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Abstract. A face recognition technique based on symbolic PCA approach is 
presented in this paper. The proposed method transforms the face images by ex-
tracting knowledge from training samples into symbolic objects, termed as 
symbolic faces. Symbolic PCA is employed to compute a set of subspace basis 
vectors for symbolic faces and then to project the symbolic faces into the com-
pressed subspace. New test images are then matched with the images in the da-
tabase by projecting them onto the basis vectors and finding the nearest sym-
bolic face in the subspace. The feasibility of the new symbolic PCA method has 
been successfully tested for face recognition using ORL database. As compared 
to eigenface method, the proposed method requires less number of features to 
achieve the same recognition rate.  

1   Introduction 

Face recognition involves computer recognition of personal identity based on statisti-
cal or geometrical features derived from the face images. Face recognition technology 
is primarily used in law enforcement applications especially mug shot albums (static 
matching) and video surveillance (real time matching by video image sequences). 
Template based face recognition techniques using the Principal Component Analysis 
was first proposed by Kirby and Sirovich [5] to efficiently represent pictures of hu-
man faces. Turk and Pentland [8] presented the well known eigenface method for face 
recognition in 1991. Since then, PCA has been widely investigated and has become 
one of the most successful approaches in face recognition.  

The classical PCA (eigenface) approach uses data, which is single quantitative 
value, representing every pixel of a face image as a feature. The proposed method is 
based on symbolic data, where each feature can be viewed as quantitative multivalued 
symbolic variable [1]. This is because same face is captured in different orientation, 
lighting, expression and background which leads to number of poses of same face with 
same set of features measured in all poses and in the same sequence. This results in 
coverage of complete information about features of a face represented by a symbolic 
object. Features characterizing symbolic object may be large in number, which leads to 
creation of a multi-dimensional feature space. Larger the dimensionality, more severe 
is the problem of storage and analysis. Hence a lot of importance has been attributed to 
the process of dimensionality or feature reduction of symbolic objects, which is 
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achieved by subsetting or transformation methods [4] [7]. Gowda and Nagabhushan [6] 
proposed a dimensionality reduction method on interval data based on Taylor series. 
Ichino [3] proposed an extension of a PCA based on a generalized Minkowski metrics 
in order to deal with interval, set valued structure data. Choukria, Diday and Cazes [2] 
proposed different methods, namely, Vertices Method (V-PCA), Centers Method and 
Range Transformation Method. Face recognition system using symbolic data analysis 
involves high number of features; V-PCA requires high computational cost. So to 
overcome this difficulty we propose to use centers method.  

The objective of the present paper is to perform symbolic data analysis of face  
images stored in a database by representing the face image by symbolic object of 
interval valued variables. The proposed method first transforms the face images by 
extracting knowledge from training samples into symbolic faces, each symbolic face 
summarizing the variation of feature values through the different images of the same 
subject. Symbolic PCA extracts features from symbolic faces, called as symbolic 
PCA features, and these are used for recognition purpose. The efficacy of the method 
is demonstrated by conducting experiments on face images of ORL database. 

2   Symbolic Faces 

Consider the face images nΓΓΓ ,...,, 21 , each of size MN × , from a face image data-

base. Let { }nΓΓ=Ω ,....,1  be the collection of n face images of the database, which are 

first order objects. Each object  Ω∈Γl , ,,...,1 nl =  is described by a feature vector 

( )pYY
~
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~

1 , of length ,NMp =  where each component ,,...,1,
~

pjY j = is a single 

valued variable representing the intensity values of the face image lΓ .  An image set is 

a collection of face images of m different subjects; each subject has same number of 
images but with different orientations, expressions and illuminations. There are m 
number of second order objects (face classes) denoted by  ,,...,1 mcc each consisting of 

different individual images Ω∈Γl . We denote the set { }mcccE .,..,, 21= and  

Ω⊆ic , mi ,...,1= . The feature vector of each face class Eci ∈ is described by a 
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jY  of face class ic  is described by ],[)( ijijij xxcY = , where ijx  and ijx  are minimum 

and maximum intensity values, respectively, among th
j  pixels of all the images of 

face class ic . This interval incorporates information of the variability of  thj  feature 

inside the thi  face class. We denote ( ) ( )( )ipii cYcYcX ...,,)( 1= . The vector ( )icX  of 

symbolic variables is recorded for each Eci ∈ , and can be described by a symbolic 

data    vector  which  is  called  as  symbolic face : ( ) ( )ipiicX αα ,...,1= ,   where  
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3   Symbolic PCA 

The Symbolic PCA takes as input the matrix X  containing m symbolic faces pertain-

ing to the given set Ω  of images. We use centers method [2], which essentially ap-

plies the classical PCA method to the centers ℜ∈c
ijx  of the interval  ],[ ijij xx  , that 

is,  

.
2

ijijc
ij

xx
x

+
=  (2) 

where miandpj ,...,1,...,1 ==  

The pm × data matrix CX containing the centers c
ijx of the intervals ijα  for m sym-

bolic faces is given by:                      
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The mean vector Ψ of CX is defined by ][ jΨ=Ψ , where ∑
=

=Ψ
m

i

c
ijj x

m 1

1
,  

pj ,...,1= . Each row vector of CX  differs from the mean vector Ψ  by the vector 

