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Abstract. The depth information in the face represents personal features in de-
tail. In particular, the surface curvatures extracted from the face contain the 
most important personal facial information. These surface curvature and eigen-
face, which reduce the data dimensions with less degradation of original infor-
mation, are collaborated into the proposed 3D face recognition algorithm. The 
principal components represent the local facial characteristics without loss for 
the information. Recognition for the eigenface referred from the maximum and 
minimum curvatures is performed. The normalized facial images are also con-
sidered to enhance the recognition rate. To classify the faces, the cascade archi-
tectures of fuzzy neural networks, which can guarantee a high recognition rate 
as well as parsimonious knowledge base, are considered. Experimental results 
on a 46 person data set of 3D images demonstrate the effectiveness of the pro-
posed method. 

1   Introduction 

Today’s computer environments are changing because of the development of intelli-
gent interface and multimedia. To recognize the user automatically, people have re-
searched various recognition methods using biometric information – fingerprint, face, 
iris, voice, vein, etc [1]. In a biometric identification system, the face recognition is a 
challenging area of research, next to fingerprinting, because it is a no-touch style. For 
visible spectrum imaging, there have been many studies reported in literature [2]. But 
the method has been found to be limited in their application. It is influenced by light-
ing illuminance and encounters difficulties when the face is angled away from the 
camera. These factors cause low recognition. To solve these problems a computer 
company has developed a 3D face recognition system [2][3]. To obtain a 3D face, this 
method uses stereo matching, laser scanner, etc. Stereo matching extracts 3D informa-
tion from the disparity of 2 pictures which are taken by 2 cameras. Even though it can 
extract 3D information from near and far away, it has many difficulties in practical 
use because of its low precision. 3D laser scanners extract more accurate depth infor-
mation about the face, and because it uses a filter and a laser, it has the advantage of 
not being influence by the lighting illuminance when it is angled away from the cam-
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era. A laser scanner can measure the distance, therefore, a 3D face image can be re-
duced by a scaling effect that is caused by the distance between the face and the cam-
era [4][5]. 

Broadly speaking the two ways to establish recognition employs the face feature 
based approach and the area based approach [5]-[8]. A feature based approach uses 
feature vectors which are extracted from within the image as a recognition parame-
ter. An area based approach extracts a special area from the face and recognizes it 
using the relationship and minimum sum of squared difference. Face recognition re-
search usually uses 2 dimensional images. Recently, the 3D system becomes 
cheaper, smaller and faster to process than it used to be. Thus the use of 3D face 
image is now being more readily researched [3][9]-[12]. Many researchers have 
used 3D face recognition using differential geometry tools for the computation of 
curvature [9]. Hiromi et al. [10] treated 3D shape recognition problem of rigid free-
form surfaces. Each face in the input images and model database is represented as 
an Extended Gaussian Image (EGI), constructed by mapping principal curvatures 
and their directions. Gordon [11] presented a study of face recognition based on 
depth and curvature features. To find face specific descriptors, he used the curva-
tures of the face. Comparison of the two faces was made based on the relationship 
between the spacing of the features. Lee and Milios [13] extracted the convex re-
gions of the face by segmenting the range of the images based on the sign of the 
mean and Gaussian curvature at each point. For each of these convex regions, the 
Extended Gaussian Image (EGI) was extracted and then used to match the facial 
features of the two face images. 

One of the most successful techniques of face recognition as statistical method is 
principal component analysis (PCA), and specifically eigenfaces [14][15]. In this pa-
per, we introduce novel face recognition for eigenfaces using the curvature that well 
presenting personal characteristics and reducing dimensional spaces. Moreover, the 
normalized facial images are considered to improve the recognition rate. 

Neural networks (NNs) have been successfully applied to face recognition prob-
lems [16]. However, the complexity of the NNs increases exponentially with the pa-
rameter values, i.e. input number, output number, hidden neuron number, etc., and 
becomes unmanageable [17]. To overcome this curse of dimensionality, the cascade 
architectures of fuzzy neural networks (CAFNNs), constructed by the memetic algo-
rithms (hybrid genetic algorithms) [18], are applied to this problem. 

