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ABSTRACT

Speech recognition based on articulatory movements instead
of the acoustic signal is of growing interest in the community.
In this work, we present the results of a study using a novel
measurement technology called Electro-Optical Stomatogra-
phy to capture speech movements and use the acquired data to
recognize a number of command words. The performance of
the recognition system was evaluated using two vocabularies
(one with 30 and one with 10 words) and four speakers. The
speaker-dependent results were up to the state-of-the-art with
average word accuracies of 97 % to 99.5 %, while the speaker-
independent results exceeded it with average word accuracies
of approx. 56 % to 62 %.

Index Terms— Silent-Speech, Electro-Optical Stom-
atography, SSI, EOS

1. INTRODUCTION AND RELATED WORK

The rise of speech-based Human-Machine Interaction has
been greatly accelerated by recent developments in artifi-
cal neural networks and deep learning and today speech-
recognition-powered interfaces are omnipresent. However,
speech as an input modality has two major disadvantages:
it comes with inherent privacy concerns (because it can be
easily overheard by bystanders) and it may not be comfort-
able or even available to many users, e.g., laryngectomized
cancer patients or elderly people. Still, the naturalness of
spoken communication is a major upside and so there have
been increased research efforts into keeping the convenience
of speech interfaces without the caveats mentioned above: By
ignoring the acoustic signal and going straight to the source
of speech, the articulatory movements of the speech organs
(lips, tongue, jaw, and so on) — a silent-speech interface
(SSI). A major roadblock for these efforts is to find a robust
and portable technique to capture the speech movements with
high precision and, especially, with a sufficient reliability
and reproducibility across different subjects - an “articulatory
microphone”, so to speak.
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Many different technologies have been considered for this
task (see [1] and [2] for two thorough reviews of the field),
but only two technologies have emerged as both powerful
and portable enough to have a significant chance to become
the “articulatory microphone” that will power silent-speech
interfaces: electromyography (EMG), which measures the
electric activity of the muscles participating in the speech
production, and permanent-magnetic articulography (PMA),
which measures the changes in a magnetic field caused by the
movement of permanent magnets glued to the tongue, lips,
and jaw. The first study attempting to recognize words using
EMG [3] was comprised of five experiments differing by the
vocabulary and subject used: The largest vocabulary was a
set of 17 pseudowords, while another investigated vocabu-
lary contained the ten English digit words (‘“zero”, “one”,
“two” and so on). In the first case, each pseudoword was
repeated 10 times. The numbers corpus contained 20 repeti-
tions of each word. The overall accuracy (number of words
correctly recognized divided by total number of words) was
35 % for the 17 pseudowords and approx. 65 % for the num-
bers. The study also investigated the accuracy of classifiers
trained with data from one speaker and tested on data from
the other speaker (inter-speaker dependency) and with data
from the same speaker but from another recording session
(inter-session dependency). The result was that the accuracy
dropped from around 35% (same speaker and session) to
30 % (same speaker, different session) to below chance level
(different speaker, different session). Subsequent work in the
field by the groups around Meltzner [4, 5, 6] and Schultz
[7, 8, 9] greatly improved the initial results and expanded the
paradigm to continuous speech recognition, but have yet to
overcome the strong session dependency (and, by extension,
speaker dependency): the best average cross-session accuracy
achieved in [9] was 71.5% for a vocabulary of 108 words.
In a concurrent research effort using a different technology
[10], a research group around Fagan started investigating the
suitability of permanent-magnetic articulography (PMA) for
use in an SSI. Their PMA device consisted of a wearable
support structure (similar to the frame of a pair of eyeglasses)
carrying six dual axis magnetic sensors. During (silent or
audible) speech, the magnetic field changed at the sensor
positions because of the relative movement of permanent
magnets attached to the center of the subject’s tongue tip and
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to the upper and lower lips. Their first study consisted of
two experiments: one experiment using a vocabulary of 13
isolated phonemes and one experiment using a vocabulary
consisting of 9 words. Each word or phoneme was spoken
10 times by a single subject. The recognition accuracy with
this setup was 94 % for the 13 phonemes and 97 % for the
9 words, using a nearest-neighbor classifier. In [11], the au-
thors used the same measurement device and classifier, but
different vocabularies: one vocabulary consisting of the 10
English digit words “zero” to “nine” (the numbers set) and
one vocabulary additionally consisting of 47 other words (the
words set) chosen to cover a wide range of phones. Using ten
repetitions of the numbers set and five repetitions of the words
set, the nearest-neighbor classifier was evaluated using leave-
one-out cross-validation for three speakers. The recognition
rates ranged from 82 % to 100 % for the numbers set and from
76 % to 99 % for the words set, depending on the speaker. In
[12, 13], they replaced the classifier with statistical sequence
modeling using Hidden Markov Models (HMM) and thus
achieved a leave-one-out cross-validated word accuracy of
92 % to 98.8 % on the words set for a single speaker, depend-
ing on the signal condition used. Going a little further in [13]
they also performed a digit sequence recognition experiment
using HMMs and achieved a sequence accuracy of 61.1%
to 81.7 %. While these results were all obtained using only
a single speaker, in [14] the same general setup was used to
train and test models for three speakers individually (again us-
ing only data from the same speaker for training and testing).
The results for the word accuracy ranged from 82.72 % to
90.97 % and the sequence accuracy from 74.89 % to 86.76 %.
So far, all of their studies have focused on intra-speaker eval-
uations, while the inter-speaker performance remains yet to
be evaluated.

