
 

  

Abstract--This paper presents support vector machines (SVM) 
for few samples-based face recognition with two-layer artificially 
generated virtual training data. The few samples cannot express 
all the conditions of the test data. Thus, we generalize the samples 
and the feature data to other conditions according to the 
distribution. First, correspond to the original face images, by 
locating the eyes center on the face images and facemask template; 
second is to the feature vectors, we get the feature data by 
principal component analysis to the face images, then use linear 
interpolate and extrapolate methods to generate new data. After 
all the data drawn, use SVM to train and test.  In the 
ICT-YCNC face database, the proposed system obtains 
competitive results, and shows the methods are available.   

I. INTRODUCTION 

Face recognition has been showing as a challenging task 
with many applications in everyday life. Various approaches 
have been proposed to solve this difficult problem. Some 
methods can get high performance in some preconditions 
constraints [1]; the most famous methods are Eigenface and 
Local feature analysis. Eigenface that selected the global 
non-topology features is very sensitive to the change of local 
area on the face image.  

Face recognition is different from many other traditional 
pattern recognition problems. Traditional recognition 
problems such as character recognition often have relatively 
few classes, and many samples for one class. Algorithms can 
classify samples not previously seen by interpolating among 
the training samples. Face recognition, on the other hand, 
usually short of enough training data, can hardly estimate the 
true distribute to generate the virtual data may be good choices 
to improve the performance of recognition. 

There are two ways can be considered to use the 2D 
information to generated virtual data. One is from the raw 
images: reconstruction the 3D information, then with respond 
to the changes of the illumines and poses, use the computer 
graphics methods to get the different 2D images [1], or use the 
symmetry of face images, to generate new training samples [2]. 
Another method use the statistical features vectors of the 
selected images, such as Eigenface, then use linear 
transformation to generate new data [12][13]. 

Support vector machines (SVMs) have extensively used as a 
classification tool with a great deal of success in a variety of 
areas from objection recognition [3]. Face recognition is a 
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muti-class problem. Using SVM in face recognition needs to 
effectively extend it for multi-class classification. 

 After Phillips [5] used SVMs for face recognition, 
different new methods of SVM using in face recognition have 
presented [4][8][6][7][9]. Among those methods, as table 1 
shows, the features selected for recognition can be divided into 
two classes, global and component-based features, the 
multi-class SVMs can be regarded as "minus two features", 
"one against all" and DAG tree methods. The experiments are 
all use the database that contain many training samples each 
person, such as ORL database [14], which contain ten training 
samples for one class, the method using SVM for face 
recognition are not related to few samples based training.  

This paper are related the problems that use SVM in the 
condition of few training samples for face recognition. To be 
conveniently, we first introduce the face database that will use 
in the experiments, then introduce two-layer generated virtual 
model, test the face data after all the virtual data generated.  
 

Table 1 a comparison of different support vector machines 
 

 

II. FACE DATABASE AND PRE-PROCESSING 

A. Face Database  
We mainly used the ICT-YCNC face database to test our 
algorithm, the database that contains a set of faces taken 
between August 1999 and December 2000 at our face 
recognition research lab. There are about 20,000 different 
images of 350 distinct subjects. For some of the subjects the 
images different poses were taken at different poses. There are 
variations in facial expression and facial details. All the images 
taken against different homogeneous background with the 
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subjects in an upright, frontal position, with tolerance for some 
tilting and rotation of up to about 15 degrees. Parts of the 
images in the gallery are as in figure 1 shown.  
 

 
Figure 2.Part of the ICT-YCNC face database 

 

B. Preprocessing 
After we get the raw images, we must preprocess them. Figure 
2 expresses the procedures. The procedures consisted of auto 
locating the centers of the eyes, translating, scaling, and 
rotating the faces to place the center of the eyes on specific 
pixels. After the pre-procedures, use facemask to mask the 
faces to remove background and hair; histogram equalizing the 
non-masked facial pixels; and scaling the non-masked facial 
pixels to have zero mean and unit variance, then we get the 
normal face like figure 3. 
 