2   Face Normalization 

The nose is protruded shape and located in the middle of the face. So it can be used as 
the reference point, firstly we tried to find the nose tip using the iterative selection 
method, after extraction of the face from the 3D face image [20]. Usually, face recog-
nition systems suffer drastic losses in performance when the face is not correctly ori-
ented. The normalization process proposed here is a sequential procedure that aims to 
put the face shapes in a standard spatial position. The processing sequence is panning, 
rotation and tilting [21]. 
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3   Surface Curvatures 

For each data point on the facial surface, the principal, Gaussian and mean curvatures 
are calculated and the signs of those (positive, negative and zero) are used to deter-
mine the surface type at every point. The z(x, y) image represents a surface where the 
individual Z-values are surface depth information. Here, x and y is the two spatial co-
ordinates. We now closely follow the formalism introduced by Peet and Sahota [19], 
and specify any point on the surface by its position vector: 

kyxzyjxiyxR ),(),( ++=  (1) 

The first fundamental form of the surface is the expression for the element of arc 
length of curves on the surface which pass through the point under consideration. It is 
given by: 
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The second fundamental form arises from the curvature of these curves at the point of 
interest and in the given direction: 
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Casting the above expression into matrix form with; 
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the two fundamental forms become: 

AVVI t=  BVVI t=  (8) 

Then the curvature of the surface in the direction defined by V is given by: 
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Extreme values of k are given by the solution to the eigenvalue problem: 

0)( =− VkAB  (10) 

or 
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which gives the following expressions for k1 and k2, the minimum and maximum cur-
vatures, respectively: 
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Here we have ignored the directional information related to k1 and k2, and chosen 
k2 to be the larger of the two. For the present work, however, this has not been done. 
The two quantities, k1 and k2, are invariant under rigid motions of the surface. This is 
a desirable property for us since the cell nuclei have no predefined orientation on the 
slide (the x – y plane). 

The Gaussian curvature K and the mean curvature M is defined by 

21kkK =  ,  ( ) 2/21kkM =  (14) 

which gives k1 and k2, the minimum and maximum curvatures, respectively. It turns 
out that the principal curvatures, k1 and k2, and Gaussian are best suited to the detailed 
characterization for the facial surface, as illustrated in Fig. 1. For the simple facet 
model of second order polynomial of the form, i.e. a 3 by 3 window implementation 
in our range images, the local region around the surface is approximated by a quadric 
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and the practical calculation of principal and Gaussian curvatures is extremely simple. 

4   Eigenface 

4.1   Computing Eigenfaces [14] 

Consider face images of size N by N, extracted contour line value. These images can 
be thought as a vector of dimension N2, or a point in N2 – dimensional space. A set of 
images, therefore, corresponds to a set of points in this high dimensional space. Since 
facial images are similar in structure, these points will not be randomly distributed, 
and therefore can be described by a lower dimensional subspace. Principal component 
analysis gives the basis vectors for this subspace. Each basis vector is of length N2, 
and is the eigenvector of covariance matrix corresponding to the original face images.  
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(a)                          (b)                      (c)                        (d)                   (e)                  (f) 

Fig. 1. Six possible surface type according to the sign of principal curvatures for the face sur-
face; (a) concave (pit), (b) convex (peak), (c) convex saddle, (d) concave saddle, (e) minimal 
surface, (f) plane 
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Each face differs from the average face by the vector Ψ−Γ=Φ ni
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has a dimension of N2 x N2 . Determining the eigenvectors of C for typical size of N 
is intractable task. Once the eigenfaces are created, identification becomes a pattern 
recognition task. Fortunately, we determine the eigenvectors by solving an M by M 
matrix instead. 

4.2   Identification 

The eigenfaces span an M-dimensional subspace of the original N2 image space. The 
M significant eigenvectors are chosen as those with the largest corresponding eigen-
values. A test face image Γ  is projected into face space by the following operation: 

)( Ψ−Γ= T
nn uω , for n=1, …, M, where 

nu  is the eigenvectors for C. The weights 
nω  

from a vector ] . . .  [ '21 M
T ωωω=Ω  which describes the contribution of each eigenface 

in representing the input face image. This vector can then be used to fit the test image 
to a predefined face class. A simple technique is to use the Euclidian dis-
tance

nn Ω−Ω=ε , where 
nΩ  describes the nth face class. In this paper, we used the 

cascade architectures of fuzzy neural networks to compare with the distance as de-
scribed next chapter. 

