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Abstract

was available for each of the two speakers (American English
and Japanese). [7] conﬁrmed the results investigating two male
and two female speakers of American English with a slightly
larger stimulus set. They registered average correlation values
in the range of 0.74 to 0.83 for the four speakers. All data were
simultaneously recorded, however, their articulatory data were
still constrained to the mid-sagittal plane. Two-dimensional articulatory data cannot capture any lateral variations of tongue
shape, e.g., the difference in tongue shape between /t/ and /l/.
As a consequence the relationship between face motion and the
movement of the articulators might be overestimated dependent
on the phoneme under investigation. In addition their crossmodality estimation was based on CV syllables only. [8] used
several linear modelling steps to combine tongue traces from
cineradiographic data with face motion data recorded with a
large number of markers. Both types of data were not recorded
simultaneously but linked via estimated vocal tract target conﬁgurations. ’[M]ost analysed targets were hyperarticulated sustained articulations’ [8]. The recovered variance of four parameters capturing tongue motion ranged from 37% to 71%.
With the exception of some of the ﬁndings of the last study
the results seem to be at odds with human performance in silent
speech reading. For instance, [9] tested 20 participants with
severe-to-profound hearing loss who relied primarily on vision
for speech communication in a word recognition task. Recognition rates for low lexical frequency words dropped below 40%
even for words that were assumed to have no visually similar competitor, and below 20% and 10% for words from visually medium dense and very dense neighbourhoods, respectively. The difference between technical estimation and speech
reading abilities in humans might be simply due to the fact
that not all physically available information is perceived, e.g.,
some changes in the facial surface might be too small to be
detected. The greatly improved performance of exceptionally
good speech readers [10] points in this direction. Also, in the
above studies only two-dimensional tongue movements were
estimated, not, for instance, additionally velum activity or lateral tongue shape differences. The necessity to recover these
articulatory movements from face motion certainly contributes
to the higher difﬁculty encountered by human speech readers in
a word recognition task. However, the studies cited above apply
concurrent sample-based methods that do not take into account
dynamic information and non-linear relationships that could be
exploited by a human speech reader. Thus, under the assumption of modality-independent articulatory gestures as building
blocks of phonetic information, it stands to reason that speech
reading should be more accurate even when no top-down linguistic processes are able to support the recognition process
and/or the environmental and speaker conditions are not ideal.

Although the increase in intelligibility of spoken language when
watching the speaker’s face is well documented, the characteristics and the distribution of phonetic information over the frequency range of visual speech remain largely unknown. For this
study face motion and tongue movements were measured simultaneously for three speakers of American English. The motion
signals were subjected to a multiresolution analysis using spline
wavelets and partial least squares regression was applied to estimate tongue movements from face motion. The amount of recovered variance was found to be small (below 30%) compared
to previous studies and more pronounced in the lower frequencies.
Index Terms: auditory-visual speech, face motion, electromagnetic articulography, partial least squares, wavelets

