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Abstract

The present work aims to classify the thought of the ve Spanish vowels measured by electro-
encephalograms (EEG) of 21 electrodes around the Broca’s area of the brain of 23 individuals.
This was addressed by the framework of spatial functional data, considering each EEG a
continuous curve in L? and performing functional kriging, several images were constructed
to apply classi cation techniques of machine and deep learning. Finally, both classi cation
routines on average achieve more than 91 % precision for each individual, considering that
each individual should have its own classi cation mechanism.

Keywords: EEG, spatial functional data, kriging, image classi cation.

Resumen

El presente trabajo tiene como objetivo clasi car el pensamiento de las cinco vocales del
idioma espanol medidas a traves de electroencefalogramas en 21 electrodos alrededor del
area de Broca del cerebro en 23 individuos. Para esto se empleo el marco de los datos espa-
ciales funcionales, considerando cada medicion EEG una curva continua en L? y realizando
kriging funcional, se construyeron varias imagenes para aplicar tecnicas de clasi cacion de
aprendizaje de maquina y profundo. Finalmente, ambas rutinas de clasi cacion en promedio
lograron una precision de mas del 91% para cada individuo, hay que tener en cuenta que
cada individuo debe contar con su propio mecanismo de clasi cacion.

Palabras clave: EEG, datos funcionales espaciales, kriging, clasi cacion de imagenes
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1. Introduction

Verbal thinking can be de ned as the subjective experience of language without overt and
audible articulation, though it is still a paradoxical phenomenon being studied in every eld

of cognitive science (Alderson-Day and Fernyhough, 2015).

For the purpose here, consider that imaginary speech is produced without any articulatory
movements (Schultz et al., 2017). This is identical to rst-person motor imagery of speaking,
in which the speakers should feel as though they are producing speech rather than simply
talking to themselves. Still, no agreement is made in the name, so it can be known by silent
voice, unspoken speech, etc.

Biosignals can provide a comprehensive description of speech processing by re ecting all
speech-related activities of the human body found in the brain. The peripheral nervous sys-
tem, the muscles, and the speech anatomy of articulation, phonation, and respiration can be
captured through a wide variety of sensors and techniques. Here, the focus is on the produc-
tion of speech as a result of brain activity. This can be measured based on its hemodynamics,
e.g., functional magnetic resonance imaging (fMRI), functional near-infrared spectroscopy
(fNIRS), or electrophysiological dynamics such as electroencephalography (EEG), microwire
electrodes, microarrays, magnetoencephalography (MEG) or electrocorticography (ECoG)
(Schultz et al., 2017).

In the case of EEG, it has desirable temporal properties to adequately characterize the
neural processing of speech production, but unfortunately, it is highly susceptible to myoe-
lectrical, motion, and environmental artifacts. Various authors use this measure, D'Zmura
et al. (2009) analyze results in which subjects produce in their imagination one or two sy-
llables using envelopes in three frequency bands and spectral features, showing that EEG
provides considerable information on imagined speech in the experimental setting. Porbad-
nigk et al. (2009) use EEG for recognizing unspoken speech, as Wester (2006) propose. They
perform feature extraction by reducing dimensionality through linear discriminant analysis
and a classi er based on hidden Markov models, concluding that this methodology is not
well suited for the task.

On the other hand, DaSalla et al. (2009) present a similar approach to the present work.
This endeavors to exploit the speech-related potentials to control a speech prosthesis. Their
study consists of recorded EEG imaginary speech of the English vowels /a/ and /u/ and
a no-action state as a control. They applied bandpass Iters, designed spatial lters that
produce new time series optimized for discrimination, and used a nonlinear support vector
machine to classify the feature vectors into the three tasks, reaching up to 78 % accuracy.
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Speech recognition from electrical brain signals has so far been limited to the laboratory en-
vironment. The slow nature of the hemodynamic response, the noisy environment, and the
large chamber required for fMRI signi cantly limit its utility for practical communication
interfaces (Schultz et al., 2017). Despite the disadvantages of EEG for studying speech, it
remains the most common technique used in Brain-Computer Interfaces (BCIs) for commu-
nication that can be accessible (Dietrich et al., 2010). A review of this paradigm is done by
Abiri et al. (2019).

The BCls are devices that allow direct communication between the central nervous system
and external devices without peripheral nerve dependency. Nowadays, these are used in
several elds. Bubrka and Gontean (2016) makes a detailed review. The interest here is in
restoring functions, Patil and Turner (2008) show enormous advances in prosthetic control.
See (Hochberg and Donoghue, 2006) for many methods used for re-enabling mobility in
people with severe paralysis.

One of the stages of a BCI system consists of the signals' classi cation so that the control
interface translates them into meaningful commands for any connected device. As expec-
ted, the choice of a good discriminant is, therefore, essential in achieving e ective pattern
recognition and deciphering the user's intentions (Nicolas-Alonso and Gomez-Gil, 2012).
Lotte et al. (2018) makes a wide review of the classi cation techniques that have been used
to achieve the goal, based mainly on the signals' feature extraction and selection. They
present the main challenges faced ten years ago due to the low signal-to-noise ratio of EEG
signals. Mainly, they are non-stationarity over time, same-user EEG signals varying between
or within runs, the limited amount of training data to calibrate the classi ers and the overall
low reliability and performance of current BCls.