 
Figure 2.process of getting the normal face 

 

 

III. FACE REPRESENT, TWO-LAYER VIRTUAL DATA GENERATED  

A. First layer generated virtual data  
[1] gives the review of the methods of modeling human 

faces in order to generate virtual faces to be used in a face 
recognition system, among them ,the similar reference face 
model must be found from the training database, the textures 
of the face images are often different from its original images. 
Using mirror reflection can also generate new data [2], but it 
cannot fit the face images distribution well, especially when 
somebody who have special marks in his face. 

In order to get the different images, we just consider the 
same persons images, estimate the rectangle that left iris is in 
the center at first. Then adjust the center position of the left iris 
to different positions (we use seven points), and keep the right 
iris center fixed, using the facemask we get different (here is 
eight) face images from the original face images. Figure 4 
shows the result of some examples.  

B. Eigenface 
It is natural to pursue dimensionality reduction schemes 
because great amounts of storage are difficult to process for its 
large dimension; we use the standard eigenface [1] [4] to 
reduce the dimensions face vectors. 
 

 
Figure 4 Generalized views from the first normal image 

 

C. Second layer virtual data generated  
We use linear interpolation and extrapolation to the 

eigenvectors from eigenface technology to gain new training 
data.  
【Definition 1】: Let { }
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To the same class, we can define two different distributes: 
sparsity and denseness according to the value of the similarity. 
【Definition 2】 To an area Ω  and a given value α , for 
every pair Ω∈21 , xx ,if  

( ) α≤rxxxS ,, 21 ，we called the distribute of Ω  is sparsity.  
 
To any of the class { }1 1 2 nx ,x , ,xΩ = , just like [13], we 

present a new linear interpolate and extrapolate methods. 
【Algorithm 1】 

Step 1 Input class set: Ω { }1 2 n: x ,x , ,x= , calculate the 

average vector value of the class, 
n
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definition 1,to rank the data in Ω  according the value of the 
similarity, as: 1 2 nx ,x , ,x  

Step 3 i : 1, ,n 1= − , j : i 1= + ，  

{ }1 i j: x ,xΩ = , ( )1 i j iv : x x xµ= + −  

i).If ( ) α≤xxxS ji ,, ，then 
1 1v : v= , { }1 1 1: vΩ = ∪ Ω , 

a) if ( )i 1S x ,v ,x α≤ ,then ( )2 i 1 iv : x v xµ= + − , { }1 2 1: vΩ = ∪ Ω  

b) if ( )1 jS v ,x ,x α≤ , 

then ( )2 1 j 1v : v x vµ= + − , { }1 2 1: vΩ = ∪ Ω  

ii) If ( )i jS x ,x ,xα β< < , then  

( )1 1 3v : v x / 2= + , and 3 j 1x : x += ， 

( )j 1 j 1 mod( n )+ = + , { }2 1 2: vΩ = ∪ Ω  

Step 4: The total training data set is 
1 2:Ω = Ω ∪ Ω ∪ Ω . 

After the above steps, training set Ω  with higher density 
generated. 

IV. MULTI-CLASS SVM LEARNING AND CLASSIFIER 
SVM is a binary classification method that finds the optimal 

linear decision surface based on the concept of structural risk 
minimization (SRM) principle [3]. In our system four kernel 
functions are concerned as table 2. 

 
 

Multi-class pattern recognition systems can be obtained by 
combining two-class SVMs. Multi-class recognition problem 
is to the l  data ),(,),,( 11 ll yxyx , and d

ix R∈ , 

iy { 0, ,k 1}∈ − ， 1,,0 −k  is the class label, to 
construct a decision function to separate every two classes of 
the samples. Different possibilities maybe two ways [10][11]: 
one is to combine several binary classifiers by one against one, 
or one against the others that compares a given class with all 
the others put together; another is to modify the design of the 
SVM in order to incorporate the multi-class learning directly 
in the quadratic solving algorithm. According to a study of the 
comparison of the above methods [10], the accuracies are 
almost the same. Therefore, we chose the first method. 

