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ARTICLE INFO ABSTRACT

Modeling of the human face is a challenging yet important problem in computer graphics.
Building accurate muscle models for physics-based simulation of the face is a problem
that either requires a lot of manual effort or drastic over-parameterization of the muscles
to achieve desirable results. In this work, we reduce the number of parameters required
to build personalized muscle models by taking into account the blending of the fine
muscles and passive tissue when we solve for the muscle activations. We begin by
adapting an anatomical template model to a neutral scan of a subject. Then, we solve an
inverse physics problem using several scans simultaneously to solve for both the muscle
activations and the geometry matrix representing blending of the muscles. Finally, we
demonstrate that this geometry matrix can be used on new, previously unseen scans to
solve for only the muscle activations. This greatly reduces the number of parameters that
must be solved for compared to previous works while requiring no additional manual
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effort in constructing the muscles.
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1. Introduction

The modeling of the human body is a very important problem
in computer graphics, with wide applications ranging from the
entertainment industry to medicine. In recent years, advances in
facial tracking and capture technologies [1} 2| [3] have achieved
impressive results and are becoming widely used in the film in-
dustry. However, anatomical modelling of the face is particularly
difficult, due to the high levels of nonlinear deformations exhib-
ited on the surface of the skin caused by complex interactions
between the underlying facial muscles and the passive tissue
(e.g. fat).

Traditional approaches to creating facial animations usually
rely on direct deformation models which only take into account
the surface of the face, such as blendshapes [4]. These tech-
niques are favored for their ease of use and extensive support,
but they are not without shortcomings. While they can create
believable facial expressions, it is difficult to add physics-based
effects to them (i.e., inertia, gravity, collisions). Furthermore, it
is possible to produce unrealistic expressions, requiring correc-

tives to fix artifacts.

Physics-based models attempt to remedy these artifacts by
attempting to mimic the real-world biomechanics of facial ex-
pression generation. Instead of directly using the surface of the
face, anatomical face models attempt to simulate the underlying
muscle structure which causes the surface deformations [3]]. This
is a very challenging problem due to the fact that it is difficult to
acquire such information for a given subject: all of the muscles
and fat lie beneath the skin and require advanced medical imag-
ing machines to observe, making it impractical for general use.
Thus, physics-based models usually require significant manual
effort to create a muscle structure for a given subject. While this
can produce good results which are used in high-budget feature
films, it requires many man-hours on the part of technical artists
to create a good model for just one subject.

Recent works have attempted to remedy this problem by at-
tempting to infer the underlying muscle structure [6, [7] using
only surface scans. This is accomplished by setting up an inverse
solve which tries and finds the correct muscle activations that are
able to fit a given expression in a scan. This makes the method
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more practical for general use, but sacrifices the physical inter-
pretations of the muscles by over-parameterizing them in order
to fit the scans. More concretely, the number of parameters is a
factor for the number of volumetric elements (i.e., tetrahedra);
each element acts as an independent muscle.

In this work, we attempt to alleviate this issue by drastically
reducing the number of parameters in the facial muscle model
to more closely match the real-world muscles. We accomplish
this by observing that any volumetric element (i.e., tetrahedra)
in the face can contain several muscles as well as passive tissue.
We extract this geometric information into a separate variable
from the muscle activations, telling us how all of these elements
are blended together. We then solve for the blending variable
by simultaneously fitting several different target scans. By sepa-
rating out this blending information, the muscle activations we
solve for are closer to the real-world mechanics of the face; the
number of unknowns is a function of number of muscles instead
of number of elements. We then show that this blending variable
can be reused to successfully fit new, unseen expressions scans
of the same subject.

