques is a great encouragement to the
construction of a non-invasive speech-like BCI, and other
authors working with ECoG have appealed for reproduction
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of their results using non-invasive techniques such as EEG.
These significant results were very motivating for the
construction of an online experiment, where performance was
expected to increase thanks to subject learning capacity. The
best performing classification method, PCA followed by a
nearest centroid classifier, was thus the approach chosen for
an online setting. Given the complexity of speech decoding,
we chose to implement a vowel discrimination task to
control a BCI in an online setting, something which, to
our knowledge, has only been performed so far with more
invasive techniques, such as ECoG [11], [59].

III. ONLINE TASK

To study the applicability of a closed-loop non-invasive
speech imagery BCI, we designed a second experiment, in an
online setting. Note that, even though the offline results were
not promising, an online setting may result in improvement
for the following reason: while in an offline analysis an
algorithm learns from the electrophysiological data, in an
online experiment both the algorithm learns from brain
signals and the user learns how to better control the device,
i.e. how to better modulate his or her brain waves in order
for the algorithm to deliver the desired commands. This
is achieved through neurofeedback, where real-time brain
activity is used to display audiovisual feedback to teach the
subject self-regulation of brain function. Closing the loop
through neurofeedback allows mutual learning of human
and machine, thanks to neuroplasticity — this phenomenon
is responsible for changes is neural pathways and synapse
strength, playing a central role in learning and memory. The
subject will learn how to maximise his reward, i.e. reaching
the highest number of correct targets. This learning process is
commonly known in behavioural neuroscience and machine
learning as reinforcement learning.

A. Materials and methods

1) Experimental protocol design: We decided to optimise
our chances at discriminating between classes during the
online experiment by using the simplest of the previously
chosen stimuli: vowels. Moreover, vowels constitute one
sound, and thus speech and auditory imagery can be
maintained over a long period of time, which is beneficial for
online decoding. Finally, in the offline experiment, this type
of stimuli led to higher classification performance with regard
to other stimuli. The general organisation for this second
experimental protocol was as follows:

First part — Offline training
Since the protocol was not identical to the previous
experiment, we first designed an offline part for the protocol.
Like the first experiment, the subjects task was to imagine
saying vowels (including articulation, subvocalisation and
auditory feedback). However, instead of a visual cue
indicating when imagined speech should take place, a ball,
located in the middle of the screen at the beginning of each

trial, progressively moved towards a target. Four targets —
with four different colours —, each one corresponding to
a different vowel, were located on the screen (North, East,
South and West). At the beginning of a trial, an auditory
stimulus indicated the subject which vowel he or she should
imagine. The ball changed its colour to the one corresponding
to the target it should reach. Next, while the subject is
imagining saying this vowel, the ball moved towards the
corresponding target; once it reached it, an auditory feedback
returned the adequate response. The interval from which the
ball moves from the centre to a target was then extracted
to train the classifier on. In this part of the experiment, 30
trials were used per vowel, making a total of 120 trials, and
approximately 20 min. This was done in two 10 min blocks to
avoid excessive fatigue and cognitive demand. Subjects were
told the computer was merely assisting them, such that they
ought to have made their best efforts in accomplishing the
task. The classifier was trained on the offline data collected at
this point, and was used in the second part for classification.
Given the poor performance of the classifiers obtained in the
previous sections, we opted for binary classification in the
online setting. We had four vowel, corresponding to six vowel
pairs used to train six classifiers that were subsequently used
and tested in the online part of the experiment. We discarded
the most frontal (Fpz, Fp1, Fp2, AFz, AF3, AF4, AF7, AF8)
and most occipital (Iz, Oz, O1, O2, POz, PO3, PO4, PO7,
PO8) electrodes, due to their high susceptibility to EOG
artefacts.

Second part — Online testing
Once the six binary classifiers were trained, the online part
of this experiment was performed. To this end, only two
targets were presented on the screen (East and West), each
one of them corresponding to a vowel (in a given pair).
The general organisation of this part of the experiment is
illustrated by Figure 7. At the beginning of a trial, an auditory
stimulus indicated the subject which vowel to imagine, and
the ball changed its colour to the one of the corresponding
target. The graphical interface integrated the classification
output, to progressively classify a trial into one of two
classes: this corresponded to reaching one of the targets.
This allowed the user to continuously know whether the
classifier output corresponded to the desired one. Ideally,
the user would be able to modulate his or her brain signals
so that the classifier output a command corresponding to
his or her intents. In this part of the experiment, 25 trials
were used per vowel pair, with an additional 10 seconds
between blocks to allow the user some rest, making up a
total of 150 trials, and approximately 25 min. Duration varied
among subjects due to different levels of control over the BCI.

