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Abstract

This paper presents a speech restoration system that generates
audible speech from articulatory movement data captured us-
ing Permanent Magnet Articulography (PMA). Several algo-
rithms were explored for speech synthesis, including classical
unit-selection and deep neural network (DNN) methods. A
database containing simultaneous PMA and speech recordings
from healthy subjects was used for training and validation. The
system generates either direct waveforms or acoustic parame-
ters, which are converted to audio via a vocoder. Results show
intelligible speech synthesis is feasible, with Mel-Cepstral Dis-
tortion (MCD) values between 9.41 and 12.4 dB, and Short-
Time Objective Intelligibility (STOI) scores ranging from 0.32
to 0.606, with a maximum near 0.9. Unit selection and recur-
rent neural network (RNN) methods performed best. Informal
listening tests further confirmed the effectiveness of these algo-
rithms in producing intelligible speech from PMA data.

Index Terms: Silent speech interfaces, direct speech synthesis,
biosignals, unit selection, PMA, deep neural networks, CCA.

1. Introduction

Silent speech interfaces (SSIs) [1, 2, 3] are assistive technol-
ogy designed to restore vocal communication for individuals
with speech impairments. For this purpose, SSIs decode speech
from non-acoustic biosignals produced in the human body dur-
ing speech generation, bypassing the need for the actual acous-
tic signal. These biosignals can originate from various sources,
such as neural activity in the brain’s speech and language ar-
eas [4, 5, 6], electrical activity of facial muscles measured with
electromyography (EMG) [7, 8], or the motion of speech artic-
ulators tracked through imaging techniques [9] or electromag-
netic articulography [10, 11]. Since SSIs do not depend on the
acoustic speech signal, they provide a novel method for restor-
ing oral communication in speech-impaired individuals.

One approach to decoding speech from these biosignals
is through direct speech synthesis [12, 13], which involves
mapping the biosignals to a set of acoustic parameters suit-
able for speech synthesis. The most successful direct synthe-
sis techniques employ a data-driven framework, where super-
vised machine learning techniques are used to model the map-
ping y+ = f(x1,..., ) between source feature vectors & ex-
tracted from the biosignals and target feature vectors y derived
from speech signals. Training this function requires a dataset
D = {(X1,Y1),...,(Xwm,Ynm)}, consisting of pairs of se-
quences of feature vectors (Xi,Yi) from time-synchronous
recordings, where X; € R%*7i and Y; € R4 <7,

The main goal of this paper is to explore and compare var-
ious approaches for direct speech synthesis and spectral enve-
lope generation from articulatory biosignals captured from the
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lips and tongue using a technique known as Permanent Mag-
net Articulography (PMA) [10, 11]. We implemented sev-
eral machine learning techniques for PMA-to-speech conver-
sion, ranging from classical unit selection algorithms to ad-
vanced deep neural network methods. These techniques were
trained and evaluated on a dataset containing simultaneous
PMA and speech recordings from healthy subjects engaged in
different speech production tasks, from sequences of digits to
phonetically-rich sentences.

The main novelty of this work lies in the introduction of
new approaches to direct speech synthesis from PMA biosig-
nals, including the evaluation of a wide range of algorithms on
a specific PMA dataset to assess their performance. We high-
light the strengths and weaknesses of each approach in various
contexts. Additionally, we present hybrid methods, such as a
direct PMA-to-Speech Unit Selection algorithm that eliminates
the need for a vocoder, thereby simplifying the conversion pro-
cess.