1. Background
We have previously proposed [1] to analyse visual speech production within the framework of Articulatory Phonology [2].
As stated in [1], Articulatory Phonology (AP) does not need
special extension or modiﬁcation to cover speech face motion
since it does not assume acoustic segments to be the basic units
of speech, rather articulatory gestures. These gestures are implicitly multimodal by deﬁnition, due to their grounding in the
physical reality of vocal tract conﬁguration changes. Thus, in
theory, AP can be directly applied to visual speech. There is,
however, a marked difference in the degree and detail of gestural information that can be recovered by human perceivers via
the visual or the auditory modality [3]. For instance, the constriction degree of velar stop consonants and fricatives might be
difﬁcult (or even impossible) to identify visually and the activity
of the velum is hidden in general.
Independent of theoretical perspective, it remains unclear
how much phonetic/articulatory detail is preserved in visible
face motion. Obtaining simultaneous measurements of face motion and the movements of the non-visible speech articulators
’hidden’ in the vocal tract has been forbiddingly difﬁcult until
now due to technical limitations.
Nevertheless there have been a few studies on the association between vocal tract articulations and speech face motion
(e.g., [4, 5]). In particular, [6] found high correlations between
the two modalities, which accounted for 72% to 91% of the variance in the data sets. Because of the aforementioned technical
difﬁculties, the researchers were not able to record articulatory
data and face motion data simultaneously and were forced to
use dynamic time warping to align the data from separate experiment runs. Their articulatory data were two-dimensional
and limited to the mid-sagittal plane and only a small data set
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trigger signal from the AG500 Sybox was recorded with the Vicon analog signal recording unit MX Control.
2.2. Post-processing
As a ﬁrst step, face motion, articulatory and acoustic signals
were temporally aligned using the synchonisation signal mentioned above. As a second step both types of measurement
data were spatially aligned by determining the global offsets between the two coordinate systems. Special trials in which four
EMA sensors were wrapped with reﬂective tape - thus becoming OPT markers - provided the coordinates of four points in
both the EMA and the OPT coordinate reference frame (details
in [11]). The offsets were then computed using conventional
pose estimation via the General Procrustes Method [12]. As a
third step, the impact of head movements was removed from
the motion measurements, i.e., the speaker’s head was computationally stabilised using the methods proposed in [13]. Both,
residual and smoothness analyses indicated that the OPT tracking using the head band markers yielded the most reliable results and it was employed to estimate head movements samplewise using again pose estimation. All data were then rotated and
translated to compensate for the estimated head movements. Finally, the motion signals were downsampled to 50 Hz.
The face motion tracking data were cleaned manually frame
by frame: spurious ’ghost’ markers due to mistracking were
removed and short-lived passages of tracking loss were interpolated using Vicon’s Woltring quintic spline ﬁlter [14]. Due
to the time-consuming nature of the data correction we will
present here early results limited to the three American English
speakers and one of the stories, the traditional children’s story
’Chicken Little’. It exhibits repetitions of speciﬁc phrases due
to the unfolding of the story but at the same time is phonetically rich. The story was recorded divided into seven passages
comprising about 6 - 9 sentences each and was read in a very
lively manner by the participants. Altogether 31,738 concurrent
samples were obtained. Because of repeated episodes of measurement failure the tongue dorsum sensor signal of speaker 2
had to be excluded entirely. All speakers included in this study
were right-handed.

Figure 1: Face marker locations.

The aim of the current study is to examine the amount of
shared variance of observable speech face motion and mostly
unobservable tongue movements using simultaneously acquired
three-dimensional measurements of natural continuous speech.
In particular, the distribution across different frequencies is investigated. Given the relatively high speaking rate and natural
speaking style of our speakers (see below) and in line with theoretical reasoning above, we hypothesise that substantially less
information about tongue movements can be recovered from
face motion than found in previous studies, explaining the relatively poor performance of human speech readers.

2. Method
2.1. Data acquisition
We recorded six female speakers, three speakers of American English and three speakers of Australian English.
Three-dimensional Electromagnetic Articulography (Carstens
AG500) - EMA hereafter - was used to obtain ﬂesh point measurements of the tongue (3 sensors) and jaw (1 sensor) and to
track head motion (sensors at the mastoid processes of the left
and right ears, and at the maxilla). The orientation of the tongue
sensors was chosen such that the sensor axis was aligned with
the mid-saggital axis; thus allowing recovery of the tongue orientation in the saggital plane at the sensor location from the
sensor orientation angle measurements.
Face motion was measured using the optical Vicon (Oxford
Metrics) motion capture system (OPT hereafter) with 8 MX40
cameras, with 4 cameras placed at two different height levels
in front of the EMA cube (in the direction the speakers faced)
and two each at each side (right and left sides of the speaker’s
face). Twenty-one half-spherical 3-mm markers were attached
to the facial surface of the participant, primarily on the right
side, since the wires of the EMA sensors led out from the mouth
to the left and were attached with micropore tape to the participant’s left cheek. Seven face markers were placed around the
vermilion border of the lips, 3 on the chin, 5 on the cheek, 4 on
the nose (wings, tip and bridge), and 2 at the right eye brow. Finally, three 9-mm spherical markers were sewn to a head band
the speaker wore, allowing us to also track head motion with
the Vicon system. Figure 1 shows a schematic with the target
locations of the markers.
To be able to compensate for potential EMA cube movements relative to the static OPT coordinate system, the EMA
cube was tracked with three 14-mm markers ﬁxed to the front
of the cube with plastic screws.
Both systems sampled measurements with a rate of 200 Hz.
To enable temporal synchronisation in the post-processing the