This method retains the advantages of previous methods in
that it is still fully automatic and does not require any manual
muscle construction, but by extracting the subject-specific mus-
cle geometry from the muscle activations we are able to greatly
reduce the space of the activations. A bonus side-effect of this is
that the activation-only solves are much faster due to the drasti-
cally lower number of unknowns. The muscle activations can
also still be used as keyframes to create “volumetric blendshapes”
that are responsive to physics-based effects such as wind and
changes to our subject’s physical parameters (i.e., adding fat).
We believe that solving for the muscle geometry is an important
step towards having a full personalized physics-based model
that is easily obtainable for any given subject, without requiring
significant manual effort.

2. Related Work

Facial animation has been an important part of computer
graphics research since seminal work in the 1990’s [8,9]. Hu-
man facial expressions are extremely important in communica-
tion [10], and accurate representations of the human face is vital
in both the entertainment industry and the medical field.

Data-Driven Methods. The traditional facial animation tech-
nique used by artists is geometry-based blendshapes [4, [11} 12}
13L[14]]. This allows for artists to create facial expressions geo-
metrically blending several target expressions. This approach
has the advantage of being simple to implement, intuitive for
artists, and capable of creating a large variety of facial expres-
sions. However, the linear blending of the surface can produce
some non-physical shapes and has difficulty handling phenom-
ena such as contact. Physics-based approaches have been used
to augment geometric approaches. The work of [15] augmented
the blendshape framework with mass-spring systems, which
have been further augmented with a simulated surface [16], or a
volumetric layer on top of a blendshape model [[17, [18]].

Blendshapes are usually created by employing capture tech-
niques to get the target expressions. Facial capture systems

have seen a significant increase in quality in recent years
and are widely used in the entertainment industry. Marker-
based techniques [[19] and recently dense markerless techniques
[200 114 124 121} 1221 23] 24] can produce a very accurate reconstruc-
tion of a facial performance in multiview [25]] and even monocu-
lar [26 27] capture setups. Modern systems can also accurately
capture traditionally difficult areas such as the eyelids [28]], eyes
[291 301, hair [31} 32} 33]], teeth [34], lips [35} 136} [37]], and skin
microstructure [38] [39]. Anatomy-based techniques have also
been used to improve the tracking, such as skull transformations
[3l], jaw tracking [40l 41] and deformation models[42].

Physics-based Approaches. Anatomical modeling of the
body is an active area of research with many simulation plat-
forms, such as ArtiSynth [43]], SOFA [44], FEBio [45], and
Abaqus [46]. Extracting the biomechanical parameters of the
biological tissue is an ongoing problem in biomechanics, with
many measurements [47]] and models [48]49] being developed.
Instead of excising the soft tissue and measuring the forces via
torsion or suction tests, computer vision techniques can be ap-
plied to estimate material parameters [50L[51} 52, 153]] by visually
studying the deformation. Similarly, surface electromyography
[54]] provides a less intrusive option for measuring muscle acti-
vations.

Many muscle models have been proposed for full-body ani-
mations [155, 156, 57, 158,159]. Various numerical strategies have
been developed, such as Eulerian-on-Lagrangian-based [[60} 61]]
and projective-dynamics-based [62, 163} [64]] approaches. Facial
muscles are fundamentally different from skeletal muscles such
as the biceps brachii [65]], posing significant challenges due to
their small, thin nature and complicated attachments. Muscle
simulation for bodies usually studies the muscles’ effects on
the bone, while facial simulations try to explain the subtle de-
formations on the surface of the skin. Building person-specific
muscle models has been an active field of research [3], usually
requiring significant manual sculpting of the muscles. Similarly,
MRI scans have been used to extract muscle information from a
subject [66], again requiring significant manual tuning and edit-
ing to create a useful model. Muscle models that allow artists to
manually sculpt expressions by editing muscle activations have
been introduced [67]] and further improved 68 169]]. Stavness et
al. introduced an automated method for constructing a person’s
geometry using CT data [[70], which is not trivial to obtain. Cong
et al. introduced a method to geometrically adapt muscles from
a template to a target using only the neutral scans [71]], however
they do not use target expressions scans to solve for muscle
activations. The work of Ichim et al. introduced a physics-based
equivalent to blendshapes [[6], which overcomes blendshapes’
limitations in handling physics-based phenomena such as col-
lisions and gravity. This framework was further extended by
adding a rotationally-invariant muscle activation model [7] and
by incorporating heterogeneous material parameters and more
complicated phenomena such as pre-strain [[72]. However, these
activations lose their physical meaning, treating each tet as an
independent muscle.
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Scans

0660

Personalized Anatomical Model

Anatomical Template

Fig. 1. An animation may be produced by linearly interpolating the activa-
tions of two expressions.

