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ABSTRACT 

 
A face recognition method based on the fusion of linear 
discriminant analysis (LDA) and singular value 
decomposition (SVD) is presented. In theory, fusion of 
different data or classifiers can achieve better performance 
when they are independent of each other or they can 
overcome shortcomings of each other. As one of the 
subspace methods, LDA-based method has a drawback 
that LDA is sensitive (variant) to translation, rotation and 
other geometric transforms. SVD-based method, as an 
algebraic feature extraction approach, has the merit of 
invariance to translation, rotation and mirror  transforms. 
By combining these two methods, it is expected that better 
recognition performance can be obtained. Experiment 
results on ORL face database show the effectiveness of 
the proposed method.  

 

1. INTRODUCTION 
 
Face recognition has emerged as an active research area in 
the field of computer vision and pattern recognition due to 
its scientific challenges and its potential applications. It is 
a non-contact personal identification technique which has 
advantages over contact identifications such as 
fingerprints and iris texture. 
     There are two main approaches to face recognition [1]. 
The first approach is the feature-based matching approach 
using the relationship between facial features, such as 
eyes, mouth, and nose. The second approach is the 
template matching approach using the holistic features of 
a face image. Linear discriminant analysis or fisherface 
method is one of the most successful template matching 
approaches [2]. However, there are still many open 
problems, such as recognition under pose, expression, 
illumination and registration variations.  
      An area that has received significant attention in 
recent years is classifier combination and data fusion. For 
example, face recognition rate can be improved by the 

fusion of visible images and thermal infrared imagery [3]. 
In [4], a hybrid recognition system integrating three 
classifiers, namely the profile approach, an HMM 
algorithm and the eigenface approach was developed. 
More recently, LDA and PCA were fused to get a better 
performance [5]. Further, face classifiers based on PCA, 
ICA and LDA were combined using the sum rule and 
RBF-based integration strategies [6]. 
    However, PCA, ICA and LDA-based recognition 
methods are sensitive to translation, rotation and other 
geometric transforms. Thus no combined classifiers of 
PCA, ICA and LDA-based recognition methods can 
overcome this problem. This paper proposes face 
recognition method which is based on fusion of LDA and 
SVD. SVD-based method which uses singular values as 
the feature vectors, has the merit of invariance of the 
above geometric transforms [7]. However, recent research 
has shown that singular values do not contain adequate 
information for face recognition [8]. LDA has a powerful 
discriminate ability and is an efficient dimension 
reduction technique. Once they are combined, it is 
expected that better recognition performance can be 
achieved. 
 

2. LDA  AND SVD-BASED METHODS 
 
2.1. LDA-based method 
 
LDA is a well-known technique for dealing with the class 
separability problem. LDA can be used to determine the 
set of the most discriminant projection axes. After 
projecting all the samples onto these axes, the projected 
samples will form the maximum between-class scatter and 
the minimum within-class scatter in the projective feature 
space [9]. 
    Given a set of N training face images 1{ }N

i i=x , each of 
which is represented as a vector of length n (=Iw×Ih), i.e., 
xi∈Rn belonging to one of  C classes 1{ }C

i iZ = , where (Iw×Ih) 
is the image size and Rn denotes a n-dimensional real 
space. There is a linear transformation matrix W which 
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maps the original  Rn  image space to feature space Rm, 
where m<n. The new feature vectors yi

lda∈Rm are defined 
by the following transformation: 

lda T
i i=y W x  i=1,…,N                                    (1) 

LDA selects the optimal transformation W in such a way 
that the ratio of the between-class scatter Sb and the 
within-class scatter Sw is maximized:  

T

T
| |arg max
| |

b
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w
= W S WW

W S W 1 2[ ]m= w w w!   

where {wi | i=1,2,…m} is the set of generailized 
eigenvectors of Sb and Sw corresponding to the m largest 
generalized eigenvalues {λi | i=1,2,…m}, i.e., 
                b i i w iλ=S w S w ,i=1,2,…m                              (2) 
 Sb and are Sw defined respectively as  
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where ui is the mean image of class Zi, and Ni is the 
number of samples in class Zi. 
    However it is difficult to find the solution of equation 
(2) when the number of training images is less than the 
dimension of the images. A common way is applying 
PCA [10] before LDA is performed [2]. The principal 
components number t is selected such that m+1≤C≤t≤N-C. 
See [11] for details. For the experiments of this paper, t 
equals 160. 
  