2. Related work

The topic of speech synthesis from non-audible biosignals has
been extensively researched. Various machine learning tech-
niques have been applied to model the mapping between biosig-
nals and speech. These techniques include Gaussian mixture
models (GMMs) [14, 13], hidden Markov models (HMMs)
[15], support vector machines (SVMs) [16], concatenative unit-
selection [17, 6, 18], and, more recently, different architectures
of deep neural networks (DNNs) [19, 20, 8, 21]. Many of these
approaches were initially developed for voice conversion (VC)
[22], which aims to transform speech from one speaker to sound
like that of another speaker. These methods have been utilized
to enable speech synthesis from a variety of biosignals. This
includes surface electromyography (EMG) [19, 8, 21], elec-
tromagnetic articulography (EMA) [13], radar signals captured
from facial movements [16], ultrasound imaging of the tongue
[9, 15], and brain signals captured using invasive electrodes
[18, 6].

3. Method
3.1. Dataset

Four British participants (three men and one woman) took part
in this study, where articulatory data and speech were recorded
simultaneously as they completed two speech production tasks
of varying phonetic complexity. The first task, based on the
TIDigits database [23], involved sequences of up to seven En-
glish digits with a simple vocabulary of 11 words and 21
phones, aimed at demonstrating the system’s ability to gener-
ate intelligible speech. The second task, from the CMU Arctic
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Table 1: Details of the dataset used for the experiments.

Task Subject # of sentences Minutes of data
TiDigits S1 324 10.3

S2 308 8.0
Arctic S3 470 26.9

S4 510 28.0

corpus [24], included phonetically rich sentences from public
domain English texts, designed to test speech synthesis accu-
racy with a more complex vocabulary. Details of the recorded
data for each subject are provided in Table 1.

Articulatory data was recorded using a Permanent Magnet
Articulography (PMA) device [11], which tracked the move-
ments of six small magnets attached to the lips and tongue us-
ing tissue adhesive. Magnetic field variations were measured by
three tri-axial sensors at 100 Hz, while a fourth sensor compen-
sated for the Earth’s magnetic field. Speech was captured with
a microphone placed 20 cm from the subjects and recorded at
48 kHz, later downsampled to 16 kHz. The study setup allowed
for precise tracking of articulatory movements and high-quality
speech recordings. More details about the recording protocol
can be found in [11, 12, 13].

3.2. Signal processing

For speech synthesis, we evaluated two alternative approaches
as discussed below: predicting short raw-audio segments
from the PMA biosignals, or alternatively, predicting a low-
dimensional acoustic representation of the speech signals. In
the second approach, audio signals were parameterized us-
ing the WORLD vocoder [25] with a frame rate of 5 ms.
The parameters included 25 mel-frequency cepstral coefficients
(MFCCs), 1 band aperiodicity (BAP) value, 1 continuous FO
value in logarithmic scale, and 1 voiced/unvoiced (U/V) de-
cision. PMA signals, on the other hand, were parameterized
by applying principal component analysis (PCA) over contex-
tual windows spanning several consecutive frames (more details
provided below). Data partition was performed using k-fold
cross validation, where in each iteration, 90% of the dataset was
used for training and 10% for testing.

3.3. Speech synthesis algorithms

In this work, we evaluated five algorithms to synthesize au-
dible speech from PMA biosignals. Figure 1 shows a block
diagram illustrating the functioning of the implemented algo-
rithms. During the training phase, a parallel database with si-
multaneous recordings of PMA and speech signals is processed
to train a machine learning model that maps PMA feature vec-
tors to acoustic vectors. At conversion time, the trained model
is used to predict acoustic vectors from incoming PMA signals.
Most of the algorithms we implemented predict MFCC parame-
ters from the PMA biosignals. However, one algorithm, the unit
selection algorithm, directly predicts short segments of speech
waveforms, eliminating the need for a vocoder.

Here, we focus on predicting vocal-tract filter parameters
from the PMA signals due to the limited ability of the PMA
technique to capture information related to the glottal source
[13]. This means that the vocoder parameters related to glottal
source (i.e., BAP, FO, and U/V values) were not predicted by the
our algorithms but were instead copied from the original audio
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Figure 1: Block diagram of the general approach used for map-
ping the PMA signals into audible speech.

signals when synthesizing the final speech signals. More details
about these algorithms are provided below.

