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ABSTRACT

In this paper an integrated software system is described
for the conversion of speech into graphic animation suit-
able to lipreading. The objective of the work has been
that of integrating the nnimodal audio information con-
veyed through acoustic speeech with coherent visual in-
formation associated to the movements of the speaker’s
mouth. Thanks to this integration, the occurrence of per-
ceptive impairments affecting the auditory channel, i.e.
environmental noise, age or handicaps, can be bypassed
effectively through the visual modality. The described
system implements a direct mapping from audio to visual
parameters through two processing stages responsible of
speech amnalysis and visual synthesis, respectively. The
specific architecture employed for implementing the con-
version structure, based on Time-Delay neural networks,
has been chosen in consideration of the bimodal nature
of speech and, in particular, of the complex coarticula-
tion phenomena which require the integration of a given
amount of past acoustic information before performing
the visual conversion. Preliminary experimental results
have reported showing the concrete possibility of provid-
ing new services in telecommunication and rehabilitation.

1. INTRODUCTION

Audio-visual speech perception and lipreading rely on
two perceptual systems working in cooperation so that, in
case of hearing impairments, the visual modality can ef-
ficiently integrate or even substitute the auditory modal-
ity. It has been demonstrated experimentally that the
exploitation of the visunal information associated to the
movements of the talker lips improves the comprehen-
sion of speech: the Signal to Noise Ratio {SNR) is in-
cremented up to 15 dB and the auditory failure is most
of times transformed into near-perfect visual comprehen-
sion. The visual analysis of the talker face provides dif-
ferent levels of information to the observer improving the
discrimination of signal from noise.

In any case, seeing the face of the speaker is evidently
of great advantage to speech comprehension and almost
necessary in presence of noise or hearing impairments: vi-
sion directs the auditor attention, adds redundancy to the
signal and provides evidence of those cues which would
be irreversibly masked by noise.

In normal verbal communication, the analysis and
comprehension of the various articulation movements re-
lies on a bimodal perceptive mechanism for the contin-
uous integration of coherent visual and acoustic stimula
([1]). In case of impairments in the acoustic channel, due
to distance, noisy environments, transparent barriers like
a pane of glass, or to pathologies, the prevalent percep-
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tive task is comsequently performed through the visual
modality. In this case, only the movements and the ex-
pressions of the visible articulatory organs are exploited
for comprehension: vertical and horizontal lips opening,
vertical jaw displacement, teeth visibility, tongue posi-
tion and other minor indicators like cheeks inflation and
nose contractions.

2. ARTICULATORY ESTIMATION FROM
SPEECH

The speech conversion system, whose scheme is shown in
Figure 1, has been implemented on a SGI workstation
INDIGO 4600 XZ, 100 MHz, 48 bpp true color, z-buffer,
double buffering and graphic accelerator. The speech sig-
nal, after being sampled at 8 KHz and quantized linearly
at 16 bits, undergoes multistage processing oriented to:

e spectral preemphasis;

o segmentation into non overlapped frames of duration
T = 20 ms (160 samples per frame);

linear predictive analysis of 10-th order;

e power estimation and computation of the first 12
cepstrum coeflicients;

e frame normalization.

Preemphasis has been obtained through a FIR filter
with transfer function I'(2}) = 1 —az (a = 0.97). The
frame duration T has been chosen equal to 20 ms in
order to associate two consecutive audio frames to the
same video frame (25 video frame/sec). Bach frame has
been filtered by means of Hamming windowing to re-
duce the spectral distortion and analyzed through the
Durbin procedure for the estimation of 10 LPC coeffi-
cients. By means of simple linear operations the envelope
of the cepstrum is estimated and its first 12 coefficients
are computed. The frame power (obtained directly from
the value R(O) of the estimate R(t) of the autocorrelation
function) is normalized to the range [Pmin, Pmaz] Where
Prrin and Pras are known a priori and represent the noise
power and the maximum expected signal power, respec-
tively. The 12 cepstrum coefficients of the frame are then
normalized to the range [-1, 1] and finally multiplied by
the normalized power. »

The normalized 12-dimensional vector of cepstrum co-
efficients is then presented in input to the actual conver-
sion system based, as described in Figure 2, on a bank
of TDNNs each of them trained to provide estimates of
the corresponding articulatory parameters ([2], [3]). The
TDNN outputs are then smoothed and subsampled 1:4
in order to associate a the same configuration of articula-
tory parameters to 4 consecutive frames. The smoothing
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Figure 1: Scheme of the conversion system.

filtering is applied for stabilize the estimates while sub-
sampling is forced by hardware constraints: the visual-
ization system which has been used can in fact display
video frames at a maximum frequency of 12.5 frames/sec.
corresponding to 80 ms speech segments.
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Figure 2: Scheme of the analysis-synthesis system imple-
mented on the Silicon Graphic workstation.