2.2. SVD-based method 
 
SVD is an efficient algebraic feature extraction method 
which regards an image as a matrix while LDA treats an 
image as a high dimensional vector. Conventional SVD-
based face recognition method uses the singular values as 
the feature vectors. 
 
Theorem [7]. If A∈Rm×n, then there exist orthogonal 
matrices 

1 2[ ] Rm m
m

×= ∈U u u u!  and T
1 2[ ] Rn n

n
×= ∈V v v v!  

such that  
                TVUA A∑=                                                (3) 
where ∑A=diag(λ1,λ2,…,λp), λ1≥…≥λp≥0, p=min(m,n). 
 
Suppose Ai is matrix of a face image. After Ai is 
decomposed by equation (3), the new feature vector 
yi

svd∈Rp is formed by arranging singular values: 
                    T

1 2[ , , , ]svd
i pλ λ λ=y !                                  (4) 

Literature [7] has proven that singular values are invariant 
to translation, rotation, mirror transforms. Further it is 

stable when other variations occur such as noise or 
changing lighting.  
 

3. FUSION OF SVD AND LDA 
 
3.1. The motivation of the fusion 
 
It is claimed that fusion methods are less important than 
the diversity of the team [12]. However, fusion 
(combination) is simple and economical to improve 
recognition performance. The goal of fusion is to get a 
higher accuracy than each individual classifier or feature 
vectors. The premise of fusion is that different classifiers 
or features can overcome the drawbacks of each other.  

Feature vectors extracted by LDA have a powerful 
separability and LDA is a very efficient dimension 
reduction technique. However, LDA take each image as a 
point in high dimensional space where even a little 
amount of geometric transform such as translation, 
rotation degrades the recognition performance severely. 
By contrast, singular values are invariant to all the above 
geometric transforms [7]. Moreover, singular values are 
invariant to mirror transform [7]. This property is useful 
for face recognition since mirror images can provide more 
information. Note that a face is mirror symmetrical. In 
spite of those useful advantages, recent research has 
shown that singular values doe not contain adequate 
information for face recognition [8]. Though above 
analysis, it is natural to consider to combine SVD-based 
method and LDA method. More specifically, we want to 
fuse the feature vectors extracted by SVD and LDA 
methods respectively. For the sake of convenience, we 
denote the proposed method as SVD+LDA. 
 
3.2. The fusion strategy  
 
Given two types of feature vector yi

svd (equation (4))and 
yi

lda (equation (1)), the task is how to form the final 
distance measure. Two simple strategies are averaging 
and multiplying. Literature [12] has analyzed in theory 
when the averaging scheme is adopted and when the 
multiplying scheme is adopted. Here we employ the 
averaging strategy which will be explained as follows. 
The process of testing is : 
1) Input a query face image xi, extract the SVD-based 

feature vectors yi
svd (equation (1))and LDA-based 

feature vectors yi
lda (equation (4)). 

2)  Compute the distances of the query face image to all 
the training images: 

               1 2( , , , )lda lda lda lda
i i i iNd d d=d !  and 

1 2( , , , )svd svd svd svd
i i i iNd d d=d !  

       where N is number of training images. 
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If the SVD-based and LDA-based feature vectors of 
training images xj are  yj

svd and yj
lda respectively, then 

             || ||svd svd svd
ij i jd = −y y  

              || ||lda lda lda
ij i jd = −y y .  

3) Calculate the final distances which contain both the 
information of LDA and SVD: 

1 2( , , , )i i i iNd d d=d !  

    1 1 2 2( , , , )
2 2 2

svd lda svd lda svd lda
i i i i iN iNd d d d d d+ + += !  

i.e. 
2

svd lda
ij ij

j
d d

di
+

= . 

