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Abstract

A facial analysis-synthesis framework based on a
concise set of local, independently actuated, Co-
articulation Regions (CR) is presented for the control of
2D animated characters. CR’s are parameferized by
muscle actuations and thereby provide a physically
meaningful description of face state that is easily
abstracted to higher-level descriptions of facial
expression. Independent component analysis on a set of
training images acquired from an actor is used to
characterize the appearance space of each CR. Within
this framework, actor-independent face reconstruction
databases can be created by an artist or extracted from
video sequences. In addition, the muscle parameter values
may be used to drive any similarly parameterized 3D
facial model. The flexibility afforded by such a
methodology is demonstrated with applications to 2D
facial animation control and sample based video
synthesis. The analysis runs in real-time on modest
consumer hardware.

Keywords: Facial Analysis, independent component
analysis, animation control, muscle actuation analysis.

1. Introduction

From the early beginnings of facial animation,
biologically inspired parameterizations have been
explored for control of animated faces. The set of facial
muscles and their actuations provides an intuitive basis
for human face state-space, and consequently, the
majority of this work has focused on mapping facial
motion data to virtual muscles fit to a 3D model. In [12]
Essa uses dense optical flow features coupled with a
physical model of the face to estimate muscle contraction
profiles. Optical flow is also used in [8] for estimation of
shape and motion parameters of a deformable face model.
Extraction of optical flow features is computationally
expensive. Sparse point motion increases the
computational tractability of the problem but to ensure

stability, physical markers are generally fixed to the face.
Subtle details of skin dynamics such as wrinkling are lost
in the sparseness.

While muscles are an intuitive parameterization, it is
difficult to visualize their effects on the surface of the
skin. This is exemplified in recent work by Choe et. al.
who used hand generated muscle actuation basis models
both to estimatc muscle actuation parameters and to
produce excellent quality 3D facial animation [5]. An
initial set of muscle models was hand sculpted by an artist
but an optimization phase was required to accurately
reflect the muscle appearances.

In the psychology community, an alternative
parameterization of the face based on the static visual
manifestations of muscle contractions is widely used for
facial analysis; namely, the Facial Action Coding System
(FACS) [11]. Devised by Ekman and Friesen, FACS
identifies 46 independent areas of facial motion called
Action Units and establishes a methodology for the
manual estimation of AU activity from static images of
facial expression. Automated approaches to AU
estimation have been explored in [6, 9, 15].

For AU data to be useful in animation, a fine level of
actuation intensity must be determined, however research
to datc has been focused on binary classification (if an
AU is on or off) [6, 9]. Lien et al analyzes intensity for
full-face expressions by correlation to existing training
images, but AU level intensity is not estimated [15]. The
large quantity and relatively small size of AU’s makes it a
cumbersome interface for creating and editing facial
animation. In addition, it is difficult to interpret the
actuation of a single action unit as it is a 1D
parameterization of a space whose state can be changed
by multiple muscles. As noted in [20] this 1D
parameterization is  insufficient for full facial
characterization.

Our approach to facial analysis is a blend between
muscle and action unit analysis. We introduce the notion
of a Co-articulation Region (CR) that is analogous to a
FACS AU augmented with muscle actuation information.
A CR is a concise, intuitive, and physically meaningful
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Figure 1. Illustration of selected co-
articulation regions and their basis
muscles.

facial parameterization. CR analysis with independent
component analysis provides a fine level of actuation
intensity. The parameters are actor independent and their
analysis can be performed in real-time on modest
consumer hardware. No encumbering facial markers are
required. While the muscle actuations themselves may be
independent, the appearance on the surface of the skin
may not be (especially in carly stages of muscle
contraction). We use ICA to further refine the underlying
independent image components contributing to the
appearance of a given muscle contraction on the surface
of the skin.

The collection of CR’s intrinsically defines a discrete
facial state space that allows an artist to easily create new
characters for flip-book style animation. Character
creation consists of populating the state space with local
face appearance data. Character appearance data can also
be extracted from the original training video images for
Video Rewrite [2] style sample based video synthesis. As
the parameter space is identical for each actor, the created
characters are actor independent.