3. THE AUDIO-VISUAL TRAINING SET

In order to understand how many articulatory parame-
ters were necessary to allow a faithful visual synthesis of
speech, a very large database has been collected consist-
ing in 25 minutes synchronous video and audio stored in
digital D1 format. PAL video frames have been suitably
subsampled to obtain a 25 frame/sec YUV sequence at a
352x7.7cmixel resolution, 24 bpp, 8 bit/component. D1
digitized audio (mono), sampled at 48 KHz and quan-
tized at 16 bit/sample, has been low-passed and subsam-
pled 1:6 to 8 KKz. The total required storage was 11.5
Gbyte composed of 11.4 Gbyte for video plus 144 Mbyte
for audio.

To simplify the extraction of the articulatory parame-
ters from the video frames the speaker face was suitably
conditioned by means of green lipstick on the lips and
by placing two white markers in correspondence to the
tip of the nose and of the chin. The mouth model which
has been employed, sketched in Figure 3, is defined by a
vector of 11 parameters (LC, lup, Lup, dw, w, W, LM,
h, H, teeth, tongue) describing the width and height of
the mouth, the jaw aperture, the lip thickness, the teeth
visibility and the position of the tongue.

Cross-correlation between these parameters has been

estimated in order to identify inter-dependencies and pro-
vide a basis of independent parameters. From the exper-
imental outcomes it has been decided to use a basis of 6
parameters (LM, H, W, dw, Lup, tongue).
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Figure 3: Articulatory parameters used to animate the
synthetic wire-frame mouth.

A distinct TDNN (with 12 inputs and 1 output) has
been trained for each independent articulatory parameter
using as input the 12-dimensional vectors of the cepstrum
coefficients corresponding to each acoustic frame of the
database. By means of back-propagation ({4]) iterations
the synaptic weights of each network have been progres-
sively modified in order to minimize the Mean Square
Error (MSE) between its output (pattern) and the corre-
sponding articulatory parameter (target) normalized to
the range [0, 1]. The pattern-target comparison has been
done introducing a time delay (DT) between them in or-
der to model the forward coarticulatory effect: this means
that the current output of the network is made as similar
as possible to the articulatory parameter corresponding
to the acoustic unit displaced DT frames back in the past.
The convergence configuration of the synaptic weights
actually implements a suitable acoustic-to-visual speech
mapping table.

The convergence of the network has been studied with
reference to different choices of its parameters, namely
the number of neurons, the number of hidden layers, the
TDNN memory and the patter-target delay.

The aundio database used to train the system is phonet-
ically balanced and is composed of four sections: the first
(DB1) contains only vowels, the second (DB2) only sin-
gle syllables, the third (DB3) only single words while the
last one (DB4) contains segments of continuous speech.
Initially, only the first section of the training set is used
to train each network while the second, third and fourth
sections are used only when the cost functional reaches
predefined thresholds.

4. SPEECH VISUAL SYNTHESIS

Two different mechanisms have been employed and com-
pared for synthesizing the visual cues estimated from
speech analysis: i) key-picture vector quantization; i)
parametric model animation. With both techniques, a
variable number of articulatory parameters, ranging from
a minimum of 1 to a maximum of 6, can be used to drive
the synthesis of each picture whose quality increases in
proportion to the number of parameters which are used.

1. Key-picture vector quantization

The thousands of 6-dimensional articulatory vectors ex-
tracted from the audio-video corpus have been clustered
around a predefined number of key-configurations (in
our experiments 256 configurations) which are assumed
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to carry the mouth articulatory information which is
more relevant for the comprehension of speech. Parame-
ter quantization works out as an addressing mechanism
for retrieving the corresponding mouth image, extracted
from a database of key-pictures (256). In order to save
memory, key-pictures are not extracted at full resolu-
tion (128x128 pixel for the mouth region of interest) but
are constructed by means of squared blocks (4x4 pixel)
extracted from a codebook. This codebook contains a
given number of 16-dimensional vectors (in our exper-
iments 256) corresponding to the 4x4 pixel blocks and
has been constructed through conventional algorithms of
vector quantization applied over a huge training set con-
sisting of all the video data collected in the corpus.

Video synthesis is therefore executed according to the
following steps:

1. The articulatory vector associated to 20 ms of speech
(25 Hz frame frequency) is quantized and coded by
a 8 bit key-picture index.

2. The key-picture index is used to address a table and
to select a corresponding list of 1024 8 bit block in-
dexes.

3. Each block index is used to address a table and ex-
tract a vector of 16 pixel values which represent a
4x4 block.

4. The 1024 blocks are arranged together to form a
128x128 pixel image.

The software and hardware complexity is reasonably
low and the synthesis system can be easily ported on any

PC.

