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Abstract
This study analyses muscular activity during speech produc-
tion, by modeling the root-mean-square (RMS) levels of elec-
tromyographic (EMG) signals. The data belong to a database
created to develop an EMG-based silent speech interface (SSI)
for alaryngeal speakers. A generalized additive model (GAM)
is used, which models non-linear relationships between vari-
ables. The results show that EMG signals of silent speech have
significantly higher RMS levels than EMG signals of audible
speech, suggesting that the speaker compensates for the lack of
auditory feedback by articulating more. However, a subsequent
qualitative comparison with the patterns associated with alaryn-
geal speech suggests that the audible speech of laryngeal speak-
ers may be more suitable for developing an SSI for alaryngeal
speakers. Further analysis into the different muscles and pho-
netic outputs indicates that a GAM analysis can be useful in
understanding the relationship between muscle use and speech
production.
Index Terms: speech muscles; electromyography; silent
speech interface; generalized additive model

1. Introduction
When something as valuable and important as communication
by speech production becomes impossible, it is no surprise
that the scientific community introduces alternative methods
of communication. For decades, people who have undergone
surgery to remove their larynx and thus can no longer produce
speech naturally, have relied on methods such as an electrolar-
ynx, or speaking with air coming from the stomach and gener-
ating vibrations with the esophagus (esophageal speech). How-
ever, in the current data-driven era, an advanced technological
approach has been introduced, namely the silent speech inter-
face (SSI). Silent speech refers to the act of articulating with-
out producing sound (i.e. mouthing). The main idea of an SSI
is that the user speaks silently while the interface predicts and
produces the intended speech based on so-called biosignals [1].
Using the appropriate sensing technique, these biosignals can be
taken from the brain [2], the tongue [3], and/or the muscles of
the face and neck [4]. For the last group, the sensing technique
is called electromyography (EMG) and measures the activity of
motor unit action potentials, i.e. the increase of electrical activ-
ity that results in muscle contraction. Despite various efforts to-
wards an EMG-based SSI, a ready-to-use practical interface that
does not rely on a large amount of user-specific data, has yet to
be developed. Most SSIs are trained on parallel EMG signals
and audio signals and then tested with EMG signals in silent
mode from laryngeal speakers [5, 6]. However, differences be-
tween EMG signals from audible and silent speech have been
reported, and are attributed to the lack of auditory feedback in

the case of silent speech, making this approach rather challeng-
ing [7, 8, 9, 10, 5]. To overcome this discrepancy, in the cur-
rent state-of-the-art SSIs have been trained on both audible and
silent speech, achieving a WER of 28.8% for EMG-to-speech in
English [11] and 95.5% accuracy when classifying 10 Chinese
digits [12], using data from a single speaker. However, although
models using voice conversion exist to restore speech for Span-
ish alaryngeal speakers [13], there is a lack of studies focusing
on EMG-based SSIs for this group of speakers. For English la-
ryngeal speakers, however, a study has shown that EMG-based
alaryngeal speech recognition is feasible, with a 10.3% average
word error rate [14].

The purpose of this study was to gain more insight into
muscle activity in different contexts, to ultimately get closer
to our final goal of developing an SSI for Spanish alaryn-
geal speakers. We used the EMG signals from a audio-EMG
database we created for this purpose [15]. We calculated the
root-mean-square (RMS) of each signal to represent the activ-
ity pattern of the muscle [16], and used a statistical method that
can identify non-linear patterns (GAM; [17]) to study the ef-
fect of different variables on the RMS patterns of the EMG sig-
nals. Our aim was to identify how individual muscles used for
speech production compare to each other, and if it matters how
the speech was produced (audibly or silently), by whom (laryn-
geal or alaryngeal speaker), and how small differences in the
(intended) phonetic output (Spanish noche compared to leche)
affect the EMG signals.

The next section provides an overview of the data used in
the study, how it was processed, and an explanation of GAMs
(Section 2). Then, we list the results of the experiments in Sec-
tion 3, and discuss them in Section 4.