2. Previous Work

2.1. Animation control approaches

Direct approaches to visual animation control not
based on physical parameterizations have been explored.
Facial motion capture data is used to directly interpolate
3D models using radial basis functions in [13]. Noh
transfers motion vectors from existing animation to
models with different geometry in [19]. In [1] statistical
analysis is performed on synchronized facial motion
capture data and digitized speech. Facial animation (2D
and 3D) is produced from entirely from speech input.
Full-face analysis of expressions is used to interpolate
base 3D models in [16].

Physically parameterized animation is performed in
[5] where muscle parameters are extracted from sparse
point flow and used to compose muscle basis geometry

for 3D character animation. Terzopoulos and Waters [21]
track contour features on eyebrows and lips to animate
their physically based muscle structure of a synthetic
character. An approach for model based coding by Eisert
etal. [10] combines MPEG4 facial action parameter
(FAP) estimation with traditional block based coding of
head and shoulder video sequences. Dynamic facial
features such as wrinkles and eye blinking are block
coded at each frame. Buck tracks a set of facial features
and warps hand drawn images for non-photorealistic 2D
facial animation.

CoArt is similar to approaches by [2, 7] that
rearrange video samples extracted from footage acquired
of speaking people to generate animation. The CoArt
system, however, as it derives all information from
instantancous image data is non-causal.

2.2. Facial Analysis

Facial gesture unit analysis considers the
parameterization of the face by a discrete set of
independently actuated units. These units take the form of
Action Units (AU) in the facial action coding system
(FACS) by Ekman [11] and FAP’s in MPEG 4. Low-
level units of facial expression defined by the FACS AU’s
arc analyzed using HMM’s trained on dense optical flow
data and gradient information in [6] and ICA in [9]. Essa
uses optical flow and a finite element model of the face
surface to estimate a set of actuation parameters called
FACS+ [12] that encapsulates gesture velocity
information. Local PCA kernels are used in the
cigenfeatures [24] approach that is perhaps most similar
to our analysis methods.

Lincar models for representing facial gestures,
speech, and head pose based on PCA have been explored
extensively in the vision literature. A general framework
for analysis and synthesis using example based linear
models is explored in [23] with applications to facial pose
and gesture modeling. Example based learning is also
used in [3] for represenation of prior knowledge of faces
under pose variations, and subsequently for facial
recognition. We use a similar state space discretization for
local coarticualtion regions. Okada builds a piecewise
lincar subspace model of pose variations from images
using PCA [18]. PCA is also used in [20] for modeling
the space of facial speech parameters and applied to 2D
and 3D mouth animation.

In these methods, analysis and synthesis are
performed using the PCA basis. For our application, as
we arc associating artist generated image appearances
with discrete facial gesture states, classification rather
than reconstruction is of primary importance. Donato et al
have empirically shown that ICA performs better at
classification of facial gestures using the FACS
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Figure 2. (left) List of muscle groups and their locations and directions of
contraction. (right) Co-articulation regions and the list of influencing muscles.

representation [9]. We therefore use ICA to model the
space of changes in each CR.

If we consider a single person’s face, many of the
changes that can occur do so locally, and hence a more
concise representation can be obtained by constructing
local subspaces that encapsulate these changes. This is the
approach used in the eigenfeatures technique that uses
PCA for local basis construction [24]. In the CoArt
system, we build local subspaces using ICA and
parameterize these subspaces with the muscles acting
upon the associated regions.

3. Co-articulation Regions

Each facial muscle group listed in Figure 2 is capable of
contracting independently and causing secondary motion
of the skin in a continuous and local area on the face. This
arca is defined as the muscle’s region of influence (ROI).
The state of each muscle is parameterized by a
contraction value between 0 (relaxed) and 1 (fully
contracted). When a muscle is actuated independently, the
changes that are propagated to the skin surface are local
and fully determined by the muscle’s level of contraction.
When two or more muscles have an overlapping region of
influence, the resulting skin change is a combination of
the affects of the involved muscles. We exploit this fact
and model the changes occurring on the surface of the
face as a set of contiguous local regions of skin
deformation called co-articulation regions (CR).

A CR is analogous to a FACS AU but is more
specifically defined as a nonempty intersection of »
muscle regions of influence. The special case of a CR
where n=1 is called an Independent Region (IR). In the
CoArt system the activation level of a CR is defined by
the n-tuple of activation levels of each muscle
contributing to the region's deformation. (In contrast with
a FACS AU which defines a 1D activation level for each
AU.) Each CR defines the state space for a local region on

the face whose dimensionality is given by the number of
muscles acting on the region. This CR subspace
parameterization allows us to map directly from a point in
CR appearance space (the space defined by all possible
image samples in a given CR), to a point in muscle space.