3.3.1. Baseline linear methods

We evaluated two linear approaches as baseline methods for
PMA-to-MFCC conversion: linear regression and canonical
correlation analysis (CCA) [26, 27]. Both methods attempt to
approximate the relationship y = f(x) between source PMA
vectors « and MFCC feature vectors y as a linear regression.
In particular, the linear regression approach models the rela-
tionship between & and y using the equation

y=Wax+b, €))
where W is the weight matrix and b is the bias vector. These
parameters are estimated by least squares.

CCA-based linear regression, on the other hand, seeks to
find linear transformations of & and y into a common latent
space such that the correlation between the transformed vari-
ables in the latent space is maximized. CCA identifies pro-
jection matrices W, and W, that maximize the correlation
between z, = Wyx and z, = Wyy, where dim(z,) =
dim(zy) < min(dim(z),dim(y)). Thus, the objective is to
solve

argmax corr(Wyz, Wyy). 2)

W, Wy
Once the projection matrices are determined, the predicted
MFCCs y are computed using the following linear model:

y=W, 'W,z. 3)

In this approach, CCA effectively reduces the dimensional-
ity of the data by projecting it onto correlated subspaces, which
can lead to more accurate predictions by capturing the most rel-
evant features when the original data contain noise or redundant
information.

3.3.2. Deep neural networks

For comparison purposes, we also evaluated two deep neural
network (DNN) based models for PMA-to-MFCC conversion:
a standard feed-forward DNN and a gated recurrent unit (GRU)



recurrent neural network (RNN). These models have been suc-
cessfully employed in previous silent speech interface (SSI)
studies to model the relationship between silent-speech biosig-
nals and acoustic parameters [8, 13, 19, 20].

The feed-forward DNN consists of 4 hidden layers, each
containing 128 rectified linear units (ReLUs). In contrast, the
RNN comprises 4 hidden layers with 128 GRUs in each layer.
A total of 512 trainable parameters were used in both models.
All models were implemented in PyTorch [28]. During training,
the model weights were initialized randomly and optimized us-
ing the Adam algorithm and a learning rate of le-3. We used
the Mean Squared Error (MSE) loss function to optimize the
prediction of MFCCs parameters. The models were trained for
75 epochs.

3.3.3. Unit selection

Finally, we also evaluated a non-parametric, unit selection (US)
approach [29] for PMA-to-speech conversion. US is a classi-
cal text-to-speech (TTS) synthesis technique known for provid-
ing high-quality output even with limited training data. This
techniques operates by selecting and concatenating small seg-
ments of speech, or "units’. These units typically consist of
small chunks of audio waveforms, such as single phonemes, or
longer segments like syllables or words. The units are stored
in a database (or codebook) containing time-aligned pairs of
PMA and speech data, enabling the conversion of PMA signals
to speech by selecting the pair with the highest similarity.

In the training phase, the database of unit pairs is created
from time-synchronous recordings of PMA and speech signals.
Our source and target units consist of overlapping PMA feature
vectors and speech fragments, respectively, extracted from seg-
ments with a duration between [0.02 - 0.16] s. For the speech
units, we evaluated two alternative approaches: either using au-
dio waveform segments directly or MFCCs extracted with the
WORLD vocoder [25]. Source units are normalized to the [0, 1]
range. Frame shift can be varied, so it is also incorporated into
the analysis. When MFCCs were used, the overlap was kept at 5
ms as it was given by the vocoder. When using untreated voice,
overlap is varied between 10% and 75% of each of the window
length values, in 4 steps.