2. Parametric model animation

In this second approach, instead of being quantized, ar-
ticulatory vectors are normalized to a continuous values
in the interval [0, 1]. After suitable adaptation, each
parameter is made compatible to the facial actions code-
book FACS ([5]) of Ekman and Friesen ([6]) and is ap-
plied on a Parke facial parametric model ([7]) for repro-
ducing the mouth movements. The Parke model we have
used is the one implemented at The Curtin University of
Western Australia by Andrew Marriott and Valerie Hall.
The graphic complexity is high requiring the use of the
z-buffer, double buffering and ray tracing. The quality
of the visual synthesis is less than what obtained with
the previous approach (see Table 2 in the last section)
becanse of the following reasons:

1. the position of the tongue is most of times wrongly
reproduced since it is uniquely based on the cor-
reponding articulatory parameter. With the key-
picture approach, on the contrary, a whole mouth
image is selected and approximated: the correct po-
sition of the tongue is already ”embedded” in this
picture without requiring further processing;

2. the mouth looks ”very synthetic” and "impersonal”.
On the contrary, the use of key-picture where a
?true” mouth is reproduced;

3. secondary articulatory elements like the nose con-
traction and cheeck inflation are definitely lost in
the model while are preserved in key-pictures. The
correct reproduction of these elements improves sig-
nificantly the visual comprehension of speech.
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5. EXPERIMENTAL RESULTS

As far as the articulatory estimation is concerned, the
best results have been obtained experimentally using net-
works with two hidden layers, composed of 8 and 3 units
each, with D(1) = 2, D(2) = 3 and D(3) = 4, so that
each output pattern depends directly on the previous 9
input patterns. In Figure 4, the articulatory parameter
H estimated through the network, with reference to a test
sequence, are compared to the actual parameter values.

On the other hand, as far as the visual synthesis of
speech is concerned, extensive experimentation has pro-
vided useful indications on the articulatory relevance in
speech comprehension (see Tables 1 and 2) leading to the
following general considerations:

e images must be refreshed at a frequency in the range
[15, 25] Hz;

e image spatial resolution must be at least 128x128
pixel in the mouth region;

o frontal articulatory cues are superior to side cues;

e frontal and side articulatory cues are effectively in-
tegrated in presence of significant acoustic noise;

o the full-face presentation (even with still back-
ground) is subjectively prefered to the only-mouth
presentation;

o the ”true” face ‘presentation (key-pictures) is sub-
jectively prefered to the synthetic face presentation
(Parke model);

¢ the information associated to the tongue (more pre-
cise in key-pictures than in the Parke model) is rel-
evant; '

e secondary articulation at the nose and cheecks
(present in key-pictures but not in the Parke model)
is relevant.

An example of the subjective quality achievable in
speech visualization is shown in Figures 5 and 6 using
key-picture vector quantization and parametric model
animation, respectively.
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FREQUENCY DUPFSQTEION rNTErL{Pmob;_THON m&?ﬁgﬁb

125 Hz NR% 94 % 94 9

83 Hz 80 % 84 % 04 %

625 Hz 2% 58% 94 %

5 Hz 46 % 46 % 88 9%

416 Hz 30% 24 % 80 %

35 Hz 24% 16% 75 %
3.125 Hz 18 % 10% 75 %

Table 1: In the experiment referenced by this Table two
video sequences have been presented simultaneously to a
group of observers showing the mouth of a speaker while
he is pronuncing two different words. The two words
have high acoustic similarity but significant articulatory
difference. Only the audio associated to one of the two
sequences was played. Each observer has been asked to
choose the sequence he believed was associated to the
heard speech. The test has been performed on 10 adult
normal hearing people and consisted of 400 italian iso-
lated words. The table expresses the percentage of cor-
rect recognition with reference to different values of the
video frame frequency ranging from 12.5 down to 3.125
Hz. The video sequences had been synthesized by means
of the technique referenced in the text as Key-Picture
Vector Quantization.

PARAMETERS | FRONTAL VIEW SIDE VIEW STEREO VIEWS
HW 24 % 0% 24%
H,W,dw 30% 10% 30 %
HW.dwLM 46 % 14% : 46 %
H,W,dw,LM,Lup 549 . 4% 56 %
H,W.dw,LM,Lup 56 % 24 % 66 %
[ tongue

Table 2: This Table reports the results obtained by per-
forming the same experiment reported in the previous
Table except for the fact that the video sequences have
been generated through the technique referenced in the
~ text as Parametric Model Animation. The facial model

employed is the well-known ”Parke” model. The model
was presented to the observers from a frontal view (sec-
ond column), from a side view (third column) and from
two stereo views simultaneously (third column). The
model has been animated by means of the only width
(W)} and height (H) mouth parameters (first row) and
by adding more a more precise detail by means of fur-
ther parameters like the lip thickness dw (second row),
the nose-chin distance LM (third row), the offset of the

upper lip Lup {fourth row) and the fongue position (last
row).
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Figure 4: Performances of the network evaluated on a
test word: the solid line indicates the actnal mouth ex-
ternal height H while the dashed line represents the H
parameter estimated by the network. The evaluation was
performed inserting the word in the training set (top) and
keeping it outside the training set (bottom).

Figure 5: Subjective comparison of the original (left) and
synthesized images with key-picture vector quantization.
Image detail of the mouth region.

Figure 6: Subjective comparison of the original (left) and
synthesized images with parametric model animation.
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