The initial set of muscle ROI’s is extracted from
difference images of the user performing the gestures in
figure 3. The intersections are calculated and contiguous
regions are collected. The resulting regions are manually
merged to produce nine CR’s. The state space of a CR is
defined by the degrees of freedom of the muscles acting
upon the region as shown in figure 1.

4. System Overview

All input images must be normalized with respect to
the actor’s head pose and environmental lighting
conditions prior to analysis. The actor’s head frame is
defined by a set of four infrared LED’s fixed to a pair of
empty glasses frames. The LED’s are tracked and the
image subsequently warped to a canonical pose. The
warped image is convolved with a Laplacian kernel
provide lighting intensity normalization.

An actor undergoes a training phase in which his/her
CR state space is discretized and appearance properties
are learned. 2D Character creation is performed offline,
and consists of defining a character specific CR space
discretization and assigning visual appearance samples for
the neutral face support and cach discrete CR state.

CR’s are analyzed in a new image and a CR state
vector is extracted. With the assumption of a neutral state
outside of the CR set, an actor’s face state is represented
by the collection of individual CR states. The state vector
indexes a given character’s appearance samples that are
composited to generate a frame of an animated sequence.
Alternatively, as each CR is parameterized by a set of
muscles, a muscle contraction vector can be extracted and
used to drive muscle parameterized 3D faces.
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gestures are chosen to
independently actuate
15 major muscle
groups. Each gesture is recorded from the first non-
neutral frame indicating gesture motion to the first frame
of maximum actuation (this is referred to as a bounded
gesture). The video frame rate and actuation velocity
determines the number of frames in a given bounded
gesture, and hence, the quantization resolution of the state
space. Figure 3 shows the gestures and the muscles for
which they provide appearance information. A set of
muscle actuation samples is extracted by sampling the
bounded gesture frames at the appropriate CR locations
and an image mask is applied at for each region. Each
sample associated with a given muscle gesture is
transformed by horizontal scan to a column vector and
concatenated to form a matrix

X, =[x,x,..x, ]|l =0...15 . The subspace S associated

Figure 3: Muscles
involved in training

with CR j is defined by appending muscle gesture

matrices, S, = U X, . From S we compute a signature
icCR’

basis B using ICA which is in turn used to compute the

muscle signatures.

5.1. Signature basis construction and signature
extraction

The ICA model as applied to CR analysis assumes the
presence of a set of statistically independent signature
space basis vectors B (the “independent components™ of
S) whose composition by a “mixing matrix” A4 gives rise
to the training samples S .

S=AB (1)
Though in practice, neither 4 nor B are known, by
assuming the columns of B have non-Gaussian
distributions they can be estimated with the fixed-point
iteration scheme used in the FastICA algorithm [14]. The

set of independent sources B ; derived from the set of

muscle appearances S ; 1s used as the signature space

basis. A new sample x is transformed to CR signature
space by

-1
c=B, x )
As this is an over determined system of linear equations, ¢
is estimated by least squares approximation where ¢
minimizes the residual 7 =B ]5 —Xx'. The muscle
¢
el

w(x,B) represent the function mapping a sample x to

signature o of x is computed as O = Let

muscle signature o as described above and compute the
muscle signature sets @, = y/(X,, B;) where muscle i

belongs to CR j according to figure 2.

5.1.1. CR state vector computation. Ideally we would
like to analyze a new incoming sample from a CR and
determine its exact location in CR state space thereby
determining the contributions from cach muscle basis
vector. This turns out to be extremely difficult, as the
resulting visual mixture is a nonlinear combination of skin
appearances. The problem is simplified by assuming there
is a single active muscle in a CR at any point in time.

For a given input sample X, the states @ and scores
o for muscles associated with CR j are computed as:

o, = argmax(y(x,B,)e D, (n)) €))

al = W(X,B]).le (a)z) (4)

If ¢ = argmax ¢; a single muscle actuation is forced by

1

setting @, = O|i # c. CR states are collected into the

muscle state vector v and v, is normalized by the size of

the training set acquired for muscle i. As ecach element in
@, is ordered by its temporal progression from neutral to

full actuation, v, is interpreted as the actuation level of

muscle i.

