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Abstract—In this paper, a new algorithm is proposed for facial 
expression mapping. The proposed algorithm first introduces a 
new elastic model to balance the global and local warping effects 
such that the impacts from facial feature differences between 
people can be avoided, thus more reasonable geometric warping 
results can be created. Furthermore, a muscle-distribution-based 
(MD) model is also proposed. The proposed MD model utilizes the 
muscle distribution information of the human face to evaluate and 
strengthen the facial illumination details. By this way, the impacts 
from human face difference as well as the effects of unsuitable 
noise filtering can be effectively alleviated. Experimental results 
show that our proposed algorithm can create obviously better 
facial expression results than the existing methods.  

I. INTRODUCTION AND RELATED WORKS 

Facial expression synthesis is of increasing importance in 
many applications such as movie making, video conferencing, 
and video games [1-8, 12]. In this area, expression mapping (or 
cloning) is one of the most effective techniques for synthesizing 
facial expressions [1-6]. Basically, the target for facial 
expression mapping is to transfer one person’s expression (i.e., 
the source person) to another person’s neutral face (i.e., the 
target person), thus the second person’s facial expression can be 
synthesized, as shown in Fig. 1. 

Target person’s neutral face 

Source person’s neutral face 

Synthesizing target person’s 
expression face 

Source person’s expression face

 
Fig. 1 The process for facial expression mapping. 

   Several algorithms have been proposed for expression 
mapping [1-11]. Many algorithms use geometry warping [1-6] 
or motion mapping [7-8] on the identified face feature positions 
or the triangulated meshes to map facial expressions. For 
example, Sumner and Popović [8] utilize nonlinear deformation 
transfer to map the 3D motions or expressions from one source 
object to the target. Song et al. [2] use vertex tent coordinate 
transfer for performing geometric warping based on 3D models. 
However, since these methods perform warping globally while 
the local facial feature differences between people (e.g., face 
shape differences, mouth or eye differences) are not well 

considered, their facial expression mapping results are less 
satisfactory in some cases. Noh and Neumann [7], and Basu et 
al. [11] aim to refine the local parts of the face based on the 
muscle model of human’s face [10]. Although they can create 
good facial feature motions for the same person, their methods 
are less effective when applied to synthesize the expression of 
another person as the facial feature differences between people 
are still neglected.  

Furthermore, since the facial illumination details will also 
change with different expressions, these detailed illumination 
information also needs to be transferred to the target person for 
creating more vivid expression results. However, most existing 
algorithms only focus on the geometry warping of the face 
while the illumination details are ignored.  Although some 
researchers introduced expression ratio image (ERI) [5] or mesh 
image [2] to transfer the illumination details, their methods still 
have limitations due to face feature difference, unsuitable noise 
filtering, or detail importance differences.  
   In this paper, a new elastic-plus-muscle-distribution-based 
(E+MD) algorithm is proposed for facial expression mapping. 
The proposed algorithm has the following two contributions: (1) 
We propose a new elastic model to balance the global and local 
warping effects such that the effects from facial feature 
differences between people can be avoided. Thus more 
reasonable geometric warping results can be created. (2) We 
also propose a muscle-distribution-based (MD) model which 
utilizes the muscle distribution information of the human face 
to evaluate and strengthen the facial illumination details. By 
this way, the effects from human face difference as well as the 
impacts of unsuitable noise filtering can be effectively reduced. 
Experimental results show that our proposed algorithm can 
create obviously better facial expression results than the 
existing methods.  

The rest of the paper is organized as follows: Section II 
describes the motivations of our proposed E+MD algorithm. 
Section III describes the details of our algorithm. Section IV 
shows the experimental results. Section V concludes the paper. 

II. MOTIVATION OF THE PROPOSED ALGORITHM 

As aforementioned, geometric warping can be used for 
creating the target person’s expression face [1-6]. In the 
geometric warping process, the face feature positions are first 
identified either automatically or manually for each face (e.g., 
Fig. 2 (a)). Then, triangulation can be performed for creating 
the triangle meshes according to these feature positions (Fig. 2 
(b)). Based on the triangulated mesh information, the geometric 
warped result of the target expression face can be achieved 
[3,5]. Fig. 2 (c) shows one geometric warped result from the 



three available images in Fig. 1 [3] (i.e., the source person’s 
neutral face, source person’s expression face, and target 
person’s neutral face images, as in Fig. 1). However, the 
warped expression result in Fig. 2 (c) is unsatisfactory since it 
looks far from the expression “smile”. This is because most of 
the existing geometric warping algorithms [1-6,8] are 
performed “globally” where the feature positions in the target 
expression image are moved “relatively” according to the 
movements of their neighboring feature positions as well as the 
movements of the source person’s feature positions. Since 
people may often have very different local features on their 
faces, these “relative” movements may often fail to create vivid 
expression results. For example, if the eyes of the source person 
are much smaller than those of the target person, it will be very 
difficult to “close” the target person’s eyes by global warping as 
the relative movements of the source person’s eyes are small. 

