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Abstract. This paper presents a novel pairwise classification framework for
face recognition (FR). In the framework, a two-class (intra- and inter-personal)
classification problem is considered and features are extracted using pairs of
images. This approach makes it possible to incorporate prior knowledge
through the selection of training image pairs and facilitates the application of
the framework to tackle application areas such as facial aging. The non-linear
empirical kernel map is used to reduce the dimensionality and the imbalance in
the training sample set tackled by a novel training strategy. Experiments have
been conducted using the FERET face database.format.
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1 Introduction
Face recognition (FR) has become one of the most important application areas for
image analysis and understanding. Various feature-extraction techniques have been
introduced and very often, large sets of features are extracted from a facial image
(e.g., the Gabor features [1-3]) for classification. The question remains in how to best
exploit the richness of such large feature sets and increasingly large training data sets
to answer some of the challenging FR applications, such as compensating for the
facial changes caused by aging [4].
The traditional approach to using large feature sets [5] is to find a subspace of the
original feature space, which preserves as much subject-invariant information as possible. In other words, after a linear transformation from the original feature space to the
subspace, the mapped feature points calculated from the images of the same person
are made to be as close to each other as possible. By doing so, the intra-personal variations remaining in the feature sets are minimized and the distances between feature
points are used to quantify the similarities between faces. Unlike other biometric
modalities such as fingerprint and iris, human faces keep changing over our life time.
In such a traditional FR approach, as the difference caused by aging becomes large, it
becomes difficult to determine whether two images belong to the same person only by
their measured distance.
Instead of ignoring the intra-personal variations within face images, we want to
build an FR system that models the variations to handle facial aging. To do that, it
needs to define a feature-extraction function :
to explicitly characterize
denotes the
the difference between two faces. Here is the image domain and
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, ,
feature space with dimension . It can be seen that any set of features
,
can be classified either as intra-personal, if images and are from the
same person, or inter-personal otherwise. Therefore, the FR problem is turned into a
supervised two-class classification problem. When someone uses the system, a feature
vector is calculated from his (her) current captured facial image and a previouslyenrolled stored image. The feature vector is then classified into one of the two classes,
telling whether or not the two images are from the same person.
One attractive advantage of this approach is that the FR system can be built in such
a way that our prior knowledge can be incorporated in the selection of the training
pairs from which the features are extracted. The guiding knowledge for this selection
can be any desired characteristic of the image pairs to be classified. For instance,
when comparing two facial images, the information about when they are taken is a
source of prior knowledge that can be used. Here the training set presented to the
classifier is called the feature training set (FTS) and consists of the feature vectors
calculated from the selected image pairs chosen from the training set (TS) of facial
images. Note that although considering FR as a two-class classification problem [6] is
not new, the idea of incorporating prior knowledge within such an approach as presented here is novel.
Although the classification methods can be used to tackle facial aging, there are
difficulties in building such aging-adaptive FR systems. First, as mentioned above,
the number of features extracted from images could be very large making the search
for a classification solution in such a high-dimensional feature spaces very difficult.
Secondly, since in the proposed approach image pairs are selected to calculate feature
sets for training, there could be a large imbalance between the number of intrapersonal pairs and the number of inter-personal pairs. Fig. 1 illustrates this imbalance.
In this paper, we propose a novel pairwise classification framework (PCF) that
tackles the difficulties mentioned above. To demonstrate the framework’s capability
of handling high-dimensional feature vectors, the Gabor wavelets are used to calculate features from image pairs. To solve the two-class classification problem, we first
reduce the dimensionality of the feature vectors using the non-linear empirical kernel
map [7]. The Fisher’s discriminant analysis is then used to find a classification

Fig. 1. An example showing the imbalance between the number of intra-personal pairs and the
number of inter-personal pairs that can be sampled for Subject . The black squares represent
images of Subject and rest of the squares stand for other images. The stars mark all possible
intra-personal image pairs for Subject , while the circles locate the inter-personal image pairs.
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solution. A novel training strategy is proposed to tackle the imbalance within the
training data. The FERET face database [8] is used for testing.
The rest of the paper is organized as following: Sections 2 and 3 describe the feature-extraction method and classifier training. Section 4 and 5 give details about the
experiments and results with concluding remarks presented in Section 6.