3. Method

3.1. Data preparation

We begin with a template face model, which includes the
bones (skull and mandible), muscles, and a flesh mesh, shown in
Figure[T](top left). We then capture a series of registered scans of
our subject (Figure[T] top right), including a neutral expression
which we can use with the method of Anatomy Transfer
to transfer the anatomy of the template to our subject, adapting
the meshes representing the bones, muscles, and flesh to fit our
subject. Tetgen [[74] is then used to create a tetrahedral mesh of
the flesh (Figurem bottom). Similar to [[7]], we use the tetrahedral
flesh mesh and the muscle meshes to find “active” tetrahedra.
However, instead of storing a binary “active” or “passive” value,
for every tetrahedron we store a list of integers representing
the indices associated with all of the muscles that particular
tetrahedron intersects with. We use 0 to represent “passive”
tissue, and all tetrahedra contain at least this value. Additionally,
since the muscles obtained from [73] are only an estimate and
can differ from the subject’s actual muscle geometry, we also
store muscles whose meshes are located in a 1cm radius of the
tetrahedron, to account for the potential of these muscles to shift
around in a different subject compared to our template. This
information is used as an initialization and will be valuable in

Section[3.4]

3.2. Forward simulation of face models

We begin with a tetrahedral face mesh of a subject in the rest
pose, with p vertices and n tetrahedra. We can describe the
activation of a tetrahedron using an augmented finite-element-

like elastic potential, such as corotated linear elasticity [[7]:
=Y min “0F - RS@)
Eua(x. A) = Z} Jnin, I = RiS@))l;
A
+—Tr2(P-1) (D)
2V,‘

where x € RP* is a matrix of the mesh vertex positions in the
deformed pose, A € R™® is a global activation vector storing
the activation degrees of freedom for all tetrahedra, and a; € R®
is ith row of A (which we will be solving for in Section [3.3).
Fi(X, X,.y) is the deformation gradient for the i-th tetrahedron
(abbreviated as F;), and matrices R; € R¥3 and P € R¥3
come from the polar decomposition of the deformation gradient
F; = R,P;. S: R® — R¥?3 is an operator which takes a 6 DoF
vector and returns a symmetric matrix (as in to [7]]), v; is the
rest volume of i-th tetrahedra, A;, u; are Lame’s first and second
parameter, respectively, and || - ||z denotes the Frobenius norm.
We have added a linear elasticity-based lambda term to enforce
some notion of volume conservation.

To determine vertex positions of the forward simulation result,
we need to solve the following optimization problem, keeping A
constant:

mibn Eact(x7 A) + Eext(x)s (23)

st. ¢e(x,b)=0 (2b)
where E,(X) is external energy due to forces such as gravity.
The constraints ¢(x, b) correspond to physiological constraints
like muscles attaching to the bones. Similar to [[7]], we model and
solve for the jaw kinematics using a 5-DoF rigid transformation
model which allows for rotation along only 2 axes and translation
along 3 and stacks the five total degrees of freedom in a vector
b € R

3.3. Inverse model

While the forward problem is simple to solve, obtaining the
activation matrix A is difficult. We want to find an A matrix
such that we are able to explain target scans that we have taken
of a subject. We introduce a target energy:

Earger(X, t) = IMx — Nt 3)

where x € RP is our tetrahedral mesh’s vertices and t € R”®
are vertex positions from our target scan with o vertices. The
matrices M € RPN € R are selection matrices that select
vertices in X that correspond to vertices in t, where ¢ is the
number of such correspondences. We then set up the following
optimization problem to solve for the A matrix:

n})ig Erarger(X, 1) + Epeg(X, A) (4a)
st ViEa(X,A) + ViEou(x) =0 (4b)
c(x,b)=0 (4¢)

where constraint fb] requires quasi-static equilibrium and con-
straint[4c]is the same physiological constraint as in Eq.[2] Since
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p >> o, the problem is highly overparameterized and regular-
ization E,..(X, A) is necessary as we will discuss in Section
Solving this constrained minimization problem will produce a
matrix A that, when used to solve Eq. 2] will produce an x as
close as possible to the target t.

3.4. Muscle Geometry Matrix S

The key difference in our method is the parameterization
of A. Previous work parameterized the A matrix by allowing
nine [6] or six [7]] degrees of freedom for every tetrahedron and
constructing a matrix from those degrees of freedom. This gives
the model great flexibility and allows it to explain almost any
given target at the cost of losing the physiological meaning of the
matrix A: each tetrahedron acts as its own independent “muscle”
and each “muscle” can be transformed in any symmetric way.
This is far from the real-world situation, where facial expressions
are created using only a few muscles.

To reduce the parameter space, first we will change the se-
mantic meaning of A: instead of having an A; € R3** matrix per
tetrahedron, we will have an A; € R¥? matrix per facial muscle.
Since A; is a symmetric matrix constructed from 6 variables, we
will instead store it as a 6 X 1 vector a;. The global activation
vector is a € R®" where m is the number of muscles.

These activations are now independent of the tetrahedra. Intu-
itively, we want tetrahedra to be influenced by nearby muscles.
Since facial muscles are close to each other and even overlap,
tetrahedra need to be able to combine nearby activations. We
introduce a per-tetrahedron vector s; € R™, where every value s
represents a weight for how much this tetrahedron is influenced
by muscle j. A tetrahedron’s full activation a; is then composed

of
a; = Z Sija; (5)
J

where s;; is tetrahedron i’s weight for muscle j and a; is the
activation for this same muscle. This makes a tetrahedron’s indi-
vidual activation a linear combination of the muscle activations.
In order for this weighted sum to be sensible, we must impose
the following constraints on s;: 0 < s;; < 1, and Z’j’? sij = 1.
Furthermore, we will also enforce spatial sparsity on this vector:
we only allow muscles that are within 1cm of this tetrahedron
to take non-zero values. This prevents faraway muscles from
influencing a tetrahedron (i.e., a muscle on the right side of the
face can not directly influence a tetrahedron located on the left
side). Finally, using the same operator S from Eq.[I} we can
express our active muscle model as:

n
.M
Eue(%,A) = ) Jnin —|F; - RS
i=1 4 J

Z Sija.i] I
+ﬁTr2(P - (6)
2v,<

where i indexes tetrahedra and j indexes muscles (s;; denotes
coefficient j of vector s;). What we have accomplished here is
moving many of the degrees of freedom into a blending matrix
S € R™™ (where n is the number of tetrahedra and m is the
number of muscles), which encodes the geometric blending

of the muscles. For a single target, this does not accomplish
our goal of reducing the degrees of freedom. However, this S
matrix is a subject-specific parameter, akin to the stiffnesses A
and , in contrast to an expression-specific parameter. Once an S
matrix for a particular subject is found, it can be re-used for all
expressions generated by the same subject. For new expressions,
the only expression-specific parameters are the positions x and
the muscle activations a.

