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What is a Face?



Facial Anatomy

2.  Discuss the anatomy of the SMAS, platysma and the facial nerve. Please help us 
understand the temporal fascia. Do the nerves travel in the superficial layer of the deep 
temporal fascia, or the deep layer of the superficial temporal fascia? I am so confused! 
SMAS: The superficial musculoaponeurotic system is a fibromuscular fascial extension 
of the platysmal muscle that arises superiorly from the fascia over the zygomatic arch and 
is continuous in the inferior cheek with the platysmal muscle. The facial nerve lies deep 
to the SMAS and innervates the mimetic muscles of the forehead and mid-face from the 
ventral aspect of the muscles.
The Superficial musculoaponeurotic system (SMAS) fascia is a fanlike fascia that 
envelops the face and provides a suspensory sheet which distributes forces of facial 
expression.. The SMAS is continuous with the platysma muscle inferiorly and the 
superficial temporal fascia superiorly, and it is superficial to the parotomasseteric  fascia. 
The SMAS connects to the fascial musculature in the nasolabial, perioral, and periorbital 
regions.  
On a cellular level it comprised of collagen fibers, elastic fibers, fat cells and muscle 
fibers. Ghassemi et all found two types of SMAS architecture, type 1: lateral to nasolabial 
fold (relatively small fibrous septa) medial type 2: dense collagen muscle-fiber meshwork 
 

FN: As s review: efferent fibers from the 
motor cortex (precentral and postcentral 
gyri) synapse at the motor nucleus and the 
superior salvitory nucleus of the tractus 
solitarius. The FN leaves the brainstem to 
enter the skull via the IAC (meatal segment), 
then traverses the petrous part of the 
temporal bone to the facial hiatus 
(labrynthine segment). From the geniculate 
ganglion to the pyramidal eminence the FN 
segment is termed the tympanic segment. 
The FN then winds from the pyramidal 
process to Stylomastoid forame (mastoid 
seg) and exist the skull to the pes anserinus 
(extratemporal seg) which branches into the 
temporal, zygomatic, buccal, and marginal 

mandibular, and cervical branches. (post auric arises proximal to parotid) 
1) Facial nerve branches that exit the parotid gland are deep to the SMAS. The frontal 
branch of the facial nerve is deep to the superficial temporal fascia. Therefore, to avoid 
injury, the plane of dissection should not be as deep as the temporal fascia. 
2) FN lies below the parotomasseteric fascia at the parotid region, but this can be very 
thin and variable 
3) Frontal branch of the TZ division estimated by pitaguys’ point: 0.5cm lat to tragus and 
1.5cm lateral to the lateral brow 
4) Danger zone for the temporal branch of the facial nerve, defined as the region 
overlying the zygomatic arch between 1.8cm anterior to the helical root and 2cm 
posterior to the anterior end of the arch
 

http://www.artnatomia.net/uk/artnatomyProgram.html

CN VII

http://www.artnatomia.net/uk/artnatomyProgram.html
http://www.artnatomia.net/uk/artnatomyProgram.html


Facial Anatomy
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Face Detection Test



Machine Results - http://demo.pittpatt.com

http://demo.pittpatt.com
http://demo.pittpatt.com


•We know where the facial features are:

• Eyes, iris, eyebrows, nose, forehead. Infer the mouth...

•We know the gender?

•We know the gaze direction?

We Do Much More Than Detection...



Faces are Perceptually “Special”

• Faces convey a lot of information

• Expression
Emotional state: happy, sad, bored, etc?
Are you sleepy, distracted, watching something?

• Communication
Visual speech: McGurk effect
Conversational rules

• Identity
Prosopagnosia - the inability to recognise faces

• A chunk of your brain is dedicated to faces?

•What is a Face? :-)





Thompson, P. (1980) "Margaret Thatcher: a new illusion." Perception. 9(4):483-4

http://w
w

w
.youram

azingbrain.org.uk/supersenses/upsidedow
n.htm

http://www.youramazingbrain.org.uk/supersenses/upsidedown.htm
http://www.youramazingbrain.org.uk/supersenses/upsidedown.htm


©GyP, http://www.cyberium.net/imagine/
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Moving Faces Are Special

• Static face: Identity, context, emotion?







