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Abstract

Here we present an overview of a system we are developing for animat-
ing faces using appearance models. To facilitate more widespread use of
animated characters, we are interested in developing techniques that: 1) re-
quire only easy to use and inexpensive data capture equipment, 2) are three-
dimensional allowing virtual characters to be animated, 3) allow a range of
face models, from near-photoreal to cartoon-like, to be animated depending
on the application, 4) allow visual speech information and facial gestures to
be easily transferred between models, 5) can be rendered in real-time, and
6) can generate animated sequences directly from motion captured data, lip-
synced to audio, or generated entirely from text.

1 Introduction

Realistic animation of human faces is challenging as the changes in the features of the
face that we interpret as expressions are the product of a complex interaction between
various anatomical layers, which include bone, muscle, subcutaneous fat, and skin. The
problem is compounded by the fact that we are all expert at detecting and recognising
facial expressions and so are sensitive to even the smallest discrepancies from normal
behaviour. The central problem then is how best to approximate the intricacies of the face
with sufficient detail such that facial gestures synthesised on a model look realistic?

Traditional facial animation approaches are graphics-based, where points on the sur-
face of the face are represented as vertices in three-dimensions (3D) and the skin approx-
imated by connecting the vertices to form a mesh. These mesh vertices are manipulated
using time-varying parameters that influence the mesh geometry either directly, or using
a physically-based approach [23]. Directly parameterised animation [19, 22] uses geo-
metric interpolation between a collection of hand-crafted face models, known as morph-
targets, where each is meticulously designed to be a faithful representation of a change
in a particular aspect of the facial anatomy. The drawbacks of this approach are: 1) the
morph-targets are usually designed by hand, which is time-consuming, 2) the morph-
targets are designed for a particular mesh topology, so are not readily transferable across
models. 3) The morph-targets generally are not independent, so care is required to ensure
a valid facial expression results from any given combination of the morphs.

Indirectly parameterised models are designed to approximate the anatomical structure
of the face, where animation parameters act on physical models, which in turn update



the mesh geometry. A popular approach is Waters’ pseudo-muscle model [30], where
individual mesh vertices are displaced according to the relative vicinity of nearby muscle
functions embedded within a mesh. Improved realism has been achieved by extending
this approach to use physically-based methods [16, 26]. The limitations of physically-
based animation are: 1) it is relatively computationally expensive compared to directly
parameterised animation as the influence on each individual vertex must be computed as
a function of each muscle. 2) While anatomical models are not tied to a particular mesh
topology they must be manually inserted in the mesh. Incorrectly embedding a muscle
will produce unexpected results when the model is animated. 3) To prevent artifacts in
the rendered mesh care is required to ensure that discontinuities at the boundaries of the
regions of interest of the anatomical models are taken into account.

Image-based synthesis can produce animated sequences with a high degree of both
static and dynamic realism. Typically animation is achieved either using a data-driven
approach, where frames in an existing video sequence are re-ordered [3, 7], by morphing
between static images representing key-frames in a video sequence [10], or by warp-
ing images using control parameters generated by trajectory synthesis [2, 9]. The main
limitations of image-based animation are: 1) it is relatively computationally expensive
compared with graphics-based systems, 2) animation is usually confined to re-animating
only the face, and 3) transfer of speech and expression information between subjects is
relatively difficult and somewhat constrained compared with graphics-based approaches.

The advantages of both graphics and image-based animation can be exploited by uni-
fying the approaches into a single model. Pighin et al. [24] recover the 3D point locations
for a sparse set of features on a face in five different views using photogrammetry. A
dense geometric mesh is then fitted to the recovered points and the images from each
view blended to create view-dependent texture maps. Repeating the process for a number
of expressions allows realistic sequences to be animated by interpolating the geometry
and morphing the view-dependent images (across both view and time) [24]. Extending
this idea to capture the reflectance field of the face allows for a change in illumination
in the animated sequences [12]. These methods animate sequences with a stunning de-
gree of realism, but it is not immediately clear how they can be extended to synthesise
visual speech, or how the animation can be mapped to different faces. A more flexible
approach is to model the variation in the facial features using Active Appearance Models
(AAMs) [6] or 3D morphable models (3DMMs) [1]. The main advantage of the AAM
over the 3DMM is computational efficiency: near-photorealistic images are generated in
real-time from only a few tens of parameters, but this is usually at a cost of image quality.
The 3DMM is a dense 3D description of the face and tends to produce higher quality
images than the AAM.