In both offline training and online testing, a 2 s delay
between stimulus onset and ball movement guaranteed the
signals being classified were indeed speech imagery and not
direct auditory stimulus response.

2) Adaptive online classifier: The choice of the online
classifier, a nearest centroid classifier after PCA, was based
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solely on classification performance and computational costs,
and will be discussed further. Six classifiers were trained per
subject: one for each pairwise classification. We made use
of an adaptation method based on Kalman filters for tracking
underlying non-stationarities from EEG features (which origin
from evolving noise as well as from changing brain patterns,
and are a frequent source of classification deterioration in
brain-computer interfaces [61]) in order to readjust centroid
position and eliminate biases. Kalman filtering is a recur-
sive algorithm that produces estimates of certain variables
based on a series of measurements containing noise and non-
stationarities (and other imprecisions). For a detailed expla-
nation, refer to Kálmán's original paper [62]. This adaptative
method to deal with non-stationary processes was successful
in helping obtaining unbiased classifiers only after a few test
trails for five out of six classifiers in three out of five subjects.

B. Results

Figure 8 groups classification accuracies per vowel pair.
When asked, three out of five subjects reported to have
substantial control over the BCI after a small number of
trials (initial adaption of the classifier), but also felt this
control deteriorated over time, which led to confusion and
demotivation. In order to assert this, we assessed feature
stability over time. An example of such an analysis is shown
in the full report. These observations were discussed in the
next section.
Subject s6 was not able to achieve a sufficient level of control
to reach any of the targets. Similarly, when testing the fourth
classifier (/ e / vs / u /), though bias was reduced after a
few trials (particularly relative to evidently biased classifiers,
such as / a / vs / i / or / i / vs / u /), the level of control
was substantially low, leading to high levels of cognitive
demand, fatigue and demotivation. Faced with this inability to
control the BCI, we decided to interrupt the online session for
subject s6. Despite this, the subject was capable of achieving
significant results in 1 out of 4 vowel pairs, suggesting he
might have been able to control the BCI after extensive
training over many sessions. However, the possibility this
subject is unable to control such a BCI is evident and urges
for solutions discussed in the General Discussion.

C. Discussion

For the reasons previously mentioned, PCA followed by
nearest centroid classifier was the chosen online classification
method. PCA is risky method to use, since it is not
a supervised method and we may thus be discarding
valuable information. Despite this, it was consistently the
best performing method and it has been used in speech
imagery by previous authors [15], [58] (but using different
measurement techniques). Furthermore, this method has
the advantage of reducing the dimension of the original
data, removing irrelevant and redundant information and
reducing computational costs [29], so we decided to keep this
procedure.
Previously gathered results, indicate the feasibility of a speech

imagery closed-loop BCI for a vowel task without the use
of an invasive technique. Indeed, for the best performing
subject and classifier — / e / vs / u / in subject s5 — a
classification accuracy of 83.9% was achieved, a performance
comparable with previous results obtained with ECoG [11].
Moreover, all subjects had at least one vowel pair with
significantly above chance classification accuracy. Further
improvements might result in performances in all equal
to invasive techniques, at least for such simple tasks, thus
potentiating the use of non-invasive techniques for speech
imagery BCIs. Despite some good results, we were not able
to successfully unbias all classifiers for all subjects, and some
others did not raise significantly above chance level. However,
due to observations in feature stability, we are led to believe
the adaptive classification may yet be altered to improve
classification outcomes considerably. Indeed, in several cases
an initial pronounced increase in feature discrimination
capacity (after one to eight trials of adaptation) was followed
by a progressive decline, indicating us either a) continuous
adaptation might not be the best possible strategy for long
periods of time — due to inability to select representative
information from irrelevant one and/or confusion of the
subject relative to how to best modulate his or her brainwaves
— or b) this particular method of continuous adaptation can
be improved or replaced by a more adequate one. Note that
the issue of initial improvement followed by deterioration is
not novel in online BCI context, when simultaneous learning
of human and machine occurs: indeed, since the two learn
at different rates, performance may actually decrease at
some point. A common solution to this problem is increased
training times, thus guaranteeing convergence of human and
machine.

