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Abstract
Silent speech interfaces (SSIs) are devices that convert non-

audio bio-signals to speech, which hold the potential of recov-
ering quality speech for laryngectomees (people who have un-
dergone laryngectomy). Although significant progress has been
made, most of the recent SSI works focused on data collected
from healthy speakers. SSIs for laryngectomees have rarely
been investigated. In this study, we investigated the recon-
struction of speech for two laryngectomees who either use tra-
cheoesophageal puncture (TEP) or electro-larynx (EL) speech
as their post-surgery communication mode. We reconstructed
their speech using two SSI designs (1) real-time recognition-
and-synthesis and (2) directly articulation-to-speech synthesis
(ATS). The reconstructed speech samples were measured in
subjective evaluation by 20 listeners in terms of naturalness and
intelligibility. The results indicated that both designs increased
the naturalness of alaryngeal speech. The real-time recognition-
and-synthesis design obtained higher intelligibility in electro-
larynx speech as well, while the ATS did not. These prelimi-
nary results suggest the real-time recognition-and-synthesis de-
sign may have a better potential for clinical applications (for
laryngectomees) than ATS.
Index Terms: silent speech interfaces, alaryngeal speech

1. Introduction
Silent speech interfaces (SSIs) are devices that enable speech
communication when audible speech signals are unavailable
[1, 2, 3], which have the potential of recovering quality speech
for people who are unable to produce speech sounds but can still
articulate (e.g., laryngectomees). Currently, laryngectomees
primarily use three types of alaryngeal speech for their daily
communication: electro-larynx (EL) [4, 5], tracheo-esophageal
puncture (TEP) speech [6], and esophageal speech [7]. An
electro-larynx (EL) is a battery-powered device, which adopts
an electro-mechanical device to produce either pharyngeal or
oral cavity vibrations [5]. TEP speech requires an additional
surgery that makes a valve between the trachea and esopha-
gus, which allows airflow from trachea to drive the vibration
of throat wall [6]. Esophageal speech involves ingesting air
into the esophagus and then expelling it to drive throat wall vi-
bration to produce sound [8], which is difficult to learn [4, 8].
Therefore, TEP and EL are more commonly used. These ap-
proaches allow laryngectomees for daily communication but

generate unnatural-sounding speech, which may discourage the
willingness of communication and cause social isolation [9].

Currently, there are two typical designs of an SSI. The first
is “recognition-and-synthesis” [10, 11, 12], which consists of
two components: silent speech recognition (SSR) [13, 14, 15,
16] and text-to-speech synthesis (TTS) [17, 18]. SSR converts
the articulatory information to text, and then the TTS compo-
nent synthesizes the recognized text to speech. The second de-
sign is articulation-to-speech (ATS) synthesis, which directly
maps articulatory information to speech [19, 20, 21, 22, 23].
ATS has a few advantages over the traditional SSR+TTS ap-
proach including easy implementation and low-latency. Tradi-
tional SSR+TTS takes the whole sentence as input rather than
frame-level processing in ATS [10, 11, 12]. Thus, SSI re-
searchers mainly focused on the ATS design recently [19, 24,
20, 22, 25]. ATS using multiple types of articulatory input have
been shown to be able to generate natural and intelligible speech
for healthy people [19, 24, 20, 22].

However, despite the studies of SSR for alaryngeal speech
[15, 13]. SSI models (with speech synthesis) have rarely been
studied for laryngectomees, due to lack of natural-sounding
speech data from them. With the objective of generating natural
and intelligible speech for laryngectomees, reconstructing their
speech with other healthy speech data could be a solution [26].
The SSR+TTS design is known to be able to generate quality
speech without requiring audio data from the users [10, 11, 12],
thus could be more suitable for clinical applications if its high-
latency issue could be resolved.

