
  
Abstract—Facial expression recognition is a key element in 

human-computer communication. However, some noises such as 
identity, gender and face shape may seriously have an effect on 
multi-person's expression recognition. In this paper, an AAM-based 
method is proposed to remove face shape noise for the purpose of 
improving facial expression recognition performance. Firstly, Active 
Appearance Model (AAM) is used to extract the facial feature, which 
includes abundant face geometry information in the form of shape 
parameters. Subsequently, based on the shape parameters of AAM, an 
SVM-based classification method is proposed to classify the main face 
shape--melon seed, round and square. Finally, a proposal for facial 
expression recognition using face shape classification is given, which 
can improve the recognition rate. 
 

Keywords—Active Appearance Model, facial expression 
recognition, face shape, SVM.  

I. INTRODUCTION 
ACIAL expression is one of the most powerful, natural and 
immediate means for humans to share their emotions and 

intentions. Psychological studies focus on the interpretation on 
this mean to interact and describe that there are six basic 
emotions universally recognized [1], namely: joy, sadness, 
surprise, fear, anger and disgust. An automatic, efficient and 
accurate facial expression extraction system would thus be a 
powerful tool assisting on these studies, allowing also other 
kinds of applications such as Human Computer Interface (HCI), 
smart interactive systems, video compression, etc. In order to 
work toward these capabilities, efforts have recently been 
devoted to integrating affect recognition into human-computer 
applications [2]. Applications exist in both emotion recognition 
and agent-based emotion generation [3]. Irene kotsia used the 
well-known Candide wireframe to locate the facial feature 
points. Combining with Facial Action Coding Systems (FACS) 
and multi-class SVM, facial expression recognition achieves a 
very high rate. However, this system can be only used for one 
person [4]. 

The proposed face shape classification method used for facial 
expression recognition is based on the idea that all the face 
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information such as identity, age, and gender are included in one 
face, which can be the main noises for facial expression 
recognition. In order to obtain a more satisfying recognition 
result, useless information should be filtered. In this work, 
Active Appearance Models (AAM) [5] is used as the facial 
feature extraction method, modeling both shape and texture 
from an observed training set, being able to extract relevant face 
information without background interference. Both face shape 
and expression information are represented by means of shape 
parameters after building AAM model. The face shape 
classification process is based on a one-versus-one multiclass 
Support Vector Machine (SVM), which can classify 3 classes of 
face shapes—melon seed, round and square.  

This paper is organized as follows: Section 2 gives an 
introduction to AAM, including the main process of building 
AAM and model fitting algorithm. Section 3 mainly describes 
how to classify face shapes by means of one-versus-one 
multiclass SVM method. Section 4 and 5 discuss experimental 
results and conclusion.  

  

II. ACTIVE APPEARANCE MODELS 
Active Appearance Models (AAM) is a statistical based 

template matching method, where the variability of shape and 
texture is captured from a representative training set. Principal 
Components Analysis (PCA) on shape and texture data allow 
building a parameterized face model that fully describes with 
photorealistic quality the trained faces as well as unseen. For 
further details refer to [5]. 

A. Shape Model 
The shape is defined as the quality of a configuration of 

points which is invariant under Euclidian Similarity 
transformations [6]. The representation used for a single n-point 
shape is a 2n vector given by with n shape annotations, follows a 
statistical analysis where the shapes are previously aligned to a 
common mean shape using a Generalized Procrustes Analysis 
(GPA) removing location, scale and rotation effects. Applying a 
Principal Components Analysis (PCA), we can model the 
statistical variation with 

 

0 s ss s b= + Φ             (1) 
Where s0 is the mean shape, Φs is a weighted linear  
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combination of eigenvectors of the covariance matrix. bs is a 
vector of shape parameters which represents the weights. We 
can change the form of (1) as 

0
1

n

i i
i

s s p s
=

= + ∑         (2) 

In this expression the coefficients pi are the shape parameters. 
Since we can easily perform a linear reparameterization, 
wherever necessary we assume that the vectors s i are 
orthogonal. 

  

B.  Texture Model 
For m pixels sampled, the texture is represented by the vector 

g = [g1, g2,..., gm-1, gm]. Building a statistical texture model 
requires warping each training image so that the control points 
match those of the mean shape. This texture mapping process 
uses a piece-wise affine warp by a set of triangles using the 
Delaunay triangulation. A texture model is obtained by applying 
a low-memory PCA on the normalized textures. Defining pixel 
coordinates as ( , )Tx y=x , the appearance of the AAM is an 

image, A(x), defined over the pixels 0x s∈ such 

as 0 1
( ) ( ) ( )x x xm

i ii
A A Aλ

=
= + ∑ , 0x s∈ . The appearance 

( )xA  can be expressed as a base appearance 0 ( )xA  plus a 
linear combination of m appearance images ( )xiA . The 

coefficients iλ  are the appearance parameters. 