By assuming a single active muscle, the analysis does
not account for the co-articulation ability of muscles in
the CR. For example in a sad expression, the center
frontalis and corrugator muscle groups are frequently
mutually actuated. A preliminary solution to this problem
is to treat the co-articulation gestures as pseudo-muscles
by acquiring these samples in training and assign the
bounded gesture frames to a new basis vector of the CR.
Classification proceeds as described. A drawback of this
approach is that it puts extra burden on the actor during
the training data acquisition phase and limits



classification of co-articulation effects to those seen
during training. Future work will involve separation of the
underlying muscle contributions from a region sample
given only the pure muscle training samples.

5.1.2. Singular value decomposition for real-time
signature extraction. Because B is very large, iterative
least squares methods are prohibitively expensive for real-
time, online signature extraction. Instead, during training
the SVD back substitution matrix A is computed which
guarantees the least squares solution to (2).

Given D, the diagonal matrix consisting of positive or
zero singular values of B, and orthogonal matrices U and
V.

B=Upv’ )
is the singular value decomposition of B and
M=1D'UT . For each new sample vector x, ¢ is given
by ¢ =Mx. M is constant following the ICA basis
computation and may therefore be assembled once, and
stored for efficient online signature extraction.
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Figure 4: Reconstruction samples and
placement for CR 5 of a 2D character.

6. Character creation

As there is a direct mapping from a CR state to its
visual appearance, a new character is defined by creating
a neutral face frame and assigning an explicit
reconstruction sample for each CR state. Samples can
take the form of hand drawn frames for the case of
cartoon animation, or may be populated from the original
training samples. If training samples are used, the region
under each CR is used as a mask to extract reconstruction
pixel data from each discrete CR state. Figure 4 shows a
set of appearance samples assigned to CR 5 in the
construction of the character “Maggie” as well as the
original samples used for video reconstruction.

Each CR state vector applied to the character
definition defines a set of reconstruction elements and
alpha masks. Alpha masks are the same size as the
reconstruction elements and have a value of 1.0
everywhere with a 10 pixel gradient to 0 approaching the
boundary. Reconstruction elements are composited into
the final image using simple alpha blending with the
neutral image as a base. Animation is thereby performed

by reconstructing frames using the strecam of CR state
vectors.

7. Results

Figure 5 shows results of the classification system
applied to a 2D character and to the video reconstruction
set acquired from the same actor. Input images consisted
of 360x240 pixel grayscale images. Lighting conditions
were kept constant throughout the performance. The
classification and reconstruction is performed in real-
time. Note that multiple CR’s are concurrently analyzed
and reconstructed. The same training data are for both
sequences demonstrating the ability to mix and match
reconstruction databases.

Figure 5. (left) Controlling a 2D character. (right)
Reconstruction using original video samples.

8. Discussion and Future Work

Local actuation regions proposed by FACS and
others provide an intuitive partitioning of the space of
facial motion. Unfortunately such approaches favor many
small areas of change that become difficult to manage and
interpret independently. Muscle based interfaces where a
small number of primary muscle groups are considered
arc manageable, but the correlation to changes on the face
can be difficult to visualize. Co-articulation region
parameterization merges the benefits of these two
representations. CR analysis by ICA proves to be efficient
and robust. Independence between the actor and
controlled object is maintained by mapping through a
single sct of control parameters.



Generating region based flip-book style animation
with the CoArt system has been demonstrated. The CoArt
system can alleviate the tedium of manual frame
arrangement for 2D face animation by allowing an actor
to control the gestures using his/her own face. Video
footage of the actor is analyzed in real time and used to
control expressive gestures. Analysis and synthesis is
performed at the region level, and therefore allows for
assembly of gestures that were not explicitly constructed
by the animator.

For complete characterization of a CR, co-
articulation data must be extracted. Future work will
involve separation of multiple muscles from a single CR
sample. Blending of intermediate states and interpolation
between states at CR boundaries is necessary to curtail
potential reconstruction artifacts. The correlation of image
samples to muscle states is largely dependent on the
actor’s ability to control their facial gestures. This is a
difficult task for untrained individuals. We are exploring
other methods for extracting muscle state label
information during training. Though the results show
promise, we intend to do more thorough testing on a
varicty of subjects. We also intend to compare the results
of ICA with a PCA version of CoArt.
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