Moving Faces are Special

• Static face: Identity, context, emotion?

•Moving faces: emotion, speech, information

W. H. Sumby and I. Pollack. Visual contribution to speech 
intelligibility in noise. Journal of the Acoustical Society of 
America, 26(2):212–215, Mar. 1954.
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McGurk Effect

[1]!Harry McGurk and John McDonald. Hearing lips and seeing voices. Nature, 264:746–748, December 1976.



McGurk Effect

[1]!Harry McGurk and John McDonald. Hearing lips and seeing voices. Nature, 264:746–748, December 1976.



McGurk Effect

Auditory: “ba”     Visual: “ga”





Faces in Computer Vision

• Face Detection   !! !     ! ! ! ! ! ! ! ! ! ! Location: Where is the face?

• Face Classification! ! ! ! ! ! ! ! ! ! ! ! ! Property: Who does it belong to?

• Face Tracking! ! ! ! ! ! ! ! ! ! ! ! ! ! ! Dynamics: What are they doing?

Takeo
KanadeIdentity Classifier

Several 
years agoOther Classifier



Faces in Computer Graphics

• Face Models

• Face Scanning

(a) (b)

(c) (d)

Figure 3: Initialization on a face image using methods
described by Pentland et al. [19, 24], using a canonical
model of a face.

(a) Mesh (b) Muscles

Figure 4: (a) Face image with a FEM mesh placed accu-
rately over it and (b) Face image withmuscles (black lines),
and nodes (dots).

extended sequences, including those with large and rapid
head motions. Additionally, this method allows tracking
of all the six degrees of freedom of the rigid motion of the
head, dealing gracefully with the motion singularities that
most template-based methods fail to handle.

Due to space considerations we will not go into the
details of the visual measurement techniques or the the
physics-based modeling of the face. Referenced work pro-
vide adequate technical details.
2 Facial Action Parameters Extraction
For detailed estimation of facial action parameters, we

need to develop a detailed physics-based model of a face.
We use a polygonal model of a face to generate a finite
element mesh (Figure 1). The interpolation and strain-

Figure 5: Expressions from video sequences for various
people in our database. These expressions are captured
at 30 frames per second at NTSC resolution (and cropped
appropriately. We have by now developed a video database
of over 30 people under different lighting conditions and
backgrounds. We are also incorporating head movements
into our database.

Figure 6: Motionfields for few of the observed expressions.

displacement matrices are determined for the given geom-
etry by using the triangular polygons as two dimensional
isoparametric shell elements. Using these interpolation
and strain-displacement matrices, the mass, stiffness and
damping matrix for each element were computed and then
assembled into a matrix for the whole mesh [9].
Material properties of real human skin were used in

this computation. These material properties were obtained
from Pieper’s Facial Surgery Simulator [26] and from other
studies on mechanical properties of human bodies (e.g.,
[37]). Physically-based skin model muscles were attached
to this using the method of Waters and Terzopoulos [39,
33] and using muscle data from Pieper [26]. This provides
an anatomical muscle model of the face that deforms on
actuation of muscles. We believe that this is an extremely
detailed model for facial animation. However, this model
is unable to represent wrinkles as Viaud et al. [35] models.
Our facial modeling system functions by using optical

motion measurements to drive the physical face model.
However, such measurements are usually noisy, and such
noise can produce a chaotic physical response. Conse-
quently an estimation and control framework needs to be
incorporated into the system to obtain stable and well-
proportioned results [11].
To begin analysis of a facial motion, the geometric mesh

needs to be initialized and accurately fit to the face in the

3

NEUTRAL RAISE EYEBROW SMILE

(a) (b) FACS-BASED (c) VIDEO-BASED (d) FACS-BASED (e) VIDEO-BASED

Figure 7: Neutral Face (shaded/wireframe). Columns (b) and (d) animations produced by FACS model and Columns (c)
and (e) visual measurements for raise eyebrow and smile expressions.

image. For this we need to locate a face and the facial
features in the image. To automate this process we are
using the View-based and Modular Eigenspace methods of
Pentland and Moghaddam [18, 25].

