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In this paper, we divide performance-driven facial animation into two data transformation problems, fa-
cial expression retargeting and face driving, and report a semi-supervised framework to solve the two
problems. The objective function includes two parts. In the first part, we unify the temporal and geo-
metrical characteristics of facial expressions and face models as topology characteristics, and preserve
the topology characteristics in manifold subspace during data transformation. In the second part, some
given data are used as labels to guide the transformation. The proposed semi-supervised framework can
be efficiently solved by a least square method. Experimental results show that the proposed framework
outperforms existing methods in both facial expression retargeting and face driving.
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1. Introduction

Due to the ability to create vivid and dynamic virtual char-
acters, performance-driven facial animation technique has been
successfully applied to digital film making and interactive en-
tertainment. Hence, it attracts considerable attention from both
academic and industrial worlds.

Performance-driven facial animation comprises two key tech-
niques, i.e., facial expression retargeting and face driving. The
former technique means transforming the facial motion of a real
human actor captured by certain specialized equipment to the
facial motion of other virtual 3D characters. The facial motion is
usually referred to motion data including sequences of frames,
with each frame represented by coordinates of a group of facial
feature points at that time instance. Face driving is deforming
a 3D face through a group of facial feature points to generate
certain kind of facial expression. We rephrase the human actor as
the source object, and rephrase the virtual character as the target
object. Similarly, their expressions are named as source expression
and target expression respectively.
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Basically, there are two classes of facial expression retargeting
techniques. The first class is Blend Shape methods [1-9], which
simulate the unknown facial expression by blending several existed
key expressions through certain weights. The second kind of retar-
geting technique is facial expression cloning [10-12], which infers
the unknown facial expression based on pairwise examples in-
cluding existed face and its expression. The motion vectors are ex-
tracted from the sample pairs, transformed in direction and mag-
nitude, and applied to the given face to generate facial expression.

Face driving technique can be divided into four classes. Some
methods build physical muscle models for human face and drive
the models based on some animation standards [13,14]|, which
transform the displacements of the feature points to the variations
of some animation parameters. Some methods achieve face driving
by piecewise linear interpolation [15]. These methods triangulate
the facial feature points, and project each face vertex onto a
specific triangular mesh. They compute the displacement of the
vertex by interpolating the displacements of the feature points.
The scattered data interpolation methods use the displacements
of feature points as known condition, and interpolate for the dis-
placements of other vertices. Most frequently used interpolation
method is radial basis function [16]. Some methods preserve the
topology of face model during face driving, under the goal that the
deformed face matches the expression feature points well [17].

However, there still exist several disadvantages in the afore-
mentioned methods. Some facial expression retargeting methods
heavily depend on the key expressions, which need to be built
for each virtual character and lack reusability [3,4]. Some methods
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fail to preserve the temporal characteristics when transplanting
the actor’s facial motion to the virtual character [1,2]. In addition,
some face driving methods are confined to pre-defined animation
parameters, thus lack flexibility [14].

According to our definition, expression retargeting aims to solve
the target expression based on the source object’s face, the source
expression and a few known frames of the target expression, while
face driving aims to solve the vertex displacements of the source
object, given the displacements of a small set of facial feature ver-
tices. They are very similar in that both problems can be described
by some semi-supervised objective function, with similar lost
function constructed by certain temporal or spatial constraint. To
this end, we propose a semi-supervised framework which unifies
facial expression retargeting and face driving in this paper. The
objective function is composed of two terms, the first term aims
to preserve the temporal characteristics implied in the source
expression and the spatial characteristics contained in the source
object. The second term is designed to match the unknown target
expression or deformed face to some given data. In this frame-
work, the constraint is represented using manifold method, and
the given data are referred to as several known frames of target
expression or new positions of some facial feature points, depend-
ing on specific problems. We can optimize the objective function
using least square approach. It is worthwhile to highlight several
advantages of the proposed semi-supervised framework as follows:

(1) This framework does not need any key expressions for facial
expression retargeting, thus remove the restriction from the
key expressions and free expression retargeting from tedious
manual work.

(2) Manifold method provides unified approach to representing
the temporal constraint of facial expression and the spatial
constraint of face driving, thus we can address the two prob-
lems in the same way.

(3) The framework can be efficiently solved by a least square
method, this ensures optimized results of expression retar-
geting and face driving.