5   Cascade Architectures of Fuzzy Neural Networks (CAFNNs) 

As originally introduced in [17], the structure of the CAFNNs is the cascade combina-
tion of the logic processors (LPs) which consist of fuzzy neurons. The sequence of 
relevant input subset and the connections were optimized by memetic algorithms in 
[18] to construct parsimonious knowledge base, but accurate one. As illustrated in 
[18], the memetic algorithms are more effective than the optimization scenario in 
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[17]. Therefore, the optimization scenario in [18] will be considered in this approach. 
For more details about the CAFNNs and its optimization, please refer to [17][18]. 

To apply the CAFNNs to classification problems, the output (class) should be 
fuzzified as binary. For example, if we assume that there are 5 classes (5 persons) in 
the data sets, the number of output crisp set should be 5 that are distributed uniformly. 
If the person belongs to the 2nd-class, the Boolean output can be discretized as “0 1 0 
0 0”. In this classification problem, the winner-take-all method is used to decide the 
class of the testing data set. This means that the testing data are classified as the class 
which has the biggest membership degree. 

6   Experimental Results 

In this study, we used a 3D laser scanner made by a 4D culture to obtain a 3D face 
image. First, a laser line beam was used to strip the face for 3 seconds, thereby obtain-
ing a laser profile image, that is, 180 pieces and no glasses. The obtained image size 
was extracted by using the extraction algorithm of line of center, which is 640 by 480. 
Next, calibration was performed in order to process the height value, resampling and 
interpolation. Finally, the 3D face images for this experiment were extracted, at 320 
by 320. A database is used to compare the different strategies and is composed of 92 
images (two images of 46 persons). Of the two pictures available, the second photos 
were taken at a time interval of 30 minutes. 

Table 1. The comparison of the recognition rate (%) 

  Best1 Best5 Best10 Best15 

CAFNN( normalized) 64.5 78.4 89.6 95.9 

CAFNN 56.2 73.9 85.2 90.5 

k1 

k-NN 42.9 57.1 66.7 66.7 

CAFNN (normalized) 68.1 86.4 90.1 96.3 

CAFNN 63.7 80.3 85.8 90.1 

k2 

k-NN 61.9 78.5 83.3 88.1 

 

From these 3D face images, finding the nose tip point, using contour line threshold 
values (for which the fiducial point is nose tip), we extract images around the nose 
area. To perform recognition experiments for extracted area we first need to create 
two sets of images, i.e. training and testing. For each of the two views, 46 normal-
expression images were used as the training set. Training images were used to gener-
ate an orthogonal basis, as described in section 3, into which each 3D image in train-
ing data set is projected in section 4. Testing images are a set of 3D images extracted 
local area we wish to identify. 
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Once the data sets have been extracted with the aid of eigenface, the development 
procedure of the CAFNNs should be followed for the face recognition. The used pa-
rameter values are the same as [18]. Since a genetic algorithm is a stochastic optimi-
zation method, ten times independent simulations were performed to compare the re-
sults with the conventional classification methods, as described in Table 1 and Fig. 2. 
In Table 1 and Fig. 2, the results of the CAFNN are averaged over ten times inde-
pendent simulations, and subsequently compared with the results of the conventional 
method (k-nearest neighborhood: k-NN). Also, the normalized facial images were 
considered to generate the curvature-based data set. As can be seen from Table 1 and 
Fig. 2, the recognition rate is improved by using normalized facial images. 
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Fig. 2. The recognition results using eigenfaces for each area: (a) k1, (b) k2 

7   Conclusions 

The surface curvatures extracted from the face contain the most important personal 
facial information. We have introduced, in this paper, a new practical implementation 
of a person verification system using the local shape of 3D face images based on ei-
genfaces and CAFNNs. The underlying motivations for our approach originate from 
the observation that the curvature of face has different characteristic for each person. 
We found the exact nose tip point by using an iterative selection method. The low-
dimensional eigenfaces represented were robust for the local area of the face. The 
normalized facial images were also considered to improve the recognition rate. To 
classify the faces, the CAFNNs were used. The CAFNNs have reduced the dimen-
sionality problem by selecting the most relevant input subspaces too. Experimental 
results on a group of face images (92 images) demonstrated that our approach pro-
duces excellent recognition results for the local eigenfaces. 

From the experimental results, we proved that the process of face recognition may 
use low dimension, less parameters, calculations and less same person images (used 
only two) than earlier suggested. We consider that there are many future experiments 
that could be done to extend this study. 
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