Using this method we can automatically extract the po-
sitions of the eyes, nose and lips in an image as shown in
Figure 3 (a). These feature positions are used to warp the
face image to match the canonical face mesh (Figure 3 (b)
and (c)). This allows us to extract the additional “canonical
feature points” on the image that correspond to the fixed
(nonrigid) nodes on our face mesh (Figure 3 (d)).

After the initial registering of the model to the image as
shown in Figure 4, Pixel-by-pixel motion estimates (“opti-
cal flow”) are computed using methods of Simoncelli [31]
and Wang [38]. The model on the face image tracks the
motion of the head and the face correctly as long as there
is not an excessive amount of head movement during an
expression. Motion vectors for some of these expressions
are shown in Figure 6. This motion is projected onto the
mesh and produces deformation of the skin. The control-
feedback loop (see Figure 2) estimates the muscle control
needed to produce the observed temporal and spatial pat-
terning. Mathematical details of the model and estimation
framework are described in [9].

Limitations of Existing Representations
The goal of this work is to develop a tool for more

accurately modeling facial motion. The current state-of-
the-art for facial description (either FACS itself or muscle-
control versions of FACS) have two major weaknesses:

The action units are purely local spatial patterns. Real
facial motion is rarely completely localized; Ekman
himself has described some of these action units as an
“unnatural” type of facial movement.

There is no time component of the description, or only
a heuristic one. From EMG studies it is known that
most facial actions occur in three distinct phases: ap-
plication, release and relaxation. In contrast, current
systems typically use simple linear ramps to approxi-
mate the actuation profile.

Other limitations of FACS include the inability to de-
scribe fine eye and lip motions, and the inability to de-
scribe the coarticulation effects found most commonly in
speech [7, 22]. Although the muscle-based models used in
computer graphics have alleviated some of these problems
[33], they are still too simple to accurately describe real
facial motion.
Consequently, we have focused our efforts on charac-

terizing the functional form of the actuation profile, and

4

(a)

(b) (c) (d) (e)

Figure 1 Model-fitting process: (a) a set of input images with marked feature points, (b) facial features annotated using a set of curves, (c)
generic face geometry (shaded surface rendering), (d) face adapted to initial 13 feature points (after pose estimation) (e) face after 99 additional
correspondences have been given.

and numerically stable techniques [16, 37].

To formulate the pose recovery problem, we associate a rotationma-
trix Rk and a translation vector tk with each camera pose k. (The
three rows of Rk are rkx, rky, and rkz , and the three entries in tk are tkx ,
tky , tkz .) We write each 3D feature point as pi, and its 2D screen coor-
dinates in the k-th image as (xki , yki ).

Assuming that the origin of the (x, y) image coordinate system lies
at the optical center of each image (i.e., where the optical axis inter-
sects the image plane), the traditional 3D projection equation for a
camera with a focal length f k (expressed in pixels) can be written as

xki = f k
rkx pi + t

k
x

rkz pi + tkz
yki = f k

rky pi + t
k
y

rkz pi + tkz
(1)

(This is just an explicit rewriting of the traditional projection equa-
tion xki Rkpi + t

k where xki = (xki , yki , f k).)

Instead of using (1) directly, we reformulate the problem to estimate
inverse distances to the object [41]. Let k = 1 tkz be this inverse dis-
tance and sk = f k k be a world-to-image scale factor. The advantage
of this formulation is that the scale factor sk can be reliably estimated
even when the focal length is long, whereas the original formulation
has a strong coupling between the f k and tkz parameters.

Performing these substitution, we obtain

xki = sk
rkx pi + t

k
x

1 + krkz pi

yki = sk
rky pi + t

k
y

1 + krkz pi
.