2. Method
In this section, we provide details on the dataset we used in this
study (2.1), the data processing steps that were performed (2.2),
and the model we used to perform the experiments (2.3).

2.1. Overview of the data

The data used in this study is part of the ReSSInt database,
namely a list of 100 common Spanish words that was recorded
by nine speakers multiple times, either in audible or silent
speech mode. Out of the nine speakers, six were laryngeal
speakers and three were speakers who had undergone a laryn-
gectomy. In total, there are 48 repetitions of each word, namely
27 repetitions in audible mode, 17 repetitions in silent mode by
laryngeal speakers, and 4 repetitions in silent mode by laryn-
gectomized speakers. Every repetition refers to one session, in
which all 100 words were recorded once. For each word there
is one EMG signal for each of the eight muscles: anterior belly

IberSPEECH 2024
11-13 November 2024, Aveiro, Portugal

121 10.21437/IberSPEECH.2024-25



of the digastric (ABD), depressor anguli oris (DAO), depressor
labii inferioris (DLI), levator labii superioris (LLS), masseter
(MAS), risorius (RIS), stylohyoid (SLH), and zygomaticus ma-
jor (ZYG). The EMG signals were recorded in bipolar config-
uration with a sampling frequency of 2048 Hz. Figure 1 shows
where the electrode pairs on each muscle are located. See [18]
for more details on the acquisition procedure. In summary, there
are 38,400 signals in the selected data, namely eight EMG chan-
nels times 100 words times 48 repetitions.

Figure 1: Electrode setup in the ReSSInt database (copied from
[18]). 1: LLS, 2: MAS, 3: RIS, 4: DLI, 5: ZYG, 6: DAO, 7:
ABD, 8: SLH.

2.2. Data processing

The first step of data processing is filtering out all signals that
showed values below -30 or above 30 milliVolt (mV). When a
signal has values below or above these values, it is saturated and
is often a result of insufficient contact of the electrode with the
skin. We grouped the dataset in combinations of speakers, ses-
sions, and channels beforehand, so that if a channel showed un-
reasonably high mV values for one or more words, all the words
in that session were removed. After filtering, there were 28,574
signals left, meaning that 25.6% of the total available signals
were filtered out. Per group, these percentages are 23.3% for
audible speech, 27.2% for silent laryngeal speech, and 34.4%
for silent alaryngeal speech. Table 1 shows the number of re-
maining signals per channel and speech mode, as well as the
total. As can be seen, the DLI channel suffered the most loss
by filtering, which even resulted in zero signals in the case of
alaryngeal speakers. This channel is located under the mouth,
and the upper electrode was often affected by the arching of the
lower lip, resulting in the detachment of the electrode. When
one or more electrodes are not attached completely, this is re-
flected in the EMG signal with high amplitudes.

In the second step, the root-means-square (RMS) of the mV
values for each signal was calculated with a window size of 25
ms and a window shift of 5 ms.

During the third and final step, each signal was time-
normalized between 0 and 1, to account for varying speech
rates. The average signal duration was 1.57 seconds (1.56 sec-
onds audible; 1.61 seconds silent; 1.42 seconds alaryngeal) with
a standard deviation of 0.42 seconds.

2.3. Model

For the experiments, we used generalized additive modeling
(GAM; [17]), which is a statistical regression method that can
be used to model non-linear patterns. A GAM estimates the
relationship between the response variable and each of the pre-
dictor variables using non-linear smooth functions. The use of

Audible Silent Silent
Total laryngeal laryngeal alaryngeal

Before 38,368 21,568 13,600 3,200

SLH 4,696 2,596 1,700 400
MAS 4,596 2,496 1,700 400
ABD 4,397 2,497 1,600 300
ZYG 4,196 2,396 1,400 400
RIS 3,996 2,396 1,300 300
LLS 3,298 1,898 1,200 200
DAO 2,698 1,798 800 100
DLI 697 497 200 0

After 28,574 16,574 9,900 2,100

Table 1: Number of EMG signals per muscle and in total after
filtering, per group. The numbers before filtering are calculated
by multiplying the number of repetitions (sessions) by the num-
ber of words by the number of muscles (channels). The uneven
number in the audible data set results from four missing words
in the original data set.

