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Abstract
Silent speech interfaces aim at generating speech from biosig-
nals obtained from the human speech production system. In
order to provide resources for the development of these inter-
faces, language-specific databases are required. Several silent
speech electromyography (EMG) databases for English exist.
However, a database for the Spanish language had yet to be
developed. The aim of this research is to validate the experi-
mental design of the first silent speech EMG database for Span-
ish, namely the new ReSSInt-EMG database. The EMG signals
in this database are obtained using eight surface EMG bipolar
electrode pairs located in the face and neck and are recorded
in parallel with either audible or silent speech. Phone classifi-
cation experiments are performed, using a set of time-domain
features typically used in related works. As a validation refer-
ence, the EMG-UKA Trial Corpus is used, which is the most
commonly used silent speech EMG database for English. The
results show an average test accuracy of 40.85% for ReSSInt-
EMG, suggesting that the data acquisition procedure for the new
database is valid.
Index Terms: silent speech interfaces, human-computer inter-
action, EMG signals, speech processing, phone classification

1. Introduction
Silent Speech Interfaces (SSI) are devices aimed at generating
a speech signal using some of the biosignals generated by the
human organs while speaking silently [1]. Among several exist-
ing proposals, electromyographic (EMG) signals obtained from
the muscles of the face have been considered appropriate for the
task [2, 3]. As we talk (silently or not), a number of muscles of
the face and neck move in a coordinated way. The movements
are induced by small electrical voltages which can be captured
by the appropriate sensors carefully located on the skin.

A clear application area for SSI is as a communication aid
that provides a voice to people with speech disabilities [4].
These interfaces can also be used in situations where private
communications are needed [5, 6] or in noisy environments
where audible speech would be masked by the environmental
noise [7].

EMG signals obtained from the muscles of the face and
neck have been used to perform phone classification [8, 9], syl-
lable identification [10], word recognition [11, 12] and even
continuous speech recognition [13]. Attempts have also been
made to apply them in speaker recognition tasks [14, 15]. In
addition, efforts for direct speech generation from this kind of
signals have also been made [16, 17, 18].

Most of the works and databases for SSI have been devel-
oped for English (see [19, 20, 21] among others) although there
are also databases for other languages [22, 23, 10, 24, 25]. The
authors of this work are involved in a project with the aim of
developing an EMG based SSI infrastructure to allow the de-

velopment of SSI for Spanish, as described in [26]. In the cur-
rent paper we describe the first efforts made in the development
of such an infrastructure, namely the first phone recognition
results that validate the database design decisions mainly re-
lated to the acquisition equipment and electrode setup as well as
the recording corpus. The developed classification experiments
have been performed also using data from an existing database
(in English), as a way to validate the results. For that, the freely
available trial subset of the EMG-UKA parallel EMG-Speech
corpus [19] has been chosen. As described in section 6, the
obtained classification accuracy is promising and allows us to
continue confidently with the database recordings and to tackle
in the near future more complex problems such as direct EMG-
to-Speech conversion.

This paper is organized as follows. Section 2 describes the
recording setup. Section 3 and Section 4 describe the data used
in the classification experiments, which are detailed in section
5. The obtained results are presented and discussed in section 6.
Finally, we conclude the paper with a summary of the accom-
plished achievements together with present and future works.

2. Recording Setup
2.1. Recording procedure

The recordings are made in a sound-proof room, using a silent
computer to reduce the interference of the EMG-signals. The
EMG-signals are captured by a Quattrocento bio-electrical am-
plifier at a sampling frequency of 2 048 Hz and the speech sig-
nals are captured by a Neumann TLM103 (diaphragm) micro-
phone with a sampling frequency of 16 kHz. An audio interface
secures a synchronization signal between the EMG and the au-
dio signals. Additionally, video is captured in order to have
supplementary data and allow multi-modal experiments in the
future, but this modality has not been used in the experiments
described in this paper. For the acquisition and synchroniza-
tion of the audio and EMG signals, we are using the recording
system from Cognitive Systems Lab (University of Bremen)1.