The following sections begin by describing AAMs, which are at the heart of our ap-
proach for animating faces. Combining scattered data interpolation, as was used in [24],
with 2D+3D AAMs allows us to construct dense three-dimensional face models from
only a single video camera. We then go on to describe how the model is used to animate
faces from video, voice or text.



2 Active Appearance Models: AAMs

The shape, s, of an AAM is defined by the concatenation of the x and y-coordinates of n
vertices that form a 2D triangulated mesh: s = (xj,y1, ..., %y, yn)T. A compact model that
allows a linear variation in the shape is given by,

m
s=so+ Y Sipi, ey
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where the coefficients p; are the shape parameters. The model is usually computed by
applying principal component analysis (PCA) to a set of shapes hand-labelled in a cor-
responding set of images [6], where the base shape s is the mean shape and the vectors
s; are the (reshaped) eigenvectors corresponding to the m largest eigenvalues. A recent
extension to AAMs [33], the so called 2D+3D AAM, allows a 3D model of shape to be
inferred from the change in shape of the 2D AAM using non-rigid structure from motion.
See the top and middle rows of Figure 1 for example 2D and 3D shape models.

The appearance, A(x), of an AAM is defined by the pixels that lie inside the base
mesh, x = (x,y)T € sp. A compact model that allows a linear variation in the appearance
is given by:

l
A(x) =Ag(x) + ) Aidi(x) VX € sg, )
i=1

where the coefficients A; are the appearance parameters. The model is usually computed
by applying PCA to the (shape-normalised) training images [6], where the base appear-
ance, Ao, is the mean shape-normalised image and the vectors A; are the (reshaped) eigen-
vectors corresponding to the / largest eigenvalues. An example is shown in the bottom
row of Figure 1.
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Figure 1: The 2D (top row) and 3D (middle row) shape, and the appearance (bottom row)
of an AAM. Shown are the base and the first two basis vectors of the respective models.



2.1 Improving the Shape Representation of 2D+3D AAMs

A limitation of the 2D+3D AAM is the vertices that define the shape of an object are rela-
tively sparse, particularly in areas such as the cheeks where there are no defining features
that are easy to locate by hand, as illustrated in Figure 1. Consequently these regions
are modelled as large planar surfaces, which can give a poor representation of the overall
shape — see Figure 3(a). To overcome this we fit a dense generic mesh to the vertices of
the shape of the AAM using scattered data interpolation [24]. First, a correspondence is
defined between the n vertices in the shape model and the N >> n vertices of the dense
mesh. For each of the n constrained vertices in N, i.e. those corresponding to a shape
model vertex, their displacement is computed by
U, =X; — XEO), 3)

where x(¥) is the dense mesh in the default position and x; are the new coordinates for the
i"" constrained vertex (given by the corresponding vertex coordinates in the AAM shape).
A smooth vector-valued function that fits the known displacements, f(x;) = u; is defined
such that the displacements of the remaining (unconstrained) vertices can be found using
f(xj) =u;.

A radially symmetric basis function that falls off smoothly with distance is used so
the displacement of unconstrained vertices are more influenced by the displacement of
constrained vertices lying closer by. The function f(x) used here follows [24]:

th ([ x=xi]), “)

where the basis function takes the form ¢ (r) = e~"/%* and the coefficients ¢ are found by

multiplying the coordinates of u; with the matrix ®~!, where ®; = ¢ (|| p; — px ||), with
p; the ' constrained vertex and py the k' constrained vertex.

Fitting the dense mesh to each hand-labelled frame, see Figure 2, and constructing a
2D+3D AAM provides a smoother model of shape, as shown in Figure 3. We are currently
investigating methods for automatically constructing dense, person-specific meshes from
a single video source to better model the subtleties of the shape of each individual.

Figure 2: The same (generic) mesh, adapted from [24], matched automatically to two
subjects using the position of the sparse 2D vertices of the shape of an AAM. The vertices
of this generic mesh may now define the vertices of a dense 2D+3D AAM.
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Figure 3: The 3D shape of (a) a sparse and (b) a dense 2D+3D AAM. Notice the poor
representation of shape in the sparse model in the regions of the face around the cheeks
and chin. These regions are modelled as large triangles as there are no defining features
that can be represented as vertices in the AAM. The overall shape captured using the
dense model is much smoother than that captured by the sparse model.

3 Animating Faces using AAMs

A near-photorealistic image is rendered using an AAM by first applying the shape param-
eters p= (p1,..., pm)T to the model, Equation (1), to generate the shape, s, of the AAM,
then applying the appearance parameters A = (A;,...,4;)T to the model, Equation (2) to
generate the AAM image, A(x). Finally, a piece-wise affine warp is used to warp A(x)
from sp to s. Animating faces using AAMs is then simply a matter of applying the appro-
priate time-varying parameters to the model. These can be obtained directly from a video
source, as in performance-driven animation, from a novel speech signal, or entirely from
text.