In this study, we proposed a real-time “recognition-and-
synthesis” model (we call it RT-SSR+TTS) design and evalu-
ated it with alaryngeal speech. This design was implemented in
a frame-streaming manner to maintain a low-level latency. The
main idea is to map the input articulatory data to frame-level
numeric text vectors, and then the recognized text frames will
be used for speech synthesis. In this design, the TTS model was
trained with healthy speech, and the SSR model was trained or
adapted with the alaryngeal speech. We also implemented ATS
and compared it with the proposed design. The ATS was trained
with healthy speech and directly tested with alaryngeal speech.
The data used in this study include the electromagnetic artic-
ulograph (EMA) data collected from two alaryngeal speakers
(one use TEP speech, the other use EL speech), and the mngu0
EMA dataset (healthy speech) [27]. The synthesized speech
samples of laryngectomees were measured subjectively with the
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Figure 1: ATS design (a) and the proposed RT-SSR+TTS design (b)

comparative mean opinion scores (CMOS) on naturalness and
intelligibility compared with the original alaryngeal speech by
multiple listeners. The potential of the two types of SSI designs
for laryngectomees was discussed.

2. Dataset
2.1. Alaryngeal speech data

The alaryngeal speech data was collected from two male En-
glish speakers, both of them undergone total laryngectomy. One
uses tracheo-esophageal puncture (TEP) speech (age: 57), the
other uses electro-larynx (EL) speech (age: 71). During the
data collection, the EL speech subject read a list of 132 sen-
tences twice. The TEP speech subject read it only once due to
fatigue. The phrase list was selected from the frequently used
sentences of AAC devices [28] users.

The electromagnetic articulograph (EMA) data was
recorded simultaneously with the audio data (22050 Hz) by the
Wave system (Northern Digital Inc., Waterloo, Canada). The
audio data was downsampled to 16000 Hz for the experiments.
The 3D articulatory movements (up-down, anterior-posterior,
and left-right) of tongue tip (TT), tongue back (TB), upper lip
(UL) and lower lip (LL) were tracked by the sensors attached
to them. The sampling rate of EMA data is 100 Hz. Only the
up-down and anterior-posterior dimension of the recorded data
was used in this study. The EMA data were upsampled to 200
Hz to match the healthy speech data (mngu0) [27].

2.2. Healthy speech data

The mngu0 dataset is a corpus of articulatory data of different
forms acquired from one male English speaker [27]. In this
paper, we use the EMA subset of mngu0 that consists of audio
and EMA data with 1,354 sentences recorded using Carstens
EMA AG500 [29]. The total length of the speech data is about
67 mins [27]. The raw EMA data of mngu0 dataset tracks 12
sensor coils in 3D space with two angles of rotation [27]. In
this study, we used 2D movement tracks (up-down, anterior-
posterior) of 4 sensors attached to the same articulatory flesh
points as laryngectomees (TT, TB, UL and LL). The sampling
rate of EMA data is 200 Hz. The audio data was recorded in a
sampling rate of 16000 Hz [27].

3. Methods
3.1. Articulation-to-speech synthesis (ATS)

The articulation-to-speech (ATS)-based SSI design is shown in
Figure 1(a). ATS has been shown to be effective in SSI appli-
cations on healthy speech by multiple studies [20, 21, 22, 19].
The main advantages of ATS are easy-implementation and low-
latency. The frame-level latency allows ATS to be a real-time
system. Given enough training data, the synthetic speech could
achieve high intelligibility [30].

3.2. The proposed design (real-time SSR+TTS)

Figure 1(b) is the proposed real-time ”recognition-and-
synthesis” design based on an SSR and a TTS component. This
model was implemented in a frame-streaming manner to main-
tain a low-latency model. Rather than traditional SSR that
coverts articulatory to text [11, 10], the real-time SSR (RT-
SSR) convert articulation movement frames into numeric tex-
tual frames (the one-hot encoding of phonemes). Then the
TTS component directly converts the recognized text frames to
speech. In this design, the speech (audio) data from the users
are not indispensable. The main challenge is developing an RT-
SSR models for the user, then a TTS for other speakers could
be used for speech generation. Therefore, as discussed, this SSI
design may be more suitable for people who already lost their
voice (laryngectomees).

3.3. Data preparation

Acoustic features: ATS and TTS have acoustic features as the
output. In this study we use World vocoder [31] to convert the

Table 1: LSTM models.