In order to reduce inter-session variability in audio and
video, the positions of the microphone and video camera are
kept constant for all sessions. Additionally, a 3D mask with the
positions of the electrodes is made during the first session of
each speaker, and used in later sessions to also keep constant
the electrode locations. Also, speakers were instructed to speak
with a bit exaggerated articulation.

2.2. Electrode Setup

The final electrodes locations used were defined after perform-
ing a set of pilot experiments, consisting of a simple phone clas-
sification task for 100 consonant-vowel (CV) combinations. As
a result, the setup differs partially from that used in the EMG-

1https://github.com/cognitive-systems-lab/EMG-GUI
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Figure 1: Electrode locations for the ReSSInt-EMG database

UKA corpus. The pilot experiments consisted of a series of
different setups varying in the total number of electrodes and
electrode locations, based on various previous approaches in re-
lated research. In summary, all facial and neck muscles were
targeted, and the resulting setup contains those channels that
were contributing most in the phone classification task.

The muscles targeted in the EMG-UKA corpus, using six
channels, are (see [19]): Levator anguli oris (channels 2 and
3), Zygomaticus major (channels 2 and 3), Platysma (channel
4), Anterior belly of the digastric (channel 1), Tongue (chan-
nels 1 and 6) and Depressor anguli oris (channel 5). It must be
noted that channel 5 is not used in most of the phone recogni-
tion experiments performed with this database [27, 13, 28, 29].
However, it has been used in [30] for word recognition and also
for speaker identification [14] and speech to EMG conversion
[31, 32]. Therefore, this channel has been included in our own
phone recognition experiments.

For the ReSSInt-EMG database, a partially different setup
is used (see figure 1). First of all, there are eight channels, each
targeting a different muscle. The following three targeted mus-
cles are similar: Anterior belly of the digastric (channel 7), Zy-
gomaticus major (channel 5) and Depressor anguli oris (channel
6). Then there are two that are close or underneath the muscle
targeted in the EMG-UKA setup: Levator labii superioris (chan-
nel 1), Depressor labii inferioris (channel 4). The remaining
three are additional: Risorius (channel 3), Masseter (channel 2)
and Stylohoid (channel 8).

For the EMG-UKA corpus, both monopolar and bipolar
channels were used, whereas the ReSSInt-EMG database only
contains signals from bipolar channels. Furthermore, the elec-
trodes are of a different kind.

3. Materials
In this section we describe the two databases used in the exper-
iments. The first database is the EMG-UKA Trial Corpus for
English [19], which has been used as reference. The second
one is the new database we are currently developing for Span-
ish, the ReSSInt-EMG database.

3.1. The EMG-UKA Trial Corpus

The EMG-UKA Trial Corpus is a subset of the full EMG-UKA
Corpus [33] and includes four speakers and 13 recording ses-
sions (see Table 1 for details). There are three types of utter-
ances: audible, whispered and silent. For the experiments de-
scribed in this paper, only the EMG recordings with parallel
audible sentences were used. Each session includes 50 audible
sentences, with the exception of session 101 from speaker 002,
which contains 520 audible sentences. The sessions with 50
sentences are divided into a training set of 40 sentences and a

test set of 10 sentences. Session 101 from speaker 002 is divided
into 500 sentences for training and 20 sentences for testing.