4) Based on the distances (di1,di2,…,diN), the nearest 
neighbor classifier is employed to accomplish the 
task of classification. Categorize the face image xi 
into class label k where k is determined by 

                               
1
min { }ik i jj N

d d
≤ ≤

=     1≤ k ≤C . 

 
4. EXPERIMENTAL RESULTS 

 
In this section, we describe our experiments on a well-
known face database: the ORL (AT&T) face database. 
For the sake of convenience, we denote the proposed 
method as SVD+LDA. The SVD+LDA method are 
compared respectively with conventional PCA (eigenface) 
method, LDA (fisherface) method and SVD method . It is 
noted that no additional preprocessing step was adopted in 
our experiments. 
 
4.1. The testing and training sets 
 
The ORL database is made up of 10 different images of 
40 people. The filenames of the ten images is 
“1.pgm”,…,”10.pgm”. The size of each image is 112×92. 
They are taken at different times, varying lighting slightly, 
facial expressions (open/closed eyes, smiling/nonsmiling), 
and facial details (glasses/no glasses). The persons are in 
upright, frontal position with tolerance for some side 
movement. Figure 1 shows ten images of a person. 

    In our experiments the cross-validation sampling 
technique was employed to determine face recognition 
rate. We randomly chose five images as training images 
and the remaining images as testing images. The test is 
repeated five times with the same numbers of testing 
images and training in every run. The final recognition 
rate (rank 1) is determined by averaging the results of 
every run. Since the test is repeated five times, there are 
five training sets and five corresponding testing sets. The 
five training sets are list in table 1 which shows which 
images are used in different training sets so that any 
reader can repeat our experiments and obtain the same 
recognition rates. For PCA method 50 principal 
components are used. For LDA method and SVD+LDA 
method the number of discriminate vectors is 39. 
 
4.2. Results 
 
Table 2 shows the recognition rates of different methods. 
The mean recognition rates of SVD-based, PCA-based, 
LDA-based  and SVD+LDA-based methods are 74.9%, 
93.9%, 96.1% and 97.4% respectively. The recognition 
rate of SVD+LDA is 1.3% higher than LDA, 3.5% than 
PCA, and 22.5% higher than  SVD method. Moreover, for 
every training set and the corresponding testing set, the 
accuracy of SVD+LDA is never worse than individual 
SVD and individual LDA. So the goal of fusion is reached. 
It can be drawn from Table 2 that the proposed method 
can achieve better recognition rates. 

Table 1: Filenames of different training subsets 
Subset 1 1.pgm, 3.pgm, 6.pgm, 7.pgm,1 0.pgm 

Subset 2 1.pgm, 4.pgm, 5.pgm, 9.pgm, 10.pgm 

Subset 3 3.pgm, 4.pgm, 5.pgm, 6.pgm, 8.pgm 

Subset 4 2.pgm, 4.pgm, 5.pgm, 6.pgm, 10.pgm 

Subset 5 3.pgm, 4.pgm, 8.pgm, 9.pgm, 10.pgm 

Table 2: Recognition rates of different methods (%) 
Training subset 

method 1 2 3 4 5 

Mean 
accurac
y  (%) 

SVD 77.5 73.5 75 71 77.5 74.9 

PCA 93 96 94.5 94.5 91.5 93.9 

LDA 95 96.5 97 96 96 96.1 
SVD+L

DA 98 98.5 96.5 97.5 96.5 97.4 

Figure 1: Example images of ORL database 
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5. CONCLUSION 

 
We proposed a face recognition method which is based on 
the fusion SVD and LDA. LDA has a powerful 
discriminate ability and is an efficient dimension 
reduction technique. The performance of LDA degrades 
severely when translation, rotation mirror transforms 
occur. This drawback can be compensated partially by 
incorporating the information of singular values which is 
obtained by SVD. In other words, LDA provides rich 
information to SVD since singular values themselves do 
not contain adequate information for face recognition. 
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