2.3. Analysis
In order to obtain the signal at the desired temporal frequency
subbands a multiresolution analysis [15] was applied using a
discrete wavelet transformation (DWT) [16]. Wavelet transformations represent functions (or signals) in terms of ’small’ base
functions at different scales and positions [17]:
f (t) =

∞
X

∞
X

s

cs,l 2− 2 ψs,l (2−s t − l)

(1)

s=−∞ l=−∞

where cs,l are the wavelet coefﬁcients and ψs,l (t) the wavelet
function.
While the Fourier transformation expands signals (or functions) in terms of sines and cosines (or equivalently in terms of
complex exponentials) that are inﬁnite, wavelet transformations
use ’small waves’, wavelets, that have their energy concentrated
around a point in time. They are thus localised in time dependent on the frequency range: at higher frequencies the trade
off a relatively poor localisation in the frequency domain for
a relatively good resolution in the time domain, but the trend
is gradually reversed when moving towards lower frequencies.
This property makes them very suitable for the analysis of biological motion. The discrete wavelet transformation can be im-
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plemented with a set of cascading digital halfband ﬁlters [18].
Starting with the raw signal, the input signal is decomposed at
each level of the multiresolution analysis into a high frequency
and a low frequency part, using a pair of highpass and lowpass
ﬁlters, which are orthogonal to each other. The lowpass data are
then used as the input signal for the subsequent level.
In this study ﬁlters were used corresponding to a biorthogonal scheme with cubic spline wavelets (see [19] for details about
the algorithm) as implemented in the Uvi Wave wavelet toolbox
for Matlab (The Mathworks, Inc.). A multiresolution analysis
entails as the last step the application of a corresponding set of
synthesis ﬁlters to transform the wavelet coefﬁcients back into
the original signal domain. The result is a set of signals bandlimited to one octave (given the usual dyadic DWT) at different
scales: the ﬁrst one containing frequencies between the Nyquist
frequency fn and its half fn /2, the second one between fn /2
and fn /4, and so on. We deemed four wavelet levels sufﬁcient
for our purposes, thus we obtained four ’details’ and an ’approximation’ as follows: D1: 12.5 − 25 Hz; D2: 6.25 − 12.5
Hz; D3: 3.13 − 6.25 Hz; D4: 1.56 − 3.13 Hz; A: 0 − 1.56 Hz.
We used concurrent sample-based Partial Least Squares
[20] to quantify the relations between the subsets of the visually observable (OPT system) and the non-observable (EMA
system) measurement points. Partial Least Squares (PLS, also
known as Projection on Latent Structures) extracts components
that maximise the squared covariance between two data sets and
can be applied to data sets with high multi-collinearity, such as
ours. A PLS analysis returns a set of regression coefﬁcients that
allow estimation of each data set from the respective other. We
estimated the EMA data from the OPT data and computed the
root mean squared (RMS) error between the original and the reconstructed signal as measure for goodness of ﬁt and the amount
of recovered variance. These measures were computed for the
full signal and each of the subbands. The data were randomly
divided into a training set (80%) and a test set (20%) and the estimation process was repeated 5 times with different divisions.
All results presented are averaged over the 5 repetitions.
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Figure 2: Recovered variance in percent dependent on the number of latent variables included in the PLS model. Entire signal.
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Figure 3: Recovered variance in percent dependent on the number of latent variables included in the PLS model. Multiresolution subbands averaged over speakers.