Passive Tissue. To handle passive tissues, we need to make
only a small modification to the S and a variables. Passive tissue
can be modeled by ensuring:

S[Z sija ,] =13 %)

J

If we append a constant identity vector a; = [100101]7 to the
beginning of the global activation vector a and add a column
to the beginning of S representing the weight corresponding
to passive tissue, then a fully passive tetrahedron would have
a value of 1 for this weight (and, respecting the constraints, a
value of 0 everywhere else) in its corresponding row in the S
matrix. This also allows our model to contain tetrahedra that are
partially muscle and partially passive tissue. This expands the
dimensions of our 8 matrix to S € R™*D and gives our model
the ability to include in a single tetrahedron multiple muscles as
well as passive tissue, similar to what a volume slice in the face
would contain.

3.5. Multi-target fitting

In order to properly optimize for a geometry matrix S, we need
to use several expressions simultaneously to prevent over-fitting.
Each expression has its own x and a variables, but all expressions
share the same S variables. This leads to our multi-target inverse
optimization problem:

q
X{RE}S ; Efarget(xk’ tk) + Ereg(aks S) (83)
s.t. VxEuei(X0,0,S) + VxE,.(X0) = 0 (8b)
c(x,bp) =0 (80)
ViEae(Xg,84,8) + VxEon(X) = 0 (8d)
c(X4,by) =0 (8e)
0<S<1 (8f)
S1, =1, (8g)

where g is the number of targets, p is the number of vertices
per target, m is the number of muscles, x € R3*”*? represents
the positions, a € R®™4 represents the activations with the
different columns representing different targets (i.e., X, a; are
the positions and activations for target k), and S € R is the
geometry blending matrix described above (recall that n is the
number of tetrahedra). The objective term (Eq. contains all
of the target energies and the regularization terms (discussed in
Section[3.6). The constraints in Eq. [8b]and Eq. [8c|are the steady-
state and physiological constraints (including jaw kinematics)
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Our Result Scan

Fitting Error

0mm

2.5 mm

5mm

Fig. 2. The input scans used for the multi-target fitting (top), the mesh produced by our method (middle), and a visualization of the point-to-point fitting

error (bottom).

for target 0, and each target has such a pair of constraints. Finally,
the S-matrix constraints discussed in Section [3.4]are represented
in Eq.[8f]and Eq.[8g where 1, € R” and 1,, € R”™ represents an
all-ones vectors.

3.6. Regularization

Eq. [8]is an under-determined problem due to the fact that
the target scans and constraints exclude many of the internal
vertices. To help solve the optimization problem, we use simple
regularizations on the A and S matrices that push them towards
their initial values A;, S;:

Wq Wy
S lIA = Adllg + =1IS - Sillg )

2 2
The weights w,, w, represent the strength of this regularization

and are discussed more in Section[3.7] Additionally, we want the
activations to be volume-preserving, i.e. having a determinant

of one. We add the following regularization to try to enforce this
property:

% > (det (Stap) - 1)? (10)
=

where a; € R® represents the block from a corresponding to
muscle j. Adding Eq.[9]and Eq. [I0| gives us the E,, term in

Eq.[§

3.7. Numerical Solution

We solve this optimization problem in Eq. [ using the IPOPT
[75] package and employing a block coordinate descent strategy,
alternating between solves for x, A and x, S. Additionally, we
use high regularization weights w,, w, in Eq. [9] at the beginning
and decrease them in subsequent solves. In our results, the S
matrix was obtained by performing two or three alternating A
and S iterations before decreasing the weights.
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Our Result Scan

Fitting Error

0mm

2.5mm

5mm

Fig. 3. A set of previously unseen scans scans (top), the mesh produced by our method using only an activation solve (middle), and a visualization of the

point-to-point fitting error (bottom).

Once an S matrix is obtained for a subject, we can then solve
for new expressions using only the A solve. For this solve, we
do not need to use the strategy of starting with a high regular-
ization weight w, and then iteratively decrease it; we can use
a low weight from the start. This combined with the low di-
mensionality of the unknown activations makes this solve much
faster.