non-linear smooth functions allows for more flexibility than a
traditional linear regression model. Consequently, GAMs are
able to capture more complex patterns while simultaneously
measuring the significance of potential effects or differences.
To prevent overfitting the training data, a penalty factor is in-
cluded, considering each smooth function’s effective degrees of
freedom (EDF). Higher EDF means a more complex or elab-
orate smooth function, which can be penalized to improve the
model’s generalization. Statistical significance is determined
using a threshold of α = 0.05, where p < 0.05 indicates sig-
nificant patterns. In contrast to a linear regression model, visu-
alization is required to interpret the patterns.

We used the bam function from the mgcv library [17] in R
[19] to fit the models and the itsadug library [20] to interpret the
results. We followed the approach described in [21] for model
fitting.

3. Results
In this section, we report the effects of the different variables
that each EMG signal differs in, namely word (3.1), speech
mode (3.2), and muscle (3.3).

3.1. Effect of word

In the following experiments, we have included all the 100
words. However, before proceeding to do that, it is essential
to ensure the EMG data collected adequately is able to distin-
guish between words as well. For this validation step, we se-
lected a minimal pair, namely the words noche [noÙe] and leche
[leÙe], which differ in pronunciation in the first part and are the
same in the last part. We fitted a model with the RMS values
as the response variable dependent on potential non-linear pat-
terns over time. We explicitly assessed the difference between
the time-based patterns for the two words via a binary difference
curve [21], while allowing for speaker-specific variations. The
goal was to assess whether a significant difference was captured
where it is to be expected, namely at the beginning of the word
pronunciations (i.e. where these differed in their pronunciation).

The results show a significant difference in the activation
pattern averaged across all muscles (p = 0.00118; see Fig-
ure 2), but also specifically for muscles LLS (p < 0.001), DAO
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(p < 0.001), ABD (p = 0.0182), RIS (p = 0.00238), and
ZYG (p = 0.0375) (not shown). In all cases, noche had higher
RMS values than leche, with the largest part of the significant
difference occurring in the first half of the time window. This
indicates that GAMs are adequately able to capture differences
in EMG patterns, and therefore can be suitably used to compare
different groups in the following sections.

Figure 2: RMS patterns for noche (red) and leche (blue) on the
left, and the difference plot on the right. The time window of the
significant difference is 0.16 - 0.60.

3.2. Effect of speech mode

To understand the effect of speech mode (audible or silent, for
the laryngeal speakers), we assessed the difference between the
time-based RMS patterns for the two speech modes via another
binary difference curve. Variations across speakers, muscles,
and words were accounted for by including those variables in
the model.

The results of this model show that the binary curve reflect-
ing the difference between audible speech and silent speech was
significant (p < 0.001). Figure 3 shows the two RMS patterns
and the difference plot indicating where the patterns signifi-
cantly differ. The pattern for silent speech shows higher RMS
values than for audible speech, with the difference being largest
(and significant) during the first third part of the word pronun-
ciation.

Figure 3: RMS patterns for audible speech (red) and silent
speech (blue) on the left, and the difference plot on the right.
The time window of the significant difference is 0.11 - 0.37.

As explained in Section 2.1, each EMG signal belongs to
one of three groups: the speakers with larynx (laryngeal speak-
ers) produced speech either audibly or silently, and the laryn-
gectomized (or alaryngeal) speakers spoke only in silent mode.

We fitted a second model, where we assessed the difference
between the alaryngeal speakers and the two speech modes of
the laryngeal speakers, again via binary difference curves. Fig-
ure 4 shows the smoothed RMS patterns over time for each
group. Although these patterns seem to appear different, the
results of the fitted model show no significant difference for
both comparisons (audible vs. alaryngeal: p = 0.195; silent
vs. alaryngeal: p = 0.260). However, the lack of a signifi-
cant difference is caused by the low number of speakers in the
alaryngeal group (only three speakers). Figure 4 shows that the
pattern for the alaryngeal group is much closer to the audible
speech than the silent speech of the laryngeal group.