IV. CONCLUSION

This work has led to significant insights into the
development of a non-invasive speech imagery BCI. Indeed,
not only were we able to reproduce and improve certain
results by previous authors, but we also achieved, for some
subjects, accuracies comparable to those achieved using more
invasive recording techniques. This leads us to believe that
once speech BCIs have been fully mastered using invasive
techniques, the knowledge gained from such techniques
will be translatable into non-invasive ones, especially with
the development of higher quality hardware and software,
allowing obtaining higher quality signals and more robust
processing, feature extraction and classification algorithms.
Moreover, this thesis developed what is, to our knowledge,
the first closed-loop non-invasive speech imagery BCI in an
online setting. It is of great importance to provide evidence
that subjects are capable of learning from such an interface,
so that future applications can take place, namely with
patients suffering from severe conditions, such as ALS. This
provides an alternative approach to more traditional motor
imagery BCI.
Parallel to some poor classification results, we have identified
problems that ought to be solved for a speech imagery
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Fig. 7. General organisation of the online experiment. At the beginning of each trial, an auditory stimulus indicated the subject which vowel he or she
should imagine. Subsequently, the ball on the computer screen changed its colour to match the one of the target the subject should reach. Electrodes placed
on the scalp will record vowel encoding brain signal, which will be processed and classified using a previously trained classifier. Classification output results
in commands that control ball movement on the computer screen, constituting a visual feedback to the subject. Moreover, features collected for new trials are
fed back to the classifier, thus adapting the model through Kalman filtering.

Fig. 8. Overall online classification accuracies. Box and whiskers plot over
all five subjects for classification accuracies obtained when classifying each
vowel pair in the online setting. Dashed red line represents chance level, i.e.
50%. Red dots and red segments represent means and medians, respectively.

BCI to be successfully implemented, namely for clinical
and commercial applications. An example of potential
improvement is found in the experimental protocol design
(stimuli, epochs, control), that might be changed to capture
the correlates of imagined speech more closely and to reduce
the fatigue and cognitive demand imposed to the subject.
Further findings on speech origin and construction ought to
prove useful in protocol elaboration. The poor SNR of EEG
remains the major obstacle to use this modality for BCI
purposes, especially when dealing with complex signals such
as imagined speech. The development of more sophisticated
hardware and software will prove to be fundamental. Finally,
additional information can be collected, either through the
use of alternate feature types and domains, combination
of multiple modalities, or use of different experimental
paradigms. The use of new information might lead to
substantial performance improvements.
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• Prof. Raúl C. Martins, for kindly accepting to be my co-
supervisor in IST, despite having never met me;



11

• All the members of CNBI, who welcomed me and
contributed with help and suggestions to my thesis, in
particular Christoph Schneider, who was kind enough to
provide me with the MATLAB code for Kalman filtering
for EEG applications;

• All the subjects who participated in the recordings re-
quired to develop this work.

REFERENCES

[1] L. a Farwell and E. Donchin, Talking Off the Top of Your Head, elec-
troencephalography and clinical Neurophysiology, vol. 70. pp. 510523,
1988.

[2] G. Gallegos-Ayala, A. Furdea, K. Takano, C. a. Ruf, H. Flor, and N.
Birbaumer, Brain communication in a completely locked-in patient using
bedside near-infrared spectroscopy, Neurology, vol. 82, pp. 19301932,
2014.

[3] G. Pfurtscheller, G. R. Mller, J. Pfurtscheller, H. J. Gerner, and R. Rupp,
Thought - Control of functional electrical stimulation to restore hand
grasp in a patient with tetraplegia, Neurosci. Lett., vol. 351, pp. 3336,
2003.

[4] A. H. Do, P. T. Wang, C. E. King, S. N. Chun, and Z. Nenadic, Brain-
computer interface controlled robotic gait orthosis., J. Neuroeng. Rehabil.,
vol. 10, p. 111, 2013.

[5] S. Kanoh, K. Miyamoto, and T. Yoshinobu, A P300-based BCI system
for controlling computer cursor movement, Proc. Annu. Int. Conf. IEEE
Eng. Med. Biol. Soc. EMBS, pp. 64056408, 2011.

