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Abstract

then unify all articulatory information to determine the final
VT shape. Though it is hard to determine the influence of an
individual articulator, studies [9, 10] show that the tongue is
a significant determinant for the upper VT geometry. Due to
its agility and higher degrees of freedom, the tongue dynamically creates an irregular tube-like constriction between the larynx and mouth opening, which governs the acoustic features
of speech. Hence, the accurate description of the VT shape
through its area function is a primary component for an articulatory model, which uses the VT area function to produce synthesized speech. In contrast to other approaches, the area function
approximates the variation in VT cross-sections as a function
of distance from the glottis and offers a much straightforward
geometrical representation of the intricate VT shape.
Lately, the advance in high-quality non-invasive medical
imaging techniques has enabled the visualization of tongue
movements from different orientations at once. Earlier, the
sagittal x-ray projection [10], and computed tomography [11]
were used to image the upper VT for various vowel and consonant sounds. Nevertheless, due to radiation risks to the human
subject being imaged, these imaging techniques are not clinically safe. Lately, MRI is widely adopted [1, 12] to capture the
mid-sagittal upper VT images at any desired orientation without
any harmful effects. The captured upper airways are then segmented from surrounding tissues before computing their area
functions, which assist in building speaker-specific articulatory
models [13, 14, 15]. However, the image acquisition time using MRI is on the order of several minutes, and the method is
unsuitable for extracting VT cross-sections during continuous
speech production due to the low temporal resolution of rt-MRI.
Lim et al. [16] have recently produced VT rt-MRI images of 75
speakers with a high spatio-temporal resolution, though such
imaging methods are expensive and not always readily available. Alternatively, the multimodal compact US imaging device
allows real-time visualization of the tongue contour with better temporal resolution. There are several models in literature
[17, 18, 19, 20, 21, 22, 23] which use US to design silent-speech
interfaces. Such a system characterizes tongue shapes, lips and
jaw movements [24] as feature vectors instead of area functions and matches their corresponding speech tokens through a
mapping algorithm (i.e., articulatory-to-acoustic mapping). The
system efficiency relies upon a fixed-size database with a broad
set of prerecorded speech tokens at the expense of computational run-time and memory space. Therefore, the computational overhead of the system increases as the acoustic space
grows.
This paper proposes a novel US-based articulatory model
via tracing a section of the oral cavity during phonation and determining its cross-sectional areas from the US imaging modality. A physics-based articulatory synthesizer (2.5D FDTD VT
[13]) then directly utilizes these area functions to produce intel-

This paper studies the feasibility of an articulatory speech
synthesizer by extracting the mid-sagittal tongue and palate
contours using the ultrasound (US) imaging modality. The extracted contours are then used to compute the vocal tract crosssectional areas (i.e., area function) during phonation, which
then drives an articulary speech synthesizer. Using this approach, we synthesized four phonetic vowel sounds (/a/, /i/, /e/
and /o/). The derived vocal tract (VT) transfer functions are
shown to match over multiple utterances for a single vowel,
thereby confirming reliable and accurate area function derivation using the US. The acoustic formants of simulated vowels using the proposed method show a modest deviation from
the speaker’s recorded speech signal since the current articulatory model does not include the mouth radiation mechanism.
Furthermore, the higher formants’ positions (F5-F8) are approximately equivalent to the high-quality standard MRI-based
acoustic results and have an average error of 3.90%, 4.14%,
1.26% and 2.99% for vowel sounds /a/, /i/, /e/ and /o/, respectively. Our approach provides a step towards developing a USbased speech synthesizer for precise extraction of the upper VT
geometry and enabling speakers to drive an articulatory model
directly by their tongue movements without the necessity of vocalization.
Index Terms: speech synthesis, computational paralinguistics,
ultrasound image, silent speech, human-computer interaction

