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Abstract

This paper outlines the conceptual and computational foundations of the AURORA (Acoustic Understanding and
Real-time Observation of Resonant Articulations) model. AURORA predicts tongue displacement and shape in
vowel sounds based on the first two formant values. It is intended as a didactic aid helping to explain the relationship
between formants and the underlying articulation, as well as a foundation for biofeedback applications. The model
is informed by ultrasound tongue imaging and acoustic data from 40 native speakers of English. In this paper we
discuss the motivation for the model, the modelling objectives as well as the model architecture. We provide a
qualitative evaluation of the model, focusing on selected tongue features. We then present two tools developed to
make the model more accessible to a wider audience, a Shiny app and a prototype software for real-time tongue
biofeedback. Potential users include students of phonetics, linguists in fields adjacent to phonetics, as well as
speech and language therapy practitioners and clients.
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therapy

1. Introduction

Vowel formants are a fundamental concept in
speech science, because they reflect crucial au-
ditory properties of vowel sounds. They are also
relatively easy to measure and analyse, using pop-
ular speech analysis resources, such as Praat
(Boersma and Weenink, 2009). They are widely
used for representing and comparing vowel sys-
tems in different languages and different varieties.
In sociolinguistics, formant analysis helps track so-
cial and regional vowel changes (Labov, 2006).
In clinical linguistics, measuring formants can pro-
vide objective data to assess and diagnose se-
lected speech disorders (Kent and Kim, 2003).

The above examples represent applications of
formant analysis that are relevant to academic au-
diences who may have linguistic training, but not
necessarily specialised phonetic background. Fur-
thermore, there are situations where the notion of
a formant has to be made accessible to lay audi-
ences. Kawitzky and McAllister (2020) propose a
clinical intervention for voice feminisation based on
formant biofeedback. The intervention is part of
gender affirming voice training (GAVT), i.e. ther-
apy helping transgender people produce speech
that aligns with their gender identity. In contrast to
many other applications of speech and language
therapy, vowels are a prominent therapy goal in
GAVT, as vowel formants have been shown to cor-
relate with perception of speaker gender (Childers
and Wu, 1991; Leung et al., 2018; Leyns et al,,
2024). More specifically, relatively higher formant
values correlate with perceptions of femininity. To

this end, Kawitzky and McAllister (2020) use a real-
time display of the LPC-spectrum to help a client
achieve higher Fy values in their speech. The
client can observe the acoustic output of their own
speech in real-time and is instructed by a therapist
on how to achieve the change. McAllister et al.
(2025) develop this approach further, presenting
a web-version of the real-time LPC display with
added functionality for helping the users adjust
their resonances, including tutorials explaining the
concept of resonance, and strategies for adjusting
resonance.

A challenge that arises in this context is how
to make the concept of a formant accessible to
non-specialist audiences. Typically, this is done
by interpreting formants in terms of the underly-
ing articulation. Kawitzky and McAllister (2020)
advise their clients that moving the tongue for-
ward in the mouth is a possible strategy for rais-
ing F2. This explanation is couched within a well-
established articulatory metaphor for the interpre-
tation of formants: F rises as the tongue lowers,
and F; rises as the tongue advances. This artic-
ulatory interpretation of formant values is broadly
correct, as it is fundamentally couched within the
principles of the acoustic theory of speech produc-
tion, which models acoustic vowel resonances as
determined by the volume of the resonating cavi-
ties within the vocal tract whose size and shape
is chiefly controlled by the tongue (Stevens and
House, 1955; Fant, 1971). However, relating F;
to tongue height and F; to tongue position with-
out any further qualification involves considerable
simplification. The generalisation leaves out sev-
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eral important factors: nonlinearity of resonance
physics, acoustic coupling between F; and F;, as
well as interdependence between tongue height
and shape. Due to biological properties of mus-
cle movement, and the physical characteristics of
resonance, tongue position and height are inter-
dependent, as are Fy and F,. These properties
are important to understanding the relationship be-
tween articulations and acoustics, but they also in-
volve considerable conceptual complexity that can-
not be fully addressed in clinical scenarios. Time is
precious in a speech and language therapy clinic,
and it is not feasible to present a client with a full
account of biomechanical and acoustic properties
of speech.