( ) Ψ−=Φ c
ip

c
i

c
ii xxx ,,, 21 L . We define the matrix Φ  as  ⎥⎦

⎤
⎢⎣
⎡ ′Φ′Φ=Φ m,...,1 . The 

covariance matrix C is obtained as .ΦΦ′=C Then, we calculate the eigenvalues 

0,...,21 ≥≥≥ mλλλ  and the corresponding orthonormalized eigenvectors 
m

myyy ℜ∈,...,, 21  of the covariance matrix C. The eigenvectors of symbolic PCA 

can be obtained as mm YV Φ= , where ),...,( 1 mm yyY =  is the mm ×  matrix with 

columns myy ,...,1  and mV is the mp ×  matrix with corresponding eigenvectors 

,,...,, 21 mvvv as its columns. The subspace is extracted from the mp × dimensional 

space by selecting S number of eigenvectors, which contain maximum variance and 
are denoted by ,,...,, 21 Svvv corresponding to eigenvalues .,...,21 Sλλλ ≥≥ The 

weights ikW for thi symbolic face, ,,...,1 mi = are computed as       

( ).Ψ−= c
ij

T
kik xvW  (4) 

where .,...,2,1 Sk =  The weights of  ith symbolic face form the feature vector  

( )iSi WW ,...,1 of the of ith  symbolic face. The weights of test image testI  are computed 

by projecting the test image into face subspace as:         

( ).Ψ−= test
T
ktestk IvW  (5) 
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4   Experimental Results 

The proposed symbolic PCA method is experimented on the face images of the ORL 
database and compared with eigenface method. In the training phase, firstly construc-
tion of symbolic faces (as explained in section 2) for the given training samples  
is done and then symbolic PCA is applied to obtain the features (as explained in  
section 3). Further, a nearest neighbor classifier is employed for classification. 
    The ORL face database (developed at the Olivetti Research Laboratory, Cam-
bridge, U.K.) is composed of 400 images with ten different images for each of the 40 
distinct subjects. All the images were taken against a dark homogeneous background 
with the subjects in an upright, frontal position, with tolerance for some tilting and 

rotation of up to about o20 . There is some variation in scale of up to about 10%. The 
spatial and gray level resolutions of the images are 11292 ×  and 256, respectively. 
Some typical images of one subject of ORL database are given in Fig 1.   
 

 

Fig. 1.  Five sample images of one subject of the ORL Database 

4.1   Comparison of Variance in Eigenvectors of Symbolic PCA and Eigenfaces 

Firstly, the experiment is performed using all the 400 image samples (i.e., 40 face 
classes each with 10 face images) as training sample. Fig. 2 shows the comparison of 
percentage of variance in eigenvectors of symbolic PCA and eigenfaces. It is ob 
served that the first eigenvectors of symbolic PCA contain more information (energy) 
of training samples than the eigenfaces. Thus, fewer eigenvectors of symbolic PCA 
are required as compared to the large number of eigenfaces necessary to contain the 
same amount of information, which leads to the dimensionality reduction. 

 

 

 

 

 

Fig. 2. Comparison of variance in eigenvectors of symbolic PCA and eigenfaces 
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4.2   Performance of Symbolic PCA Using Four Similarity Measures 

In recognition phase, a nearest neighbor classifier based on appropriate similarity 
measure is used. The experiments are performed using the first five image samples 
per face class for training and remaining images for testing (i.e., 200 training images 
and 200 testing images). The experiments are repeated for four different similarity 
measures, namely, City block (L1), Euclidean (L2), Mahalanobis and cosine similar-
ity measures, and top recognition rates (%) of 55.00, 49.25, 79.45, 92.15, respec-
tively, are achieved. It is observed that the symbolic PCA performed with cosine similarity 
measure yields better recognition rate as compared to other similarity measures.  

4.3   Performance of Symbolic PCA Method for Varying Number of Features  

The experiments are performed by adopting leave-one-out strategy. The Fig. 3 shows 
symbolic PCA method with cosine similarity measure has recognition rate 85.5% 
using only 13 features, where as eigenface method with Euclidean similarity measure 
requires 42 features to achieve the same recognition rate. Further, the symbolic PCA 
with cosine measure achieves a recognition rate of 94.15% using 40 features. This is 
due to the fact that first few eigenvectors of symbolic PCA account for highest vari-
ance of training samples and these few eigenvectors are enough to represent image for 
recognition purposes. Hence, improved recognition results can be achieved at less 
computational cost by using symbolic PCA, by virtue of its low dimensionality.  

 

 

 

 

 
 

Fig. 3. Comparison of symbolic PCA and eigenface method for varying number of features 

5   Conclusion  

In this paper, the symbolic PCA approach for face recognition is presented and com-
pared with eigenface method. The experimentation is done using ORL face database. 
The recognition accuracy obtained by symbolic PCA is better than that obtained by 
eigenface method for face images with variations in orientations, facial expressions 
and illuminations. By virtue of dimensionality reduction achieved in symbolic PCA, 
the improved recognition rates are attained at lower computation cost as compared to 
eigenface method. Hence, the proposed symbolic PCA is efficient and robust, and can 
be effectively used in face recognition systems. Further, the usage of symbolic simi-
larity measures in the analysis will be considered in our future studies, in order to 
exploit the full strength of the symbolic data analysis approach. 
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