In order to train the data, we labeled the different person in 
the different label such as 0,1, ,k 1− , and the face data. 
An m-class SVM algorithm will generate m different decision 
surfaces. For this m - class  (one for each algorithm ka ) 

we can get the binary SVM classifier )(xuk  and can 

separate ka to other classes. Thus we get the classifier of 

multi-class problem ( )xL , for any input 

sample x : )}.({maxarg)( xuxL ll= the )(xul express the 
classifier function from SVM： 

∑
=
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When we test a sample z  to decide the class it belong to 
we calculate the valued of )(zul , l  is from 1 to m , after 

that we can get )(zL and the correspondent class label 0l , 
since we cannot get all the first one as the right choice, we also 
get other classes that are the nearest to the value of 0l  within 
the set )}({ xul . 

Besides the “one against rest” method, we also use “one 
against one ” method to confirm some results. 

V. EXPERIMENTS AND ANALYSIS 

In order to check the performance the two-layer generated 
data model and SVM, we take experiments on two 
independent face databases, the ICT-YCNC Face Database. In 
the ICT-YCNC Face Database we used 4795 face images with 
total 350 people, see table 3. 

 

 
 
We use the part 2 for selecting the classify method, the 

database contain 5 images every person, and the number of the 
total training images is 1750, the average number of 
correspondent testing face database is 8.7 for each person, and 
the total testing images is 3045. The comparison of 
“one-against-rest” and “one-against-one” test result is as 
figure 6. 

 
 
 
 
 
 
 
 
 
 

From figure 6,using the same parameter and kernel (RBF)，
“one-against-one” is not good as “one-against-rest”in this 
experiments. In the following experiments, we choose 
“one-against-rest” methods. 
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A. Experiment 1 
To the part 1 of table 3,one image for each person, the number of 

training images is 350. The test database contain 1400 images, four images 
each person. From the results in table 4, we can see that if we generalize the 
images in the face database as new training database, we can get notable rise 
of the recognition rates to the same database. 
 

B. Experiment 2  
We use part 2 of table 3; the experiment result is as table 5. 

 
Table 5. Comparison of the two recognition rates Using SVM 

 

 
 
We extend the binary SVM to multi-class classification 

using “one-against-rest”algorithms. The training data only on 
the boundary are valuable to SVM. Since the training samples 
are very few and cannot fit the sample-distribution well, thus 
needs to generate new virtual data to compensate the lacking 
of training data. The experiment results show that the 
two-layer generated virtual data model can make the limited 
samples close the true distribute of the samples.  

We can also know from the experiments: 
1). Using different kernel function does not lead to great 

variance when using SVM. If the training data can fit the 
samples distribute well, RBF and Polynomial as kernel 
function can get good result. 

2). On the original images, using the disturbance of the 
eyeball center and facemask can effectively compensate the 
errors of eyes localization and poses variance, and make the 
generated images cover more distribute of a person’s face 
image, using interpolation and extrapolation method to get 
new virtual data can make the training data density and fit the 
samples distribution well. 

VI. CONCLUSIONS AND FUTURE WORK 

We present a two-layer generated virtual data model, 
according to the samples distribute, and using SVM for face 
recognition. Since the face features localization has some 
errors in the positions, we first generate the new virtual data 
from the raw images directly; after that, we use PCA and get 
the face represent. Since Eigenface space is the eigenvectors 
linear combination, we use interpolation and extrapolation to 
generate new virtual data. To this two-layer generate data, we 

use SVM training and testing, the result shows that the model 
works well especially when the training samples are sparse. 

We can draw such a conclusion that if we do more work on 
the generalization of the face database, better results using 
SVM can be got. The future work we will do research on the 
illuminations and poses change to the influence of the feature 
data in order to generalize new views from a known face 
database. 
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