The AURORA (Acoustic Understanding and
Real-time Observation of Resonant Articulations)
model is intended as a visual aid that bridges the
connection between vowel formants and tongue
movement in a way that balances simplicity and
accuracy. ltis an articulatory inversion model, pre-
dicting two-dimensional information about tongue
displacement and tongue shape from input for-
mant values. It is trained using synchronised ul-
trasound tongue images and audio recordings. It
achieves a degree of articulatory accuracy thanks
to modelling the interdependence of multiple artic-
ulatory dimensions and the interdependence of F
and F;, informed by empirical data. It achieves
simplicity by providing readily interpretable and
low-dimensional visual output. We envision it as
a didactic tool that can assist an explanation of
articulation-acoustics relationships, as well as a
foundation for the development of free and open-
source tools for real-time biofeedback in vowel pro-
duction.

2. Training data

The training data used to develop the model are
synchronised ultrasound tongue imaging and au-
dio data from 40 speakers. These data come from
a pre-existing corpus. The recording and data
processing procedures are described in detail in
(Kirkham et al., 2023) and (Strycharczuk et al.,
2025).

All the speakers were first-language speakers
of English from the North of England. The age
range was 18—48 (mean = 24.6). 23 participants
described their gender as female, 15 as male, one
as non-binary, and one did not answer the gender
question.

The stimuli were real English words. They
were all monosyllables including vowels
within the b__d segmental context and
embedded within a fixed carrier phrase:
bead,bird,bard,bored,booed, bid,bed,bad,bod,bud.
Note that British English is typically non-rhotic.

The speakers produced between two and six
repetitions (typically five) of the stimuli. The
overall number of tokens was 3,856.

Ultrasound data were sampled at 59.5-101
frames per second (median = 81.3) and rotated
to the speaker’s occlusal plane. Head stabilisa-
tion (UltraFit; Spreafico et al. 2018) was used dur-
ing recording to reduce probe movement. The
ultrasound data were processed in Articulate As-
sistant Advanced Version 2.20 (Articulate Instru-
ments Ltd, 2014). The visible tongue contour in the
ultrasound images was automatically tracked us-
ing DeepLabCut (DLC; Mathis et al. 2018). We use
a DLC model that identifies 11 consistent points
along tongue from the epiglotic vallecula to the
tongue tip (Wrench and Balch-Tomes, 2022). The
coordinates of these points were extracted at the
acoustic midpoint of the vowel. Corresponding F;
and F;, values at the same time point were also
extracted. Formant measurements were obtained
using FastTrack (Barreda, 2021).

We performed further normalisation and dimen-
sionality reduction on the tongue contour data in
order to capture comparable information about the
tongue across different speakers. Firstly we cen-
tered the data within speaker to reduce random
variation related to differences in the ultrasound
probe placement. From the centered data, we
extracted information related to the position and
height of the extreme points on the tongue contour:
DLC knot 1, corresponding to the epiglottic vallec-
ula, and DLC knot 11, corresponding to the tongue
tip. These two dimensions allow us to capture
the information about the position and rotation of
the tongue contour on the original scale. Informa-
tion about the tongue shape was captured using a
morphometric approach described in Dryden and
Mardia (2016) and implemented using the shapes
package in R version 4.3.3. The approach involves
a combination of Procrustes analysis and princi-
pal component analysis (PCA). Tongue contour co-
ordinates are first translated, scaled and rotated
using Procrustes analysis, so as to minimise vari-
ation in position, size or rotation of the tongue,
preserving only variation in tongue shape. Nor-
malised coordinates are then input into a PCA per-
formed in the tangent space (Kent, 1992). The
first two PCs combined capture 67.54% of vari-
ance in the data. We focus on these PCs only
based on the previous findings on this type of PCA
which show that the first two PCs capture most
of the segmental variance between vowel cate-
gories, whereas the higher-order principal compo-
nents mainly capture speaker-specific variance in
tongue shape (Lo et al., 2025).
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3. The AURORA model

The AURORA model is based on a multivariate lin-
ear model mapping the first two formants, F; and
Fy, as well as an interaction between F; and F; (in
Hz) onto six articulatory parameters, as described
above: the height and position of the epiglottic val-
lecula (knot 1, in mm), the height and position of
the tongue tip (knot 11, in mm) and two Principal
Components related to tongue shape, as schema-
tised in Equation 1.

knot 1 X
knot1Y
knot 11 X
knot 11Y
PC1
PC2

= Bo+ S1F1+ BaFo+ B3(F1 x Fy) +¢

(1)

The coefficients obtained from the training

model are then used in the inversion procedure to

predict the target articulatory parameters from any
formant values input in Hz.