3.1 Performance-Driven Animation

Performance-driven facial animation maps facial gestures (speech and expression) from
the face of an actor to either the face of a graphics-based model [5, 11, 20, 32], or a



face in an image [4, 17, 35]. This is often preferred to synthesis-based approaches as the
sequences generally look more natural. However, methods that generate results close to
photo-real are relatively computationally expensive and it is difficult to manipulate facial
gestures, such as exaggerate or attenuate the degree of expressiveness. In addition, the
result is usually the gesture, as produced by the source identity, transferred directly to the
target face, which is unlikely to look the same as the gesture produced by the target iden-
tity. This issue was recently addressed in [29], where multi-linear models are constructed
from a number of people speaking and displaying pre-specified facial expressions. The
model is matched to new faces and expressions cloned on these new faces based on statis-
tics learned during training. In particular the multi-linear model captures the variation due
to identity, expression and speech independently. This approach was also approximated
in 2D and shown to work with AAMs [18].

We have developed a more convenient solution for expression transfer that does not
require a database of speech and expression for a number of individuals, as is required
in [18, 29]. Rather, we require only a source AAM and a model for each of the faces
we wish to transfer facial gestures to. In particular, we use a mapping that is intuitive
given the nature of the vectors that span the shape and appearance space of an AAM.
Each component of a shape vector is an offset from the mean shape (resp. appearance)
and the vector itself represents the overall displacement that gives rise to a specific type
of gesture — see Figure 1. For example, one vector might open/close the mouth and
rotate the jaw. If the correspondence between models were one-to-one we could simply
apply the parameters for one model directly to the shape/appearance vectors of another
(ignoring scale). However, it is extremely unlikely that the vectors will correspond in this
way. Indeed it could be that a specific source of variation captured by a single basis vector
for one model is represented as a combination of basis vectors for another model. To map
the meaning of the parameters from one model to another we compute the relationship
between the basis vectors in the two model-spaces to determine the combination of vectors
in the target space that produces the corresponding change in shape (or appearance) when
moving along a single vector in the source space. As the basis vectors are unit length
and can be constrained to lie in the same dimension Euclidean space when the models are
built, the alignment of a source basis vector with the target vector-space is given simply
by the inner products < s},s} > between a source vector and each of the target vectors.
Thus, a vector (a displacement from the mean) in the source space is a weighted average
of the vectors (displacements from the mean) in the target-space, and the weights are
obtained from the inner-products. More formally, expressing Equation 1 in matrix form
and including the mapping gives:

s = s;+S" (Rpy), 5)

where the columns of S* are the basis vectors spanning the target space, R is a g x r
matrix of inner products (the target space is of dimension g and the source of dimension
r), and p; are the parameters representing the expression in the source space. Note: R
does not depend on the parameters to be mapped, so can be pre-computed. Therefore, the
cost of this mapping is only a matrix-vector product. Notice we do not need to provide
semantic labels describing facial expressions, as is required in [18, 29]. This information
is implicit from the vectors in the source and target spaces. Also note we are not concerned
with the direction of the eigenvectors. For example, an increasingly positive value for a
source parameter might, say, open the mouth, while the same action could be defined



by an increasingly negative value in the target space. In this instance the inner product
for that combination of vectors is negative (the displacements from the mean are largely
in opposite directions), so the sign of the parameter value is flipped when the parameter
is mapped. Another consideration when mapping parameters is moving too far along
the target vectors, which could generate implausible faces. An obvious example is the
upper and lower lip boundaries intersecting. However, the mapped parameters can be
constrained within the limits of the original (target) training data (typically they must lie
within +3 0 from the mean), which will ensure only valid faces with the target appearance
are generated. Example images generated using this cloning are shown in Figure 4.

Source Target (F) Target (M)

o
v

(B)

©)

Figure 4: Mapping facial gestures from a source model (left column) to two target faces:
one is female (Target (F)), and one is male (Target (M)). The examples show: (A) a smile,
(B) a laugh, and (C) a bilabial stop during speech, mapped from the source to the target
faces.

