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Abstract—We present a novel approach to synthesizing accurate visible speech based on searching and concatenating optimal
variable-length units in a large corpus of motion capture data. Based on a set of visual prototypes selected on a source face and a
corresponding set designated for a target face, we propose a machine learning technique to automatically map the facial motions
observed on the source face to the target face. In order to model the long distance coarticulation effects in visible speech, a large-scale
corpus that covers the most common syllables in English was collected, annotated and analyzed. For any input text, a search algorithm
to locate the optimal sequences of concatenated units for synthesis is desrcribed. A new algorithm to adapt lip motions from a generic
3D face model to a specific 3D face model is also proposed. A complete, end-to-end visible speech animation system is implemented
based on the approach. This system is currently used in more than 60 kindergarten through third grade classrooms to teach students
to read using a lifelike conversational animated agent. To evaluate the quality of the visible speech produced by the animation system,
both subjective evaluation and objective evaluation are conducted. The evaluation results show that the proposed approach is

accurate and powerful for visible speech synthesis.

Index Terms—Face animation, character animation, visual speech, visible speech, coarticulation effect, virtual human.

1 INTRODUCTION

SYNTHESIS of realistic, accurate visible speech is an active
research area that has many applications within virtual
humans, including improved intelligibility of speech in
noisy environments and learning, training and even certain
types of therapy [1], [2]. To achieve accurate visible speech
synthesis, one important task is to model coarticulation
effects that occur when speech segments are influenced by
prior or subsequent segments; such effects can occur across
several phonemes, such as lip rounding that may occur
during the /s/ in the word “strewn” [3]. A direct way to
model coarticulation effects is to collect motion capture data
from a person’s lips and lower face during speech
production and map the facial movements points onto a
3D face model. The captured data could then be used to
synthesize visible speech for different face models.

Based on this idea, we developed a visible synthesis
system in our previous research [4]. In this system, all
transition movements from one viseme to another were
captured to simulate the coarticulation effects from adjacent
phonemes. During the synthesis of visible speech of 3D
models from text, these diviseme units were located in a
database, concatenated, and processed to conform to the
durations of the speech segments in the speech, and then
used to move the lips and lower face regions of the model.
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While this approach produced natural and accurate visible
speech in most contexts, it is not capable of modeling long
distance coarticulation effects (that can extend over several
prior or subsequent phonemes), as the unit of concatenation
was limited to the diviseme.

In order to model long-distance coarticulation effects, we
extend the diviseme approach to concatenation and proces-
sing of the most frequently occurring words and syllables in
English. The idea behind this approach is to locate and
concatenate the longest sequence of segments (which could
be a word), as is done today in the most successful domain-
independent text-to-speech systems. In addition, an exam-
ple-based machine learning approach is applied to estimate
the motion mapping from the captured data to a target 3D
face model.

In Section 2, we review previous work in face animation.
Section 3 presents our approach to visible speech synthesis.
Section 4 presents the results. Section 5 summarizes the
work.

2 PREvious WORK

Since Parke’s pioneering work [5] on face animation, several
approaches have been proposed to create face animation,
including parameter-based approaches [5], physics-based
approaches [6], image-based approaches [7], and multi-
target morphing approaches [8], [9], [10]. In the parameter-
based or physics-based approach, a face model is para-
meterized with geometrical or physical parameters. Various
parameters have been investigated such as the abstract
muscle parameters proposed by Magnenat-Thalmann et al.
[11], the parameters proposed in MPEG-4 [12], or the
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blending of coefficients in the multitarget morphing
approach.

Visible speech synthesis is an important component of
face animation. There are three ways to synthesize visible
speech: One is the rule-based approach in which the visible
speech is generated by applying a set of rules and
smoothing techniques [10], [12], [13], [14], [15], [16]. The
second is the performance-driven approach [17] in which
the visible speech is driven by a real person’s facial
movements measured by a motion capture system. The
third is the speech-driven approach in which visible speech
is produced by mapping speech feature vectors. For
example, Jiang et al. [18] showed that the relationship
between speech acoustics and facial optical movements was
not uniform across talkers and vowel context. These results
showed that it is a challenging task to synthesize accurate
visible speech directly driven by auditory speech.