[6] J. D. R. Milln, F. Galn, D. Vanhooydonck, E. Lew, J. Philips, and M.
Nuttin, Asynchronous non-invasive brain-actuated control of an intelligent
wheelchair, Proc. 31st Annu. Int. Conf. IEEE Eng. Med. Biol. Soc. Eng.
Futur. Biomed. EMBC 2009, pp. 33613364, 2009.

[7] L. R. Hochberg, D. Bacher, B. Jarosiewicz, N. Y. Masse, J. D. Simeral,
J. Vogel, S. Haddadin, J. Liu, S. S. Cash, P. van der Smagt, and J. P.
Donoghue, Reach and grasp by people with tetraplegia using a neurally
controlled robotic arm, Nature, vol. 485, no. 7398, pp. 372375, 2012.

[8] T. Sakurada, T. Kawase, K. Takano, T. Komatsu, and K. Kansaku, A BMI-
based occupational therapy assist suit: Asynchronous control by SSVEP,
Front. Neurosci., vol. 7, no. September, pp. 110, 2013.

[9] X. Pei, E. C. Leuthardt, C. M. Gaona, P. Brunner, J. R. Wolpaw, and G.
Schalk, Spatiotemporal dynamics of electrocorticographic high gamma
activity during overt and covert word repetition, Neuroimage, 2011.

[10] A. M. Chan, E. Halgren, K. Marinkovic, and S. S. Cash, Decoding word
and category-specific spatiotemporal representations from MEG and EEG,
Neuroimage, 2011.

[11] E. C. Leuthardt, C. Gaona, M. Sharma, N. Szrama, J. Roland, Z.
Freudenberg, J. Solis, J. Breshears, and G. Schalk, Using the electro-
corticographic speech network to control a brain-computer interface in
humans., J. Neural Eng., 2011.

[12] R. Raman, R. G. Thomas, M. W. Weiner, C. R. Jack, K. Ernstrom, P. S.
Aisen, P. N. Tariot, and J. F. Quinn, A Practical, Intuitive Brain-Computer
Interface for Communicating Yes or No by Listening, J. Neural Eng., vol.
23, no. 3, pp. 333336, 2010.

[13] M. Perrone-Bertolotti, L. Rapin, J.-P. Lachaux, M. Baciu, and H.
Lvenbruck, What is that little voice inside my head? Inner speech
phenomenology, its role in cognitive performance, and its relation to self-
monitoring, Behav. Brain Res., Jan. 2014.

[14] E. M. Mugler, J. L. Patton, R. D. Flint, Z. a Wright, S. U. Schuele,
J. Rosenow, J. J. Shih, D. J. Krusienski, and M. W. Slutzky, Direct
classification of all American English phonemes using signals from
functional speech motor cortex., J. Neural Eng., 2014.

[15] S. Kellis, K. Miller, K. Thomson, R. Brown, P. House, and B. Greger,
Decoding spoken words using local field potentials recorded from the
cortical surface., J. Neural Eng., vol. 7, no. 5, p. 056007, Oct. 2010.

[16] E. C. Leuthardt, J. Cunningham, and D. L. Barbour, Towards a Speech
BCI Using ECoG, in Brain-Computer Interface Research: A State-of-the-
Art Summary, 2013, pp. 93110.

[17] B. Kolb and R. Gibb, Searching for the principles of brain plasticity and
behavior, Cortex, pp. 110, 2014.

[18] A. C. Guyton and J. E. Hall, Textbook of Medical Physiology, in
Textbook of Medical Physiology, Eleventh E., Elsevier, Ed. 2006, pp.
714727.

[19] J. I. Skipper, S. Goldin-Meadow, H. C. Nusbaum, and S. L. Small,
Speech-associated gestures, Brocas area, and the human mirror system,
Brain Lang., vol. 101, no. 3, pp. 260277, 2007.

[20] C. J. Price, A review and synthesis of the first 20 years of PET and fMRI
studies of heard speech, spoken language and reading., Neuroimage, vol.
62, no. 2, pp. 81647, Aug. 2012.

[21] B. Murphy, M. Poesio, F. Bovolo, L. Bruzzone, M. Dalponte, and H.
Lakany, EEG decoding of semantic category reveals distributed represen-
tations for single concepts, Brain Lang., 2011.

[22] H. Obrig, S. Rossi, S. Telkemeyer, and I. Wartenburger, From acoustic
segmentation to language processing: evidence from optical imaging.,
Front. Neuroenergetics, vol. 2, no. June, pp. 112, 2010.