Linear mapping in this way will undoubtedly lose information as it is possible that not
all of the variation captured by the source model will be described by the target. In practise
very little of the variation cannot be mapped since the movements of the facial features
are highly constrained. Missing components of each source vector, which are known a
priori, can be appended to the target model if desired (with suitable orthonormalisation).
Performance-driven facial animation using AAMs in this way operates in real-time and



preliminary experiments using live face-to-face conversation with our face models suggest
this mapping is effective. Our system was used in a videoconference experiment in which
participants naive to the existence of the cloning procedure spoke with what they were
told were six different people but were actually two confederates cloned onto six different
identities. After the conversations the naive participants were asked if “anything was
strange” and no one out of the 24 in the experiment guessed that they were talking to
fewer than six people. These experiments will be the focus of a future publication.
Performance-driven animation can produce very life-like sequences, but the approach
is not particularly flexible. Gestures from an actor are transferred directly to the model,
so it is difficult to synthesise unseen sequences. The animation of a new sequence of
gestures would first require the gestures to be motion captured. A more flexible solution
is to adopt a synthesis-based approach that attempts to create unseen sequences based on
some (often limited) training data. The following gives an overview of our visual speech
synthesiser, which generates synthesised visual speech from either voice or text.

3.2 Speech-Driven Animation

Speech is multi-model in nature — the sounds of speech arise, in part, from the physical
movements of the speech articulators. Several studies [2, 8, 21, 14, 15, 25, 31, 34] have
investigated animating face models directly from various parameters that encode audi-
tory speech. To animate AAMs from voice we have conducted a series of experiments
designed to measure the strength of the relationship between common auditory parame-
ters (formant frequencies, linear prediction coefficients (LPCs), line spectral frequencies
(LSFs), and Mel frequency cepstral coefficients (MFCCs)), and the abstract parameters
of visual speech provided by the AAM. The advantage of the AAM over models used
elsewhere is that: 1) it provides an (almost) complete description of visual speech (in the
sense that near-photorealistic images can be reconstructed from the parameters), 2) using
AAMs we are able to separate shape and appearance information, and 3) we do not need
to specify the parameters in which we are interested (e.g. degree of mouth opening, etc.).
The parameters are entirely data-driven and capture the subtleties of speech production.
To measure the strength of the relationship between the auditory and AAM parameters
we first recorded a subject reciting approximately 280 sentences and divided the audio
signal into frames of 40ms duration (to match the 25Hz frame-rate of the video). The
signal in each frame was parameterised as formant frequencies, MFCCs, LPCs and LSFs
and the face in each video frame encoded in terms of shape and appearance parameters
of the AAM. Canonical correlation analysis (CCA) [13] was used to measure the strength
of the relationship between randomly selected frames from the audio and visual data. In
our experiments [28] we have found MFCCs and LSFs are best correlated with visual
speech, and a stable estimate of the strength of the correlation can be obtained in just a
few hundred frames (a few seconds of speech) — see Figure 5. Following this we use
MFCCs to animate an AAM from audio using either a linear, or a non-linear mapping.

3.2.1 Linear Mapping of Audio to Visual Speech

To synthesise visual speech from novel auditory speech using a linear mapping, we first
use CCA to calculate the canonical factor pairs W, and W, for the auditory and visual
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Figure 5: The value of the first canonical correlation coefficient calculated from randomly
selected audio-visual feature vector pairs. The auditory parameters are: formant frequen-
cies (green circles), LPCs (blue squares), LSFs (black diamonds), and MFCCs (red tri-
angles). Each point represents the mean value averaged over 100 trails for the specified
number of audio-visual feature frames.

parameters respectively. Next the auditory parameters are projected onto W:
A, =WIA, (6)

(assuming the mean has been removed) and the transformation matrix that maps auditory
to visual parameters is found using regression, as follows:

T=VA! (A,A0) 7" (7)

Given a novel speech signal, it is divided in to windows of 40mS duration from which
MFCCs are calculated. Next the visual parameters are calculated using the regression
matrix in Eq. (7) as follows:

v=1Wla. (8)

where a are the auditory parameters and v are the visual parameters. The visual parame-
ters are then applied to the AAM to generate a visual sequence lip-synched to the auditory
signal. An example original and synthesised parameter trajectory (for the first shape pa-
rameter) are shown in Figure 6. CCA coupled with this linear mapping does a reasonable
job of capturing the overall shape of the parameter sequence, but the synthesised visual
speech using this approach is under-articulated. We might use an approach like in this sit-
uations where training data is very limited, but for better performance in a speech-driven
application we usually map from auditory to visual speech using a non-linear mapping,
described in the next section.
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Figure 6: Real (black) and synthesised (red) trajectory for the first parameter in the shape-
space of an AAM over an utterance. The synthesised trajectory was generated using a lin-
ear mapping from MFCCs projected onto canonical factors and the shape and appearance
parameters of an AAM.