The rest part of this paper is organized as follows:
Section 2 shows related works. In Section 3, we present the
semi-supervised framework in detail, and describe how to achieve
facial expression retargeting and face driving through this frame-
work. In Section 4, we show some experimental results, and
conclusion of this paper is given in the last section.

2. Related works
2.1. Facial expression retargeting

Facial expression retargeting methods can be classified into
two groups. The first group of methods are Blend Shape methods
[1-9], which obtain each frame of the target expression by linearly
blending a set of key shapes using certain combination weights. A
variety of expressions emerge when the weights are changed. The
works described in [6,9] fit each frame of the source expression to
the key shapes of the source object’s face to get the combination
weights, which were subsequently used to combine the key shapes
of the target object’s face to generate the target expression. Song
and co-workers [1,2] parameterized the space spanned by the
source object’s key shapes, and learned the mapping from the
parameters to the combination weights of the target object’s key
shapes, then created target expression through the weights. In
[3,4], the author built key shapes for the target object using a
sample-based method, and obtained the weights of these key
shapes by learning the spatial relations among the frames of the
source expression.

The second group of methods are expression cloning methods
[10-12], which extract motion vectors of the vertices from source
expression and adjust their directions and magnitudes to apply
them to the target object’s face to generate target expression. [gor
et al. created target expression using the motion vectors of the
source expression directly based on normalization strategy which
eliminated mismatch between source and target objects’ faces
[11]. The work of [12] adopted radial basis function to simulate
the relation between the source and the target objects’ faces, and
estimated the motion vectors of the target object’s face from the
motion vectors of the source object’s face.

The aforementioned methods did not consider the character-
istics of facial expressions in temporal domain, so the estimated
target expression failed to present natural transitional effect. Some
researchers have noticed the problem. Deng et al. [5] learned the
mapping from sample faces’ motion data to the weights of their
key shapes, then estimated the key-shape weights of the target
object by applying the mapping to the motion data of the source
object. The temporal characteristics were implied by the motion
data. Weise et al. [7] combined weight computation and source
expression tracking into one framework and provided unified
optimization method to guarantee the temporal constraint. Seol
et al. [8] adopted temporal difference method to represent facial
expression, and obtained the weights of target object’s key shapes
by solving Poisson equation. However, these methods still need
key shapes, which should be built carefully by hand in advance,
and this is very labor intensive work.

2.2. Feature-based face driving

Prevalent feature-based face driving can be divided into four
classes. The first class of methods achieve face driving based on
some animation standards, such as Facial Action Coding System
(FACS) [13] and MPEG-4 standard [14]. These methods build
physical models for human face according to anatomy experience,
and use muscle vectors to simulate the effect of face muscles.
The animation parameters of FACS or MPEG-4 standard are then
converted to the muscle vectors for face driving. The weakness
of these methods is that the motion vectors computed from the
feature points have to be converted into the animation parame-
ters, and the positions of muscle vectors are difficult to determine.
Usually, the determination process needs tedious manual work
and is a process of trial and error. In addition, these methods fail
to demonstrate detailed characteristics of facial expression.

The second class of methods are piecewise linear interpolation.
This kind of methods triangulate the facial feature points to form a
sparse triangular mesh structure, then project each vertex of face
model onto a specific mesh. Given motion vectors of the feature
points contained in the mesh, the displacement of each vertex
can be interpolated from these motion vectors [15]. When the
number of feature points is small, the mesh structure cannot cover
the whole face. Consequently, it would be difficult to compute
the displacement of every vertex. Therefore, this kind of methods
cannot obtain good driving result with few facial feature points.

The third kind of methods are scattered data interpolation.
The most frequently used interpolation approach is radial basis
function. Given motion vectors of a set of feature points, the
authors of [16] used radial basis function to interpolate for the
displacements of all other vertices. However, the interpolation is
based on Euclidean distance measurement between the feature
points and the other vertices, hence is unable to generate decent
result in case of small number of feature points. This was clearly
demonstrated in [18].

Recently, some topology preserving methods were applied to
face driving [17,19,20]. The key point is maintaining the local spa-
tial constraint when deforming the face model using facial feature
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points. Nevertheless, the constraint adopted by these methods
lacks enough representative ability for the rotation of the local
facial structure during face driving. As a result, the deformed face
often shows unnatural wrinkles or other artifacts in local regions.