[23] A. D. Friederici and K. Alter, Lateralization of auditory language
functions: A dynamic dual pathway model, Brain Lang., vol. 89, pp.
267276, 2004.

[24] J. R. Wolpaw and E. W. Wolpaw, Brain-Computer Interfaces, Principles
and Practice, in Brain-Computer Interfaces, Principles and Practice,
Oxford University Press, Ed. 2012, pp. 311.

[25] J. N. Mak and J. R. Wolpaw, Clinical Applications of Brain-Computer
Interfaces: Current State and Future Prospects, IEEE Rev. Biomed. Eng.,
2009.

[26] G. Pfurtscheller, B. Z. Allison, C. Brunner, G. Bauernfeind, T. Solis-
Escalante, R. Scherer, T. O. Zander, G. Mueller-Putz, C. Neuper, and N.
Birbaumer, The hybrid BCI., Front. Neurosci., 2010.

[27] E. C. Leuthardt, G. Schalk, J. Roland, A. Rouse, and D. W. Moran,
Evolution of brain-computer interfaces: going beyond classic motor
physiology., Neurosurg. Focus, 2009.

[28] N. V. Thakor, Building Brain Machine Interfaces - Neuroprosthetic
Control with Electrocorticographic Signals, IEEE Life Sci. Newsl., 2012.

[29] L. F. Nicolas-Alonso and J. Gomez-Gil, Brain computer interfaces, a
review, Sensors. 2012.

[30] R. Rupp, A. Vuckovic, and C. Guger, Challenges in clinical applications
of brain computer interfaces in individuals with spinal cord injury, 2014.

[31] A. Mora-Cortes, N. V Manyakov, N. Chumerin, and M. M. Van
Hulle, Language Model Applications to Spelling with Brain-Computer
Interfaces, Sensors, vol. 14, pp. 59675993, 2014.

[32] J. Kim, S.-K. Lee, and B. Lee, EEG classification in a single-trial
basis for vowel speech perception using multivariate empirical mode
decomposition, J. Neural Eng., vol. 11, pp. 3601012, 2014.

[33] C. S. DaSalla, H. Kambara, M. Sato, and Y. Koike, Single-trial classifi-
cation of vowel speech imagery using common spatial patterns., Neural
Netw., vol. 22, no. 9, pp. 13349, Nov. 2009.

[34] X. Pei, D. L. Barbour, E. C. Leuthardt, and G. Schalk, Decoding vowels
and consonants in spoken and imagined words using electrocorticographic
signals in humans., J. Neural Eng., vol. 8, no. 4, p. 046028, Aug. 2011.

[35] A. Cutler, A. Weber, R. Smits, and N. Cooper, Patterns of English
phoneme confusions by native and non-native listeners., J. Acoust. Soc.
Am., 2004.

[36] M. Carreiras and C. J. Price, Brain activation for consonants and vowels,
Cereb. Cortex, 2008.

[37] S. Deng, R. Srinivasan, T. Lappas, and M. DZmura, EEG classification
of imagined syllable rhythm using Hilbert spectrum methods., J. Neural
Eng., vol. 7, no. 4, p. 046006, Aug. 2010.

[38] G. E. Peterson and H. L. Barney, Control Methods Used in a Study of
the Vowels, J. Acoust. Soc. Am., vol. 24, no. 2, 1952.

[39] M. Huckvale and UCL Division of Psychology and Language Sciences,
Vowels - PALS1004 Introduction to Speech Science, 2015. [Online].
Available: http://www.phon.ucl.ac.uk/courses/spsci/iss/week5.php.

[40] A. Caramazza, D. Chialant, R. Capasso, and G. Miceli, Separable
processing of consonants and vowels., Nature, 2000.

[41] J. M. Correia, B. Jansma, L. Hausfeld, S. Kikkert, and M. Bonte, EEG
decoding of spoken words in bilingual listeners: from words to language
invariant semantic-conceptual representations, Front. Psychol., 2015.

[42] N. C. Sanders and S. B. Chin, Phonological Distance Measures*, Journal
of Quantitative Linguistics. 2009.

[43] M. C. Cervenka, D. F. Boatman-Reich, J. Ward, P. J. Franaszczuk, and
N. E. Crone, Language mapping in multilingual patients: electrocorticog-
raphy and cortical stimulation during naming., Front. Hum. Neurosci.,
vol. 5, no. February, p. 13, 2011.