The percentage of recovered variance of the tongue movement
data from the test set against the number of latent components
included in the PLS model is shown for the full signal in Figure
2 for each speaker separately. As can be seen with an increasing number of latent variables the amount of recovered variance
increases, too, until all the shared variance is exhausted. The
maximum percentages remain, however, below 30%.
Figure 3 depicts the results with respect to the ﬁve subbands
averaged over the three speakers. Clearly, the three low frequency subbands contain more shared variance and within this
group D4 (1.56 - 3.13 Hz) contains slightly more shared variance than the other two.
The RMS error is tabulated in Table 1 split according to
speaker and EMA sensor. They appear small ranging from 1.31
to 1.71 mm. Note, however, that these are the RMS error values
calculated with normalised signals and signal estimates with a
standard deviation of 1 mm. Otherwise the values on different
scales cannot be compared since the higher frequency subbands
usually exhibit lower global variance values. Relative to the
standard deviation of the signals the RMS errors are, of course,
substantial. Tongue tip movements are slightly better recovered
than tongue dorsum and tongue back which is most likely due
to the stronger inﬂuence of jaw position on the tongue tip.

4. Discussion
The current study failed to ﬁnd the high shared variance or correlation values between face motion and tongue movements of
previous studies. As hypothesised the obtained values are in
general low. A couple of likely causes can be put forward to
explain the difference:
• In contrast to [6] and [7] our EMA data were threedimensional. However, we observed only small amplitudes in the lateral dimension.
• Facial marker positions might have not been ideal for the
purpose of the study. The locations were chosen according to the requirements of the face synthesis software
FaceRobot (Softimage). FaceRobot models soft tissue
deformation of the facial surface and needs the used locations to drive animations with motion capture data. It
is unclear how much attention the software developers
paid to speech face motion (as compared to emotional
face expressions). However, the location differences to

119

Table 1: RMS prediction error using the optimal model (speaker
1 and 2: 17 LVs, speaker 3: 13 LVs) for tongue tip (TT), tongue
dorsum (TD), and tongue back (TB) shown for the ﬁve mutilresolution subbands (from higher to lower frequencies: D1, D2,
D3, D4, A) and the entire signal (F).

Speaker 1

Speaker 2

Speaker 3

Subband
D1
D2
D3
D4
A
F
D1
D2
D3
D4
A
F
D1
D2
D3
D4
A
F

TT
1.673
1.594
1.383
1.306
1.404
1.377
1.545
1.567
1.481
1.441
1.424
1.427
1.636
1.583
1.472
1.484
1.484
1.475

TD
1.679
1.644
1.561
1.499
1.541
1.513
1.662
1.656
1.595
1.583
1.562
1.569
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TB
1.712
1.675
1.628
1.592
1.590
1.569
1.569
1.626
1.575
1.477
1.548
1.528
1.692
1.690
1.626
1.593
1.563
1.568
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[6] and [7] appear not pronounced enough to cause such
strikingly different results. We also had to place the majority of markers on the right hand side of the face but
with right-handed speakers this side is assumed to show
speech face motion more clearly and exhibit less interference from emotional face expression.
• Our source data are notably different from previous studies. In our case, continuous speech was used, uttered in
a lively manner as if reading the story of ’Chicken Little’ to a child. The resulting face motion can be assumed
to differ in various ways from the lab speech used in the
previous studies, e.g., showing traces of emotional expressions.
The results from the current study, however, appear to be
more in line with the performance of human speech reading
than the high values from previous studies. They also might explain why audio-visual automatic speech recognition provides
only gradual improvements over acoustic-only speech recognition instead of a breakthrough augmentation that could be expected from adding information from a different modality with
noise unrelated to the noise in the base modality.
Putting the ﬁndings within a more general context it has to
be mentioned that PLS is a linear method and it might be that
the relationship between face motion and tongue movements is
predominantly non-linear. Speciﬁcally, it can be hypothesised
that the relationship is only linear over short time ranges with
no face motion from other source than speaking interfering and
non-linear when analysed in wider contexts. We thus intend to
employ Mutual Information methods as a next step.
Results from those non-linear methods have to be awaited.
Nevertheless, it can be speculated that the increase in intelligibility when watching speaker’s face might be (aside from topdown linguistic processes) limited almost entirely to what is directly visible in speech articulation: jaw and lip movements and
occasionally the tongue tip. There might be no globally independent tongue movement information in face motion as movements from other sources interact with speech face motion.
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