Acoustic Feature 187-dim. vectors
Mel-generalized cepstrals (MGCs) (60-dim. vectors) +

∆ + ∆∆ (180-dim.)
Band aperiodicities (BAPs) (1-dim. vectors) + ∆

+ ∆∆(3-dim.)
Fundamental frequency on log scale (log-f0) (1-dim. vectors) + ∆

+ ∆∆ (3-dim.)
Voiced/unvoiced (V/UV) label (1-dim.)
Sampling rate 16000 Hz
Windows length 25 ms

Articulatory movement 24-dim. vectors
(4 sensors) ×
(2-dim. vectors) +
∆ + ∆∆

Text Labels 48-dim. vectors
One-hot encoding
of 48 phonemes

LSTM Topology

Input ATS: 24-dim articulatory
SSR: 24-dim. articulatory
TTS: 48-dim. text

Output. SSR: 48-dim. text
(softmax layer)
ATS: 187-dim. acoustic
TTS: 187-dim. acoustic

Hidden-dim. 256
Depth SSR: 4 hidden layers

ATS: 3 hidden layers
TTS: 3 hidden layers

Batch size Sentence lengths
Dropout SSR: 0.5 (after LSTM)
Max Epochs Fine-tune SSR: 40

Other models: 50
Early stop True (patient 3)
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predicted acoustic features to speech samples. Same as in the
Merlin speech synthesis toolkit [32], the acoustic features were
extracted from audio data in a step size of 5ms, including 1-
dimensional logarithm of the fundamental frequency (log-F0),
1-dimensional band aperiodicities (BAP) [33], 60-dimensional
Mel-generalized cepstrals (MGCs) (warping factor: α = 0.41),
and 1-dimensional voiced/unvoiced label (V/UV). The first- and
second-order derivatives of log-F0, BAP, and MGCs were con-
catenated to them as the output. Therefore, the dimension of
model output is 187 ((1 + 1 + 60)× 3 + 1 = 187).

Articulatory movement is the input of ATS and SSR,
which is 2D movement tracks (in millimeter) of 4 sensors (TT,
TB, UL and LL), with their first and second order deriva-
tives, therefore the dimension of ATS and SSR inputs is 24
(4× 2× 3 = 24). Before the experiments, Procrustes matching
was applied to remove the locational and rotational effects in
these articulatory flesh point data [15].

Text labels are the output of SSR and the input of TTS. For
mngu0 data and the EL speech data, the alphabetic phoneme
labels of the sentences were aligned to their audio samples us-
ing the Festival speech synthesis system [34]. The articulatory
data was synchronously recorded with the audio, thus each data
frame (acoustic and articulatory) was labeled with a phoneme.
There are 48 phonemes represent the textual information in-
cludes: the 39 English phonemes in the CMU dictionary, silence
(“sil”), and extra phonemes: [“ax”, “axr”, “dx”, “el”,“em”,
“en”,“hv”, “nx”], which are same to that used in the Merlin
and HTS toolkits [32, 35]. The phoneme frame labels were fi-
nally converted to 48-dimensional numeric vectors which indi-
cate the phoneme of current frames (one-hot encoding, one for
the current phoneme, zeros for the other 47 phonemes).

For the TEP speech data, due to the speech quality, the auto-
alignment method generated severe shifts between the real and
the aligned time stamps. Therefore, the aligned textual labels of
TEP speech were generated by manually tagging in a phoneme
level.

3.4. Experimental Setup

The ATS, SSR, and TTS models were implemented with long
short-term memory-recurrent neural networks (LSTM-RNNs).
Table 1 summarized the detailed setup of the LSTM models.
The mngu0 dataset was separated into a training set of 1,226
sentences, a validation set of 63 sentences, and a testing set of
65 sentences. For alaryngeal speech, 100 sentences of the 132-
sentence list were used for training, 12 sentences for validation
and 20 for testing. As mentioned, the EL subject read the list
twice thus the sentence numbers were doubled in the training
(200), validation (24) and testing (40) set of EL speech. All
the articulatory data was z-score normalized with the mean and
standard deviation from their training sets.