2 Gabor Feature Extraction
Gabor wavelets have been successfully used in face recognition applications [1-3] and
mathematically, can be defined as:
Ψ
where

,

,

0, … ,7 and

/

,

,

/

0, … ,4 define the scale and orientation of the wavelet,

(1)
is

2
. Features are obtained
the
coordinates and , is defined as ,
by convolving a given image with each of the Gabor wavelets.
and
be the vectors that store the amplitude and phase values from an
Let
image using all the 40 wavelets defined by Equation 1. The total Gabor feature vector
,| |
. We then define the feature-extraction funcis constructed as
tion as:
|

,

|

(2)

where
and
are the feature vectors calculated from image and , and is the
feature vector characterizing the difference between image
and , which will be
used to determine whether these two images are from the same person.

3 Classifier Training
In the proposed approach two main steps are included in the training process (Fig. 2):
the empirical kernel map and the Fisher’s discriminant analysis trained using an unbalanced FTS.

(1)

Empirical
Kernel
Map

(1) :
(2) :
(3) :

(2)

Fisher’s
Discriminant
Analysis

,

Fig. 2. Block diagram of classifier training

(3)
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3.1 Empirical Kernel Map
The empirical kernel map (EKM) which is an approximation of the reproducing kernel map [7], is used to establish a non-linear map :
which generates a new
vector which has a much lower dimension. Given a set of feature vectors
, the empirical kernel map can be defined as:
,
,

(3)

where is a positive definite function. It can be seen that the size of
decides the
dimensionality of the new feature space. If includes all the training feature vectors,
the training process shown in Fig. 2 is equivalent to the training process of the kernel
discriminant analysis [7]. However, is chosen as a subset of all the training feature
vectors in this work. It can be seen that the size of , decides the dimension of
the new feature space which determines the computational complexity of the
classification problem to be solved in the new feature space. Moreover, recent
work [9] has shown that good performance can be achieved with lower values of .
3.2 Training Strategy for Fisher’s Discriminant Analysis on an Unbalanced
Feature Training Set
Having reduced the feature dimension using EKM, the Fisher’s discriminant analysis
(FDA) is used in the new feature space to find the direction along which the intraand inter-personal feature points are maximally separated. As mentioned in Section 1,
there could be an imbalance (see Fig. 1 for an example) in the FTS since the training
samples (feature vectors) are calculated from image pairs rather than single images.
Since the system is to be tested on the standard FERET database, the image set defined in FERET for training is used as the TS. For this data set when selecting image
pairs to compute the FTS, it is found out that the number of intra-personal samples,
(approximately less than a thousand) is much less than the number of inter-personal
(approximately more than 500 thousands). If prior knowledge is incorposamples,
rated (e.g., if it is known that the two images to be matched are taken in different
sessions), a more restricted rule will be used to select image pairs (that is, every one
of them will have two images taken in different sessions), possibly resulting in a
much smaller . Moreover, it is found that
could also be much smaller than the
dimension of feature vectors, . Therefore, we need to perform the FDA under the
.
condition that
In the following, a novel training strategy is introduced to deal with the abovementioned situation. It is well known that the solution of the FDA can be obtained by
maximizing function
:
(4)
where
is between-class scatter matrix and
and
are the scatter matrices for
the intra- and inter-personal training samples, respectively (see [7] for the detailed
, it may be desirable not to misclassify any of the
definitions). Given that
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intra-personal samples, which means there will be a zero false reject rate on the training data. This can be achieved by restricting every possible
to be within the null
[ , … , ] be an ortho, or equivalently,
0. Let
space of ,
where is the rank of
. The linear transformation
normal basis of the range of
can be established by using the matrix
from the feature space
onto
where is the identity matrix. It is known that matrix can be formed
with non-zero eigenvalues.
by the eigenvectors of
The problem of maximizing
is then transformed into maximizing function
:
(5)
where
(6)
∑

(7)

,
Here
and
are the corresponding within-class and inter-personal
,
are the inter-personal feature vectors after the EKM
scatter matrices in
be the vector that maximizes
and
are the means. Let
and
. The solu.
tion of the FDA, can be calculated as