A third and yet underexplored technology specifically de-
veloped for the capture of tongue and lip movements is called
electro-optical stomatography (EOS) [15, 16, 17]. It measures
both the palato-lingual contact pattern (using electrical con-
tact sensors) and the distance between the tongue and palate,
as well as the lip opening and protrusion (using optical sen-
sors). In a previous study [18], we evaluated a command word
recognizer using EOS data on a dataset similar to the sets em-
ployed in the other early studies of the state-of-the-art tech-
nologies, using just a single speaker, and achieved an accu-
racy of 52 %. In this study, we greatly improved the results
and expand the scope of the study by using further developed
measurement hardware, a more sophisticated classification
scheme, and by investigating the inter-individual performance
differences in speaker-specific and cross-speaker paradigms.

2. THE DATASET

Our system uses a pseudopalate with 32 contact sensors, 5
laser-optical distance sensors (each consisting of a laser diode
and a phototransistor) along the midsagittal line and two ad-
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Fig. 1. (a) Example pseudopalate with sensors for EOS mea-
surements. One optical lip sensor faced the lower lip (to mea-
sure lip opening) and one was placed on the incisors facing
the inside of the upper lip to measure lip protrusion (occluded
in the figure). Each pseudopalate was fitted to each individual
speaker. (b) Matrix for calculating the contact pattern fac-
tors: solid boxes represent the contact sensors and can adopt
the values O (no contact) or 1 (contact), dashed boxes repre-
sent always-off pseudo-sensors inserted to obtain an M x N
matrix shape.

Noun Adjective Verb Digit

Jahr jar® neu ne werden  v'er®dn  Null nul
Uhr u® andere ‘andoo  haben h'azbm  Eins agns
Prozent ppots'ent  grof gBOIS sein zagn Zwei tsvag
Million  milion erste ‘er’sto konnen  k'eenon  Drei dsag
Euro 'OEBO! viel fizl miissen  m'ysn  Vier fir*
Zeit tsagt deutsch docetf sollen zoln Fiinf fynf
Tag tazk gut gu:t sagen z'aign Sechs  zeks
Frau fray weit vagt geben getbm  Sieben z'itbm
Mensch  men| klein klagn kommen k'omon  Acht axt
Mann man eigen ‘agg 1) wollen voln Neun nogen

Table 1. Standard pronunciation of the words used in the
study (according to [19])

ditional optical lip sensors to capture the lip opening and pro-
trusion, respectively. It gathers data at a frame rate of 100 Hz.
An example EOS palate is shown in Figure la. This study
used four speakers (all male, age 30-41) and the same 30
most common German words as in the previous study [18]
and additionally the ten German digit words for the digits O
to 9 (similar to the setup in [11], see Table 1). Each group of
words was repeated 10 times for a total of 300 instances in the
frequent words data set and 100 instances in the numbers data
set for each speaker. The data was collected using a custom
PC software, a Plantronics Blackwire C720 M stereo head-
set (for reference audio) and an EOS device with the internal
version number 3.2. The recordings were made in a quiet
office environment. The speakers were prompted to read a
carrier word (the German indefinite article “eine” - /'agnoa/)
followed by the word of interest. The schwa /o/ at the end
of the carrier word ensured a neutral vocal tract configura-
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tion at the beginning of the word of interest. The words were
produced in a natural way, i.e., with phonation and at an un-
regulated speaking rate of each speaker’s individual choice.
The EOS data was manually segmented so that each training
sequence only contained data from the actual articulation of
the target word (and not from the carrier word or from the
neutral vocal tract configuration between items). A sequence
of feature vectors was created from the segmented data. Each
feature vector consisted of the ADC data of the 2 lip sensors,
5 distance sensor values, and 3 factors describing the con-
tact pattern for a total of 10 features per vector. The distance
sensor values were (depending on the hyperparameter setting)
either raw ADC values or converted to mm using the calibra-
tion scheme described in [16], the latter potentially reducing
the in-session variance of the measurements. The contact pat-
tern factors were calculated to reduce the dimensionality of
the feature vectors, as the raw contact pattern would intro-
duce 32 binary features instead. The chosen factors were the
normalized sum of the activity s, the center of gravity ¢, and
the laterality measure [. The sum of the activity s was defined
as:

1 N
§= % Z x(m,n) (D
m=1n=1
with K being the total number of contact sensors (32), M, N
being the number of rows and columns of the contact pattern
matrix (7 and 6, respectively) and z(m,n) being the binary
contact sensor value at the position (m,n) in the pattern. Us-
ing the same naming conventions, the center of gravity c cal-

culation was:

M N
> > (m—0.5)z(m,n)

m=1n=1 (2)

M N ’
M- 30 a(m,n)

m=1n=1

c=1-—

and finally, the laterality measure [ was given by:

M N N1
> 2 In— 53 z(m,n)
[ = m=1n=1 ] (3)

M N
5 X X a(mn)

m=1n=1

3. TRAINING

A bidirectional long short-term memory (BLSTM) network
was trained to recognize the command words and validated
using MATLAB 2018b. The network was trained for both data
sets (numbers and frequent words) independently. Due to the
large number of hyperparameters of BLSTM networks, some
of the hyperparameters were set to reasonable, fixed values:
the number of hidden layers was set to 1 because of the small
number of training data. The gradient was clipped at 1, which
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Hyperparameter Evaluated values/ranges
Number of hidden layers 1

Number of neurons N [100, 256]
Dropout § [0.2,0.9]
Gradient threshold 1

Max. number of epochs 300

Validation frequency 10

Validation patience 5

Learning rate 0.01
Mini-batch size 10 (numbers), 30 (frequent words)
Data format {ADC, mm}

Table 2. Hyperparameter settings of the BLSTM networks.
The optimal hyperparameter combination was found using
Bayes optimization with 30 evaluations of the cost function.

is common practice to avoid the exploding gradient problem.
The number of training epochs was set sufficiently large (300)
but at the same time early stopping was used, so the training
never actually timed out but was always stopped due to a di-
verging validation loss. The validation frequency for early
stopping was 10 iterations and the validation patience was
5. These values were empirically determined by manual ex-
amination of the training progress with various settings. The
learning rate was set to a constant value of 0.01 and the size
of the mini-batches was aligned with the size of the respective
vocabulary (i.e., 10 in the case of the numbers data set and 30
in the case of the frequent words data set). The number of
neurons N in the hidden layer, the dropout ratio 4, and the
choice of the data format (raw ADC values or converted to
mm) were subject to Bayes optimization with 30 evaluations
of the cost function. The search space for these was the in-
teger interval between 100 and 256 for N and the continuous
interval between 0.2 and 0.9 for §. All other hyperparameters
and options were set to the default values suggested by M AT-
LAB. A summary of the hyperparameter settings is shown in
Table 2.

4. RESULTS

Two different evaluation paradigms were used: a speaker-
dependent evaluation and a cross-speaker evaluation.

4.1. Intra-speaker validation

In this paradigm, the data sets recorded with each of the four
speakers were used independently to train the BLSTM net-
work. Since both data sets contained 10 repetitions of each
item, one instance of each item was excluded from training
and used for evaluation while the other 9 instances were used
for training the network. This strategy is a special kind of
leave-one-out cross-validation or non-randomly partitioned
10-fold cross-validation and was chosen to keep the number
of models to train low while at the same time giving a fair es-



timation of the accuracy of the prediction on unseen data. The
accuracy on the evaluation set was measured by predicting
the label for each instance and determining the percentage of
correct predictions. This procedure was repeated until every
instance was part of the evaluation set once. The results using
the optimal hyperparameters (see previous section) are given
in Table 3.