2.3. Topology preserving learning

Deep learning has been a hot research topic in recent years.
Unsupervised deep learning methods [21] discover the topology
of the training data by learning the feature representations that
can best reconstruct the original data. Supervised deep learning
methods [22] preserve the data topology by connecting the neu-
rons related to the salient data features in the current network
layer to the neurons in the adjacent and upper layer. However,
deep learning methods need a large amount of training data
[23-26] that may be unavailable in many applications.

Sparse coding and multi-view learning have found their usages
in image ranking [27-29]| and classification [30]. The method
introduced in [28] represented the topology of the original images
by sparsely selected features from a hyper-graph structure. The
work of [29,30] learned the topology of the images by combining
varied image features into a unified representation while preserv-
ing the interdependency among the image features. However, it is
quite unsure how to apply these methods to facial animation. The
study introduced in [31] used a multi-view Hessian regularized
logistic regression (mHLR) for human action recognition. Specif-
ically, this method enhances the multi-view logistic regression
by incorporating the multi-view Kernel penalizer for reducing
complexity and the multi-view Hessian regularization term for
preserving manifold structure. One of the contributions is to use
Hessian regularization to preserve the local geometry.

Manifold learning is known as a group of topology preserving
learning methods in that they preserve the positional interre-
lationship between the original data points while transforming
the data points into low dimensional embeddings. Traditional
manifold learning is unsupervised method, but some researcher
have proposed various semi-supervised manifold learning methods
by adopting prior knowledge [32-37]. Typical methods include
semi-supervised Laplacian eigenmap [34], semi-supervised locally
linear embedding [35]. In [36], the author expanded locally linear
embedding, local tangent space alignment and ISOMAP to semi-
supervised version respectively. Recently, several semi-supervised
frameworks were proposed to cover variable manifold learning
algorithms [38-40]. Nevertheless, these works regard manifold
learning only as a tool for dimensionality reduction. The manifold
regularization can be integrated with empirical risk minimiza-
tion [41] for classification. In [42], the authors enhanced this
framework using importance re-weighting such that the method
achieves classification with noisy labels. In addition, they solved
the problem of noise rate estimation in this study.

Some recently emerged methods share similarity with man-
ifold learning in the ability of topology preservation [17,43-45].
However, these methods were not designed for dimensionality,
but for object tracking in video streams [43] and 3D [17] or 2D
[44,45] object deformation. In [43], the authors assumed that
the video sequence and the object motion trajectory lied on two
manifolds that had similar topology structure, then they proposed
a semi-supervised method to address the object tracking problem
by use of some prior knowledge about the object position. This
method adopts linear regression to model the correlation between
video frames and object positions, therefore the estimation of
the object trajectory is not accurate, especially when the prior
knowledge is not enough. In [17], the authors assumed that the
deformed face had the same local geometric structure as the
original face, and the local structure was depicted by the linear
reconstruction error of each vertex by its neighboring vertices.

Given new coordinates of some facial feature points, the method
achieved face driving in a semi-supervised way. The weakness
of this method is that the local structures are not sensitive to
rotation, therefore cannot represent local facial details when
rotation of local facial region exists. Though the local structures
could be enhanced by appending local rotations for each vertex,
this problem still cannot be perfectly solved.

3. The semi-supervised framework for facial animation
generation

3.1. The semi-supervised framework

In facial expression retargeting, the temporal characteristics
of the source expression are required to be maintained. In face
driving, the geometrical characteristics of the source object’s face
should be preserved. If we regard both the frames contained in
expression sequence and the vertices of face model as data points,
facial expression retargeting and face driving can be converted
into similar data transformation process which transforms source
data into target data. Meanwhile, the temporal and geometrical
characteristics can be unified by certain topology characteristics of
the data set. Recent research indicates that data sets with similar
topology characteristics have similar low-dimensional manifold
structures [46-49], which are usually constructed by some local
low-dimensional structures. To this end, we preserve the topology
characteristics of data set by utilizing the similarity between the
local low-dimensional structures of the source data and the target
data, then adopt a number of labeled data points as supervision
information to construct the semi-supervised framework. This is
the main concern of our method.

Specifically, we construct a local structure using a data point
and its neighbors, and represent its low-dimensional counterpart
as local tangent coordinates based on a local principal component
analysis (PCA). We assume that the local tangent coordinates at
a data point of the source data set differ from that of the target
data set by a local linear transformation. It is known that a local
structure of the target data set can be easily reconstructed by its
local tangent coordinates through an inverse projection of the local
PCA. Hence, the unknown target data can be computed through
a serials of local affine transformations, each was imposed on the
local tangent coordinates at a specific data point of the source
data set. The framework is depicted in Fig. 1.