The experiments were conducted as following: 1) devel-
oping SSI models in both of the two designs with the training
and validation set of the healthy speech (mngu0) data, then test
the models with the mngu0 testing set. 2) Directly testing the
ATS and RT-SSR+TTS models (trained with mngu0 data) with
the testing sets of alaryngeal speech data. 3) Improving the RT-
SSR+TTS model in 2) by using the training and validation set
of alaryngeal speech data. Two SSR training strategies were
validated here: training with alaryngeal speech only, and using
alaryngeal speech to fine-tune the SSR trained with mngu0.

Table 2: Objective and subjective measures of SSIs for the
mngu0 dataset (N: naturalness, I: intelligibility). The TTS re-
sults are the TTS with the true textual input as a reference.

MCD
(dB)

BAP
(dB)

F0
(Hz)

V/UV
(%)

MOS
(N)

MOS
(I)

ATS 5.21 0.16 9.70 13.98 3.98 3.97
RT-SSR
+TTS 5.82 0.17 10.69 15.88 3.43 3.54

TTS 4.89 0.14 9.46 7.55 - -

3.5. Outcome Measures

The synthesized speech samples from healthy speech (mngu0)
were measured both objectively and subjectively. The objec-
tive measures are the distortions or errors of the acoustic fea-
tures prediction include: Mel-cepstral distortion (MCD) [36],
distortion of band aperiodicities (BAPs), RMSE of the funda-
mental frequencies (F0-RMSE), and voiced/unvoiced error rate
(V/UV). We also used the accuracies of SSR as an intermedi-
ate measure of the RT-SSR+TTS model. Here, the accuracies
of SSR are the number of correctly predicted textual frames di-
vided by the total number of frames tested. The subjective mea-
surements are the mean opinion scores (MOS) in naturalness
and intelligibility on 20 of the tested sentences, from 20 listen-
ers. The responses were a 5-point scale of “excellent” 5, “good”
4, “fair” 3, “poor” 2, and “bad” 1. The number of total testing
trials is: 20 samples × 2 SSI designs × 20 listeners = 800.

For laryngectomee speech, we only measured the output
speech samples subjectively, since no original healthy speech
samples are available for objective measurement. For the RT-
SSR+TTS model here, same as the mngu0 data, we used the
accuracies of SSR as an intermediate measure of RT-SSR+TTS
in addition to the subjective evaluation. In subjective evalua-
tion, the same listeners compared the synthesized speech sam-
ples with the original alaryngeal speech by giving comparative
mean opinion scores (“definitely better” +2, “better” +1, “same”
0, “worse” -1, and “definitely worse” -2). The number of total
comparison pairs is: 20 samples × 2 SSI designs × 2 alaryngeal
speech × 20 listeners = 1600.

4. Results and Discussion
4.1. Results for the healthy subject

Table 2 has shown the results of SSI for the mngu0 data. The
second row is the RT-SSR+TTS with an SSR that achieved an
accuracy of 69.06%. The left four columns are the objective
measures and the right 2 columns are the subjective measures.
The ATS (first row) outperformed RT-SSR+TTS in all measure-
ments (objectively and subjectively), which is expected due to
the misrecognitions of SSR. The subjective testing results in-
dicated that the synthetic samples from the both SSIs achieved
satisfaction between ”fair” (3) and ”good” (4) in naturalness and
intelligibility. The third row in Table 2 (TTS) shows the perfor-
mance of the TTS given true textual input, which is significantly
higher than ATS in objective measures. Therefore, we think the
RT-SSR+TTS has a potential of outperforming ATS model if
SSR accuracies could be improved.

4.2. Results for the alaryngeal speech

Table 3 gives the accuracies of SSR for alaryngeal speech using
different training strategies. The first row gives the accuracies
of SSR that was trained with the mngu0 data set. The testing
accuracies are 18.23% and 13.43% for EL and TEP speech, re-
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Figure 2: CMOS test result of comparing the SSI synthesized to alaryngeal speech in terms of naturalness and intelligibilities. Asterisks
indicated the significance of difference (p < 0.01). Positive values mean better than the alaryngeal speech.

Table 3: The frame-level accuracies of RT-SSR trained with dif-
ferent datasets and tested with alaryngeal speech.