Motion capture data can be applied to different
approaches to estimate the parameters for face animation.
For instance, Kshirsagar et al. [19] used motion capture data
to estimate facial animation parameters defined in MPEG4
standard.

The motion capture data can also be employed to
estimate the parameters in the dominance functions
proposed by Cohen and Massaro [20] or the parameters in
the kernel functions proposed in our previous research [10].
In addition, motion capture data can also be used to
estimate the blending coefficients in the multitarget morph-
ing approach, the shape blending approach [8], [9], [10],
[21], [22], or the linear combination approach [23].

In early work on performance-driven face animation
[17], the motion mapping was implemented through a
simple geometrical deformation algorithm. An extension of
this approach can be found in [24]. Another extension to the
geometrical deformation approach is the use of the RBF
interpolation algorithm [25], [26], [27], [28]. Image-based
approaches also have a connection with motion capture
technology. In the image-based approach, the captured
video data can be viewed as a special type of motion
capture data in which the source face and the target face are
the same. The motion-mapping task in this approach is to
find the point correspondence in the two images captured
at different times.

For example, Ezzat et al. [29] proposed an approach to
visible speech synthesis based on a training video corpus.
Recently Geiger et al. [30] reported the results of a
perceptual evaluation test about the animation system
mentioned above. The visible speech intelligibility test
suggests that the image-based animation system still needs
to be improved for the purposes of rehabilitation and
language learning tasks. Some open issues in visible speech
synthesis are reviewed in [31].

3 VISIBLE SPEECH SYNTHESIS

3.1 System Overview

The system architecture of the visible speech synthesis
system is shown in Fig. 1. The corpus consists of motion
trajectories of 3D facial markers captured by a motion
capture system. The recorded corpus of motion capture
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Fig. 1. The system architecture.

data is first processed. Then, a set of visual prototypes in the
source face is selected, and its corresponding visual
prototypes in the target 3D face are designed manually to
enable each visual prototype designed for the target face to
resemble to that in the source face.

The mapping functions from the source face to the target
face are learned by Radial Basis Function Networks [32].
Then, the principal component analysis (PCA) is used to
compress the 3D meshes generated by the motion capture
data. A retargeted corpus is formed as a set of compact
representations of the retargeted models with PCA. For
each sequence in the motion capture database, a time-
aligned phonetic transcription of the corresponding speech
utterance was generated automatically using a speech
recognizer and the text corresponding to the utterance.

The speech wave file relevant to the input text is
generated either by a speech synthesizer or by recording
audio with a microphone. A search algorithm is applied to
find the best-concatenated units in the retargeted corpus.
The time warping algorithm is applied to the selected units
so that their durations conform to the duration of the
generated phonetic string. A trajectory-smoothing algo-
rithm is applied to get smooth-concatenated visible speech.
The output is the optimal visible speech synchronized with
auditory speech signal.

3.2 Corpus

We collected motion capture data consisting of about
1,400 utterances at a motion capture studio in California.
The word sequences, uttered by a professional speaker (a
reading researcher with training in linguistics) contained the
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Fig. 2. Original 3D facial markers.

most common single syllable words occurring in spoken
English, as well as multisyllabic words containing the most
common initial, medial, and final syllables of English. The
frequency of occurrence of words and syllables was com-
puted from a large corpus of annotated speech called the
DARPA broadcast news HUB4 collected by the Linguistic
Data Consortium LCD (http://www.ldc.upenn.edu/
About/). The corpus contains hundreds of stories and
millions of words. The frequency of each word in the corpus
of 64k different words is estimated from the text transcrip-
tions containing millions of words. To estimate the frequency
of each syllable in English, a syllabification system was
designed based on the Festival speech synthesis system [33].
The English lexicon that contains 64k words is input to the
system, which automatically segments each word into
syllables. Then, the frequency of each syllable is estimated.

About 800 words, which cover the syllables with high
occurring frequency, were selected. In addition, we selected
the 100 most common words in English. Finally, to assure
complete coverage of all divisemes, we recorded 400 non-
sense syllables containing all of the divisemes of English. A
diviseme is defined as a sequence of two visemes, and a
viseme is defined as a visual production of one or more
phonemes. To summarize, the corpus consists of the most
frequently occurring syllables in multisyllabic words,
frequent words, and a set of nonsense syllables representing
individual divisemes. The proposed visible synthesis
system is designed to locate and concatenate utterances
by selecting the fewest representations in the corpus—i.e.,
representations that contain the longest motion capture
sequences that will present all of the visemes in the target
utterance.