Figure 4: RMS patterns over time for each of the three groups.
There is no significant difference between alaryngeal speech
(green) and the two types of laryngeal speech: audible (red)
and silent (blue).

3.3. Effect of muscle

We were also interested in the RMS patterns for each muscle
in the two different speaking modes. For this experiment, we
exclusively used the data from the speakers with a larynx and
fitted a model where for each of the eight muscles, the speaking
modes were contrasted. Variations across speakers and words
were accounted for. The results show that, except for RIS and
SLH, the patterns differ significantly along part of the trajectory
between the audible and silent production in the EMG signals
of the muscle. In all cases, the RMS was higher for the silent
production. Figures 5 and 6 visualize the RMS patterns of each
muscle in both modes and the difference between them. The
significant time windows are not highlighted in the difference
plots due to the different configuration of this model. However,
the parts where the area under the difference curve exceeds zero
are significantly different. The minimum and maximum RMS
values are kept constant for all graphs to allow for a better gen-
eral comparison of activity between muscles.
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Figure 5: Individual muscle differences between audible (red)
and silent (blue) mode for speakers with larynx, for the muscles
LLS, ABD, DAO and DLI.

4. Discussion
This study addresses several questions regarding the properties
of EMG signals during audible and silent speech production
among Spanish speakers. Through the analysis of EMG data
collected from both laryngeal speakers and laryngectomized in-
dividuals, the study aims to identify differences in muscle acti-
vation patterns in different contexts.

Our analysis reveals a significant difference in RMS pat-
terns between audible and silent speech modes of laryngeal
speakers, with higher RMS values for silent speech. This find-
ing is in line with previous studies, which have also reported
differences between these two speech modes [7, 8, 9, 10, 5]. We
believe that due to the absence of auditory feedback, the speaker
tries to compensate by articulating more when speaking silently.
When extending this analysis to the individual muscles, it ap-
pears that this difference is present in all muscles except RIS
and SLH. It remains an open question why the RIS and SLH
muscles do not show differences in RMS values between audi-
ble and silent speech, unlike other muscles.

Further analysis reveals no significant difference between
audible and silent speech from laryngeal speakers in compari-
son to alaryngeal speech. However, given the limited data from
laryngectomized individuals, an analysis with more data is re-
quired before drawing any representative conclusions. Interest-
ingly, the pattern of alaryngeal speech seems to be more similar
to that of audible speech from laryngeal speakers as opposed to
silent speech. If this trend proves to be significant in a larger
dataset, it could mean that using audible speech might be a bet-
ter approach to training an SSI for alaryngeal speakers than us-
ing silent speech from laryngeal speakers.

We were rather strict in our filtering process, as we de-
cided to remove all signals of a channel in one session if one
or more signals of that channel showed abnormally low or high
mV values. We made this decision to make sure that all signals

Figure 6: Individual muscle differences between audible (red)
and silent (blue) mode for speakers with larynx, for the muscles
MAS, RIS, SLH, and ZYG.

in the data used are of good quality, but we acknowledge that
we might have filtered out good signals as well. Nevertheless,
we were able to identify clear significantly different patterns,
even while being relatively conservative in our data selection
process.

For future research, we are interested in studying the RMS
patterns of signals of different phoneme groups. The first ex-
periment in our study, which compared a minimal word pair to
evaluate the suitability of using GAMs, already showed that this
kind of analysis can be used to highlight which muscles are acti-
vated based on differences in the phonetic output. A phone con-
fusion analysis with data from the same database as the one used
in this study [22], reveals confusion between pairs of phones
that only differ in the position of the tongue or the voicing fea-
ture. This is to be expected since important information from
the tongue and vocal cords is missing in surface EMG signals.
Further analysis of the activity of one or more muscles in spe-
cific contexts might be useful to identify potential relationships
between muscle use and the production of specific sounds. Sim-
ilarly, we would like to evaluate if the potential relationships are
similar across speakers, or whether each speaker has a unique
way of using their muscles to produce certain phone groups.
This information could then be used to improve the machine
learning-based SSI.
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