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Abstract 
 

In this paper, a novel 3-D face recognition system based 
on feature analysis and support vector machine (SVM) is 
proposed. The first stage of this approach is to normalize 
the altitude and angle of 3-D facial data to remove the 
distortion resulted from the head pose under arbitrary 
rotation. Next, the chain code method is employed for 
feature extraction in several selected facial regions. With 
the aids of the factor analysis techniques, the number of 
features is effectively reduced from 26 to 10, which 
decreased massive computation cost and make the whole 
system more efficiently. From the experimental results, it 
is observed that the correction rate using the recognition 
scheme based on SVM achieves up to 98%, which proves 
the superior performance of this system.  

  
1. INTRODUCTION 

Recently, face recognition has become one of the 
important topics in the field of pattern recognition. There 
are two kinds of face data widely used today, i.e., 2-D 
image data [1-2] and 3-D face range data [3-4]. In this 
approach, the used 3-D face range data are provided by 
Chang Gung Memorial Hospital, and the imaging 
modality is a 3-D body scanner, which is used to build a 
3-D human body database. 

The first stage of the proposed face recognition 
system is the data normalization, whose purpose is to 
remove the distortion due to arbitrary head pose. In this 
normalization process, we first rotate the face up and 
down from the fixed central point, and then rotate the face 
in right-left direction against z-axis to keep the orientation 
of the face consistent. In order to efficiently represent the 
3D curve required for a facial profile, we used an 8-way 
chain code [5] in a relative direction between the 
consecutive points. While using the relative chain code, 
we could locate the turning point of a forehead, in the 
middle of two eyes, of the nose tip, of the philtrum, and of 
the mouth slit [6]. Furthermore, from the turning point of 
a facial profile, we made a horizontal curve to locate 
another turning point at that curve. Instead of direct using 
the turning point as the features, the regions constructed 
with these turning points are used as the features, because 
they are more tolerance against rotation or displacement 

error. While using the factor analysis, the number of 
features is reduced from 26 to 10, which saved massive 
computation cost. Support Vector Machine [7] is used as 
the recognition method at the final stage. From the 
experimental result, we found that its recognition rate can 
reach up to about 98%. 

The remainders of this paper are organized as follows: 
Section II illustrates the feature analysis strategy that 
includes data normalization, chain code and factor 
analysis. Section III is the brief description of the SVM 
structure and Section IV is the experimental results. 
Conclusion is given in the final section. 

 
2. FEATURE ANALYSIS  

 
2.1. Data normalization 
 

In general, face normalization includes two rotation 
steps. The first rotation is to move the face up and down 
from the fixed central point, and the second rotation is to 
move the face in right-left direction against z-axis. The 
conventional approach for up and down rotation uses the 
nose tip as the reference point for alignment. However, 
according to our experience, we found that if the face 
rotates down or up more than an angle of 30 degrees, the 
nose tip will hardly be found. In other words, the whole 
normalization will be failed. Therefore, in this approach, 
we propose a new scheme with two steps to not miss the 
nose tip anyway. The first step is to locate a dominate 
point each on the forehead and chin to move up and down 
against y-axis for alignment, hence the nose tip can be 
easily found for up and down alignment to the central 
point. Fig. 1(a) and (b) are the results before and after 
performing up and down alignment.  
 

More specifically, let the coordinate of a point P  
in 3D space is [ ]zyx , the coordinate of its 
corresponding point 'P after rotating γ  degree about 
Z-axis can then be denoted as . The 
relationship of 

[ ''' zyx ]
P and 'P  is expressed as below: 
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When the training data is nonlinear, we can change the 
feature space dimension by using the transfer function Φ

( ). Thus, Eq. (8) can be written in the general form [9], 
i.e., 
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Where  is the kernel that evaluated on input patterns 

' . Usually there are two kinds of kernel function, i.e., 
polynomial and radial basis functions (rbf), expressed as 
Eq. (8) and Eq. (9). In this approach, the rbf kernel is 
employed for its superior property in this problem. 
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4. EXPERIMENTAL RESULTS 
 

In the experiments, the source facial data we used 
are about 700, which are stored in a 3D human database 
with the format ( ) ( ) ({ 1 1 1 2 2 2, , , , , , ..., , ,n n nx )}y z x y z x y z . In the 
beginning, 26 features obtained from the procedure 
described in section II are used for recognition task. 
However, the performance is not good enough and 
required huge computation time. Therefore, we determine 
an optimal feature set with the aid of factor analysis.  

In the step of feature selection, SVM is used to 
evaluate the recognition performance with different 
feature sets. In this manner, it is easy to understand the 
influence of recognition results by the dimensions of 
different feature set. As shown in Fig 6, the best 
recognition rate is achieved while only 10 features are 
used. It is also noted that when feature numbers dropped 
from 26 to 6, the recognition rate decreases sharply. In 
other words, the best choice to the feature numbers is 10 
and it is enough to represent the characteristic of a face 
profile. 

In addition, the feature points deviation resulted 
from different scanning angles is illustrated in Table 1. In 
the table, it is observed that the larger rotating angle is, 
the more feature deviation there is. The feature deviation 
is also resulted from whether feature selection is used or 
not. Less feature deviation is found after feature selection, 
which remains only 10 features in comparison with the 
previous 26 features. The expression for calculating the 

feature deviation is shown as Eq. (10).  
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'
feature deviation                                 (10)
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As shown in Fig. 7, two different feature selection 
methods are used for performance comparison. One is 
factor analysis and the other is product moment 
correlation coefficient (PMCC) [10]. From the figure, it is 
clear that the factor analysis is better than PMCC by 
comparing their average error. 
  

5. CONCLUSIONS 
 

In this paper, we have developed a novel 3-D face 
recognition system using feature analysis and support 
vector machine (SVM). In additions, the data 
normalization method is proposed to remove the 
distortion resulted from the arbitrary head pose. After 
feature extraction, the factor analysis is employed to 
reduce the number of features from 26 to 10. From the 
experimental results, we learn that the correction rate of 
this approach achieves up to 98%, which proves its 
superior performance in practical applications. 
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Fig. 1. (a) the source data before Up-down rotating, (b) the result after 

Up-down rotating. 
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Fig. 2. (a) the data before Left-right rotating, (b) the result after 
Left-right rotating. 

 
 

 

(a) (b) (c) (d)  
Fig. 3. Extraction of feature points, (a) origin head data, (b) region of 

interest, (c) side-face profile, (d) corner points of the profile. 
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Fig. 4. Detecting feature points on horizontal frontal curves, 

 (a) Horizontal frontal curves (b) feature point detected. 
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Fig. 5 Flowchart of feature selection  
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Fig. 6 Relationship between the number of feature used and recognition 

rate. 
 

Table 1. Feature deviation 

Rotating angle 15o 30o 45o 60  o 
Before feature 
selection (26) 

0.056869
(cm2) 

0.512567 
(cm2) 

0.845162 
(cm2) 

1.202581
(cm2) 

After feature 
selection (10) 

0.053399
(cm2) 

0.112835 
(cm2) 

0.25567 
(cm2) 

0.335755
(cm2) 
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Fig. 7 Performance Comparison using PMCC and factor analysis with 

various rotating angle. 
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