The stimuli were recorded from 50 points on the
speaker’s face and lips at 60 frames per second, as shown
in Fig. 2, the facial marker’s positions defined in the MPEG4
standard [12] are used as the reference to determine these
markers’ positions. Some markers are used to estimate the
head pose. The motion capture session lasted approxi-
mately 8 hours. About 60k frames of motion capture data
were collected. Only facial markers in the lower face are
used in this research of visible speech production.

3.3 Preprocessing

The data were preprocessed to assign phonetic segment
labels and boundaries to the motion capture sequences and
to estimate the head pose of each frame of motion capture
data in order to remove the influence of head movements

on visible speech synthesis. Time aligned phonetic segmen-
tation was performed by the SONIC speech recognizer [34],
which provided the phoneme sequences derived from text
representations of each utterance. The pose estimation
algorithm described in [35] was used to estimate head pose.

3.4 Prototype Selection

The corpus contained approximately 60,000 frames of motion
capture data. Among them, we want to manually select some
prototypes that represent the typical lip shape configurations.
These prototypes will serve as the learning examples to
design their corresponding prototypes in the target face
model. The prototypes in both source face and target face will
also be used to learn the mapping functions. Theoretically
speaking, the more the prototypes are used, the higher the
accuracy of the mapping functions is. However, increasing
the number of prototypes will also increase the amount of
work to manually design prototypes for the target face.
Therefore, an appropriate number of prototypes should be
determined. The choice of the number of prototypes should
balance the accuracy of mapping functions and the amount of
work required to design the target prototypes. Twenty-one
visual prototypes are used to construct the mapping from the
source face to the target face as shown in Fig. 3. The 3D tongue
model is not included in the visual prototypes; we have a
parameter-based tongue model that is discussed in our
previous research [10]. The lower tooth 3D model in our
system is also a parameter-based model that is controlled by
the jaw rotation angle, i.e., the feature point 2.1 defined in
MPEG4 [12].

3.5 Retargeting Motion

Estimating the mapping functions from the motion capture
data to a target face model is an essential task. The learning
examples, i.e., the prototypes selected in the source face and
those designed for the target face model, allow us to construct
the mapping functions. Many machine learning approaches
could be used for this task. In this implementation, Radial
Basis Function Networks (RBFN) [32] are chosen to construct
the mapping functions.

Denote the prototypes selected in the source face as
Si,i=0,1,2,...m—1, S; € R*, where p is the number of
the measured 3D facial points on the subject’s lower face,
and the prototypes designed for the target face model as T3,
T, e RPN, i=0,1,2,...m—1. N is the total number of
vertices in the target face model and m is the number of
visual prototypes.
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Fig. 3. (a) Visual prototypes in the source face. (b) Visual prototypes designed for the target face.

RBEN can be expressed as the following [32]:

@)= 3 why(a), W
=0

where hj(z) = exp(—”x - Sj|}2/r2) are basis functions and
{w;} are the unknown coefficients to be estimated. f(z) is
the mapping function. The parameter r* is chosen as the
variance of all captured samples {z}, i.e., the mean value of

|z — Z||?, where Z is the mean value of {x}. .
The learning examples are denoted as {5}, u;}'" ', where

the vector S} is a prototype defined for the source face and u; is
a coordinate component of the prototype 7; defined for the
targetface,i.e., u;isalistof 3 x NN coordinates of the prototype
T; defined for the jth morph target of the target face.

Denote y = (ug,ur,-,up1)’; w= (wo,wi, -, wn1)’;
H = (hj(S;)) as the design matrix. The fitting error is
expressed as

e=1y— Huw.

In order to find a robust solution of the coefficient vector w,
the following squared-error is defined:

E = |ly = Hwl*+Allw|.