A separate procedure maps the regression pre-
dictors onto tongue contours, as illustrated in Fig-
ure 1. First, the PC values are used to reconstruct
the tongue shape. The PCA is inverted by pro-
jecting the scores back through the eigenvector
basis derived from the covariance structure of the
tangent-space data. Thus obtained tongue shape
(example in Figure 1 a) is normalised, such that all
predicted shapes are centred, scaled and rotated
to the same plane. This normalisation is subse-
quently reversed during reconstruction stage, us-
ing Procrustes analysis. The vector between re-
constructed knot R1 and reconstructed knot R11
(Figure 1 a) is projected onto the reference vector
between vallecula and tongue tip, as predicted by
the multivariate model for the same set of input for-
mant values. The reference vector is shown in Fig-
ure 1 b. This determines the rotation, translation
and scaling parameters, which are then applied to
the reconstructed tongue coordinates. The output
of this step is shown in (Figure 1 c).

Finally, the data are smoothed and interpolated
to span 100 points (from original 11). Smooth-
ing is done, using piecewise cubic polynomials, as
implemented in the smoothr package (Strimas-
Mackey, 2023). The coordinates are interpolated
independently, such that the coordinates of the
DLC knots remain unchanged. Figure 1 d shows
the output of the smoothing procedure, as well as
the DLC knots. Note that it is not necessary to run
this inversion process in real-time; e.g. Section 5
describes how the model can be used to gener-
ate a lookup table to enable fast inversion with low
computational overhead.

a) PCA inversion to coordinate values
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Figure 1: Stages of tongue contour reconstruction
from the output of multivariate regression

4. Evaluation

The AURORA model focuses on generating useful
tongue shape information for specific practical ap-
plications, and it does not aspire to be a maximally
accurate model of articulatory inversion. It is delib-
erately limited by the small number of input param-
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eters (F; and F5), which helps illuminate the rela-
tionship between formants and the corresponding
articulation. This is in line with the didactic goals of
this project. With this in mind, we do not attempt to
evaluate the model based on an objective measure
of similarity between predicted articulation and a
test set. Instead, we offer a qualitative evaluation
guided by our original conceptual aims.

First, we evaluate the model through visual in-
spection of predicted tongue shapes for a range of
representative F; and F;, values. We generated a
four-step continuum for Fy and F; corresponding
to the 5th and 95th quantile of these measures in
our data. These quantiles correspond to 320 and
903 Hz for F;, and 828 and 2616 Hz for F,. We
then used the model to predict tongue shapes for
each possible combination of the F; and F;, val-
ues from the four-step continuum. Figure 2 shows
the tongue model predictions. As we can see from
the figure, the model clearly differentiates the in-
herent tongue shape differences associated with
differences in F; and F,. Vowels with high F; are
characterised by elongated and relatively straight
tongue root, whereas vowels with low F, are char-
acterised by convexity around the tongue dorsum
and tongue root. Fy also interacts with F} in af-
fecting tongue shape, especially in the front part
of the tongue. We find convexity there when F}
is low and F5 is high, and concavity when F; is
high and F; is low. Associated with this system-
atic variation in the location of the highest point in
the tongue, which is more anterior for vowels with
high F5, and more posterior for vowels with low
F,, with further interactions related to variation in
Fy. Furthermore, the model captures differences
in height variation, depending on F; and F5 value.
The same differences in F; correspond to greater
variation in tongue height when F3 is high, than
when F, is low.