4 Experimental Settings
The pairwise classification framework (PCF) was tested on two of standardized FERET experiments [8] which involved using some image subsets defined in the database, namely, the gallery set, FB probe set, Dup1 probe set and the training set (TS).
The first experiment simulated an easy test scenario where every two image to be
matched were taken around the same time. The second experiment represented a
much harder scenario when every two images were taken on different days. The average time difference between two images is 251 days. The second experiment was
designed to test the system’s capability of handling facial aging and is used to demonstrate that by incorporating the prior knowledge a more effective FR system can be
built to target such a difficult test scenario.
In the experiments, face images were normalized by the way described in [10], using the eye-coordinates provided in the FERET database. By using 40 Gabor wavelets
defined by Equation (1) and (2), 1.64 10 features were calculated from each image
pair. To reduce the dimension, a set of 2500 training samples were used to perform
the EKM defined in Equation (3). Based on recent work [9] and the fact that
, the set was constructed in such a way that all the intra-personal samples in
the FTS were included and the rest were randomly sampled from the population of the
exp
/
inter-personal samples. Finally, the RBF kernel function,
,
2
was used in the EKM.

Face Recognition Using Balanced Pairwise Classifier Training

47

5 Results
In both experiments, the PCF was compared with other FR systems including the
elastic bunch graph matching (EBGM) [1], the Gabor Fisher classifier (GFC) [2] and
the Adaboost Gabor FR system (AGF) [3] using the features extracted by the same
Gabor wavelets defined in (1). Table 1 shows the rank 1 recognition rate on the FB
probe set (Results of EBGM and GFC were reported in [11]). It can be seen that all of
the systems achieved recognition rates above 95% in this easy test scenario.
Table 1. Recogntion results on the FB probe set
FR System
EBGM
GFC
AGF
PCF

Rank 1 Recognition Rate
95.0%
96.3%
95.2%
97.8%

In the second experiment, systems were tested in a much harder test scenario. The
prior knowledge used in selecting training image pairs is that the two images to be
matched are taken on different days. To incorporate this knowledge, when selecting
image pairs from the TS to calculate the FTS, we scanned all the possible image pairs
and only used those whose images were taken on different days. Table 2 shows the
rank 1 recognition results on the Dup1 probe set. It can be seen that the GFC outperformed the PCF. However, when closely looking at the TS, it was found out that only
244 intra-personal pairs satisfying the criterion could be formed from the images.
Only 240 images from 60 subjects were involved in spite of the fact that there were
1002 images from 429 subjects in the TS. We believed that the small number of representative intra-personal image pairs caused the underperformance of the PCF
system.
Table 2. Recogntion results on the Dup1 probe set
FR System

Rank 1 Recognition Rate

EBGM

59.1%

GFC

68.3%

AGFC

n/a

PCF

67.0%

To have more qualified intra-personal image pairs to train the PCF, we enlarged
the TS by adding 72 images (10%) from the Dup1 probe set. The images were chosen
in a way so that the number of intra-personal pairs that formed by two images taken
on different days was maximized. In total, we managed to obtain 702 intra-personal
image pairs using 320 images from 65 subjects. Instead of using all the images in the
TS, the PCF was trained only on 320 images and tested on the reduced (90%) Dup1
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probe set. To compare the results the system trained on the original TS was also tested
on the reduced Dup1 probe set. Fig. 3 shows the cumulative match curves of the
recognition results. The recognition rate for the PCF trained on 244 intra-personal
samples was slightly higher (around 2%) from its figure (67%) in Table 2 due to the
reduced size of the Dup1 probe set. For the PCF trained on the 703 intra-personal
samples, the rank 1 recognition rate exceeded 75%. It can be seen that although the
number of images used for training was much less than that in the original TS, the
system performance was significantly improved in this difficult test.

6 Conclusion
We have presented a pairwise classification framework for face recognition. The
novelty of this framework resides in providing a mechanism for incorporating prior
knowledge through the selection of training data to tackle specific FR challenges such
as facial aging and providing a novel training strategy to tackle the imbalance inherent
in the training data available for pairwaise image classification. The experimental
results have demonstrated the effectiveness of the proposed approach in incorporating
prior knowledge, handling high-dimensional feature vectors and coping with the training data imbalance.
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