The second term in the right of above the equation is a
penalty term. A is the regularization parameter controlling
the amount of penalty. In order to find the best regulariza-
tion parameter A\, GCV (generalized cross-validation) is
used as an objective function [32]. The mapping function
defined in (1) is applied to different coordinates of all
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vertices in the target face model. After the coefficients are
estimated, (1) is used as the mapping functions for all
vertices.

It is worth noting that the purpose of using the RBF
approach in [26], [28] is different from the purpose of using
RBF in this article. RBF is applied in [26], [28] for 3D model
adaptation or deformation, whereas the RBF approach in
this article is to map the source visual prototypes to their
target counterparts. From a mathematical point of view, the
main difference of the RBF approach proposed in this paper
from RBF in [26], [28] is: The variable = used in RBF in this
paper is a vector belonging to R*, whereas the variable z
used in RBF in [26], [28] is a 2D or 3D vector. The motion
mapping approach discussed in this article is also different
from the approach proposed in our previous research [4] in
which no RBF was applied.

3.6 Data Compression

The RBF approach maps each frame of motion capture data
to a high-dimensional vector in R3N, where N is the total
number of vertices in the target face model. This creates
many retargeted data from the motion capture data because
there are a total of about 60,000 frames of motion capture
data. One key issue is how to compress and access these
frames efficiently. We selected PCA as a compression
technique because PCA allows each frame of the retargeted
3D model data to be represented by a set of low-
dimensional parameters.

In the PCA technique, a basis is computed with the
retargeted high dimensional vectors. Then, a high-dimen-
sion vector is projected on the basis; the projection
coordinates are used as a compact representation of the
retargeted face model. However, the traditional algorithm
to do PCA requires computing the auto-covariance matrix.
An alternative approach without explicit computation of
the sample covariance is the expectation-maximization
(EM) PCA learning algorithm (EM-PCA) [36], which is an
iterative procedure for finding the subspace spanned by the
leading eigenvectors.

When the dimension of vectors is very large, an efficient
way to implement the EM-PCA algorithm is presented in
the following. Let 3, be one frame of the retargeted
3D model data. The general linear model assumes that the
set of observed p-dimensional vectors {y;} is generated by a
set of corresponding k-dimensional latent variables {z;} by
the equation: y; = Cz; + &/, where C'is a p x k matrix and ¢;
is a p-dimensional noise vector. Denoting all observed data
by ap x nmatrix Y = [y1,ys, - - -, yn], and all unknown latent
variables by a k x n matrix X = [z1,29,--,z,]. The EM-
PCA algorithm as the following: 1) estimate X by the E-step:
X =(C'C)"'C'Y and 2) estimate C by the M-step:
Crr = YX'(XX')"'. The above two procedures work
iteratively to refine the estimation of X and C. The columns
of C will span the subspace of the first k principle
components. In addition, this algorithm does not need to
load all high-dimensional data into memory at the same
time. For instance, each high-dimensional vector y; and
some elements in matrix X can be loaded into the memory
at the same time. After the matrix C is estimated, each
vector y; is transformed into a low dimensional vector x; by
the equation z; = (C'C)'C'y,. In our implementation, the
number of leading eigenvectors is set to 17.

----- ->0—>®

Fig. 4. The phonetic transition network, where each horizontal subgraph
represents one phonetic string corresponding to one sequence in the
motion capture data.

3.7 Concatenation

Concatenative approaches have been widely used for
auditory speech synthesis. Previous research in speech
synthesis has shown that longer units are desirable because
they result in fewer concatenation discontinuities [37], [38].
Generally speaking, given the target phonetic specification
from the front-end of a text-to-speech system, a unit
selection algorithm needs to search through the speech
corpus to find the optimal concatenated units that result in
high quality synthetic speech. The selected units should:
1) concatenate well at boundaries, 2) be as long as possible,
and 3) have similar context in the target specification. Hunt
and Black [37] proposed a phoneme-based unit-searching
algorithm, where the Viterbi search algorithm is applied to
select the best units. A discussion of variable-length units
for speech synthesis can be found in [38]. Cosatto and Graf
[39] borrowed the unit-search algorithm [37] to visible
speech synthesis. However, there is no detailed description
about the Viterbi algorithm in [37], [38], [39]. In this article,
we present a detailed unit selection algorithm for visible
speech synthesis in which the concatenation cost is also
different from previous research work in [39].