 
(a)             (b)              (c)              (d) 

Fig. 2 (a): The identified face feature positions of the source person’s 
expression face in Fig. 1, (b): The triangulated meshes according to (a), (c): The 
“global” geometric warped result from the three available images in Fig. 1 [3]. 
(d) The “local” geometric warped result from the available images in Fig. 1. 

In order to overcome the problem of global warping, we 
propose a “local” warping method which includes the following 
two rules: (a) Each organ on the target person’s face (e.g., eye 
and mouth) is warped independently without considering their 
relationship with the rest of the face. (b) The feature positions 
for each organ are warped in a way such that its absolute shape 
is close to the organ in the source person’s expression face. 
Compared with global warping which try to make the relative 
neutral-expression feature-position movement to be the same 
[1-6,8], the local warping try to equalize the “absolute” organ 
shapes between the source and the target expression faces. By 
this way, even if organ appearances are different between 
people, the organ in the target person’s expression face can still 
be warped similar to that of the source person. Fig. 2 (d) is the 
result by our proposed local warping method from the three 
available images in Fig. 1. Compared with Fig. 2 (c), organs 
such as the mouth and the eyes in (d) are more similar to those 
of the source person in Fig. 2 (a), thus making the smile 
expression more obvious. However, since the local warping 
method does not consider the relationship among different 
organs or the neutral-expression relativeness among organs, the 
local warped results still look unnatural. For example, the 
mouth in (d) is too small and incoherent with the target person’s 
face. Therefore, new methods need to be proposed to combine 
both the local and global warping results. In this paper, we 
propose a new elastic model to balance the effects of global and 
local warping. The proposed elastic model can not only create 
more vivid results for each local organ, but also keep the 
reasonable global relationship among organs.  

Furthermore, the detailed illumination information is also 
important in creating good target expression results. Liu et al. [5] 

propose expression ratio image (ERI) which transfers the 
illumination detail information based on the relative pixel-value 
ratio between the neutral and the expression face images. 
Although this simple method can create effective results, it has 
the following limitations: (a) Since the facial features are 
different for different people, simply applying the relative 
pixel-value ratio from one face to another may not be able to 
transfer details efficiently. (b) Since ERI may include noise, the 
transferred illumination details have to be filtered. However, 
since the filtering in ERI does not consider the structural 
characters of the face, significant illumination details may be 
weakened after filtering. Although Song et al. [2] improve ERI 
by mapping all details into a mesh image to reduce the facial 
feature differences, the facial structure characters are still not 
considered when evaluating illumination details, thus leading to 
unsatisfactory results in some cases. Therefore, in this paper, 
we propose a muscle-distribution-based (MD) model which 
utilizes the muscle distribution information to evaluate the 
importance of the facial illumination details. Since the MD 
model includes the muscle distribution to reflect the facial 
structure, the illumination details transferred by our MD model 
are more precise than the previous methods in [2,5].  

Based on the above discussions, we can propose a new 
elastic-plus-muscle-distribution-based (E+MD) algorithm 
which uses the elastic model for geometric warping and the MD 
model for transferring illumination details. The proposed 
E+MD algorithm is described in detail in the following. 

III. THE ELASTIC-PLUS-MUSCLE-DISTRIBUTION-BASED 
ALGORITHM 

The framework of our proposed E+MD algorithm is shown 
in Fig. 3. In Fig. 3, the three available images (i.e., the source 
person’s neutral face, source person’s expression face, and 
target person’s neutral face) are first used to create a global 
warped target expression image (GI) [3] and a local warped 
target expression image (LI). Then, our proposed elastic model 
is used to balance the effects of GI and LI for creating the final 
geometric warped image (FI). After FI is achieved, it is aligned 
with the three available images to create the initial ERIs [5]. 
These ERIs will be further processed by our MD model for 
achieving the final target person’s expression face image 
(F_IMG) which will include the facial illumination details. As 
discussed in the previous sections, the elastic model and the 
MD model are the key components in our E+MD algorithm. 
Therefore, in the following, we will describe these two models 
in detail.   
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 Fig. 3 The framework of the E+MD algorithm. 

