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ABSTRACT 

A practical face recognition system is expected to have 
the ability to learn online to adapt to different variations 
of the imaging conditions in order to achieve better 
recognition performance, especially when batch training 
is impossible. This is commonly achieved by updating the 
face model incrementally for each face. Based on our 
previous Face-Specific Subspace (FSS) face recognition 
method, in this paper, an incremental subspace updating 
method is further applied to FSS in order to make it have 
the ability to learn online, which is named Incremental 
Face Specific Subspace (IFSS). Since in the FSS face 
recognition method, each individual face is represented as 
one specific face subspace, therefore, the face model can 
be updated even only single live example face image is 
available as well as its corresponding class label. 
Experiments on the Harvard face database show that 
better recognition performance can be achieved when 
more example images are incrementally fed into the IFSS 
system. Furthermore, Experiments also show that IFSS 
has comparable performance with batch training FSS for 
the same training sets, but less computational resource is 
needed and the training examples need not be stored. 

1. INTRODUCTION 

Face recognition technology (FRT) has numerous 
commercial and law enforcement applications. These 
applications range from static matching of controlled 
format photographs such as passports, credit cards to real-
time matching of surveillance video images presenting 
different constraints in terms of processing requirements. 
Related research activities have significantly increased 
over the past few years, many algorithms are proposed to 
solve the face recognition problem [1][2]. 

However, the performance of almost all current face 
recognition systems, both academic and commercial 
systems, is heavily subject to the variance in the imaging 
conditions. It has been discovered by the FERET testing 
that pose and illumination variations are two bottlenecks 
for a practical face recognition system [2]. Obviously, one 
of the intuitive solutions to these problems is to let the 

system “see” more examples captured under different 
imaging conditions. However, when new examples are 
fed into the recognition system one by one, it is obviously 
inefficient and impractical to batch-training the face 
recognition system from all the previous examples and the 
new input ones. 

Therefore, a practical face recognition system is 
expected to have the ability to learn online to adapt to 
different variations of the imaging conditions in order to 
achieve better recognition performance, especially when 
batch training is impossible. This is commonly achieved 
by updating the face model incrementally for each face. 
By doing so, less spatial-temporal computational resource 
is needed, because those previous examples need not be 
stored and relearned.  

Among the typical face recognition methods, 
Eigenface is one of the most successful approaches in 
face recognition area [5][7][9][10][11][12][13][14]. The 
method projects the input faces onto a dimensionally 
reduced space where the recognition is carried out. And in 
the Eigenface method, the common eigenspace is 
generally pre-computed by batch training from a “large” 
training set. Although the batch-training algorithm is in 
some sense the best case, it is computationally expensive 
[3]. So, some eigenspace-updating algorithms for image 
analysis are proposed in the vision literature [3][4][5][6]. 

One of the demerits of Eigenspace-based methods is 
that the most discriminating features of a specific face are 
not accurately represented. Thus, Face-Specific Subspace 
(FSS) is proposed to represent each face by one individual 
face subspace [8]. In FSS, the reconstruction error, that is, 
distance from the face-specific subspace, is exploited as 
the “similarity” measurement for recognition. Since 
individual subspace is modeled for each face, FSS affords 
a good basis for online updating each face model and 
further improve the performance of the recognition 
system, even if only single example for some face is 
available at any moment.  

The rest of this paper is organized as follows: In 
Section 2, the FSS-based face recognition method is 
briefly described. In Section 3, the method we exploit to 



learn face subspace incrementally is introduced. 
Experimental results are shown in Section 4 and final 
conclusions are drawn in Section 5. 

2. FACE-SPECIFIC SUBSPACE (FSS) 

2.1.Eigenface method 

An eigenspace model, Ω , constructed over N  face 
images  and a mean face, a set of eigenvectors, the 
eigenvalue associated with each eigenvector. The mean 
face is given by: 
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Eigenspace models can be computed using eigenvalue 
decomposition (EVD) of the covariance matrix ∑  of a set 
of  face images, N
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The eigenvector (eigenface) are columns of the matrix U , 
and the spread of the face images by the corresponding 
eigenvalue in the diagonal matrix Λ . The eigenvectors 
and their eigenvalues are solutions to the eigenproblem: 

Λ=∑ UU  (3)

In eigenface[7][13], the projection W is chosen to 
maximize the determinant of the total scatter matrix of the 
projected faces, i.e.,  
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Where is the set of m -dimensional 
eigenfaces of Σ corresponding to the n largest 
eigenvalues. 
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2.2. Learning Face-Specific Subspace (FSS) 

[8] proposes to represent each face by using one 
individual face subspace, named Face-Specific Subspace 
(FSS), which is learnt from the training images of the face. 
Formally, the FSS can be learnt as the following 
procedure:  
Let the class set of the faces to be identified is:  

{ }pC ΩΩΩ= ,,, 21 L  (5)

where p is the number of faces to be recognized. Then for 
the face class thk pkk ,,2,1, L=Ω in C, eigen-
decomposition is conducted as:  
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where kΣ is the covariance matrix of the kth face, kΛ is the 
diagonal matrix whose diagonal elements are the 
decreasingly ordered eigenvalues of k

d
kk

k
λλλ ,,, 21 L kΣ , and 

[ ])()(
2 ,,, k

d
k

k k
U µµ L=

k

)(
1

kµ is the matrix formed by the 
eigenvectors of Σ , where are 

eigenvectors corresponding to eigenvalues  

respectively. So the following bases matrix spans the k-th 
Face-Specific Subspace:  

)(k
d k

µ
kλ ,2 L

)(
2

)(
1 ,, kk µµ L

kλ1

,

, k
dk

λ,

( ))()(
2

)(
1 ,,, k

d
kk

k k
U µµµ L=  (7)

To sum up, the kth face is represented as a 4-tuple,  that is 
the kth FSS, by: 

( )kkkkk dU ,,, ΛΨ=ℜ  (8)

where kΨ is the mean of the kth face, and dk is the 
dimension of the FSS. 