We now present our graph search technique for finding
optimal units to concatenate to produce natural visible
speech. All phonetic strings in the motion capture data are
represented by a graph. There are about 1,400 words in the
motion capture data. A state/node in the graph is represented
by aunique index, and each state is associated with a phonetic
symbol. The phonetic symbol string of each word in the
corpus represents a directed subgraph. The states associated
with phonetic strings of all words in the corpus can constitute
a directed graph. In the graph, each horizontal subgraph
represents the word corresponding to one sequence in the
motion capture data, while for two states/nodes in different
horizontal subgraphs, the two states/nodes may have a
bidirectional connection.

In Fig. 4, the solid dots represent the start or the end state
in a word. The circles represent the state between the start
and end states. The connections between two nodes/states
represent the transition from one phoneme to another.

An input text is transcribed into a target phonetic
specification using the front-end of text-to-speech system.



The target phonetic specification represents the phonetic
strings corresponding to the input text. Given the observed
phonetic sequence, the task is to find the best-concatenated
units in the graph that match the given target specification.
Because the optimal states corresponding to the optimal
units are unknown, the states are called hidden states.

The Viterbi algorithm [40] is a dynamic programming
algorithm that finds the most likely sequence of hidden
states, known as the Viterbi path, which generates the
sequence of observed events, especially in the context of
hidden Markov models.

Suppose that there are N states in phonetic transition
network shown in Fig. 4. Denote the observed phonetic
sequence as O = {0,092, --,0r}, where T is the total
number of phonemes. Denote the concatenation cost from
state i to state j as c;;. The state observation cost is denoted
as d;(oy), i.e., the cost that the state ¢ generates the observed
event o;.

In order to find the best hidden state sequence,
Q={q,q, - ,qr}, the Viterbi algorithm is described as
the following [40]:

1. Initialization:

2. Recursion:

¢1(5) = min{pe 1 (i) + ¢ + dj(on) };1 < G < N
2<t<T
Pr(5) = argmin{ 1 (i) + ¢ij + d;j(or) };

1<j<N;2<t<T.

3. Termination:

P = miin{apT(i)}; qr = argimin{(pT(i)}.

4. Path backtracking;:

q :1/)t+1(qf+1),t=T— 1,7 —-2,---,1
1(5) = min{gy1() + i + dj(or)}-

From the optimal state sequence Q* = {¢}, ¢}, -
can find the optimal concatenated units.

It can be seen that the Viterbi algorithm described above
is an extension of the algorithm to find the least cost path,
because there are additional constraints used in the Viterbi
algorithm, i.e., the state observation costs d;(o;).

In the following discussion, we say that state ¢ and state j
belong to the same viseme category, if and only if the
phoneme associated with state ¢ and the phoneme
associated with state j belong to the same viseme category.

For two connected nodes/states in the graph such as i, j,
if they are from the same horizontal subgraph, i.e., they are
adjacent in the motion capture data, the connected cost is
defined as zero, i.e., ¢;; =0, because the motion from one
unit to another is already recorded in motion capture data,

gy}, we
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we can directly use the unit in motion capture data without
need of concatenation.

For two connected states  and jin the graph, if they are not
from the same horizontal subgraph, i.e., they are not in the
same captured sequence, the admissible connection condition
for the stateiand jis that the parent state of state jshould have
the same viseme with the state ¢, i.e., they belong to the same
viseme category, because the actual concatenation boundary
is between the state 7 and the parent state of state j. Therefore,
the concatenation cost of state i and state j is defined as ¢;; =
1+ 08 (C(i, parent(j)) + G(i, parent(j))), where parent(j) is
the parent state of state j. parent(j) and j belong to the same
horizontal subgraph, and state parent(j) precedes state j. For
instance, if the state sequence corresponding to a horizontal
subgraph is /abcd/, if ¢ =j, then b = parent(j). § is a
nonnegative constant. When = 0, the optimal solution is the
minimum number of concatenated segments. The concate-
nated cost C(i,parent(j)) is defined as the degree of
smoothing of the trajectory in the transition period from one
state to another. It is defined as:

t1
Cliparent() = [ [50)|"dt/ (1 — )
0

where t; and t; represent the start time of state ¢ and the
end time of state parent(j), respectively, and S(t) is the
trajectory blended by motion vectors of state i and state
parent(j). Note that a motion vector is the low-dimensional
vector x; defined in the Section 3.6. The detailed blending
algorithm can be found in the motion vector blending
section in our previous research [4].