A. The elastic model  
As mentioned above, the target for our elastic model is to 

balance the effects of both the global warping result GI (e.g., 
Fig. 2 (c)) and the local warping result LI (e.g., Fig. 2 (d)).  



Our proposed elastic model can be described by Fig. 4. In Fig. 
4, P is the feature position whose final warping location needs 
to be decided by our elastic model. A is the location of P 
calculated by global warping (i.e., the location of P in GI) and 
A’ is the location of P decided by local warping (i.e., the 
location of P in LI). B1, B2, B3 are the neighboring feature 
positions of P whose neighboring relationships are decided by 
triangulation as in Fig. 2 (b). We assume that there are elastic 
forces between P and its neighboring feature positions. At the 
same time, there is also another elastic force between A and A’. 
The neighboring feature points (B1, B2, B3) try to pull or push 
P to its global warping position A while the force between A 
and A’ tries to pull or push P to its local warping position A’. 
Therefore, when P is located in its global warping location A 
(as in Fig. 4 (a)), there will be no elastic forces from B1, B2, B3, 
but the force from A’ will pull P from A to A’. When P is 
located in its local warping location A’ (as in Fig. 4 (b)), there 
will be no elastic force from A’, but the forces from B1, B2, B3 
will try to push P back to its global warping location A. Finally, 
the final warping location of P (i.e., the location of P in FI) can 
be decided where the elastic forces from different directions are 
balanced, as in Eqn. (1) and Fig. 4 (c).  
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where BiF
r

and A'F
r

 are the elastic forces from neighboring 
feature point Bi and local warping location A’, respectively. 

XlΔ  denotes the distance change between P and X when P 
moves, and 

Xk
v denotes the elasticity coefficient for each elastic 

force. Note that the elasticity coefficients 
Xk
v  can be tuned to 

adjust the relative importance between the global and local 
warping results. For example, if we choose a large 

'Ak
v  and a 

small 
Bik
v , the final balanced result will be more favorable to 

the local warping results.  
From Eqn. (1) and Fig. 4, we can see that our elastic model 

introduce elastic forces to model the effects of the local and 
global warping results (i.e., GI and LI). Thus, by balancing the 
impacts from these forces, the advantages of the global and 
local warping effects can be effectively combined.  

 
(a)                   (b)                   (c) 

Fig. 4 Elastic force distribution for different P locations. (a) P is at the global 
warping result location A, (b) P is at the local warping result location A’ (c) P is 
at the final balanced location. 

B. The Muscle-distribution-based(MD) model  
The target for the MD model is to process the detailed 

illumination information (i.e., MRI in Fig. 1) such that suitable 
illumination details can be added to the target person’s 
expression face image F_IMG. We observe that facial muscles 
play key roles in a person’s expression details. According to the 
muscle theory [1,10], most facial illumination details come 
from the movements of muscles (e.g., shrink and expand). 

Therefore, in our MD model, we introduce the muscle 
distribution information to evaluate the importance of 
illumination details such that important illumination details are 
strengthened properly to create more vivid expression results. 
The final processed illumination detail at pixel (u, v) by our MD 
model can be calculated by Eqn. (2). 

),(),(),(' vuILvuEvuIL =                   (2) 
where IL(u, v)= ERI(u, v) – 1 is the shifted ERI [5] and E(u, v) is 
the detail importance coefficient decided by the facial muscle 
distributions, as in Eqn. (3). 
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where (u0, v0) is the center of the key muscle areas. Some 
example key muscle areas in our MD model are shown in Fig. 5 
(b). These areas are selected based on the facial muscle 
structures in Fig. 5 (a) [1,10]. h(u0, v0) determines the strength 
by which illumination details are added and it is adaptive for 
different key muscle areas. Furthermore, σ(u0, v0) is the impact 
range of the key muscle area centered at (u0, v0). In this paper, 
σ(u0, v0) is calculated by:  

)v,u(r
2ln

1)v,u( 0000 =σ             (4) 

where r(u0, v0) is the radius of the circle in Fig. 5 (b). 

          
Fig. 5 (a): The muscle structure [1,10].  (b): Some example key muscle areas. 

By our proposed elastic model and MD model, the facial 
expression mapping results can be obviously improved. The 
experimental results are shown in the next section. 

VI. EXPERIMENTAL RESULTS  

In this section, we show experimental results for our 
proposed E+MD algorithm. Due to the limited space, only parts 
of the results are shown in this paper.  