1. Introduction
Speech interfaces follow the sophisticated speech production mechanism for synthesizing voices to aid the speechhandicapped and support communication systems [2, 3, 4]. The
articulatory data are of paramount importance for such interfaces, as the speech production task demands unified movements of a set of articulators (e.g., pharynx, tongue, hard palate,
lips, etc.). The existing challenges in these speech synthesizers can be highlighted by analyzing their underlying assisting
tools (e.g., sensors and imaging devices) and core functionality.
Fundamentally, they build upon two principles:
• Approximating the upper VT geometry (i.e., area function) using several invasive or non-invasive sensors and
imaging modalities.
• Mapping the VT geometrical information to an acoustic space that can generate speech sounds with precise
acoustic characteristics.
The earlier synthesizers took advantage of different optical
and magnetic sensing technologies to estimate VT shapes by
tracking lip movements [5, 6] and tongue shapes [7, 8]. They
consider each articulatory movement as an individual entity and
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Figure 1: The area function extraction procedure for the vowel /e/. (a) shows the tracked palate (dotted yellow line) and tongue surface
(dotted red line) in an ultrasound image of a tongue, (b) shows the extracted vocal tract boundaries (in blue), the estimated midline (in
red) and the equidistant grid lines (in black), (c) shows our computed US-based area functions (in red) in comparison to standard MRI
based area functions (blue dotted) [1]. The shaded portion shows the vocal tract area region from the base of the tongue to the tip.
of the tongue. Usually, the palate is not visible as the US beam
reflects off the air in the vocal tract region. However, while
swallowing, the tongue surface makes complete contact with the
palate, leaving no air in between and thereby allows the imaging of the palate [26]. Since the palate movement is negligible
compared to the tongue during speech production tasks, we imaged the speaker’s upper palate only once through a swallowing
action. Throughout the experiment, we asked the speaker to sit
in a chair and put his head supported by firmly attached pads to
the chair. The ultrasound probe was held securely by the arm attached to the same chair. Using this approach, we stabilized the
speaker’s head and eliminated any unwanted palate movements.
Simultaneously, the audio data from the speaker were
recorded using a Sennheiser MKH 416 P48 shotgun microphone and a Focusrite Scalet 2i2 preamplifier to enable a comparative study between the original speech signal and the simulated speech output, as illustrated in Section 3.3. The recorded
data are available here1 . We used Audacity, a digital audio editor, to cancel the US ventilation noise from the recorded speech
signal. A time lag exists between the audio recording and video
of the US imaging of the tongue that needs to be calculated.
Therefore, the participant was asked to produce /ka/ 5-7 times
at the beginning of the recording session. The release of /k/ involves a burst and a quick tongue movement; hence, it makes
both acoustic and articulatory landmarks of release easy to identify and determine the time differences between them.

ligible static English vowel sounds without having any dependence on prerecorded speech segments. Therefore, our model
does not require extra memory space to accommodate acoustic
data. Moreover, as a realistic approach, it only relies upon articulatory information in terms of area function rather than a deep
learning-based mapping algorithm to synthesize speech sound.
At the core of this method is the extraction of the mid-sagittal
cross-sectional areas between tongue and palate using the US,
which drives a computationally affordable acoustic wave solver
for synthesizing speech sounds. We implement the adaptive
grid strategy (AG) [25] that first determines the vocal tract centerline and subsequently extracts its cross-sections perpendicular to the centerline. For the articulatory model, we adopted a
2D acoustic wave solver (i.e., 2.5D FDTD VT) due to its better geometrical flexibility and time complexity than the 1D and
3D articulatory models, respectively. The following section discusses the development of the proposed model in detail.