If state parent(j) and state i belong to the same viseme
category, then G (i, parent(j)) = 0, and this means that state ¢
can be connected with the state j, because its parent state in
the captured sequence has the same viseme with state . If
state parent(j) and state ¢ do not belong to the same viseme
category, then G (i, parent(j)) = 4+o0. The viseme category is
defined in Fig. 3 and in [4].

If the phonemes associated with state j and o, belong to
the same viseme category, the state observation cost is
defined as zero, i.e., dj(o;) = 0, otherwise, d;(0;) = +oc.

The computation complexity of the Viterbi algorithm in
full search mode is N x N x T' [40]. However, in practical
applications, because a lot of states at each frame are
inactive, the search space is quite small. For instance, if the
state observation cost is a positive infinite quantity, i.e.,
dj(0;) = +o0, or the concatenation cost is a positive infinite
quantity, i.e., ¢;j = 400, the state j will be inactive and it will
be pruned during the search process.

Actually, the number of active states at each frame ¢ is
very small. An active state j at frame ¢ must satisfy the
following two conditions: 1) The phoneme associated with
state j has the same viseme with o; and 2) its parent state
parent(j) has the same viseme with the state i; this
condition ensures that the state i can be concatenated with
J. The search algorithm is very fast because the search space
is relatively small at each frame. A threshold such as the
total number of active states can also be employed to control
how many states will participate in the search at each frame
to speed up the decoding speed.
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(a)

Fig. 5. (a) Marni’'s model. (b) Pavarotti’'s model.

In comparison, the proposed unit selection algorithm is
different from the algorithm proposed in [39], [41]; the
differences between these two algorithms lie in: 1) different
concatenation costs and 2) different search algoriths. In the
concatenation cost, we did not include the speech signal; the
reason is that spectral information extracted from the
speech signal may not provide sufficient information to
determine a realistic synthetic visible speech sequence. For
example, the acoustic features of the speech segments /s/
and /p/ in an utterance of the word “spoon” are quite
different from those for the phoneme /u/, whereas the lip
shapes of /s/ and /p/ in this utterance are very similar to
the phoneme /u/. The concatenation cost defined in this
article includes the smoothing term of two concatenated
units. Our search algorithm is based on the framework of
the Viterbi algorithm used in speech recognition that is a
special case of dynamic programming in mathematics. A
more comprehensive discussion of the search algorithm can
be found in [42].

3.8 Trajectory Smoothing

Abrupt changes in the juncture of two units occur because
the lip shapes may be different for the same phoneme
spoken in different contexts even though a low pass filter
has already been applied to make the transition motion
smooth. The aim of trajectory smoothing is to make the lip
motion more natural and smooth. A trajectory-smoothing
algorithm [4], [43] proposed in our previous research is
applied to make the concatenated trajectory smooth.

3.9 Model Adaptation

Model adaptation is necessary to apply the visible speech
synthesis approach to new 3D models. The automatic
adaptation process saves the time required to design morph
targets for the specific 3D face model and will map the
visible speech produced by the generic model to that of the
specific 3D face model. We achieve this by deforming the
generic 3D generic model to match the targets of a specific
3D target model. For instance, as shown in Fig. 5, Marni’s
3D model can be viewed as a generic model with a set of
designed morph targets, such as facial expression morph
targets and viseme targets, whereas Pavarotti’s 3D model is
a specific model.

The following will address the problem of adapting the
motions and morph targets of Marni’s model to those of
Pavarotti’s model.

Noh and Neumann [26] proposed an approach to 3D
model adaptation based on the coordinate transformation of

(b)

the local coordinate systems defined in the source face
model and in the target face model. The approach proposed
in this article is different from the above approach [26]. Our
approach is more simple and intuitive. The approach
computes the transformation directly from the correspond-
ing 3D meshes in the generic face model and the retargeted
model. Because all vertices” positions of the generic model
and the specific model are known, an affine transformation
is estimated from the two sets of data. The affine
transformation includes transformations such as scaling,
rotation, and translation.

