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Abstract. Neighborhood Preserving Embedding (NPE) is a subspace learning 
algorithm. Since NPE is a linear approximation to Locally Linear Embedding 
(LLE) algorithm, it has good neighborhood-preserving properties. Although 
NPE has been applied in many fields, it has limitations to solve recognition 
task. In this paper, a novel subspace method, named Kernel Fisher 
Neighborhood Preserving Embedding (KFNPE), is proposed. In this method, 
discriminant information as well as the intrinsic geometry relations of the local 
neighborhoods are preserved according to prior class-label information. 
Moreover, complex nonlinear variations of real face images are represented by 
nonlinear kernel mapping. Experimental results on ORL face database 
demonstrate the effectiveness of the proposed method. 

1   Introduction 

Face recognition has been studied extensively over the past decade due to the recent 
emergence of applications such as security access control, visual surveillance, public 
security, and advanced human-to-computer interaction, et. [1]. And much progress 
has been made in the past few years [2]. Appearance-based method, as one of the 
most successful techniques for face recognition, is still developing at now. When 
using appearance-based methods, a two-dimensional image of size hw× pixels is 
represented by a vector in a hw × -dimensional space. This space is called the sample 
space or the image space. However, its dimension typically is too high to allow robust 
and fast face recognition. A nature attempt to resolve this problem is to use 
dimensionality reduction techniques. Two of the most important techniques for 
dimensionality reduction are Principal Component Analysis (PCA) [3], [4] and Linear 
Discriminant Analysis (LDA) [5]. 

Recently, many research efforts have shown that the face images possibly reside on 
a nonlinear submanifold. However, both PCA and LDA consider only the Euclidean 
structure. They fail to discover the underlying structure, if the face images may lie on 
a nonlinear submanifold hidden in the image space. Several nonlinear techniques 
were proposed to discover the nonlinear structure of the manifold such as LLE [6], 
Isometric feature mapping [7] and Laplacian Eigenmaps [8]. They all utilized local 
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neighborhood relation to learn the global structure of nonlinear manifolds. However, 
they can not deal with the out-of-sample problem directly. They yield maps that are 
defined only on the training data points and how to naturally evaluate the maps on 
novel test data points remains unclear. Therefore, these nonlinear manifold learning 
techniques might not be suitable for face recognition task. In order to overcome this 
drawback, He et al. proposed a linear subspace method, named Neighborhood 
Preserving Embedding (NPE) [9] which aims at preserving the local manifold 
structure. Although NPE is successful in many domains, it deemphasizes discriminant 
information for pattern recognition task. Moreover, NPE often fails to deliver good 
performance when face images are subject to complex nonlinear variations such as 
expression, lighting and pose, for it is a linear algorithm in nature. 

LDA is a well-known supervised learning algorithm. LDA encodes discriminating 
information by minimizing the within-class scatter matrix, maximizing the between-
class scatter matrix in the projective subspace. Kernel based techniques can generate 
nonlinear maps which are successfully used in support vector machine. In this paper, 
based on the idea of LDA and kernel trick [10], we propose a novel subspace analysis 
approach named Kernel Fisher Neighborhood Preserving Embedding (KFNPE) to 
further improve the face recognition performance of NPE. 

2   Outline of NPE 

NPE is a linear approximation to LLE [6]. Given a set of points },,,{ 21 Nxxx  in 
DR . The linear transformation A can be obtained by minimizing an objective 

function [9] as follows: 
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i xAy = . Since LLE seeks to preserve the intrinsic geometric properties of 

the local neighborhoods, it assumes that the same weights which reconstruct the point 

ix by its neighbors in the high dimensional space, will also reconstruct its image iy , 

by its corresponding neighbors, in the low dimensional space. Then, the weights can 
be computed by minimizing the following objective function, 
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For more details of NPE and the weight matrix, please see [9]. The minimization 
problem can be converted to solving a generalized eigenvalue problem as follows: 

AXXAXMX TT λ=  (3) 
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where )()( WIWIM T −−= , )1,,1(diagI = . It is easy to check that M is 

symmetric and semi-positive definite. 

3   Kernel Fisher NPE Algorithm 

NPE is a linear method in nature, and it is inadequate to represent the nonlinear face 
space. Moreover, NPE deemphasizes discriminant information, while discriminant 
information is important for face recognition task. In this paper, a novel subspace 
method named Kernel Fisher NPE (KFNPE) is proposed. Firstly, a nonlinear function 
Φ is used to map the data into a high-dimensional feature 

space )](,),([)(: 1 NxxXF ΦΦ=Φ . Then in feature space F , a projecting 

transformation ΦA  is sought that can preserve the discriminant information with 

local geometry structure by minimizing intrapersonal variance and maximizing 
interpersonal variance. The objective function of KFNPE is defined as follows: 
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where C is the number of face classes, cN is the number of samples in the c th class, 

)( c
i

Tc
i xAy Φ= Φ  is the projection of )( c

ixΦ onto ΦA , and )( c
ixΦ  is the nonlinear 

mapping of the i th sample in the c th class, Φ
im is the mean vector of the mapped 

training samples in i th class. Both c
ijW and ijB are weight matrix. 