C. Inverse Compositional Image Alignment  
Fitting an AAM to the face actually is to minimize the texture 

error between the model instance ( )xA  and the input back 

warped image on to the base mesh ( ( ; ))I W x p . 
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In (3) the warp W is the piecewise affine warp from the base 
mesh s0 to the current AAM shape s. Hence, W(x;p) is a 
function of the shape parameters p.  

 
The ICIA algorithm is a modification of the forwards 

compositional algorithm where the roles of the template and 
example image are reversed [7]. Rather than computing the 
incremental warp with respect to I(W(x;p)), it is computed with 
respect to the template A0(x). By means of some mathematical 
tricks, computation of fitting process has been greatly decreased. 
So far, ICIA algorithm is the fastest fitting method for AAM. 
Readers may refer to [7] to obtain the specification about ICIA. 
Fig.1 shows the input images and fitting results including 10 
iterations, which finally the appearance of AAM instance over 
the face is almost the same with the input image.  

 

 
(a)  Input            (b)1st                     (c)5nd          (d) 10th 

Fig.1 Input image and iteration results. 

III. FACE SHAPE CLASSIFICATION 

A. Brief Introduction of  Support Vector Machine 
Support Vector Machines are maximal margin hyperplane 

classification methods that rely on results from statistical 
learning theory to guarantee high generalization performance. It 
is firstly used in binary situations. SVM is capable to solve 
linear and nonlinear classification problems. In the nonlinear 
case a kernel function is used to map the input data into the 
feature space, normally with higher dimensionality. The 
propose of SVM is to map this nonlinear data into a higher 
dimensional space, maybe infinite, and make them linearly 
separable in that space.  Given a training set of instance-label 

pairs (x i, y i), i=1,…,l where nx R∈ and { }1, 1 ly ∈ − , SVM 

requires the solution of the following optimization problem: 
 

1, ,
min 1/ 2( ) lT

iiw b
w w C

ξ
ξ

=
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Subject to ( ( ) ) 1 , 0T
i i i iy w x bφ ξ ξ+ ≥ − ≥    (4) 

The most common used kernels include: linear, polynominal, 
radial basis function (RBF) and sigmoid. Currently, there are 
several strategies for solving multiclass SVM classification 
problems, which almost extended from binary SVM. The first 
way is to combine several binary SVMs together and generalize 
a multiclass SVM, such as one-versus-all, one-versus-one, 
DAGSVM. The other method is to consider all optimization 
problems of sub-classifiers’ parameter in one formulation, such 
as SVMlight, which is implemented by Vanpnik[8]. In this paper, 
a one-versus-one multiclass SVM is used as an efficient 
classifier both for face shape and expression classification. 

  

B. One-versus-One Multiclass SVM  
One-versus-one multiclass SVM strategy is one of the most 

efficient classifying method, which can be considered as an 
voting process by means of several binary SVMs. Suppose A, B 
and C represent the 3 classes of face shapes-- melon seed, round 
and square. We compose every two the them and do binary 
SVM training process, i.e. (A,B), (A,C) and (B,C). For n classes 
situation, the number of binary SVMs is n(n-1)/2. 

Subsequently, a test sample will be classified by the 3 binary 
SVMs. Final result is obtained by means of voting, i.e. the class 
that has the most votes is the final result. The voting process is 
as follows: 
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1) Initialization : Vote(A)= Vote(B)= Vote(C)=0; 
2) If the test sample is classified into class A, using SVM(A,B), 

Vote(A)=Vote(A)+1. Otherwise, Vote(B)=Vote(B)+1; 
Respectively, test sample is also classified by SVM(A,C) and 
SVM(B,C). 

3) Final result: Test sample’s class = Max {Vote(A), Vote(B), 
Vote(C)}. 

   In this paper, the famous BSVM library is used as multiclass 
SVM classifier, which is developed by ChihJen Lin[9] 

C. Face Shape Classification 
As is known to all, the most obvious difference of human face 

appearance is the difference of face shape. Some people have a 
face like melon seed, someone’s face seems like round and 
some people’s face unfortunately has a square shape. See Fig.2. 
Since the multi-person’s expression recognition performance is 
mostly affected by identity, gender and especially face shape, it 
is pretty necessary to remove the main noise resulted from 
different people’s face shape. The proposed solution is as 
follows: 
1) AAM modeling and feature extraction: 

 Select images including 3 face shapes and 6 expressions  
as many as possible and choose the most representative 
samples to build AAM model, where the shape parameters p 
is used as the extracted facial feature. 