2. Method
2.1. Ultrasound Imaging & Audio Recording
At present, the coupled articulatory model simulates synthetic
speech sounds for a fixed VT geometry. Hence, we performed
experimental studies with phonetic vowel sounds for a preliminary assessment of our synthesizer. Evaluation of the articulatory synthesizer with dynamic boundary conditions is being
investigated for future work. During this study, a healthy male
speaker (26 years old) was asked to repeat each of the following
vowel sounds five times with intervals in between: /a/, /i/, /o/
and /e/ — the resting time before every utterance was approximately 10 seconds. We have mainly analyzed the VT shape
of cardinal vowels in our study as these vowel sounds represent
the extreme points of articulation. However, we did not consider vowel sound /u/ as it involves the extension of VT due to
lips protrusion. Since ultrasound only captures tongue contour,
the acoustic simulation of vowel /u/ may produce inaccurate results. Nevertheless, this can be addressed in future work by
estimating lips position using different sensing technology.
For imaging the tongue and upper palate, we used ALOKA
SSD-5000 ultrasound system at 30 fps in conjunction with a
9mm radius UST-9118 3.5 MHz convex ultrasound transducer
(120-degree scan angle) and Echo Wave II ultrasound imaging software. Since the articulatory model requires the crosssectional area profile of VT contour along the mid-sagittal
plane, the US transducer was locked into a fixed position and
placed beneath the speaker’s chin while imaging a single section

2.2. Area Function Extraction
As the next step, we traced the tongue shape and palate contour
in a semi-automatic fashion from the US video stream and extracted the corresponding cross-sectional areas. The area function usage simplifies acoustic analysis of the vocal tract as it approximates the upper airway as an irregular acoustic tube which
allows planar wave propagation. From an acoustic perspective,
this means the variation of acoustic pressure remains constant
over a planar wavefront, and the wavefronts are perpendicular
to the tube centerline (i.e., along the direction of sound wave
propagation) in space. It is to be noted that such an assumption
limits the characterization of the vocal tract model for higherorder modes. However, as per the assumption, the vocal tract’s
cross-sections that coincide with planar wavefronts supervise
its acoustic characteristic. Thus, we implemented the adaptive
grid strategy [25, 27], which first derives the centreline between
1 https://github.com/Debasishray19/TalkingTube/tree/SSW11/audioData
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Algorithm 1 FDTD Time-Marching algorithm
Input: VT area function a(x), audio time t
1: Initialize the physical constants: air density ρ, sound speed c.
2: Initialize grid size (M × N ) and simulation sampling rate R.
3: Set the temporal resolution (∆t) and grid resolution (∆x) with R and CFL
condition.
4: Set the simulation step size T with t and ∆t.
5: Define boundary cells with a(x) and normal acoustic impedance Z.
6: Set depth values (D̄, D(x) and D(y) ) for each grid cell derived from a(x).
7: Define source excitation cells
8: Initialize source excitation velocity ve .
9: Initialize acoustic components (p, vx and vy ) for each grid cell.
10: for n = 1...T do
11:
for i = 1...M do
12:
for j = 1...N do
n
13:
Update pn+1 (i, j) with vx
(i, j), vyn (i, j) and D(i, j) (Eq. 1
and Eq.3)
14:
if (i, j) = excitation cell then
n
n
15:
vx
← vx
+ ven and vyn ← vyn + ven
16:
end if
17:
if neighbouring cells = boundary cell then
18:
vbn ← pn (i, j)/Z
19:
end if
n+1
20:
Update vx
(i, j) with pn+1 (i, j) and vbn (Eq. 2)
21:
Update vyn+1 (i, j) with pn+1 (i, j) and vbn (Eq. 2)
22:
end for
23:
end for
24: end for

Figure 2: Illustration of vowel simulation using 2.5D FDTD
vocal tract model. The colormap shows the acoustic pressure
wave propagation inside the vocal tract.
the traced tongue and palate contours. Next, it approximates a
set of grid planes perpendicular to the centerline for estimating
the corresponding area function. Unfortunately, if there is an
abrupt VT shape change and the number of grid planes is high,
there is a possibility of collision between the grid planes. However, this could be prevented by positioning them at an equal
interval while reducing their counts. Our solution procedure is
discussed as follows:

propagation inside the VT geometry, which heavily influence
speech acoustics, especially higher-order modes that typically
appear above 5 kHz [25].
Before simulation starts, we first create the 2D VT contour
inside a staggered rectangular grid using the area function retrieved from the US and then define the acoustic components (p
as pressure, vx and vy as velocity along x and y axis) for each
grid cell. In a similar fashion, the tube depths(D̄, D(x) and
D(y) ) are derived and mapped to each grid cell as described
here [13] in detail. The spatial resolution (∆s) and temporal resolution (∆t) of the simulation are restricted
using the
√
Courant-Friedrichs-Lewy condition(∆t ≤ ∆s/ 2c, c = speed
of sound). A boundary condition is enforced via vb similar to
what proposed here [14, 29] to include the time-dependent VT
wall losses. A source excitation function is coupled at the glottal end to induce the acoustic energy into the VT tube.
During the simulation, the 2D wave solver updates each
acoustic component by solving the discretized mixed-form
wave Equations (1) and (2) across the entire grid using a timemarching algorithm (see Algorithm 1). The time-domain analysis fits well for the articulatory model, as the vocal tract and
articulatory processes evolve with time to produce speech. We
e as perdenote the standard discrete spatial derivatives with ∇
formed in 2D FDTD:

1. Trace the tongue and upper palate (see Figure 1a) by
fitting a smooth spline to the lower edge of the visual
lingual contour using the EdgeTrack system [28]. The
EdgeTrack is an automation tool for extracting tongue
surfaces from the surrounding noise and unrelated highcontrast edges in ultrasound images.
2. Draw the traced contours on a 2D cartesian coordinate
system and sample the coordinates for both the tongue
and the upper palate.
3. Derive the centerline coordinates by averaging the ordinates of the tongue and palate corresponding to each
abscissa in the set of sample points. Then, connect the
derived coordinates using piecewise line segments to determine the centerline.
4. Draw a set of equidistant grid lines perpendicular to
the centerline. Each grid line intercepts the posteriorsuperior palate contour and the anterior-inferior tongue
contour (see Figure 1b).
5. Calculate the cross-sectional area of the vocal tract tube
from the length of intercepts at the sampled points.
6. Normalize the cross-sectional areas starting from the
base to the tip of the tongue to retrieve the 1D area functions between tongue and palate (see Figure 1c).

e · V (n)
D̄p(n) − ρc2 ∆t ∇
(1)
D̄
e (n+1) /ρ + ∆t(1 − β)vb
βv (n) − β 2 ∆t ∇p
=
β + ∆t(1 − β)
(2)

p(n+1) =

2.3. 2.5D FDTD Acoustic Wave Solver

v (n+1)

We implement a 2.5D wave-guide-based articulatory model
[13] to synthesize acoustic outputs. The articulatory model extends the rationale of the 2D finite-difference time-domain (2D
FDTD) numerical scheme [14] and improves upon it by lumping wave propagation effects for off-plane waves. Mohapatra
and Zappi have already shown the potential of the lightweight
2.5D FDTD VT model as its acoustic features are comparable to
a complex 3D FEM (i.e., finite element method) VT model [15]
for static vocal tract shapes. Moreover, unlike 1D articulatory
models, the 2.5D model captures the effect of non-planar wave

where,

V = ( D(x) vx , D(y) vy )

(3)

ρ = air density and n = nth time step of the simulation.
β = A scalar parameter to distinguish between air (β = 1) and
the VT boundary (β = 0) in the computational domain.
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3. Experiments and Results
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3.1. Experimental Setup
We captured the pressure propagation p(n) (as shown in Figure
2) by placing a virtual microphone 3 mm inside the mouth opening to simulate audio time events of 50 ms. The microphone
essentially collects discretized pressure samples at each time
step during the simulation. Since the 2.5D FDTD VT model
does not yet employ radiation losses, we impose the Dirichlet
boundary condition (i.e., open-end boundary condition) at the
tube end as proposed here [30]. However, it is to be noted that
the mouth radiation is an important dissipation mechanism [31]
in determining the actual acoustic characteristics (i.e., formants’
positions, bandwidths and amplitudes, voice naturalness, etc.)
during speech production. Therefore, we expect some deviations in the acoustic properties between the synthesized vowel
sounds and the recorded speech signal. A Gaussian volume ve(n)
locity pulse ve with a maximum frequency range up to 10kHz
was used as the glottal excitation to compute the VT transfer
function and their formants. We followed the transfer function
analysis method to extract formants as it is a standard approach
to characterize the synthesized audio outputs generated from the
computational vocal tract model.
2