Training
data

Test EL
(%)

Training
data

Test TEP
(%)

mngu0 18.23 mngu0 13.43
EL 27.41 TEP 12.23

mngu0+EL 45.84 mngu0+TEP 28.47

spectively. The second row are the accuracies of SSR trained
with alaryngeal speech only. Here the EL testing accuracy was
increased to 27.41%, and the TEP accuracy was decreased to
12.23%. The best performance was obtained when training
the SSR models with both mngu0 and alaryngeal speech data
(45.84% for EL and 28.47% for TEP). The SSR models were
firstly trained with mngu0 data, then fine-tuning on the ala-
ryngeal speech. These SSR models (with the highest accura-
cies) and a TTS trained with only mngu0 were used to gener-
ate speech samples for the subjective listening tests. The EL
has higher SSR accuracies than the TEP, which may due to the
larger dataset from the EL subject. Also their similarities to the
mngu0 data in articulation may affect the SSR accuracies.

Figure 2 shows the subjective listening test results of the
alaryngeal speech. Two-tailed t-tests were performed between
the CMOS scores and zeros (no preference), also between the
two types of SSIs. The results with significant difference were
marked with asterisk stars (p < 0.01). For naturalness, both
of the two SSIs in this study significantly improved the natural-
ness of alaryngeal speech (Figure 2a). The intelligibilities were
decreased for TEP speech by both SSI models, while the EL
speech intelligibility was increased when using RT-SSR+TTS
design (Figure 2b). When comparing the two types of SSIs, the
RT-SSR+TTS design outperformed ATS for both two alaryn-
geal speech (in both naturalness and intelligibility).

4.3. Discussion

The experimental results indicated that both types of SSI im-
proved EL speech more than TEP speech. TEP speech typically
is more intelligible and natural-sounding than the EL speech
[9]. Therefore, outperforming TEP speech might be a more
challenging task for SSIs. The intelligibility was improved for
EL speech by RT-SSR+TTS, but not for TEP speech. As shown
in table 3, the SSR accuracies of TEP speech are much lower
than EL speech, which may led to the lower performance of RT-
SSR+TTS for TEP speech. In this early stage investigation, to
maintain the real-time implementation, the RT-SSR was a sim-
plified speech recognition model of frame-level phoneme classi-

fication. Other ASR components such as language models have
not be integrated, which could further improve the SSR perfor-
mance. More studies are needed in improving the SSR with the
real-time implementation.

ATS outperformed RT-SSR+TTS for healthy speech (Ta-
ble 2), which is expected. However, RT-SSR+TTS has shown
higher performance than ATS for alaryngeal speech. Also the
RT-SSR+TTS design could be further improved by collecting
larger alaryngeal articulatory data to improve the SSR. This
characteristics made the RT-SSR+TTS model more tractable
and has better potential of recovering laryngectomee speech
than the ATS model. In addition, the TTS component could
be further improved by using a few pre-surgery voice samples
(if available) from laryngectomees to improve the voice identity
[37]. Selected speech samples of this study are available at [38].

Limitations: The dataset used in this study is small. Only
one healthy and two alaryngeal speakers were used in this study.
The speaker variation in articulation across the speakers may
affect the results when generalizing to other subjects.

5. Conclusions and Future Work
In this study, we investigated two types of silent speech in-
terface (SSI) designs for alaryngeal speech. Their perfor-
mance of reconstructing speech for two alaryngeal speech sub-
jects were evaluated and compared. The results have demon-
strated that both of the two SSI designs generated more natural-
sounding speech than alaryngeal speech. Also the intelli-
gibility of electro-larynx speech was increased by the pro-
posed real-time recognition-and-synthesis (RT-SSR+TTS) de-
sign. The RT-SSR+TTS design has shown higher performance
than articulation-to-speech (ATS) for alaryngeal speech users,
also better potential. Therefore, although ATS have shown
high performance in healthy speech reconstruction recently, the
RT-SSR+TTS design may have better potential for alaryngeal
speech. Future works include validating these findings with
more subjects (both healthy and alaryngeal) and larger dataset.
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