The affine transformation mapping one triangular poly-
gon in the generic model to its corresponding polygon in
the specific model can be estimated by the following
interpolation algorithm:

yp = Axy; forp =14,7,k. (2)

Fig. 6 shows the geometrical relationship of these
vectors, where y, =9, — ¢, z, =v, —vc, and Uc,vc are
the two reference 3D points/vectors selected for the specific
model and generic model, respectively (we do not
distinguish the difference between points and vectors,
because they have a unique correspondence relationship
once the coordinate system is selected). The vectors are
selected at the centers of the two models, respectively. 4, j, k
are vertex indices of the three vertices on the triangle
polygon. 9,,v, are position vectors of the vertices in the
specific model and the generic model, respectively. A is the
affine transformation matrix to be estimated. Three equa-
tions in (2) can determine a unique affine transformation if
the three vectors x, = v, — ve (p = 1, j, k) are not located in a
plane. This condition can be met for most triangular

O (0}

Fig. 6. One triangle polygon in the generic 3D model is mapped onto its
corresponding triangle polygon in the retargeted model with affine
transformation A that satisfies the equations: y, = Az,, where
Yp = Vp — Ve, T, =, —vo, and p =i, j, k.
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~V

P
B

Fig. 7. The vertex i in the generic 3D model is mapped onto the vertex ¢
in the specific 3D model. There are five triangle polygons neighboring
the vertex i.

polygon meshes. For a triangular polygon, if this condition
cannot be met, this triangular polygon is irregular. A
triangle polygon mesh is irregular if the three vectors v,
(p =1, J, k) consisting of the triangle polygon are located in
one line, ie., the area of the triangle mesh is zero. The
irregular polygon mesh can also be regularized by moving
one vector to a position so that these three vectors are not in
one line.

The affine transformation mapping a vertex in the
generic model to its corresponding vertex in the specific
model is defined as the weighted average of affine
transformations associated with the triangular polygons
neighboring this vertex. The affine transformation can be
formulated as the following:

A= 5,4,/ > sy, (3)

pEN; peEN;

where N; denotes the set of triangular polygons neighbor-
ing vertex i. s, A, denote the area of the triangular polygon
p and the affine transformation associated with the
triangular polygon p. A; denotes the affine transformation
of the vertex i. When a triangle polygon is irregular, its area
sp is zero, therefore, the irregular polygon does not play any
role in determining the affine transformation defined in (3).
A geometrical relationship of the polygons adjacent to the
vertex 4 is shown in Fig. 7.

After each affine transformation associated with each
vertex has been estimated by (3), the targets or the lip
motions of the generic model can be adapted to the specific
model with the equations A%; = A;Av;, where Av; and Ag;
are the displacements of the ith vertex in the generic model
and in the specific model, respectively.

4 RESULTS

4.1 Objective Evaluation
In the objective evaluation, the average errors between the
normalized parameters in the source and the target model
are used. These normalized parameters include: the lip
height, lip width, and lip protrusion. The lip height is
defined as the distance between two points on the centers of
the upper lip and lower lip, respectively. The lip width is
defined as the distance between two points at the lip
corners. The lip protrusion is defined as the distance
between the middle point in the upper lip and a reference
point selected near jaw root.

In order to normalize the lip height, lip width, and lip
protrusion, their maximum values are computed. The

5
2
3 0.
204 _
- 03 —&— original mocap data
0.2 —— Marni's model
0.1
0 rrrrrrrrrrrrrrrrrrrrrrrrrrrrrrrrrTT
Time
(@)
1
0.9 T —&— original mocap data
0.8 T —&— Marni's model
=
=)
©
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0 rerrrrrrrrrrrrrrrrrrrrrrrrrrrrrrrra

Time
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Time
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Fig. 8. Comparison of lip parameter curves generated by original motion
capture data and by Marni’s model: (a) lip width, (b) lip height, and (c) lip
protrusion.

maximum values of these three lip parameters in the source
face model can be computed from all observed motion
capture data, whereas the maximum values of these three
lip parameters in the retargeted face model can be
computed from the 3D model data derived by motion
capture data.