3.2.2 Non-linear Mapping of Audio to Visual Speech

To improve upon the linear mapping described previously our system also allows non-
linear mapping from auditory parameters to AAM parameters using a neural network.
We have systematically evaluated the required amount of training data, the topology of
the network, and the influence of context on the performance of the system. Typically
we use a three-layer back propagation network with ten units in the hidden layer and 3-5
frames either side of a synthesis frame as contextual information. Mapping in this way
requires significantly more training data than the linear mapping described previously,
but the articulation strength in resultant synthesised sequences more closely resembles
natural speech. The evaluation of this system is the focus of a pending publication, but an
example original and synthesised trajectory corresponding to those shown in Figure 6 are
shown in Figure 7).

3.3 Text-Driven Animation

To generate synthesised visual speech from text we pre-compute the similarity of visual
speech gestures (observed during real speech) in terms of the parameters of an AAM,
where the similarity measure is designed to take into account the degree to which speech
gestures are coarticulated [27]. The similarity scores for our data-driven approach typi-
cally reflect viseme groupings observed using human judgement of similarity, where the
most similar phonemes belong to the same class of sound. For example the bilabials /b/,
/m/ and /p/ are all considered similar, as are the labio-dental fricatives, /f/ and /v/, and so
on — see Table 1 for examples.
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Figure 7: Real (black) and synthesised (red) trajectory for the first parameter in the shape-
space of an AAM over an utterance. The synthesised trajectory was generated by mapping
MFCCs to AAM parameters using a three-layer back propagation neural net with 10
hidden units.

Phoneme Rank 1 Rank 2 Rank 3
m p | 0.869 | b | 0.850 | w | 0.830
f v | 0.808 | s | 0.621 | d3 | 0.619
t d | 0967 | 1 | 0900 | z | 0.894
tf dz | 0.898 | [ | 0.852 | s | 0.767

Table 1: Typical phoneme similarity scores, where the range of similarity is O (maximally
dissimilar), to 1 (identical). Rank 1 is the most similar phoneme with its similarity score,
Rank 2 the second most similar and so.

To generate the parameter sequence for a new utterance from text, text-to-speech
(TTS) rules are used to map the text to a sequence of phonemes and the original pa-
rameters are searched for the k examples of that phoneme in the most similar contexts
(surrounding phonemes) based on the visual similarity of the phonemes. These k closest
matches for each phoneme are temporally warped to the desired duration and averaged.
This is repeated for each phoneme in the utterance and the new trajectories representing
these phonemes are concatenated and smoothed to provide a new trajectory in the model-
space, which is applied to the model. The parameter trajectories corresponding to those
shown for the speech driven approaches in Figures 6 and 7 are shown in Figure 8, and ex-
ample frames for various mouth shapes in synthesised sequences are shown in Figure 9.
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Figure 8: Real (black) and synthesised (red) trajectory for the first parameter in the shape-
space of an AAM over an utterance. The synthesised trajectory was generated from a
sequence of phoneme symbols using the visual similarity of phonemes measures in terms
of AAM parameters.

4 Summary and Further Work

We have given a broad overview of our system for modelling and animating faces. At the
heart of our system is a dense 2D+3D AAM, which is constructed by matching automat-
ically a dense generic mesh to images hand-labelled with sparse vertices. The advantage
is expensive laser scanning equipment, or a complex multi-camera capture environment
is not required. The models are constructed from a single, standard camera. We have also
described how AAM parameters representing new phrases are generated from either text
or voice. In addition we can map the parameters from one model to another and render
in real-time, meaning large data-sets for each individual to be animated are not required.
The advantage of the text-based approach is faces can be animated by either a TTS engine,
or from a voice signal (which is transcribed using a speech recogniser). Since the input
is ultimately a sequence of phonemes the model can be lip-synched to any voice and any
language. The disadvantage of text-driven synthesis is it does not operate in real-time as
the training data must be searched to find the best matching examples.

Further work will investigate the generation of expressive speech from text and voice.
Currently the synthesised AAM parameter sequences reflect only expressionless speech
(i.e. no emotion). For use in interactive environments, the addition of expressive infor-
mation is paramount. We are also currently investigating speaker-independent parameters
for auditory speech, such that our speech-driven system can be animated from any voice.
Traditionally this is achieved by first transcribing the utterance using a speech recogniser
and animating from the resultant phoneme sequence. However, we are interested in an-
imating the face from any voice directly. We are also formally evaluating the various
synthesis approaches using both objective and subjective testing.
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Figure 9: Selected frames from animated sequences synthesised from text illustrating
various visual speech poses.
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