3.1.1. The objective function

We denote the source data set as X = {X1,Xy,...,Xy} Where
x;€RP is a data point, and represent the local structure at x; as
Xi= {x,-l,xiz,...,x,-ki} including x; itself. The local tangent coordi-

nates of the local structure can be computed by a local PCA as
M=U'(x,—%), j=1,...k (M
where x; is the mean of X;, U; = [u},...,u?] can be computed as
the left singular vectors corresponding to the d largest singular val-
ues of X; — x;e!, and d is the dimension of the manifold. Eq. (1) in-
dicates that a source data point Xj, can be reconstructed as

X, ~ U,)?l] + X;. (2)

Suppose Y ={y1.y2.....yn} is the target data set, and
Y, = {y,-l,y,-z,...,y,-k_} is the local structure at y;, the local tan-
1

gent coordinates of Y; can be similarly computed as
F=Viy, -y, i=1....k 3)

where y; is the mean of Y;, and V,~=[v1...,vf] are the left
singular vectors corresponding to the d largest singular values of
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Fig. 1. The proposed semi-supervised framework.

Y; — y;eT. Similar to (2), we have

Vi, = Vil + i (4)
According to our assumption, there exists a local linear trans-

formation between the local tangent coordinates at a data point of

the source data set and that of the target data set. Let Q; be the

local linear transformation at the ith data point, we accordingly
have

§ = Q. (5)
Substituting (5) into (3), we then obtain Qp?{ = Vl.T(yij —Y;), from

which a target data point yi; can be reconstructed as Vl-Qi)?{ +¥i.
Let V;Q; = D;, y; = ¢;, we obtain

Vi, ~ D& + ¢

which indicates that the target data point differs from the local
tangent coordinate of corresponding source data point by an affine
transformation. The errors of the optimal affine transformation at
the ith data point is then given by

ki '
min  [ly;, — (D&} + )5 (6)
1% ]:1

To compute the target data points {yi,¥2,....¥n}, We need to

solve the following problem

N k
min DY My, — OFR 4+ ll3. (7)
Ji=1 j=1
In the meanwhile, we choose a number of data points from
the source data set, and assign new values for these data points.
These new values act as labels which are used to guide the trans-
formation process. For simplicity, we can rearrange the positions
of the data points such that the first M data points are labeled. Let
yii=1,...,M) be the labels of the selected data points, we then
add the following term to problem (7):

M
D lyi=3il3. (8)
i=1

Considering both (7) and (8), the semi-supervised framework
can be denoted as:
N ki

M
5,‘1}.‘}_22 ly;, = (D& +c)ll5+ B> lyi - 3ill3 9)
P =1 i=1

where B is a regularization parameter.

3.1.2. The solution to the objective function
We rewrite the objective function of problem (9) as

N M
Do IYi— DX+ ceDlF+ B lyi—3ill3 (10)
i=1 i=1
where X; = {1, %2, ... ,)Zf."'}.
Since c¢; = y;, the first term of (10) can be rewritten as

N
> Yl - ee /ki) — DiXill7. (11)
i=1

and the optimal transformation matrix D; is given by

Yi(l - ee” kXt (12)

where )?lf is the Moore-Penrose generalized inverse of X;. Substi-
tuting (12) into (11), we have

N
Do IYil — e k) (1 = X XD 7. (13)
i=1

Let W; = (I — eel /k;)(I - X:*X;). and suppose S; is the 0-1 selection
matrix s.t. YS; =Y;, (13) can be represented into matrix form:
IYSWI|Z. (14)

where W = diag(Wy,...,Wy), S=[51,...,Sn].
Let B=SWWTST, (14) is equivalent to trace(YBYT), therefore the
matrix representation of problem (9) is

rrbm trace(YBYT) + B|lY — Y!|2 (15)

where Y! = [V, 0] with ¥ =[§1,..., 9ul.

We can divide Y into two parts as Y = [Y;,Y,] where Y; rep-
resent the data points that have labels and Y, are those without
labels. Hence, the first term of the objective function of (15) can
be transformed to

B B YT
trace([Yl Yz][Bﬂ Bz] [Y;TD (16)

where By; is a symmetric matrix of size M x M, correspond-
ing to the labeled data, and B,, is of size (N— M) x (N—- M),
corresponding to the unlabeled ones.