Table 1: Session information for EMG-UKA and ReSSInt-EMG
databases

Database Speaker Session Gender Duration

EMG-UKA 002 001 M 3:29
002 003 M 3:24
002 101 M 26:04
004 001 F 3:23
006 001 M 3:45
008 001 M 3:19
008 002 M 3:06
008 003 M 3:02
008 004 M 2:50
008 005 M 2:41
008 006 M 2:40
008 007 M 2:38
008 008 M 2:42

ReSSInt-EMG 001 101 M 16:51
001 102 M 17:31
001 103 M 17:00
001 104 M 19:24
002 101 F 25:25
002 102 F 26:50
002 103 F 25:55
002 104 F 27:06
003 101 M 24:38
004 101 F 26:05

3.1.1. Database labeling

The phonetic transcription accompanying the EMG-UKA Trial
Corpus has been found partially incorrect, thus we have ob-
tained new phonetic transcriptions using the Librispeech lex-
icon together with some additional transcriptions for non-
existing words. Also, a new phonetic segmentation has been ob-
tained using Montreal Forced Aligner [34]. A set of 40 phones
is considered in our experiments. Initial and final silences have
been removed, but short pauses inside the sentences have been
included in the phone classification experiments.

3.2. The ReSSInt-EMG database

The goal of the project is to obtain recordings from eight to
ten speakers (including two laryngectomees) with four to eight
sessions each. As we are still in the process of data acquisition,
the data considered for the experiments described in this paper
consist of the first sessions recorded by four speakers, with a
total of ten sessions. The lower part of Table 1 shows the details
of the already recorded sessions. The duration corresponds to
the sum of the audio signals per session, after synchronization
with the EMG signals. In this section, we describe the contents
of the corpus and the details of the recorded sessions.

3.2.1. The corpus

In each recording session, three different kinds of items are
recorded, namely: non-sense words including VCV structures,
isolated words, and sentences. The sentences are taken from the
Sharvard Corpus [35] and from a text corpus called Ahosyn that
was developed to record TTS databases [36] (see Table 2). Both
sets are phonetically balanced.
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Table 2: Corpus information for ReSSInt-EMG sessions

Session Corpus

all 110 VCV combinations
all 100 isolated words
all Sharvard sentences 1-100
101 Sharvard sentences 101-400
102 Sharvard sentences 401-700
103 Ahosyn sentences 1-150
104 Ahosyn sentences 151-300

As can be seen in Table 2, the first 100 sentences of the
Sharvard corpus are repeated during each session. For the ex-
periments described in this paper, the last 20 of these sentences
have been assigned to the test set, in order to have a similar
test set size as in the longer session of EMG-UKA database
(002-101). The training set consists of the remaining sentences
recorded in that session, either 230 or 380, depending on the
session number.

One session from one speaker (002-102) was left out of the
experiments due to issues with the recordings.

3.2.2. Database labeling

Each speech utterance was aligned with the corresponding pho-
netic transcription using Montreal Forced Aligner. The phonetic
dictionary was created using the Aholab transcriber, which uses
the SAMPA phone set (30 different phones). As with EMG-
UKA, initial and final silences have been removed but short
pauses inside the sentences have been taken into account in the
classification experiments.

4. Feature extraction
The extraction of the EMG Time Domain (TD) features has
been done following the procedure proposed in [37]. Simi-
lar parameters with small variations have also been used in
[9, 38]. The frame-based features used are the following: the
time-domain mean of the nine-point double-averaged signal,
the power of the nine-point double-averaged signal, the time-
domain mean of the rectified high-frequency signal, the power
of the rectified high-frequency signal, and the zero-crossing
rate.

A window of 25 ms duration and 5 ms frame shift has been
used to extract the EMG features. A total of 5 x N features are
calculated for each frame, where N is the number of channels
(N=6 for EMG-UKA and N=8 for ReSSInt-EMG). In order to
add context information to the frames, the features of surround-
ing frames and the features of the current frame are stacked to-
gether. With this purpose, a stacking filter is used. The width of
the stacking filter indicates the number of adjacent frames be-
fore and after the actual frame. Since 5 TD features are being
calculated for each of the N EMG channels, the length of the
parameter vector assigned to each frame can be calculated as
N ·5 · (2k+1), where k = 15 is the width of the stacking filter
and N is the number of channels.