By simple algebra formulation, the numerator of the objective function can be 
reduced to 
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where )](,),(),([)( 21 CXXXX ΦΦΦ=Φ , )](,),(),([)( 21
c
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can be computed by minimizing the following objective function, 
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The denominator of the objective function can be simplified as 
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where T
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weight matrix B can be computed by minimizing the following objective function, 
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Because the linear transformation ΦA should lie in the span of 

)(,),( 1 Nxx ΦΦ , there exists a coefficient vector T
N ],,[ 1 ααα = such that 
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Then, substitute Eq.(5), Eq.(6) and Eq.(7) into the objective function, and KFNPE 
subspace is spanned by a set of vectors α ，satisfying: 
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where K  is the kernel matrix with elements )()( jiij xxK Φ⋅Φ= Nji ,,1, = , 

XMK is the Gram matrix formed by training samples X and classes’mean. The 
transformation space can be achieved similar to LDA algorithm. In our approach, a 
two-phase algorithm is implemented. In this algorithm, KPCA is employed firstly to 
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remove most noise. Next, NPE algorithm based on Fisher criterion is implemented on 
KPCA transformed space. Then, M and G can be computed on this space without 
explicit nonlinear function Φ . 

4   Experimental Results 

An experiment was carried out on the ORL face database [11] to verify the 
effectiveness of the proposed method. The database was built at Olivetti Research 
Laboratory in Cambridge, UK. The database consists of a total of 400 face images, 10 
for each 40 distinct subjects. For some subjects, the images were captured at different 
times. The facial expressions (open or closed eyes, smiling or nonsmiling) and facial 
details (glasses or no glasses) were also varied. The images were taken with a 
tolerance for some tilting and rotation of the face of up to 20 degrees. Moreover, there 
was also some variation in the scale of up to about 10%. All images were grayscale 
and normalized such that the two eyes were aligned at the same position. For the 
purpose of computation efficiency, all images were resized to 3232× pixels. 10 
sample images of one individual are displayed in Fig.1. 

 

Fig. 1. Sample face images from the ORL database 

In the experiment, for each subject, )5,4,3(=t images were randomly selected for  
training and the rest were used for testing. This procedure was repeated 10 times by 
randomly choosing different training and testing sets, and for each given t , we 
averaged the results over 10 random splits. In this paper, polynomial kernel 

d
P yxayxyxk ))(()()(),( ⋅=Φ⋅Φ= was adopted for simplicity and consistency. For 

simplicity, we applied the nearest-neighbor classifier for classification. Table 1 
contains a comparative analysis of the mean and standard deviation for the obtained 
recognition rates.  

From Table 1, it can be seen that the performance of the KFNPE algorithm 
outperforms other methods such as PCA, LDA, NPE, KPCA, KLDA. It demonstrates 

Table 1. Mean and standard deviation on the ORL database (recognition rate (%)) 

Algorithm 3=t  4=t  5=t  
KFNPE 91.54 ± 1.89 94.27 ± 1.44 96.41 ± 1.62 

NPE 88.26 ± 2.17 91.90 ± 1.42 94.29 ± 1.33 
KLDA 88.67 ± 1.94 93.14 ± 1.53 95.5 ± 1.47 
LDA 85.99 ± 2.56 91.63 ± 1.51 93.9 ± 1.56 

KPCA 80.11 ± 2.23 84.71 ± 2.59 87.35 ± 2.31 
PCA 79.47 ± 1.58 84.23 ± 2.43 86.7 ± 2.0 
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that the performance is improved because KFNPE preserves the discriminant local 
structure in subspace and takes into account nonlinear information by kernel trick. 

5   Conclusions 

In this paper, we propose a novel subspace analysis method, named Kernel Fisher 
Neighborhood Preserving Embedding (KFNPE). KFNPE attempts to preserve 
discriminant information with intrinsic geometric relations in term of Fisher criterion. 
Moreover, nonlinear variations of real face images are represented by kernel trick. 
KFNPE can not only gain a perfect approximation of face manifold, but also enhance 
local class relations. Experimental results on the ORL face database show that the 
proposed approach is robust and effective. 
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