If we let wk
i = (1 + k(rkz pi))

1 be the inverse denominator, and
collect terms on the left-hand side, we get

wk
i xki + xki k(rkz pi) sk(rkx pi + t

k
x) = 0 (2)

wk
i yki + yki k(rkz pi) sk(rky pi + t

k
y) = 0

Note that these equations are linear in each of the unknowns that we
wish to recover, i.e., pi, t

k
x, tky, k, sk, and Rk, if we ignore the vari-

ation of wk
i with respect to these parameters. (The reason we keep

the wk
i term, rather than just dropping it from these equations, is so

that the linear equations being solved in the least squares step have
the same magnitude as the original measurements (xki , yki ). Hence,
least-squares will produce a maximum likelihood estimate for the
unknown parameters [26].)

Given estimates for initial values, we can solve for different sub-
sets of the unknowns. In our current algorithm, we solve for the un-
knowns in five steps: first sk, then pi, R

k, tkx and tky, and finally k.
This order is chosen to provide maximum numerical stability given
the crude initial pose and shape estimates. For each parameter or set
of parameters chosen, we solve for the unknowns using linear least
squares (Appendix A). The simplicity of this approach is a result of
solving for the unknowns in five separate stages, so that the parame-
ters for a given camera or 3D point can be recovered independently
of the other parameters.

2.2 Scattered data interpolation

Once we have computed an initial set of coordinates for the fea-
ture points pi, we use these values to deform the remaining vertices
on the face mesh. We construct a smooth interpolation function that
gives the 3D displacements between the original point positions and
the new adapted positions for every vertex in the original generic
face mesh. Constructing such an interpolation function is a standard
problem in scattered data interpolation. Given a set of known dis-
placements ui = pi p(0)i away from the original positions p(0)i at
every constrained vertex i, construct a function that gives the dis-
placement uj for every unconstrained vertex j.

There are several considerations in choosing the particular data in-
terpolant [33]. The first consideration is the embedding space, that
is, the domain of the function being computed. In our case, we use
the original 3D coordinates of the points as the domain. (An alterna-
tive would be to use some 2D parameterization of the surface mesh,
for instance, the cylindrical coordinates described in Section 3.) We
therefore attempt to find a smooth vector-valued function f (p) fitted
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Automatic Determination of Facial Muscle Activations from Sparse Motion
Capture Marker Data

Eftychios Sifakis�

Stanford University

Intel Corporation

Igor Neverov†

Stanford University

Ronald Fedkiw�

Stanford University

Industrial Light + Magic

Abstract

We built an anatomically accurate model of facial musculature,
passive tissue and underlying skeletal structure using volumetric
data acquired from a living male subject. The tissues are endowed
with a highly nonlinear constitutive model including controllable
anisotropic muscle activations based on fiber directions. Detailed
models of this sort can be difficult to animate requiring complex
coordinated stimulation of the underlying musculature. We pro-
pose a solution to this problem automatically determining muscle
activations that track a sparse set of surface landmarks, e.g. ac-
quired from motion capture marker data. Since the resulting ani-
mation is obtained via a three dimensional nonlinear finite element
method, we obtain visually plausible and anatomically correct de-
formations with spatial and temporal coherence that provides ro-
bustness against outliers in the motion capture data. Moreover,
the obtained muscle activations can be used in a robust simulation
framework including contact and collision of the face with external
objects.

CR Categories: I.3.5 [Computer Graphics]: Computational
Geometry and Object Modeling—Physically based modeling;

Keywords: facial animation, muscles, finite element method

1 Introduction

Facial modeling and animation, enabled by recent advances in tech-
nology, is a vital new area in high demand. While this is especially
true in the entertainment industry (e.g. [Borshukov et al. 2003]), it
is also quite popular elsewhere including applications to lip read-
ing and surgical planning. For example, [Koch et al. 1998] pointed
out the utility of synthesizing expressions on a post-surgical face to
determine the effects of the surgical modifications.