In the decoding phase, a sequence of acoustic units match-
ing the input PMA signal is predicted. Firstly, the PMA sig-
nal is split into overlapping segments of source units using the
same procedure as for the database creation in training time. In
particular, we chose a variable window width (w,) and a shift
(su = 0.05s) for creating the source units. Then, given the
sequence of target units computed from the input PMA signal
ti., = ti1,...,1t,, a search procedure is implemented for re-
covering the closest sequence of units %i., = wi,..., Uy to
the target from the database. Mathematically, this procedure is
governed by the following optimization process:

U1 = argmin C'(t1:n, U1 ),

Ul:n

“

where C(t1.n,u1.) denotes the total cost for a sequence of n
units. This cost can be expanded as follows:

n

Cltim, urn) = Y CY (ki w:) + 7Y C9 (w1, wi).

=2
®)
Equation (5) is the sum of two terms involving target and
concatenation costs. The target cost C' ® (ti, ui) measures the

=1
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similarity between a database unit w,; and the target unit ¢;,
computed as the Euclidean distance between the PMA source
units (segments). The concatenation cost C'©) (w; 1, u;), on
the other hand, measures the resemblance between two consec-
utive acoustic units, ensuring smooth transitions to avoid poor
audio quality. This cost is calculated as the Cepstral distance
between speech units at the point of concatenation. Finally, ~y
is an experimental weighting factor used to balance the impor-
tance of target and concatenation costs. In the evaluation, this
weight is varied between 0 and 2 in 4 steps.

Solving (4) involves finding the optimal sequence of units
from the database minimizing the total cost relative to the target
units computed from the input PMA signal. This is efficiently
achieved using the Viterbi algorithm [30]. To sped up this pro-
cess, a pruning strategy was implemented, limiting the Viterbi
search to a maximum of 10 active paths. This was facilitated by
a ball tree data structure [31], which enabled efficient evalua-
tion of the target cost for fewer database candidates. Our exper-
iments showed that pruning had minimal effect on audio quality
while significantly speeding up conversion time.

Depending on the type of acoustic units, two procedures are
used to generate the final audio waveform from the optimal unit
sequence. If the acoustic units are MFCCs, they are fed into the
WORLD vocoder to produce the final speech waveform, with
BAP, log FO and U/V parameters obtained from the original sig-
nals, as stated above. Alternatively, if raw audio segments are
used, the final audio output is generated using the overlap-and-
add method, where multiple overlapping units are combined to
create a single, coherent audio waveform. Specifically, the over-
lapping audio units are smoothed using the weight function w] ]
proposed in [32]:

exp(—0;2 - ali])

wli] = (6)

, 1=1...m

where m is the number of overlapping units for a given frame
and a[é] is given by,

[2,2-1,...,1,1,..., 2 - 1,2], ifn
is even
(81, [8] — Lol [8] - L8], it
is odd

where @ = ", exp(—0.2)a[i] normalizes the weights such
that their sum equals 1. This process is repeated for each frame.

3.4. Evaluation metrics

‘We employed speech-quality and intelligibility metrics from the
literature to evaluate our proposed methods. First, Mel-cepstral
distortion (MCD) [33] in decibels (dB), was employed to mea-
sure the overall quality of the synthesised signals compared to
the original audios. Lower MCD values indicates higher qual-
ity synthesis. Short-term objective intelligibility (STOI) [34]
was used to assess the intelligibility of the synthesized audios.
This metric allows for reliable intelligibility evaluations with-
out the need for listening tests, with higher values indicating
better intelligibility. For the evaluation, we applied a 10-fold
cross-validation strategy.



Table 2: Results for the TiDigits task.

Algorithm MCD STOI
Avg. Std.  Avg.  Std.
Linear regress. 1095 0.05 0.50 0.02
CCA linear regress. 12.33  0.04 043 0.01
DNN 11.19 0.00 0.51 0.00
RNN 941 0.00 0.56 0.00
US w/ vocoder 1096 0.05 0.54 0.03
US w/o vocoder 11.39  0.07 0.59 0.09
mEAE 1

2000 >

SYNTHESIZED AUDIO

80007
6000

4000

AMPLITUDE

FREQUENCY (H;

20001 o Wk

- = = =3
025 050 075 100 125 150 175 2.00
TIME (SECONDS)

025 050 075 100 125 150 175 200
TIME (SECONDS)

Figure 2: Comparison of speech waveforms and spectrograms
for the digit sequence “One Two Six Zero Five” for natural
speech (first row) and RNN-predicted speech (second row).