Consequently, problem (15) can be represented as

min trace( [ Y; Y, | B}l Brz Yl; +BIYs =Y|2. (17)
Y Bi, Bx Y,

The objective function of (17) is quadratic. Under weak as-
sumptions, it can be shown that this function has a symmetric
positive definite Hessian matrix, therefore, its minimization can be
computed by solving the following linear system of equations:

T .
[8118%251322312 i||:;(217:| _ |:/3(1)/Ti| (18)

Obviously, we can represent the closed form solution of the
problem as:

1
Y= [ O]|:BHB—1TZIBI gg] ‘ (19)

The algorithm of the semi-supervised framework can be
summarized as Algorithm 1.
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Algorithm 1 The algorithm of the semi-supervised framework for
performance-driven facial animation.

Input:
source data set X = {x1,X5,...,Xy}, and a group of labels ¥ =
{y1.....Yu} assigned to some selecteddata points, {x1,..., Xy}
for simplicity, from the sourcedata set.

Output:

The target data set Y = {y1, 2, ..

1: Initialize matrix B as zero.

2: for All the data points x; in X do

3:  Determine k; — 1 nearest neighbors of x; according tosome
strategy, and form the local structure X;;

4:  Compute the d largest unit singular vectors g1, g, ...,84 of
(X; — %ie")T (X; — XeT), and set G; = [e/vk;. g1.82. ... &l

5:  Update matrix B by B(I. ;) =B(l;.[;) +1 - GG! (i=1.....N),
where I; is each local structure’s index set;

6: end for

7: Obtain the closed form solution of target data Y through (19).

S YNE

Fig. 2. The local structure of a source expression.

3.2. The application of the framework to facial expression retargeting

In facial expression retargeting, we represent the source ex-
pression X as a sequence of motion data, with each frame of
the motion data x; denoting a data point, and define the local
structure at x; as a consecutive sequence of frames including the
current frame and several adjacent frames before and after the
current frame in temporal domain. Fig. 2 shows a local structure
X; of a source expression X, where the frames belonging to X; are
rendered in dark color.

Similarly, we represent the target expression Y as the unknown
motion data of a new virtual character, and solve the motion data
under the condition that some frames of the target expression ¥
are already known. ¥ can be seen as labels, and can be rearranged
to be the foremost frames of the motion data. As discussed in
Section 3.1, this is a semi-supervised problem, and can be ac-
cordingly solved by Algorithm 1. Fig. 3 explains how to apply
Algorithm 1 to facial expression retargeting.

3.3. The application of the framework to face driving

In face driving, we represent the source object’s face X as a 3D
face model comprising a large number of 3D vertices, with each
vertex x; denoting a data point, and define the local structure at x;
as several vertices including the current vertex and its surrounding
vertices. Fig. 4 shows a local structure X; of a source face, where
the vertices belonging to X; are rendered in dark color.

Similarly, we represent the target object’s face Y as the un-
known 3D face after model deformation, and solve the 3D face
under the condition that some vertices of the 3D face Y are

Computing local
tangent coordinates

Affine
transformation

Labels

Fig. 3. Facial expression retargeting based on the proposed framework.
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Fig. 4. The local structure of a source object’s face.

already known. Y can be seen as labels, and can be rearranged
to be the foremost vertices of the face model. This is also a
semi-supervised problem, and can be solved by Algorithm 1. Fig. 5
explains how to apply Algorithm 1 to face driving.

4. Experiments and discussions

In this section, we will present several experiments to demon-
strate the superiority of the proposed framework to some existing
methods in both facial expression retargeting and face driving.
First, the number of the labeled data is quite important to the
proposed semi-supervised framework, so we will evaluate the
influence of the labels’ number to the learning results at first.
After determining the number of labels, we will compare the facial
expression retargeting result and face driving result of several
approaches, including the proposed framework, to testify the
accuracy of the framework. At last, we demonstrate the visual
effect of the performance-driven facial animation based on the
proposed framework.