4.2. Inter-speaker validation

Articulatory data is generally highly specific to each indi-
vidual. In the EOS data, the main differences likely origi-
nate in the different sensor positions relative to each subject’s
anatomy of their anterior mouth cavity. While the sensors
have the same relative positions to one another because they
are mounted to flexible circuit boards of the same layout, the
incisor geometry and curvature of the hard palate is different
for every subject. Therefore, the optical axes of the optical
sensors were at different angles for different subjects and the
contact sensors ended up in different areas of the hard palate.
To quantify the impact of this inter-speaker variability in the
sensor data, another set of four BLSTM networks was trained
using the data from three of the four subjects for training and
the data of the fourth subject for validation so that every sub-
ject’s data was used for validation once (leave-one-speaker-
out cross-validation). The hyperparameter tuning followed
the same procedure as described in section 4.1 and used the
same search space. The results are shown in Table 4.

Numbers set

Subject 1 2 3 4 Average
Hyper- N =151, N=132, N =133, N =123,
parameters 0 =0.31, §=0.14, 0=0.88, §=0.34,

[mm] [ADC] [ADC] [mm]
Accuracy 100 % 99 % 99 % 100%  99.5%
Frequent words set
Subject 1 2 3 4 Average
Hyper- N =132, N=215 N =202, N =248,
parameters 0 =0.84, §=0.39, 0=0.16, ¢=0.67,

[mm] [mm] [ADC] [ADC]
Accuracy 96.67 % 96.67 % 98.33% 96.33 % 97 %

Table 3. Recognition accuracy in the intra-speaker evaluation
on the numbers corpus (above) and the frequent words corpus
(below).

5. DISCUSSION AND OUTLOOK

The results of the intra-speaker evaluation are comparable to
the state-of-the-art in the field set by [11] using PMA. Their
reported errors were in-sample errors, however, and swing
wildly between the two subjects. The results from this study
were obtained in a more systematic fashion and are more con-
sistent across the speakers, while at the same time slightly
surpassing the previous benchmarks. EOS therefore appears

Hyperparameters: N = 117, § = 0.45, [mm)]

Evaluation speaker 1 2 3 4  Average
Accuracy 33% 52% 80% 82% 61.75%
Hyperparameters: N = 119, § = 0.387, [mm]

Evaluation speaker 1 2 3 4  Average
Accuracy 56% 52.33% 63.67% 52.67% 56.17%

Table 4. Recognition accuracy in the inter-speaker evaluation
on the numbers corpus (above) frequent words corpus (below)
using a different speaker for testing for each network (leave-
one-speaker-out cross-validation).

to capture the individual’s articulation sufficiently well to dis-
criminate between a limited set of words. It remains to be
investigated if and how the accuracy decreases with increas-
ing vocabulary size. The inter-speaker analysis identified fur-
ther room for improvement. The inter-individual differences
of the speakers led to a precipitous drop in accuracy from
an average of 99.5 % to an average of 61.75% on the num-
bers corpus and from an average of 97 % to an average of
56.17 % on the frequent words corpus. However, even for
the worst evaluation speaker the accuracy was still better than
any results from comparable systems, even though no addi-
tional adaptation was done. Also, the variance of the ac-
curacy across speakers is quite high: the achieved perfor-
mance ranged from 33 % all the way to 82 %, depending on
the evaluation speaker (see Table 4). Nevertheless, a speaker
adaptation of some sort is needed to achieve practically use-
ful accuracy levels. This adaptation could be as simple as
obtaining more training data from more speakers, or more
elaborate and involve finding “alignment utterances” that map
a speaker’s articulatory space to a generic model speaker’s
space, in which the classification is subsequently performed.
In both cases, more data needs to be acquired before fur-
ther investigations can be pursued. In summary, the results
from this study using the rather new technique EOS met or
exceeded the results of earlier studies using state-of-the-art
systems employing EMG and PMA at a comparable stage of
their development cycle, and thus suggest the potential to sur-
pass the state-of-the-art after further development. Also, the
speaker-independent results showed that EOS appeared to be
less prone to speaker variability “out-of-the-box”. Until en-
tirely non-invasive techniques for articulatory data acquisition
(e.g., EMG [9] or radar-based measurements [20]) have ma-
tured further, EOS therefore appears to be a good compro-
mise between invasiveness and reproducibility of the mea-
surements. Future work will endeavor to walk through the
same steps that the current state-of-the-art has taken (see sec-
tion 1): expand the vocabulary and extend the setup to contin-
uous speech recognition, while tackling the problem of the re-
maining speaker dependency by using further post-processing
of the data, e.g., by using alignment utterances (see above).
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