ve(n) = e−{(∆tn−T )/0.29T } (m3 /s)
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Figure 3: Illustration of spectral envelops for vowel /a/ and their
formants (dotted vertical line), derived from the simulation of
the US-based area functions samples for three different trials Trial1 (Red), Trial2(Green), Trial3 (Blue).
(e.g., formant position and bandwidth, pitch, etc.) contribute to
the simulated-voice quality, we solely focus on formant positions as they play a vital role in distinguishing the vowel categories. First, we characterize the acoustic behaviour (i.e., transfer function curves) of a simulated vowel sound, phonated at
separate time instants (i.e., three different trials) by the same
speaker to evaluate the reliability of the US imaging modality
for vocal tract area function extraction. Second, we extract the
formants [37] from the recorded speech signals and compare
them against the US-based VT area functions acoustic simulation. Next, we analyze the higher formants’ positions (F5-F8)
using the proposed method as higher formants in VT frequency
response contribute to the perception of voice quality [38]. For
this, we match the results against a standard high-quality MRI
dataset [1]. Since the US does not capture the complete VT
cross-sectional areas, we generate a new area function dataset,
called US+MRI, to study the impact of missing geometry. The
new area function dataset includes the tongue contour extracted
from the US and supplements the absent area functions using
the standard MRI data directly. Currently, we do not have the
VT area function dataset using the MRI and US imaging techniques for the same subject. However, the human upper airway
geometry approximately remains identical for vowel sounds
across different subjects. Therefore we directly use Story’s MRI
data [1] of VT cross-sections to compensate for the missing geometrical information.
As discussed earlier, this study does not characterize the
acoustic properties of speech sounds for dynamic vocal tract
shapes. The dynamic boundary condition requires attention to
other additional details such as continuous extraction of vocal tract cross-sections in a fixed-time interval as it changes,
a smooth transition of vocal tract walls in the FDTD computational domain [39], etc. Therefore, it is essential that we first
characterize our US-based articulatory model for static vocal
tract shapes.

(4)

where, T = 0.646/f0 and f0 = 10kHz
However, the articulatory model needs to be coupled with
a self-oscillatory vocal fold (VF) model, a source excitation
function to generate synthetic speech output. Hence, during the
vowel sound production, we coupled the 2.5D vocal tract to a
self-oscillating biomechanical vocal fold model (i.e., lumpedelement two-mass VF [32]). We chose a biomechanical VF
model over the parametric (e.g., [33]) and kinematic models
(e.g., [34]), as it simulates the flow-induced oscillations of the
vocal folds. Thereby, it naturally reproduces effects that result
from the interaction between the vocal folds, the glottal flow,
and the vocal tract. In the past, multiple articulatory models have been successfully demonstrated using the two-mass
VF model [35, 36]. The two-mass VF model is computationally lightweight, and it uses two point-masses connected by a
spring-damper system to emulate the self-oscillatory characteristics of the human vocal folds.
A numerical simulation using the finite-difference scheme
was then carried out, setting the physical constants as follows, speed of sound of c = 350m/s and air density of
ρ = 1.14 kg/m3 . We fixed the sampling rate of the simulation to 661, 500 Hz, thereby having the temporal resolution of
∆t = 1.51 × 10−6 s. We lowpass the output pressure samples
above 22kHz using a second-order Butterworth filter to generate vowel sounds. The feed-forward and feedback coefficients
of the filter are 0.0754 × {1, 2, 1} and {−1.0875, 0.3890}, respectively. We implemented the VT area functions extraction
algorithm and the physics-based articulatory model in the MATLAB environment. The custom code of our model is publicly
available here2 .