So far, we have shown that the model captures
interactions between F; and Fy, as well as inter-
dependencies between Fj, F,, tongue position
and tongue shape. These predictions are broadly
as expected from existing models of vowel pro-
duction (Maeda, 1990; Honda, 1996; Honda et al.,
2010). We further evaluate whether the model pre-
dictions are also realistic, by comparing the pre-
dictions to mean tongue data. We obtained the
means by taking the by-item mean of each DLC
knot across all speakers. Recall that the data
were centered within speaker first. We then recon-
structed the tongue contours from the DLC knots
by interpolating the curve between each two neigh-
bouring knots (similar as in Figure 1 d). Model pre-
dictions were obtained based on mean F; and I,
values (in Hz) for each item. The comparison be-
tween the real and predicted data is in Figure 3.

In general, the model predictions are a very
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Figure 3: Comparison of tongue model predictions
with mean tongue shapes for each item in the input
data, based on the mean formant values. Tongue
tip is on the left.

close match to the averaged tongue contours. The
only case where the model and the mean tongue
data are clearly mismatched is booed. The tongue
position predicted by the model is more retracted
and lowered, compared to the mean data. This
mismatch is easily explained by the fact that the
model does not take lip rounding into account, and
the vowel in booed is rounded. Lip rounding has
a lowering effect on formants, and without a spe-
cific correction, this leads the model to underesti-
mate fronting and raising. We also find slight differ-
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ences in tongue height between the model predic-
tions and the mean tongue data for selected low
vowels (bad, bored). It is not entirely clear which
aspects of the model architecture would cause this.
The observed differences are relatively small and
unlikely to lead to any major misinterpretation of
the articulation-acoustics relationships.

In sum, the model provides a relatively rich
and empirically accurate representation of tongue
displacement and deformation corresponding to
change in the first two formant values. It relies
on common and well-understood analytical tools,
such as linear regression, Procrustes analysis and
principal component analysis. This makes the
model entirely interpretable without much loss in
accuracy. The simple tools are sufficient to cap-
ture the most pertinent biomechanical and acous-
tic facts relevant to explaining the general relation-
ship between tongue position / shape and vowel
formants.

5. Extensions and applications

In order to make the model accessible to a wide
audience, we have developed an interactive Shiny
application’ that allows users to explore the data
without programming. Users can adjust input
parameters, using a slider that controls F; and
F,. The output is a visualisation of the pre-
dicted tongue contour, as well as the correspond-
ing vowel spectrum and an indication of the vowel’s
location in the Fy~F; vowel space. The Fi~F,
space is a common way of visualising formant re-
sults in linguistics. This interface is intended as
a didactic aid for introductory phonetics teaching
and for explaining the concept of formants to au-
diences with some linguistic training, but with no
extensive background in speech science. The rel-
evant audiences include academics in fields ad-
jacent to phonetics, such as sociolinguistics, psy-
cholinguistics, clinical linguistics and speech tech-
nology.

The other extension, which is currently still be-
ing developed, is a real-time biofeedback tool.
This tool is inspired by the formant biofeedback
model by McAllister et al. (2025) which visualises
a stylised spectrum in real time, enhanced by real-
time tracking of selected formants, which guides
users towards target formant values, e.g. target
F5. Our biofeedback model is an extension of the
same approach, as it displays the spectrum as well
as the predicted tongue shape. The advantage of
including a tongue contour is twofold. Firstly, the
tongue contour is conceptually much simpler for
the user to understand, compared to the notion of
formant / resonance: it is immediate and does not

"https://aurora-model.shinyapps.io/
tongue_shiny_app/

require specific explanation. Secondly, the tongue
display provides a bridge between the therapy goal
(altering vowel resonances) and the instruction on
how this might be achieved (changing tongue posi-
tion / shape). From both of these perspectives, the
inclusion of a tongue makes the biofeedback tool
considerably more accessible to potential therapy
clients.

A preliminary version of the AURORA biofeed-
back software was implemented in Python 3.13
using PyQtGraph for the graphical user interface.
The software analyses the incoming audio source
in real-time and estimates the first four formant fre-
quencies via Linear Predictive Coding (the tempo-
ral resolution of formant estimation can be set by
the user). The estimated formants are passed in
real-time via a pre-compiled look-up table that was
constructed from the AURORA model described
above. This generates a predicted tongue shape
for each frame, which is displayed in real-time as
a simple tongue contour.