To reduce the dimension of the parameter vector, Linear
Discriminant Analysis (LDA) [39] has been applied, as in [38]
and [9]. For EMG-UKA, a reduction from 930 to 32 features
is performed, while for ReSSInt-EMG the features are reduced
from 1240 to 28. The difference in the number of phone classes
for each database partially explains the difference in the number

of features, since the maximum allowed number of features in
LDA reduction is the number of classes minus 1. We decided to
adopt the number 32 from previous work with the EMG-UKA
database.

For the classification task using acoustic features, MFCCs
have been extracted from the audio signals using a Hamming
window, calculating 13 coefficients for each frame. To obtain
the coefficients, a 30 filters filterbank has been used.

5. Experiments
The experiment consists in performing a phone classification
task from EMG signals. Phone classification experiments have
been previously performed with the EMG-UKA database ([9]
and [38]) and the results can be used as an indicator of the
database performance.

We used a bagging classifier [40], with 100 decision trees
as estimators and a required minimum of 50 samples in the leaf
node. We tried and compared other classifiers, such as neural
networks, GMMs, and bagging classifiers with different kinds
of estimators, but the chosen algorithm yielded the highest val-
idation accuracy. The classification was done in speaker- and
session-dependent modality. Cross-validation is performed us-
ing the K-Fold method, dividing the utterances in the training
subset into five groups. Five classifiers are trained, using four
different folds each time and testing them with the unseen fold.
Then the obtained results are averaged. Finally, a new classifier
is trained using all the training data, which is tested with the test
subset to obtain the test accuracy.

For the short sessions in EMG-UKA, the 40 sentences of
the training subset are used for the cross-validation experiments
while for the larger session 500 sentences are used. On the other
hand, the ReSSInt-EMG sessions have a maximum of 400 sen-
tences. From each session, 20 utterances are left out of train-
ing, to have the same number of test utterances as in the larger
EMG-UKA session. Then, 5-fold cross-validation is applied to
the 380 (Sharvard) / 230 (Ahosyn) remaining sentences.

6. Results and discussion
Tables 3 and 4 show the obtained results of the phone clas-
sification performed on the EMG-UKA Trial Corpus and the
ReSSInt-EMG database, respectively. Since the classification is
speaker-dependent and session-dependent, the results are shown
for each individual session. The tables show:

• The test accuracy based on the MFCCs (acoustic sig-
nals). They are provided as practical reference for the
general performance.

• The validation accuracy based on the EMG signals.
Since the K-fold validation method is used, the mean and
standard deviation of the accuracy results obtained with
each of the 5 folds is shown.

• The test accuracy based on the EMG signals.

All the shown accuracy values are frame-based. The results
for the long session 101 from speaker 002 have been underlined
in Table 3. Because of the different duration of this session, the
averages shown in the last line of Table 3 do not include that
long session.

Although not comparable because of the several differences
in the experimental framework (the new labeling and differ-
ent classifiers), the results we have obtained in the EMG-UKA
Trial Corpus are in the range of those presented in the literature
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[9][38]. It is worth to mention that in the EMG-UKA Trial Cor-
pus, the validation accuracy obtained for the shorter sessions
is on average similar to that of the long session in spite of the
differences in the amounts of training material. In any case, as
expected, the highest test accuracy has been obtained for the
longer session 101 from speaker 002.

The results for the ReSSInt-EMG sessions show some vari-
ability among speakers as well as among different sessions from
the same speaker, in spite of the effort done to avoid session
variability within speakers, by using the mask. However, this
variability is also observed in the results for the acoustic data,
so it cannot be directly related to a variation in the electrodes
locations.

A side-by-side comparison between the results of the ex-
periments performed on the two databases cannot be made, due
to the already mentioned differences in the experimental setup.
To start with, the languages are different, resulting in a differ-
ence in the number and type of phone classes (40 phones for
EMG-UKA vs. only 30 for ReSSInt-EMG). Furthermore, the
recording conditions and materials (number, type and locations
of the electrodes) used were not the same.