       (a)              (b)              (c)              (d)   
Fig. 6 Facial Expression Mapping Results for the Experiment in Fig. 1. ((a): 
Global warping [3], (b) Global warping+MRI [5], (c) Elastic model +MRI, (d) 
E+MD algorithm) (best view in color) 

Fig. 6 shows the results of the experiment in Fig. 1 where the 
following four methods are compared: (a) use only global 
warping for facial expression mapping (Global warping) [3], (b) 
use global warping for geometric warping and use MRI for 
adding illumination details (Global warping+MRI) [5], (c) use 
our elastic model for geometric warping and use MRI for 
adding illumination details (Elastic model+MRI), and (d) use 
our elastic model for geometric warping and use our MD model 



for adding illumination details (E+MD). From Fig. 6, we can 
see that the result by only using global warping is far from the 
expression “smile”. Although the “global warping+MRI” 
method improves the result by adding illumination details, its 
expression is still less satisfactory as its smile extent is 
obviously less than that of the source person in Fig. 1. The 
smile extent is increased in Fig. 6 (c) where the local facial 
difference between the source and the target people are reduced 
by our elastic model. Finally, by adding illumination details 
using our MD model, it is obvious that the smile expression in 
Fig. 6 (d) is the most expressive and the most effective in 
cloning the source person’s facial expression.  

 
       (a)              (b)              (c)              (d) 
Fig. 7 Facial Expression Mapping Results ((a): Target person’s neutral face, (b) 
Result by global warping+MRI [5], (c) Result by our E+MD algorithm, (d) 
Source person’s expression face) (best view in color) 

  
(a)              (b)              (c)              (d) 

Fig. 8 Facial Expression Mapping Results ((a): Result by global warping+MRI 
[5], (b) Result by Song’s method [2], (c) Result by our E+MD algorithm, (d) 
Source person’s expression face) (best view in color) 

Furthermore, Fig. 7 and Fig. 8 show another two facial 
expression mapping results. In Fig. 7, we want to transfer one 
person’s “sad” expression in (d) to the person in (a). Fig. 7 (b) 
and (c) show the results of the “global warping+MRI” method 
[5] and our E+MD algorithm, respectively. It is obvious that the 
result by our E+MD algorithm catches the sad expression more 
precisely where the organs such as the eyes and the mouth in (c) 
are more vivid than those in (b).  

In Fig. 8, the “serious” expression of the source person in (d) 
is to be transferred, and Fig. 8 (a) and (c) are the expression 
mapping results of the “global warping+MRI” method [5] and 
our E+MD algorithm, respectively. In order to further 
demonstrate the effectiveness of our algorithm, we also show 
the expression mapping results of Song’s method [2] in (b) 
where the vertex tent coordinate (VTC) transfer and mesh 
images are used. Again, it is obvious that our E+MD algorithm 
creates the best result. Comparing Fig. 8 (b) and (c), we can 
also see that our E+MD algorithm can produce more 
satisfactory results than Song’s method [2] (e.g., the shape of 
the mouth and the details around the eyebrow center in (c) are 
more precise than (b)). This is because (a) although Song’s 
method [2] utilizes 3D model and mesh image to reduce the 
facial differences, it is still less efficient in addressing the 
impacts from local facial feature differences. (b) Song’s method 
[2] also ignores the facial structure information during 

illumination detail transfer. Compared with [2], these problems 
can be suitably addressed by our proposed elastic and MD 
models.  

Finally, we also conduct a user study test to evaluate the 
performance of our algorithm. During the test, 20 users are 
asked to grade the facial expression mapping results for 
different algorithms. These users are first required to observe 
the results. After that, they shall give a score to each facial 
expression mapping result. The score is within the range of 1~5, 
where 1 means the poorest and 5 means the best. The results are 
shown in Table 1. The results in Table 1 further demonstrate 
that our proposed E+MD algorithm outperforms the previous 
methods. 

Table 1 User study results 
 Figure ID Global mapping [3]  Global mapping + ERI [5] E+MD

1 1.55 3.25 3.75 
2 1.75 3.10 3.65 
3 1.30 2.85 2.95 
4 1.25 2.50 2.80 
5 2.75 2.90 4.10 

Average 1.72 2.92 3.45 

V. CONCLUSION 

  In this paper, we propose a new E+MD algorithm for facial 
expression mapping. The proposed algorithm introduces an 
elastic model for balancing the global and local warping effects 
and a muscle-distribution model for evaluating and 
strengthening the facial illumination details. Experimental 
results show that our proposed algorithm can achieve more 
expressive and vivid facial expression results than the existing 
methods.  
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