4. Results

4.1. Evaluation

To optimize for the S matrix, we used five scans to solve the
multi-target optimization problem in Eq.[8] shown in Figure 2]
(top). The resulting meshes are shown in Figure 2] (middle) and
the fitting error is visualized in Figure 2] (bottom) as the point-to-
point distance between our mesh vertices and the corresponding
vertices in the scans. We alternated between solving for the
global S matrix and the target-specific A; matrices as described
in Section[3.7} Our method is able to fit the target scans quite
well, with an average fitting error of 0.85 mm.

After this S optimization phase, we can now use the S to solve
for only the muscle activations A for new expressions, which
were not included in the multi-target fitting optimization. We
tried fitting new scans, shown in Figure [3(top) by solving only
for the activations A. Figure E] (middle) shows the resulting
mesh while Figure 3] (bottom) shows the point-to-point error of

the fitting. We can see that we are able to fit these expressions,
with an average error of 0.90 mm.

To test the generalizability of our method, we also performed
the same experiments on another subject. As before, we per-
formed the steps outlined in Section [3.1]using the same param-
eters as the previous subject (e.g., the 1 cm search radius). In
Figure[d(a), we used 3 scans as targets for the multi-fitting stage
and show the result and the fitting error. In Figure [] (b), we
re-used the S matrix we solved for to fit new expressions by
solving for the activations only.

Instead of doing the multi-target optimization for S, we can
just use the initial values and only solve for the activations.
This results in significant artifacts, shown in Figure 5] caused
by an inability of the underlying reduced-space activations to
replicate the target expression, sometimes resulting in significant
tetrahedral inversions. Our method with the S optimization
produces a much better result, showing that we cannot just
reduce the space of the muscle activations without accounting
for the geometry.

Introducing the S matrix does not affect the ability of our
activations to be used as volumetric blendshapes [6]]. Figure 6]
shows an animation where we use two expressions as keyframes
and linearly interpolate the activations and jaw kinematics of
each expression for the in-between frames. Please refer to the
accompanying video for a more clear demonstration.

Since we are using a physics-based model, we can also add in
physical effects. We can change the physical properties of our
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Fig. 4. Results on a subject different from Figure [2|and Figure a) The three expressions that were used to fit the S matrix. b) The resulting fitting on
three new expressions.

Fig. 5. Optimizing for only the activations without accounting for the mus-
cle geometry produces artifacts and results in a poor fitting of the input
scan.

subject: in Figure [§| we increase the “fatness” of our subject. We
accomplish this in a similar vein to the work of [[7]: we model
fat as a plastic deformation, augmenting F(x, X,.,) in Eq. |I|with
F(x, th)F;l, where F), = fil is a scaled identity matrix, with
fi > O representing the fat multiplier for this tetrahedron. Unlike
[7], we do not require a manually made “fat map” as we have
optimized for the active/passive ratio during our S optimization.
We choose scalar values fin, fimax indicating how much “fatter”

(fmax > 1, foin = 1) or “thinner” (0 < fiuin < 1, fnax = 1) wWe
want our subject. Figure[Juses a range of (0.9, 1.0) to (1.0, 1.2)
for (fiuin» fmax)- FOr any given tetrahedron, the first weight in its
s; vector is the ratio of passive tissue, so we can use this weight
to grow or reduce fat as desired: f; = fuiu(1 — Si0) + finaxSio-

Our model is capable of incorporating external forces: in
Figure[7]we added a wind force to our keyframed animations in
the +x direction, causing the flesh to deform and jiggle while
still making the correct expressions.

4.2. Comparison to Previous Work

Ichim et al. [6]] introduced a muscle model that enabled fitting
to target scans by allowing every muscle tetrahedron to move
independently. While this makes the fitting very close to the
target scans, as shown in Figure[9] it does so by constructing a
model that intentionally overfits to the scan. One drawback of
this approach is that it allows non-physical deformations that
can arise from artifacts in the capture process. To illustrate this
point, we applied some non-physical deformation to one of our
scans and test both the Phace method [7]] and our method, shown
in Figure[T0] We can see that our method is not able to fit this
deformity due to our more restricted muscle model. Phace [7] is
able to (incorrectly) fit this scan artifact. While this scenario is
admittedly exaggerated, it illustrates the drawbacks of overfitting
to the data. An ideal muscle model is capable of producing only
the various expressions produced by the facial muscles and is
not able to explain non-physical input data.
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Frame O Frame 30 Frame 60
Frame 550 Frame 575 Frame 615
Fig. 6. An animation may be produced by linearly interpolating the activa-

tions of two expressions.