2)  SVM training:  
     Select sub-database including 6 expressions for every face 

shape and train a 3-class SVM model for face shape 
classification. 

3) Face shape classification: 
Test image can be classified after training the face shape 

SVM model. Note that: face image with any expression can be 
classified into different face shape. 
 

 

 
 
(a) melon seed     (b) round           (c) square 
 

Fig. 2 Different face shape 
 
Summarizing, the system has a feature extracting mechanism 

based on AAM algorithm and a multiclass SVM model based on 
one-versus-one voting strategy. For an input image, the AAM 
fitting framework extracts the normalized shape parameter p 
which represents the image. Furthermore, a multiclass SVM 
model is trained using all face images with 6 expressions by 
means of shape parameters. Finally, face shape classification 
can be performed. 
 

IV. EXPERIMENT RESULTS 

A. Database Selection 
For the purpose of building an AAM model which can give a 

satisfying fitting performance, two facial expression databases 
are used. One is JAFFE data base, including 6 Japanese females 
and each female has 6 expressions. The other one is built by 
Soongsil University students in Korea, including 40 persons and 
each person has 6 expressions. Expression movies also exist 
from which it is convenient to obtain enough image sequences 
for SVM training.  The total number of images in the two 
databases is 1485, which is enough for the two-stage SVM’s 
training. Some samples are as follows according to different 
face shape: 

 

 

 

 
Fig.3 Sample images for 3 face shapes including 6 expressions 

B. Fitting Results 
In order to achieve a satisfying fitting performance and 

simultaneously avoid the SVM over-fitting problem resulted 
from high dimension of shape parameters p, we just use the 
most representative images to build the AAM model. The 
dimension of p is 35, which is far smaller compared with the 
training image number 1485. The fitting results are as 
follows:

 
 

Fig.4 Fitting results of some sample images. 
 

C. Face Shape Classification: 
For face shape classification, we select 513 images as melon 

seed face shape training data, including 6 expressions. 
Respectively, 538 images for round faces and 434 images for 
square faces. Consequently, we randomly select 180 images as 
test images. The face shape classification results are as follows: 
 

TABLE I 
FACE SHAPE CLASSIFICATION RESULTS 

Face shape Melon  seed Round square 

Recognition 
rate(%) 

 
90 

 
93.3 

 
85 

 

International Journal of Research in Engineering and Technology (IJRET) Vol. 2, No. 4, 2013 ISSN 2277 – 4378

166



D. Analysis of classification results 
TABLE I shows that not all face shapes can be classified 

correctly. The reason is that training faces for face shape SVM 
classifier include 6 expressions, which to some degree may 
change the original face shape. As a result, a test image may be 
classified into a false shape. Obviously, this situation mostly 
happens in “surprise” expression. For “neutral”, “sadness” and 
“anger” expression, face shape can be almost classified 
correctly. Correct classification samples are given in Fig.5. 
False classification samples are given in Fig.6. Images a-c are 
the false classification results that “round” face shape are 
classified in to “melon seed”; Images d and e show that “square” 
face shape are falsely classified into melon seed. 

 

 
Fig. 5 Test images that are correctly classified into melon seed 

 

 
Fig.6 False shape classification results. “surpise” expression  

is wrongly recognized as melon seed. 
 

Fig. 4 shows the main process of operating the system and 
gives the recognition result. Firstly, AAM model and a face 
detector using haar-like feature are loaded in order to complete 
the initialization process. Secondly, a 3-class SVM for face 
shape classification is loaded. Finally, ICIA fitting algorithm is 
used to do AAM model matching and extract facial feature by 
means of shape parameters, which are used as the test data for 
SVM. 
 

 

(a) Melon seed 

 

 

(b) square 

 
(c) round 

 
Fig.4 Experiment result 

V. CONCLUSION 
AAM-based face shape classification method used for facial 

expression recognition was efficiently achieved by means of a 
multiclass SVM using one-versus-one voting strategy, which is 
very important for the subsequent facial expression recognition. 

However, one thing that cannot be ignored is that face shape 
may change with the different expression, especially for 
“surprise” expression. For example, a square face can be 
changed into melon seed if the expression “surprise” is 
performed. But for this case, even though the face shape is 
wrongly classified, the final expression recognition result will 
also be right, since “surprise” is a very obviously recognized 
expression for SVM. Furthermore, our method is very efficient 
especially for the expression of “neutral”, “sad”, and “disgust”, 
since these expressions have a slight effect on face shape. 
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