3.3. Results
The VT transfer function H(f ) was obtained by applying the
fast Fourier transform (FFT) to the output-pressure samples p0
and Gaussian volume velocity pulse ve as follows,

3.2. Speech Output Evaluation
Our current model supports investigation with different speech
sounds by directly modifying the VT tube geometry, hence controlling the acoustic output. Though several acoustic features

H(f ) =

p(f )
ve (f )

(5)

where p(f ) and ve (f ), respectively stands for the FFT of p(n)
(n)
and ve . Figure 3 shows three nearly equivalent transfer func-

2 https://github.com/Debasishray19/Talking-Tube/tree/SSW11
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Figure 4: Accuracy percentage of the first 4 formants in the USbased area function simulation for vowels /a/, /i/, /e/ and /o/,
with respect to the speaker’s original speech signal.
Table 1: Absolute positional errors (in percentage) of the higher
formants (F5-F8) with only US (denoted as U) vs US+MRI (denoted as U+M) based area function simulation
V
/a/
/i/
/e/
/o/

U
6.4
3.1
2.0
6.3

F5
U+M
0.4
4.7
3.6
0.4

U
1.4
0.5
0.3
3.6

F6
U+M
0.7
0
0
0.7

U
5.9
7.4
0.9
0.3

F7
U+M
1.1
4.9
2.4
0

U
1.8
5.4
1.7
1.6

F8
U+M
0.5
5.9
2.3
1.3

tions having similar formants, derived from the simulation of
vowel /a/ with different US-based VT area functions samples.
The speaker’s original vowel utterances were considered
ground truth to analyze the acoustic features of the model. We
used the PRAAT application [40] to approximate the first four
formants for each vowel sound from its recorded speech waveform. Figure 4 demonstrates that the accuracy percentage of
the first four formants for static vocal tract shapes generated using the US-based area functions and synthesized using 2.5D VT
model, is above 80% in most cases.
The PRAAT application can not identify higher-order formant frequencies accurately. Hence, we used Story’s VT area
function [1] to simulate and retrieve the higher formants (F5F8), and considered them as baseline for a comparative study.
This MRI dataset has been widely used for the acoustic analysis
of many articulatory models [14, 30]. The comparative study
shows that the average absolute positional errors of these formants were 3.90%, 4.14%, 1.26% and 2.99% for vowel /a/, /i/,
/e/ and /o/, respectively (Table 1). However, there was a significant improvement in the formant position with the US+MRI
area functions, which compensate for the missing cross-sections
in the US-based VT areas. The synthesized vowel sounds using
different VT area functions are provided here1 as audio files.

movements while imaging. Besides a few exceptions (e.g., F2
in vowel /o/), most formants resulting from VT acoustic simulation using US images match the speaker’s recorded speech
signal well. However, the inclusion of free radiation effects into
the articulatory model will allow an objective analysis of the
existing errors. In order to do that, we have to include a simplified head geometry to the existing VT model and allow the
outward pressure wave propagation at the mouth end to emulate
free space[41]. This feature will also offer realistic simulation
of a VT shapes extracted with US imaging techniques.
As an imaging device, the US is suitable for tracing tongue
shape from its blade to root, thereby allowing the accurate representation of a section of the VT shape as an area function
inventory. This approach is incapable of estimating the complexity of realistic VT geometries (e.g., piriform fossae, subglottal tract, and lip’s area). Though such a level of geometrical
details might not be necessary for categorizing vowel sounds,
they have significance at the higher end of the speech spectrum.
Therefore, the simulation output of US+MRI VT area function
provides better acoustic results for the higher formants. As a
future research direction, it motivates an investigation into the
possible ways of augmenting US-based area functions to generate rich VT geometrical information.
The results from this study provide insights into the future development of a silent-speech interface. This could be
achieved by retrieving VT area functions using the US and
other sensing technologies and passing them to the articulatory
speech synthesizer to simulate synthetic speech sounds. The
current off-line platforms: (1)VT cross-sectional area function
extraction from the US (2) 2.5D FDTD articulatory speech synthesis model, needs to be connected to generate acoustic output
in real-time. We are currently working towards implementing
the dynamic VT geometry in the articulatory model, which will
finally allow the synthesis of continuous speech.
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