Frame 64

Frame 70

Frame 56

Fig. 7. Applying external forces such as wind causes the flesh to deform
accordingly.

Another benefit of our reduced parameter space for the acti-
vations is that we are able to achieve significant speedup when
solving for new muscle activations when compared with Phace
[7]. This is important because ultimately these activations are
used in a volumetric blendshape system, which can require many
different expressions to be solved for. For Figure [I0] the acti-
vation solve for Phace [7] (top) took 5 iterations and 734 ms,
(bottom) took 7 iterations and 1100 ms. Our activation solve
(top) took 10 iterations and 188 ms, (bottom) took 8 iterations
and 148 ms with a mesh resolution of 7,046 vertices and 25,227
tetrahedra on an Intel Core 17-8750 processor. For all of the
expressions in Figure [2]and Figure 3] our activation solve took
an average of 8.58 iterations and 157.42 ms, while Phace [7]
took an average of 6.5 iterations and 998.08 ms.

5. Limitations and Future Work

While we have reduced the parameter space compared to
previous work down to more closely match real-world muscle,
each muscle still has a 6-DoF activation model. Real muscles

Thin

» Fat

Fig. 8. We can use our model to simulate the accumulation of fat on our
subject. Fat is only accumulated in passive tissue, not in muscle.

Phace

Our Method

0Omm 25 mm 5mm

Fig. 9. The fitting error of [7] (top) and our method (bottom). Our method
comes close to the fitting of [7], which provides a slightly better fitting at
the cost of overfitting (described in Figure[10)

can only contract along their fiber directions; an ideal muscle
model will only have 1-DoF activation per muscle. This prevents
our method from producing readily-controllable muscles that
behave in an intuitive way. An interesting future direction is
to try and solve for the fiber directions to even further reduce
the parameter space towards more realistic muscles as well as
introduce anisotropy to the muscle model.

Another limitation of this work is that we use a homogeneous
and isotropic material for both our muscle and passive tissue
model. In the human body fat and muscle have different mate-
rial properties. In particular, muscles are anisotropic and have
different stiffness properties when they are activated compared
to when they are passive. Modeling this difference between
active and passive material parameters is a good direction for fu-
ture work, as well as developing more biomechanically accurate
deformation models for both the muscle and the passive tissue.

Our current face model does not contain an eye model or
eyelids, so it is incapable of expressing dynamic eye motions,
such as the closing of the eyelid or the rotations of the eyeball.
The motions of the eye and eyelids are difficult to capture and
model, and require special considerations [30]. A more advanced
physics-based model that contains complex eye controls is a
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Our Method

Phace

Scan

Fig. 10. Previous work allows for fitting of non-physical shapes. We add
some artifacts to a scan (left) and demonstrate how the method of [7] is
able to fit this (middle). Our muscle model is correctly unable to fit this
artifact (right).

promising avenue for future work.

6. Conclusions

In this work, we take an important step towards producing a
fully automated, personalized physics-based facial model for a
subject. Our main contribution is in reducing the parameter space
of the muscle activations in the frameworks of [6,[7] by solving
for the blending of muscles and passive tissue for a specific
subject. This is important since muscles in the face are close
together and their interaction with each other greatly influences
the surface deformation that we see on the skin. We believe that
good muscle models are important in both the entertainment and
medical fields, and physics-based facial models provide many
advantages over traditional geometry-based approaches. We
hope that this work pushes forward the capabilities of anatomical
facial muscle modeling.
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