To evaluate facial expression retargeting result and face driving
result of different approaches, we need not only the source objects’
faces and source expressions but also the corresponding target
objects’ faces and target expressions so as to compare the synthe-
sized target faces and target expressions with the true ones. To this
end, we build pairwise 3D virtual face models using 3Ds Max soft-
ware, where each pair includes a source face with no expression
and corresponding target face with certain expression. Also, we ask
an experienced animator of our team to generate facial expression
sequences of source faces and the same expression sequences of



176 J. Zhang et al./Signal Processing 143 (2018) 171-180

Computing local
tangent coordinates

X, S
ANVAN Y, =0X, y
DROASA NN

Affine »
transformation

.3/ e O @
°
Labels

10 T T T T T
:2: erbf
elap

—B— essf |5

The error

2 4 6 8 10 12 14 16 18 20
The number of labels

Fig. 6. The error of facial expression retargeting with different number of labels.

target faces using 3Ds Max, and select some facial feature points
from the source and target sequences to construct the source ex-
pressions and target expressions. The selected feature points aim
to simulate the marker points on the objects’ faces. Since the labels
used for facial expression retargeting and face driving are chosen
from the target expression sequences and the target faces respec-
tively, the labels are supposed to contain no noise. To compensate
for this weakness, we are planning to incorporate noise reduction
scheme in the proposed framework in our following study.

4.1. The influence of the labels’ number to facial expression
retargeting

In face driving, the labels used to deform the given source face
are a set of facial feature points. As discussed above, we use these
facial feature points to simulate the marker points used in the
process of motion capture. Typically, the number of marker points
is designated by a professional animator to generate optimized

10 T T T T T
—t—erbf
—Q—elap
—¥— essf
10' .
Lo Ll L L Ll Ll L Bl Ly
IR R N e R RN RN,
S
o 10° | ]
o 10
<
[

5 10 15 20 25 30 35 40 45 50
The ID of source expressions

Fig. 7. The error of facial expression retargeting with respect to different source
expressions.
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Fig. 8. The error of facial expression retargeting with respect to each frame con-
tained in the motion data.

motion capture data, so we fix the number of facial feature points
during face driving.

In facial expression retargeting, the labels are some known
frames corresponding to the selected frames from the source
expression, with each frame represented by a number of facial
feature points depicting the expression appearance at that time
instance. Different from face driving, we do not have ideal method
to determine the number of labeled frames, so we need to eval-
uate the influence of the labels’ number to expression retargeting
and find an optimal value for expression retargeting.

To this end, we generate 50 source expressions and same kind
of 50 target expressions, with each source expression or target
expression constructed by 100 frames. Then we select a number
of frames from each target expression as labels to perform the
proposed framework using each source expression as input. We
vary the number of labels and compute the mean error of the
50 tests with respect to different label numbers. For the sake
of robustness, we conduct facial expression retargeting for each
facial feature point, and integrate the motion of all feature points
together according to their positions to form the target expression.
In addition, the frames chosen as labels are evenly distributed to
guarantee the robustness of the algorithm. We use the feature



J. Zhang et al./Signal Processing 143 (2018) 171-180 177

Fig. 9. The visual comparison of the face driving result using different methods, (a) radial basis function (b) Laplacian method (c) the semi-supervised framework (d) the
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Fig. 10. The error of the face driving result using different methods.

point-based strategy in the following experiments about facial
expression retargeting to ensure robustness.

Denote each source expression as XJ(j=1,...,50) and each
target expression as Y/(j=1,...,50), and let Y/(j=1,...,50) be
the generated target expression, we compute the mean error of
the 50 tests as g 372, Y/ — V/||r. Note that X' here represents
100 consecutive facial expression frames, with each frame denoted
by a set of facial feature points, and so does Y. Fig. 6 shows
the mean error of facial expression retargeting with respect to
different label numbers, where erbf represents the error of radial
basis function (RBF) interpolation [16], elap represents the error of
Laplacian method [17], and essf denotes the error of the proposed
semi-supervised framework. In the rest part of the paper, erbf,

elap and essf have the same meaning as what they represent here.
Fig. 6 indicates that for an expression sequence of 100 frames,
6 labels are enough for our approach to generate decent target
expression. The error tends to be very tiny when the number of
labels rises to 20. Nevertheless, the error of both RBF and Laplacian
methods is much higher than that of our approach. The reason
is that our approach can preserve the temporal characteristics of
the source expression. In the following experiments, we set the
number of labels as 10 for facial expression retargeting.