2.2. Identify faces based on FSS 

After FSS for each face is learnt, similar to DFSS in 
Eigenface method, the similarity of any image to a face 
can be measured by using the Distance From FSS 
(DFFSS): less DFFSS means more probability that the 
image belongs to the corresponding face. It can be 
formulated as follows:  
Let Γbe any input image. It can be projected to the kth 
FSS by:  
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Then )(kΦ can be reconstructed by: 
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So, Γ ’s distance from kth FSS (DFFSS) is computed as 

the following reconstruction error: 
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The DFFSS reflects the quantity of the kth face pattern 
“hiding” in the input image Γ , or in other words, the 
power of the kth FSS to reconstruct the input pattern Γ . 
So it can be regarded as the similarity of the input pattern 
Γ  to the face corresponding to the kth FSS. Therefore, the 
following minimal distance classifier can be naturally 
formulated: 
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Fig.2. Framework of the Incremental FSS 
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4. EXPERIMENTS 

To verify the effectiveness of the proposed approach, we 
also develop Eigenface method and FSS as benchmark
Experiments are conducted

4.1. Benchmark designs 

The Eigenface method is the standard benchmark in the 
face recognition community. Its performance can reflect 
the difficulty o

ain extent. 
We design the Eigenface method according to [7]. 

The training set used to learn common face subspace is 
the same as the gallery 
images of all the faces. 

4.2. Experiments On Harvard Face Database 

The Harvard face image database is used in our 
experiment. In the database, five subsets (subset1 through 
subset5) contain the cropped, masked, single light source, 
frontal-view images of 10 individuals from the Harvard 
database. For each face, there are 6, 9, 13, 17, 21 face 
images in the five subsets for each person.  These sets 
contain images from each individual in Fig3 but of 
increasin



Fig.3 Face Images of the 10 individuals in Harvard 

Experiment 1: 
To verify the online learning ability of the IFSS, 

comparisons are made between the Eigenface method, the 
FSS and the IFSS. In this experiment, for Eigenface and 
FSS, the training set is just the subset 1. FSS is trained for 
each face by the 6 images in his/her subset1. However, 
IFSS is trained for each face by the 6 images in his/her 
subset1 as FSS, and then added the nine images in his/her 
subset2 one by one by using the proposed IFSS method 
according to the section 3. The images in subset3 through 
subset5 are tested. The experiment results are shown in 
Table-1. 

Table 1 Experimental results on Harvard Face Database 

Subset for Testing (%) Method 
tested 

Train 
Set Subset3 Subset4 Subset5

Eigenface Subset1 53.8 30.0 16.9 
FSS  Subset1 82.3 64.1 35.3 

IFSS  Subset 
1+2 90.0 71.8 53.2 

Note: In experimental of IFSS, the residue error is 0.0006  

From Table.1, It is obvious that IFSS has achieved a 
better performance than FSS and Eigenface after 
incrementally learn 9 additive examples for each face. 
This observation is consistent with the intuition. For this 
illumination face database case, more examples under 
different lighting conditions have significantly improved 
the performance of the recognition system against more 
complex lighting conditions. 

Experiment 2:  
We also conduct experiments to compare the online-

learning IFSS method with the batch-learning Eigenface 
and FSS. FSS and Eigenface are both batch-trained from 
the subset 1 and subset 2 and tested on the subset 3, 4 and 
5. IFSS is first trained from subset 1 and add the 9 
examples in subset 2 one by one for each face. The 
experimental results are shown in Table.2. From Table.2, 
IFSS has comparable performance with the batch FSS and 
much better performance than the batch Eigenface. The 
advantages of the IFSS against the batch FSS include (1) 
IFSS does not need to store the previous learned examples, 
therefore it need less storage; (2) IFSS can update each 

face model individually even if only one additive example 
is available. 

Table 2 Experimental results on Harvard Face Database 

Subset for Testing (%) Method 
tested 

Train 
Set Subset

3 
Subset

4 
Subset

5 

Eigenface Subset 
1+2 89.2 66.5 38.3 

FSS  Subset 
1+2 92.3 74.1 53.7 

IFSS  Subset 
1+2 90.0 71.8 53.2 

5. CONCLUSIONS 

Based on the Face-Specific Subspace (FSS) face 
recognition method, in this paper, IFSS is proposed to 
make FSS have the ability to learn online. Since in the 
FSS face recognition method, each individual face is 
represented as one specific face subspace, therefore, each 
face model can be updated even if only single example 
face image is available along with its corresponding class 
label. Our experiments on the Harvard illumination face 
database show that better recognition performance can be 
achieved when more example images are incrementally 
fed into the IFSS system. Experiments also show that 
IFSS has comparable performance with the batch FSS, 
but less computational resource is needed and the training 
examples need not be stored. Another advantage of IFSS 
is that it can update each face model individually even if 
only one additive example is available. 
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