However, the goal of this research was to validate the ac-
quisition procedure of the new database. For this, we matched
the characteristics of the ReSSInt-EMG sessions with the one
larger EMG-UKA session in duration and used the same classi-
fier with the same features and parameters. The idea was that if
the new database obtains at least the same results as the refer-
ence database, then the new data is valid. The results show that
this is the case.

Finally, we would like to remark that the experiments
shown in this paper were performed using only sentences, to
match the corpus from the EMG-UKA database as much as pos-
sible. However, as described in section 3.2.1, the ReSSInt-EMG
sessions also contain recorded VCV combinations and isolated
words. Experiments that we performed using the VCV combi-
nation data only (not included in this paper) show a promising
average phone accuracy of 45.03%, with a maximum of 54.43%
for one of the sessions. Note that the data for these experiments
on average only include an audio duration of 58 seconds per
session (split into 80% for training and 20% for testing), thus
offering very good accuracy values even for very small amounts
of data.

Table 3: EMG-based phone classification validation and test
accuracy obtained with EMG-UKA corpus

Speaker Session MFCC
acc. (%)

EMG Valid.
acc. (%)

EMG Test
acc. (%)

002 101 52.87 26.82±0.35 28.32

002 001 44.04 23.26±0.97 19.99
002 003 45.07 28.11±1.20 25.69
004 001 40.81 20.63±0.75 16.14
006 001 45.44 22.11±2.03 22.26
008 001 44.13 29.75±0.50 25.94
008 002 43.47 29.50±0.88 24.08
008 003 41.25 27.08±0.92 22.78
008 004 43.97 28.55±1.29 23.63
008 005 44.77 29.37±1.29 25.81
008 006 42.99 29.43±1.67 25.79
008 007 43.05 28.33±1.29 23.17
008 008 40.05 27.21±0.48 24.77

average±std 43.25±1.65 26.94±3.02 23.33±2.76

Table 4: EMG-based phone classification validation and test
accuracy obtained with ReSSInt-EMG corpus

Speaker Session MFCC
acc. (%)

EMG Valid.
acc. (%)

EMG Test
acc. (%)

001 101 69.98 45.92±1.24 44.01
001 102 71.93 44.17±0.57 45.25
001 103 71.50 42.07±1.18 43.98
001 104 67.64 40.06±1.10 36.42
002 101 70.57 40.52±0.58 40.91
002 103 68.17 35.86±1.04 37.65
002 104 73.02 36.44±0.98 40.76
003 101 71.01 42.84±0.39 41.80
004 101 69.55 38.78±0.68 36.84

average±std 70.37±1.64 40.74±3.18 40.85±3.09

7. Conclusions and future works
In this paper we have presented the results of the first phone
classification experiments carried out on the new ReSSInt-EMG
database. For the creation of this new database we had to deter-
mine the acquisition setup, most importantly the type, number
and locations of the electrodes, the acquisition equipment and
the contents and duration of the recording sessions. To vali-
date the final setup, phone classification experiments have been
performed using similar experimental conditions for the new
database and a well known already developed database. The ob-
tained results provide reassurance on the established data acqui-
sition procedure and open the path to more complex tasks such
as continuous speech recognition or direct EMG-to-Speech con-
version.

As the recordings are still on-going, the analysis of session-
and speaker-dependency has been left for future works. For
this, also other architectures such as Deep Neural Networks are
being considered. Similarly, experiments will also be developed
using the EMG signals obtained in the silent speech modality.
Additionally, data from laryngectomees are yet to be obtained
and analysed.

Finally, the database also includes video recordings of the
face, to process the lips and the area around the lips. We ex-
pect that the video modality can provide additional information
for those cases where EMG signals are not sufficient (such as
tongue and lip movements).

The ReSSInt-EMG database will be made publicly avail-
able at the end of the project.
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