4.2. The adaptability of the framework to facial expression retargeting

To testify the applicability of the proposed framework in ex-
pression retargeting, we need to evaluate the error of expression
retargeting performed on various source expressions. In particular,
the framework is executed on 50 different source expressions to
generate 50 target expressions. Similarly, the error is computed
as ||Y/ —VJ||r where Y is the generated target expression and Y/
is the true target expression. The error is shown in Fig. 7 which
indicates that the proposed framework has the smallest error on
the randomly generated 50 source expressions. The Y/ here are
also represented as 100 consecutive facial expression frames.

Since expression is constructed by frames, we also need to
evaluate the error of each frame. To this end, we average the
error of expression retargeting performed on the 50 different
source expressions, and demonstrate the mean error of each
frame in Fig. 8 where the error is computed as ||y; — ¥;l|r, with y;
represents the generated frame and y; represents the true frame.
Fig. 8 indicates that the proposed framework has smallest error on
most frames of each expression, except for several frames in the
beginning and at the end of the expression. Our method performs
better because the method can preserve the source expression’s
temporal characteristics. In the beginning of an expression, the
proposed method might lose its superiority to other methods
because the temporal constraint can be weak due to the small
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Fig. 12. The result of the performance-driven facial animation (fear expression), (a) the source expression (b) the target expression.

(a)..l.....
(b)........

Fig. 13. The result of the performance-driven facial animation (happy expression), (a) the source expression (b) the target expression.

intensity of face variation. The same thing happens at the end of
an expression sequence. Though the error of our approach fluc-
tuates between 10~1° and 102, it would not influence the visual
appearance of the generated target expression due to the small
magnitude.

4.3. The adaptability of the framework to face driving

We generate 50 pairs of faces, with each pair includes a source
face and a target face, and ask the animator to pick up an op-
timized set of feature points from the target face as labels, then
we conduct face driving using the proposed framework. Each face
have 6174 vertices and the number of feature points are designated

as 80. The driving results of 4 randomly selected source faces by
various approaches are demonstrated in Fig. 9 where (a) denotes
RBF interpolation, (b) denotes Laplacian method, (c) corresponds
to the proposed framework and (d) means the ground truth. We
discover from Fig. 9 that RBF interpolation cannot generate decent
results, especially when the mouth of target face is open. This
is because the RBF interpolation is based on Euclidean distance
metric between feature points and other vertices, and Euclidean
distance sometimes cannot correctly reflect the true distance
between two vertices. Our framework and Laplacian method share
similar results, but our results are closer to the true target faces.
The reason is that the topology constraint is imposed on each local
structure of the face. On the contrary, the constraint of Laplacian



J. Zhang et al./Signal Processing 143 (2018) 171-180 179

(b)

Fig. 14. The result of the performance-driven facial animation (disgust expression), (a) the source expression (b) the target expression.

method is imposed on each vertex of the face, so the coordinates
of adjacent vertices may have large deviation.

Fig. 10 plots the error of 50 face driving tests where we can
find that the proposed framework has highest accuracy compared
with RBF interpolation and Laplacian approach, and this manifests
the adaptability of the proposed framework to face driving.

4.4. The visual effect of the performance-driven facial animation

We demonstrate the visual effect of performance-driven facial
animation based on the proposed framework. Specifically, we cre-
ate four source faces and four target faces through 3Ds Max, with
each face has 6174 vertices and realistic textures. For each source
face, we build an expression sequence which includes 100 face
models demonstrating different extent of this expression. Then we
synthesize 10 face models as labels based on RBF interpolation us-
ing the source face and a target face as interpolation condition. We
select 80 facial feature points from each face model to construct
source expression, and perform facial expression retargeting based
on these facial feature points. At last, we use the synthesized target
expression to drive the target face to generate expression defor-
mation. The experiment is repeated four times for the four source
expressions, and 8 frames of selected driving results of four typical
expressions are shown in the Figs. 11-14. The four figures show
that our proposed framework can generate decent facial expression
and is very suitable for performance-driven facial animation.

5. Conclusion

This paper reports a semi-supervised framework for
performance-driven facial animation. This framework unifies
the approaches to facial expression retargeting and face driving
into a semi-supervised data transformation method, which uses
local data structures’ tangent coordinates to construct topology
constraints and assigns labels for a few selected data points as
prior knowledge. We propose algorithms for both facial expression
retargeting and face driving based on the framework. Compared
with several existing methods, this framework not only achieves
decent facial expression retargeting without the support from
any sample data, but also obtains better face driving results. The
results of the performance-driven facial animation have excellent
visual appearance, this indicates that the proposed framework has
potential applied value in character animation generation.
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