Example screenshots of the biofeedback tool
are shown in Figure 5. The top panel shows a sin-
gle frame from a production of /i/ (e.g. beed), with
a predicted raising of the tongue dorsum, while the
bottom panel shows /a/ (e.g. bard), with retraction
of the tongue dorsum and tongue root. The user
can highlight one or more formant peaks to help a
client to focus on a particular formant —in this case,
we have highlighted F5> — which allows the user to
focus on particular formants.

Alongside the spectrum and tongue display, the
GUI also features a control panel, where the user
can select the audio interface used for microphone
input, as well as change settings such as sam-
pling rate, frame size, LPC order, and an ampli-
tude threshold above which formants are tracked.
These settings allow the software to be adapted
for different voices and in the future we hope to
combine them into a more user-friendly calibration
stage prior to using the tool.

6. Limitations

The most significant limitation of AURORA is that
it only models the tongue. It can indirectly cap-
ture some information related to jaw displacement,
based on horizontal displacement of the tongue,
but it likely underestimates jaw movement, reflect-
ing a more general limitation of ultrasound tongue
imaging (Kirkham and Strycharczuk, 2025). It
does not correct for the involvement of other artic-
ulators that also affect formant values, such as the
lips or the velum. It also does not contain any in-
formation about the passive articulators involved in
vowel production. Resonances are determined by
the distance between multiple articulators involved
in the production of speech. As such, AURORA
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Figure 4: Screenshot of the Shiny app, showing the controls and the predicted output

can adequately model selected key aspects of ar-
ticulation involved in vowel production, but it does
not fully visualise the way in which resonances are
formed.

Another potential limitation has to do with the
fact that the model is trained on non-normalised
formant values in Hertz. As such, it represents a
mean between male and female formant values,
which may not be representative of any typical
speaker. Furthermore, given the greater propor-
tion of female speakers in the training data, the
model is possibly more representative of female
speech. This does not impact the didactic applica-
tions of the model, but it is certainly an area for im-
provement for the development of future biofeed-
back tool which would rely on real-time formant
tracking from individuals. The model can be easily
adjusted to represent gender-specific formant val-
ues.

The model is trained on data from speakers of
English from a specific locality. While the gen-
eral principles of the articulation-acoustics relation-
ship are universal, the model might possibly in-
clude some regional articulatory feature, reflect-
ing dialect-specific articulatory setting. We have
no specific evidence that this is the case, but we
know that articulatory setting can be language-
and dialect- specific (Laver, 1980; Gold et al.,
2022), so it is plausible that the model includes
some specific bias. Inclusion of training data from
other languages could illuminate this issue further,
and greatly contribute to the educational value of

this project.

7. Conclusion

We have outlined the developed of AURORA —
Acoustic Understanding and Real-time Observa-
tion of Resonant Articulations) — a model for pre-
dicting tongue shape and movement from acoustic
information. The model is simple and highly inter-
pretable, because it uses a simple input feature
set (F1, Fy), well-understood statistical methods
(linear regression, principal components analysis,
Proctrustes analysis), and outputs interpretable
tongue shape dimensions. We show that the
model generates qualitatively accurate information
on tongue shape that can directly inform biofeed-
back applications for speech and language ther-
apy and phonetics teaching. Future work will focus
on developing the visualisation and biofeedback
tools, which can then be trialed for their efficacy in
real-world clinical and phonetics training contexts.
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9. Ethical considerations

The study was exempt from ethical approval, as it
constitutes secondary data analysis. The data col-
lection for the original corpus received ethical ap-
proval and the participants provided informed con-
sent, as reported in Strycharczuk et al. (2025).

We anticipate that the model and its applications
should have primarily beneficial uses, such as im-
proved speech and language therapy, accent train-
ing, and phonetics pedagogy. We emphasise that
accent diversity is valuable and such tools should
only be used by individuals who voluntarily seek
accent training. These tools should not be used
to pressure speakers to change their accent or to
reinforce linguistic discrimination.

The model described in this paper was trained
only using English data. While the model aims
to capture universal physical principles of acous-
tic/articulatory relations and ought to generalise
well to other languages, this has not yet been
tested. As a result, caution should be exercised

regarding the generality of these results.
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