The captured facial feature points shown in Fig. 2, which
were mapped onto Marni’s model shown in Fig. 5a, were
used in the objective evaluation tests. The visible speech
synthesis approach is applied to Marni’s model. The
average errors for lip height, lip width, and lip protrusion
of Marni’s model are 5.207 percent, 4.778 percent, and
2.21 percent. Fig. 8 illustrates the comparison of the lip
parameter curves of the utterance “whomever” computed
from original captured data and from Marni’s model.

4.2 Subjective Evaluation

A subjective evaluation experiment of the visible speech
was also conducted. Stimuli consisting of 16 sentences
randomly selected from the TIMIT database are used in the
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TABLE 1
The Average Accuracy and Naturalness of Sentence Level
Visible Speech

Real Speakers | System A | System B
Accuracy 4.30000 3.11667 2.93333
Naturalness | 4.23333 3.06667 2.98333

experiment. The average values of the accuracy and
naturalness of visible speech produced by real speakers
and two animation systems are listed in the Table 1: System
A represents the animation system based on the approach
proposed in this paper and system B represents the
animation system based on the di-viseme concatenation
approach proposed in our previous research [4]. The
accuracy and naturalness are measured by a Mean Opinion
Score (MOS) that is a subjective measure in a five level scale,
i.e., 1(bad), 2(poor), 3(fair), 4(good), and 5(excellent). It can
be seen that the accuracy and naturalness of the visible
speech produced by the approach proposed in this paper is
better than those of the di-viseme concatenation approach.
However, the visible speech produced by real speakers is
still better than that produced by the synthesis system.

4.3 Emotion Targets

In addition to applying the adaptation method described
above to visible speech, we applied the approach to map
emotion targets from Marni’'s 3D model to Pavarotti’s
model. Fig. 9 shows the six universal facial expression
targets designed for Marni’s model are successfully

mapped onto Pavarotti’'s model.
We also created several video clips of visible speech

produced by the approach proposed in this paper which
can be downloaded on the following Web sites: http://
cslr.colorado.edu/~jiyong/visiblespeech2.htm and http://
cslr.colorado.edu/ ~jiyong/TVCG-0012-0205demo.zip.

gy

(a)

5 SuMMARY

We have presented a new approach to visible speech
synthesis. Based on this framework, a visible speech
synthesis system has been designed and implemented. We
have demonstrated new techniques for synthesizing accu-
rate visible speech based on searching and concatenating
variable length motion capture data. For motion mapping,
our new contributions are the use of nonlinear mapping
functions and the use of regularization parameters to
reduce the distortions in the lip region caused by the
mapping functions.

For the huge amount of retargeted motion data, PCA is
applied to get a compact representation of the data that
result in a fast deformation algorithm driven by motion
capture data. In order to find the optimal variable-length
units for an input text, a search algorithm under the
framework of the Viterbi decoding algorithm used in speech
recognition is proposed. Our new contributions to this
approach are: A directed graph is proposed to represent all
possible connections among the lexical units in the motion
capture data, a cost is defined for each connection, and a
detailed search algorithm is desribed. The search algorithm
is very fast and efficient.

In order to adapt the morph targets and visible speech
generated by a generic 3D face model to a specific 3D face
model, a novel adaptation algorithm is proposed.

Based on the approach proposed in this paper, a visible
speech synthesis system has been implemented. The
animation system has also been integrated into CSLU
toolkit that can be downloaded on the Web site: http://
cslr.colorado.edu/toolkit/main.html. The system is cur-
rently being used to generate Marni’s visible speech in a
year long reading program that is deployed in 60 kinder-
garten through third grade classrooms in Colorado schools
[3], [44]. In this program, Marni converses with children to
teach them to read and learn from text. Marni is also being
used in three different speech therapy programs to improve

(b)

Fig. 9. (a) Six universal facial expression targets designed for Marni’s model. (b) Six facial expression targets derived by mapping Marni’s expression

targets for Pavarotti’'s 3D model in Fig. 5.
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the speech communication skills of individuals with
Parkinsons disease and individuals with aphasia.
The experiment’s results show that the system can

produce more accurate visible speech. However, there is
still room for improvement compared with the visible
speech produced by human beings.
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