4. Results
4.1. TiDigits results

Table 2 shows the MCD and STOI results for each method in the
TiDigits task. For each method, the grand average (Avg.) and
standard deviation (Std.) of each metric is provided. The RNN
method achieves the highest speech quality with an average
MCD of 9.41 dB, suggesting its superior ability to model long-
term speech correlations. This is a significant improvement over
the other methods, which may produce less smooth audio due
to frame-by-frame mapping. In terms of STOI, the unit selec-
tion method without a vocoder (US w/o vocoder) scores highest
at 0.59, albeit with higher variability. The RNN method also
performs well with a STOI of 0.56, effectively balancing spec-
tral distortion and intelligibility. Overall, the RNN approach is
the most balanced and effective, achieving the best MCD and a
competitive STOL.

Fig. 2 shows an example of speech predicted by the
best-performing method, the RNN, compared with the natural
speech signal recorded by participant S1. This technique effec-
tively predicts the global structure of the waveform, including
silence periods and speech formants.

4.2. Arctic results

Table 3 shows the results obtained in the Arctic task, involving
the production of phonetically-rich sentences. Overall, perfor-
mance metrics are worse for the Arctic task compared to the
TiDigits task (Table 2), due to the increased phonetic complex-
ity. Again, RNN is the method achieving the lowest MCD
values (average 10.44), indicating the highest speech quality
and effectiveness in handling complex phonetic variations. The
RNN method also performs best in terms of intelligibility with
a STOI of 0.49, demonstrating robustness in producing clear
speech under demanding conditions. The US w/o vocoder
method achieves a relatively high STOI of 0.47, but with signif-
icant variability, indicating inconsistent performance. These re-
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Table 3: Results for the Arctic task.

Algorithm MCD STOI
Avg. Std.  Avg.  Std.
Linear regress. 11.15 0.04 043 0.01
CCA linear regress. 12.51 0.03 0.39 0.02
DNN 11.83 0.00 0.42 0.00
RNN 1044 0.00 049 0.00
US w/ vocoder 1233  0.05 042 0.02
US w/o vocoder 1295 0.07 047 0.08
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Figure 3: Comparison of speech waveforms and spectrograms
for the Arctic sentence “He unfolded a long typewritten letter
and handed it to Gregson” for natural speech (first row) and
RNN-predicted speech (second row).

sults highlight the RNN’s superior capability in managing both
spectral distortion and speech intelligibility in phonetically-rich
tasks.

Fig. 3 shows an example of speech predicted by the RNN
method in comparison with the corresponding original speech
signal recorded by participant S3. Again, we see that the general
structure of the speech signal is well predicted from the PMA
data.

5. Conclusions

The main conclusion derived from this work is that it is pos-
sible to synthesize speech using PMA biosignals using various
proposed methods. The PMA signals provide sufficient infor-
mation correlated with voice to generate intelligible and high-
quality speech. Our results show that, while the MCD values
obtained are higher than those commonly reported in the lit-
erature which, in turn, can be due to the fact that we are us-
ing a different vocoder, the synthesized speech remains clear
and understandable. The highest performance was observed in
the simplest TiDigits task. Among the evaluated methods, the
vocoder-free unit selection and GRU-RNN methods stood out,
achieving the best MCD and STOI metrics. Informal listen-
ing tests further confirmed that these algorithms provided the
highest intelligibility. Consequently, these two methods are the
most promising for future research and development in PMA-
to-speech synthesis. Future work will aim to enhance the per-
formance of these methods for more complex speech synthesis
tasks. Additionally, we plan to explore the application of these
methods to other types of biosignals.
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