Although new methods are appearing and some of these approaches have shown improve-
ments, future work must focus on developing more robust and consistently e cient algo-
rithms. These must be easy and online to try with small training samples, noisy signals, and
high-dimensional and non-stationary data.

This work proposes an alternative framework to classify EEG signals using spatial functio-
nal data analysis (SFDA) to have a classi cation rule that could potentially be useful in
prostheses.

This document follows with a data description, a literature review, and the methodological
setup. The document ends with the results, concluding remarks, and future work.



2. Real data

The data considered in this work is based on the studies done by Sarmiento et al. (2021) and
Ghane (2015). Data consist of EEG signals taken from 21 electrodes (see FigvE) from
imaginary thinking of the ve Spanish vowels, to be applied into a BCI for a hand prosthesis.
Several methodologies from di erent areas, such as deep learning, have been proposed, and
other approaches with electrophysiological data have been applied in the time and frequency
domain or accounting feature extraction working with time series or multivariate data. We
present here a novel approach based on spatial functional data analysis (FDA) and the nature
of EEG signals.

Figure 2-1 .. Electrodes positions for EEG recording signal. Source: Ghane (2015)

2.1. Language in the brain

How the brain processes language is very complex and has been studied since the late ni-
neteenth century. Researchers have identi ed the location of language in the human brain
mainly in two language centers, which are both located, in most people, on the left side of
the brain. These are Broca's area, tasked with directing the processes that lead to speech
utterance, and Wernicke's area, whose main role is to decode speech.

Broca's area, named after Paul Broca and his observations of patients with brain damage
who also had language limitations, is responsible for the motor functions that allow the
formulation of syllables with the mouth. Wernicke's area, named after Carl Wernicke, is
responsible for understanding language. These two regions, together with the basal nuclei,
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form a language implementation system that analyzes words that are heard and produces
our own speech in response; this process is explained by the Wernicke-Geschwind model
(Professor Dave Explains, 2020).

Although the model is still a simpli cation of what is happening in the brain, the main
idea is the same, whether hearing someone else speak a word or reading the word. The
mental lexicon in Wernicke's area recognizes the word and correctly interprets it according
to the context. Then, to pronounce this word, this information is transmitted via the arcuate
fasciculus. This is the path between the two areas, to a destination in Broca's area, which
plans the pronunciation process that is routed to the motor cortex, which controls the muscles
to pronounce the word (Dubuc, 2023).

In the experiment performed without the articulation of the word, in this case vowels, it is
still the left hemisphere, and the two areas discussed are the main parts of its processing.
This is the reason for displaying the 21 electrodes along these areas and the path in between.
The EEG extracts the signal measures that are most related to the thought of the vowel
that is included in how the human brain processes language.

2.2. Description

Twenty-three individuals were told to think about how they would say each vowel without
producing any soundor 3 seconds with another 3-second break. This was performed 11 times,
and the scale of the recording device was 500 Hz, meaning that each ve hundred points
measured correspond to a second of thought. Then, by selecting the time points where the
thought was held, a total of 15 thousand observations are obtained, that is, 3 seconds by 500
points by 10 times (the rst one is a relaxation time). Finally, for each individual, vowel,
and electrode, a single time series is constructed for 30 seconds, of the obtained voltage for
the vowel's thought.

The correspondent signals of the rst individual are displayed in Figure2-2 and 2-3. These
show the characteristic noise in the EEG record over the 21 electrodes, with higher varia-
bility for some electrodes and vowels. For instance, the vowel /O/ has lower variability for
electrodes 12, 15, 16, 17, and 18, while the vowel /A/ has higher variability for electrodes 4,
5, and 10. Moreover, some peaks of the signal are presented at the beginning or end, as in
the case of electrode 20.

The spectrograms performed by fast-Fourier-transform for the electrodes are also depicted
for the rst individual in Figures 2-4 and 2-5. Here are some common waves present in the
brain during the thought of the vowel: waves such as Theta oscillations (approx. 4-12 Hz)
are associated with spatial processing and memory, and con ict and error processing; Beta
(approx. 13-30 Hz) with motor control, stopping actions, and protecting working memory
content; Gamma (approx. 40-80 Hz) with cognitive processing and working memory load and
oscillations with higher frequency are involved in memory consolidation processes (Buzsaki
and da Silva, 2012).
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Related to speech and language, Roehm et al. (2001) show the role of alpha and theta osci-
llations in a reading task, while Arnal et al. (2016) shows that gamma oscillations are more
related to the auditory cortex. In this case, where no sound is produced, the 21 electrodes
show a clear frequency over time near 200 Hz. There is more noise in some of them that
also have lower frequencies, which could be related to the capture of EEG signals of several
brain processes happening where other oscillations are present. However, this high frequency
is likely related to retaining the thought of the vowel for the time given.
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Figure 2-2 .. EEG recording signal for the rst individual electrodes 1 to 11 (columns) and
each vowel (rows)
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