Starting with data from the visible human data set [U.S. National
Library of Medicine 1994], we used the techniques proposed in
[Teran et al. 2005b] to construct a highly detailed anatomically ac-
curate model of the head and neck region. This includes a triangu-
lated surface for each bone, a tetrahedralized volume and a B-spline
fiber field representation for each muscle, and a single tetrahedral
mesh for all the soft tissue. Then we morphed this anatomically
accurate model to fit data obtained from both laser and MRI scans
of a living subject constructing new meshes where necessary.

Animating such a complex model can be rather difficult, so we pro-
pose using three dimensional sparse motion capture marker data

�e-mail: {sifakis,fedkiw}@cs.stanford.edu
†e-mail: igor@graphics.stanford.edu

Figure 1: Facial expression created by the action of 32 transversely
isotropic muscles (top left) and simulated on a quasistatic finite el-
ement tetrahedral mesh (top right). Muscle activations and bone
kinematics are automatically estimated to match motion capture
markers (bottom left) giving rise to the final synthesized expression
(bottom right). The original markers are colored red, and the marker
positions resulting from our simulation are depicted in green.

(see e.g. [Williams 1990; Guenter et al. 1998]) to automatically de-
termine muscle activations. [Terzopoulos and Waters 1993] took a
similar approach early on estimating muscle actuation parameters
based on the position of facial features tracked by snakes. Later,
[Morishima et al. 1998] contracted both individual and combina-
tions of muscles in order to learn patterns, and then used two di-
mensional marker positions or optical flow as input for a neural
network which estimated muscle contraction parameters. Both of
these approaches aim to match a two dimensional projected image
as opposed to our goal of matching the full three dimensional shape
of the face.

A control-theoretic approach was used to estimate muscle contrac-
tions that match optical flow input in [Essa et al. 1996; Essa and
Pentland 1997]. Although this approach might work for more de-
tailed anatomical models, they only considered a two dimensional
finite element model for skin along with a simple muscle model for
actuation. [Basu et al. 1998b; Basu et al. 1998a] proposed avoid-
ing the internal anatomy altogether constructing a two dimensional
quasistatic finite element model for the lips that was used to mini-
mize the strain as select nodes tracked motion data. This was done
to train the lips, and PCA was used to reduce the subsequent de-
grees of freedom to about ten. This reduction mimics the fact that
the actual degrees of freedom correspond to the muscles which are
conveniently already in the proper lower dimensional space (as op-
posed to that obtained from PCA). Finally, they track lip motion



Faces in Animation





Faces in Animation

Zemeckis needs job...



http://www.wikipedia.com
Masahiro Mori, 1970

Uncanny Valley

http://www.wikipedia.com
http://www.wikipedia.com


Uncanniness



Facial Motion Capture



Facial Motion Capture





Faces in Movies



Faces in Movies



Faces

• Statically and Dynamically convey lots of information

• Facial expression is just one aspect (but over emphasised?)

•We all lipread all the time!

• Visual speech can alter your audio perception

• Social cues include expression, pose and gaze changes

•We are all experts => “Uncanny Valley”

• Uncanny Valley is just Computer Graphics getting it wrong?
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High Quality Passive Facial Performance Capture 
using Anchor Frames

Thabo Beeler, Fabian Hahn, Derek Bradley, Bernd Bickel, Paul Beardsley, 
Craig Gotsman, Robert Sumner, Markus Gross



Faces

• Statically and Dynamically convey lots of information

• Facial expression is just one aspect (but over emphasised?)

•We all lipread all the time!

• Video can alter your audio perception

• Social cues include expression, pose and gaze changes

•We are all experts => “Uncanny Valley”

• Uncanny Valley is just Computer Graphics getting it wrong?



Summary

• Human faces are non-rigid and highly articulated

• Measurement vs. Dynamics tradeoff in most capture systems

•We are all experts that are super sensitive to errors

• Person specific vs. generic representation?

• How to model and describe: statically and dynamically?