[44] P. Boersma and D. Weenik, Praat: doing phonetics by computer. 2015.
[45] S. Knecht, B. Drger, M. Deppe, L. Bobe, H. Lohmann, a Flel, E. B.

Ringelstein, and H. Henningsen, Handedness and hemispheric language
dominance in healthy humans., Brain, vol. 123 Pt 12, pp. 25122518, 2000.

[46] K. Lemhfer and M. Broersma, Introducing LexTALE: A quick and valid
Lexical Test for Advanced Learners of English, Behav. Res. Methods, vol.
44, pp. 325343, 2012.

[47] M. Epstein, N. Hacopian, and P. Ladefoged, Appendix B: Muscles
of the Speech Production Mechanism. [Online]. Available: http://www.
linguistics.ucla.edu/people/ladefoge/manualfiles/appendixb.pdf.



12

[48] X. Tian and D. Poeppel, Mental imagery of speech: linking motor and
perceptual systems through internal simulation and estimation., Front.
Hum. Neurosci., vol. 6, no. November, p. 314, 2012.

[49] K. C. Backer, M. a. Binns, and C. Alain, Neural Dynamics Underlying
Attentional Orienting to Auditory Representations in Short-Term Mem-
ory, J. Neurosci., vol. 35, no. 3, pp. 13071318, 2015.

[50] D. Heister, M. Diwakar, S. Nichols, A. Robb, A. M. Angeles, O. Tal, D.
L. Harrington, T. Song, R. R. Lee, and M. Huang, Resting-State Neuronal
Oscillatory Correlates of Working Memory Performance, PLoS One, vol.
8, no. 6, pp. 1416, 2013.

[51] J. A. Blimes, A Gentle Tutorial of the EM Algorithm and its Application
to Parameter Estimation for Gaussian Mixture and Hidden Markov
Models, 1998.

[52] L. Breiman, Random forests, Mach. Learn., vol. 45, pp. 532, 2001.
[53] B. Scholkopf, Statistical learning and kernel methods, Courses Lect.

Cent. Mech. Sci., no. March, pp. 324, 2001.
[54] G. McLachlan, Discriminant Analysis and Statistical Pattern Recogni-

tion. 1992.
[55] M. DZmura, S. Deng, T. Lappas, S. Thorpe, and R. Srinivasan, Toward

eeg sensing of imagined speech, in Human-Computer Interaction, New
Trends Lecture Notes in Computer Science (including subseries Lecture
Notes in Artificial Intelligence and Lecture Notes in Bioinformatics), vol.
5610 LNCS, 2009, pp. 4048.

[56] T. M. Mitchell, S. V Shinkareva, A. Carlson, K.-M. Chang, V. L. Malave,
R. a Mason, and M. A. Just, Predicting human brain activity associated
with the meanings of nouns., Science, vol. 320, no. 5880, pp. 11915, May
2008.

[57] F. Lotte, M. Congedo, a Lcuyer, F. Lamarche, and B. Arnaldi, A review
of classification algorithms for EEG-based brain-computer interfaces., J.
Neural Eng., vol. 4, pp. R1R13, 2007.

[58] K. Brigham and B. V. K. V. Kumar, Imagined Speech Classification with
EEG Signals for Silent Communication: A Preliminary Investigation into
Synthetic Telepathy, 2010 4th Int. Conf. Bioinforma. Biomed. Eng., pp.
14, Jun. 2010.

[59] S. Chakrabarti, H. M. Sandberg, J. S. Brumberg, and D. J. Krusienski,
Progress in speech decoding from the electrocorticogram, Biomed. Eng.
Lett., vol. 5, pp. 1021, 2015.

[60] P. Shenoy, M. Krauledat, B. Blankertz, R. P. N. Rao, and K.-R. Mller,
Towards adaptive classification for BCI., J. Neural Eng., vol. 3, pp.
R13R23, 2006.

[61] C. Schneider, Online Feature Discriminant Power Monitoring and Se-
lection, 2012.

[62] R. E. Kalman, A New Approach to Linear Filtering and Prediction
Problems, Trans. ASME-Journal Basic Eng., vol. 82, no. Series D, pp.
3545, 1960.

[63] L. B. Almeida, An Introduction to Principal Components Analysis, 2013.


