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Abtract. In this paper, we introduce a new feature representation method for 
face recognition. The proposed method, referred as Kernel ICA, combines the 
strengths of the Kernel and Independent Component Analysis approaches. For 
performing Kernel ICA, we employ an algorithm developed by F. R. Bach and 
M. I. Jordan. This algorithm has proven successful for separating randomly 
mixed auditory signals, but it has never been applied on bidimensional signals 
such as images. We compare the performance of Kernel ICA with classical al-
gorithms such as PCA and ICA within the context of appearance-based face 
recognition problem using the FERET database. Experimental results show that 
both  Kernel ICA and ICA representations are superior to representations based 
on PCA for recognizing faces across days and changes in expressions.  

1 Introduction 

Face recognition has become one of most important biometrics technologies during 
the past 20 years. It has a wide range of applications such as identity authentication, 
access control, and surveillance. 

Human face image appearance has potentially very large intra-subject variations 
due to 3D head pose, illumination, facial expression, occlusion due to other objects or 
accessories (e.g., sunglasses, scarf, ect.), facial hair, and aging. On the other hand, the 
inter-subject variations are small due to the similarity of individual appearances. This 
makes face recognition a great challenge. Two issues are central: 1) what features to 
use to represent a face and 2) how to classify a new face image based on the chosen 
representation. This work focuses on the issue of feature selection. The main objective 
is to find techniques that can introduce low-dimensional feature representation of face 
objects with enhanced discriminatory power. Among various solutions to the problem 
(see [1] for a survey), the most successful are the appearance-based approaches, which 
generally operate directly on images or appearances of face objects. 

Principal Component Analysis (PCA), Linear Discriminant Analysis (LDA) and  
Independent Component Analysis (ICA) are three powerful tools largely used for data 
reduction and feature extraction in the appearance-based approaches [2] [3] [4].  



Although successful in many cases, linear methods fail to deliver good performance 
when face patterns are subject to large variations due to 3D head pose, illumination, 
facial expression, and aging. The limited success of these methods should be attrib-
uted to their linear nature. As a result, it is reasonable to assume that a better solution 
to this inherent nonlinear problem could be achieved using non linear methods, such 
as the so-called kernel machine techniques [5]. 

Yang [6], Kim et al. [7] investigated the use of Kernel PCA and Kernel LDA for 
learning low dimensional representations for face recognition. Experimental results 
showed that kernel methods provided better representations and achieved lower error 
rates for face recognition. 

2 Overview of present work  

In this paper, motivated by the success that ICA, Kernel PCA and Kernel DLA 
have in face recognition, we investigate the use of Kernel Independent Component 
Analysis (Kernel ICA) for face recognition. Kernel ICA combines the strengths of the 
Kernel and ICA approaches. Here, we employ an algorithm developed by F. R. Bach 
and M. I. Jordan [8]. This algorithm has proven successful for separating randomly 
mixed auditory signals. We use Kernel ICA to find a representation in which the coef-
ficients used to code images are statistically independent, i.e., a factorial face code. 
Barlow and Atick discussed advantages of factorial codes for encoding complex ob-
jects that are characterized by high-order combinations of features [9], [10]. 

3 Experimental results  

The face images employed for this research are a subset of the FERET face data-
base. The FERET dataset contain images of 38 individuals. There are four frontal 
views of each individual: a neutral expression and a change of expression from one 
session, and a neutral expression and change of expression from a second session that 
occurred three weeks after the first. Examples of the four views are shown in fig. 1. 

 
 

    
Fig. 1. Example from the FERET database of the four frontal image viewing conditions: neutral 
expression and change of expression from session 1; neutral expression and change of expres-
sion from session 2. Reprinted with permission from Jonathan Phillips. 

The algorithms are trained on a single frontal view of each individual. The training 
set is comprised of 50% neutral expression images and 50% change of expression 
images. The algorithms are tested for recognition under three different conditions: 



same session, different expression (Test Set 1); different day, same expression (Test 
Set 2); and different day, different expression (Test Set 3). 

Face recognition performance is evaluated by the nearest neighbor algorithm. Coef-
ficient vectors b in each test set were assigned the class label of the coefficient vector 
in the training set that was most similar as evaluated by the Euclidean distance meas-
ure eucδ  and the cosine similarity measure cosδ , which are defined as follows:  
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where .  denotes the norm operator.  

Figures 2 and 3 report the face recognition performances with the Kernel ICA, ICA 
factorial code representations (for performing ICA, we employ the FastICA algorithm 
developed by A. Hyvärinen [12] ) and PCA representations (the eigenface representa-
tion used by Pentland et al. [2]). In figure 2 and 3 the performances have been evalu-
ated with the Eucδ  and the cosδ  similarity measures, respectively.  

There is a trend for the Kernel ICA and ICA representation to give superior face 
recognition performance to the PCA representation. The difference in performance is 
statistically significant for Test Set 2 and Test Set 3, when the test and training images 
differ not only in expression but also in lighting, scale and the date on which they were 
taken. Therefore, the high-order relationships among pixels, estimated by Kernel ICA 
and ICA, improve notably the performance when the face recognition is more diffi-
cult. 
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Fig.2. Recognition performance of the Kernel ICA, ICA factorial code representa-

tions and PCA representations corresponding to the Eucδ  similarity measure. 

 
The lack of a substantial difference between the performances of the Kernel ICA 

and ICA algorithms, as found in their mono-dimensional applications, is probably due 
to the PCA preprocessing which is necessary in order to reduce the dimensionality of 
the data. In our opinion, the  new orthogonal representation of the data provided by 
PCA precludes the kernel methods to improve their ability of represent the knowledge. 
In other words the evaluation of ICA produces the same results if it is applied directly 



after PCA or after a further transformation of PCA in a non-linear space (kermel 
method). 
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Fig 3. Recognition performance of the Kernel ICA, ICA factorial code representations and 

PCA representations corresponding to the cosδ  similarity measure. 
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