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Abstract

Face representations based on Gabor features have
achieved great success in face recognition, such as
Elastic Graph Matching, Gabor Fisher Classifier
(GFC), and AdaBoosted Gabor Fisher Classifier
(AGFC). In GFC and AGFC, either down-sampled or
selected Gabor features are analyzed in holistic mode
by a single classifier. In this paper, we propose a novel
patch-based GFC (PGFC) method, in which Gabor
features are spatially partitioned into a number of
patches, and on each patch one GFC is constructed as
component classifier to form the final ensemble
classifier using sum rule. The positions and sizes of the
patches are learned from a training data using
AdaBoost. Experiments on two large-scale face
databases (FERET and CAS-PEAL-RI1) show that the
proposed PGFC with only tens of patches outperforms
the GFC and AGFC impressively.

1. Introduction

As a problem with theoretical importance and wide
potential applications in security, finance, law
enforcement and military, automatic face recognition
has been actively investigated in the computer vision
and pattern recognition community for a long time.
Within the past two decades, numerous face
recognition algorithms have been proposed such as
Eigenface [1], Fisherface [2], and Bayesian inference
[3]

Besides the classification algorithms, the
representation of face also plays an important role for a
successful face recognition system. In recent years,
face descriptors based on Gabor filter have been
recognized as one of the most successful face
representation methods. Typical methods based on
Gabor features include the Elastic Graph Matching
(EGM) [4], Gabor Fisher Classifier (GFC) [5] and
AdaBoosted Gabor Fisher Classifier (AGFC) [6].

EGM represents a face as a labeled graph. Each
vertex of the graph corresponds to a predefined facial
landmark and labeled by the Gabor Jet computed from
the image area centered at the vertex landmark. And

the edge of the graph represents the connection
between the two vertices landmarks. After the
construction of the graph, identification can be
achieved by the elastic matching between the reference
graph and the probe one. By selecting facial landmarks
carefully, elastic graph can well model the local facial
features as well as their configuration. Nevertheless,
the high complexity of graph construction and
matching may have prevented its further application. In
addition, imprecise landmarks localization may also
influence its recognition performance.

One straightforward way to exploit Gabor features
for face recognition is proposed by Liu [5]. In Liu’s
method, Gabor features of multi-scale and multi-
orientation for each pixel in the normalized images
(with the eye aligned) are first computed and
concatenated to form a high-dimensional Gabor
features which is then uniformly down-sampled to a
low-dimensional feature vector, and further reduced
dimension by Principle Component Analysis (PCA),
and discriminated by enhanced Fisher Discriminant
Analysis (FDA) for final face identification. Although
this method, named Gabor Fisher Classifier (GFC), has
good performance as in [5], it rejects a great number of
informative Gabor features and reserve many
redundant ones, which may do harm to the final
classification.

In order to deal with the above-mentioned problem
of GFC, in [6], AdaBoosted GFC (AGFC) was
proposed to optimally select informative Gabor
features to avoid losing discriminating Gabor features
and introducing redundant ones by the simple down-
sampling procedure. The Gabor features selected by
AdaBoost are further processed by FDA as the final
classifier.

Obviously, in both GFC and AGFC, face image is
represented by holistic feature vector which have three
disadvantages. Firstly, in holistic representation the
spatial information of features is not utilized. However,
human faces contain some components with fixed
high-level semantics such as eyes, nose and mouth.
Secondly, in holistic representation features are
supposed to have identical discriminating capacity
which is not exactly true in the task of face recognition.
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Generally, facial features such as eyes, nose, and
mouth are considered to have more contribution to
discriminate different persons. Thirdly, image variation
due to pose and illumination changes within the whole
image space is sometimes too large to be modeled by
linear subspace methods such as PCA and FDA.

Aiming at the above-mentioned problem, in this
paper, we propose a novel method called Patch-based
Gabor Fisher Classifier (PGFC). Firstly, each face
image is separated into a number of patches which can
form multiple Gabor feature segments by
concatenating all the features within the corresponding
patch. Then, we design a FDA classifier based on each
feature segment. Finally, an ensemble classifier is
obtained by combining all these component FDA
classifiers. In this method, the positions and sizes of
patches are learned from training data by AdaBoost
which is an effective feature selection method.
Experiments on two large face databases show that the
proposed PGFC is more robust to variation such as
illumination, expression and age compared with the
GFC and AGFC.

The remaining part of the paper is organized as
follows: in section 2, Patch-based Gabor Fisher
Classifier is introduced. Experiments and analysis are
conducted in section 3, followed by discussion and
conclusion in section 4.

2. Patch-Based Gabor Fisher Classifier

In this section, we will introduce the proposed
Patch-based Gabor Fisher Classifier which includes
two parts: patch selection and multiple classifier
combination. In the first part, a powerful feature
selection method called AdaBoost is used to select the
most discriminating patches. In the second part,
multiple GFCs are obtained by apply FDA on all the
Gabor patches selected in the first part. Finally, the
multiple GFCs are combined together to form an
ensemble classifier by sum rule.

2.1. Patch selection by AdaBoost

Face recognition is a multi-class problem; therefore,
in order to use AdaBoost which is a strong tool to
solve the two-class classification problem, we adopt
the concept of intra-personal difference (hereafter
called positive sample) and extra-personal difference
(hereafter called negative sample) as in [4, 6] to
convert multi-class problem to two-class problem.

In this paper, we use the same framework as in [6] to
select the most discriminating Gabor patches. However,
in our method, we adopt the different definition of the
positive sample and negative sample. In [6], positive

sample or negative sample is defined as the differences
between two Gabor faces by doing subtraction feature
by feature. Whereas, in our method, the differences
between two Gabor faces is calculated patch by patch
as shown in Figure 1. Note that a Gabor patch can be
represented as a feature vector by concatenating all the
features within the patch. Hence, the difference of two
patches can be represented by the distance of two
vectors, and there are many methods to measure the
distance of two vectors such as L2 norm and cross
correlation.
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Figure 1. The calculation of positive sample (a) and
negative sample (b) for AdaBoost.

In our method, a great deal of patches are extracted
from Gabor face by exhaustively enumerating the
spatial position and patch size, and then form a
candidate patches set. In the process of AdaBoost,
patches are considered as features which can be
selected one by one from the candidate set, and finally
we get a subset of patches with high discriminating
capacity and low redundancy.

2.2. Construction of GFC ensemble

Once the subset of Gabor patches has been
determined, we can obtain multiple Gabor feature
segments. Then, multiple GFCs can be obtained by
applying FDA on each Gabor feature segment. Finally,
we combine all the component GFCs by certain
combination rule. For instance, in this paper, we use
the most typical sum rule. More complex combination
algorithms may further improve the system
performance.
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In the process of face recognition, the classifier is
essentially required to output the similarity between
any two face images. In [2], faces images are firstly
projected to the FDA subspace, and then dissimilarity
between two faces is defined as the Euclidean distance
in its subspace. As shown in Fig.2, in our method, for
any two faces we can obtain M similarities given by M
GFCs. The average of these M similarities is defined as
the final similarity between the corresponding pair of
faces. Then, the nearest neighbor classifier is used for
classification.
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Figure 2. Similarity computation in PGFC.

3. Experiments

In this section, we compare the proposed method
with traditional GFC and AGFC on two large-scale
face databases: FERET [7] and CAS-PEAL [8]. All the
images are cropped to the size of 64 by 64 and rectified
according to the manually located eye positions. In all
experiments, we use the Gabor filters with five scales
and eight orientations. The same parameters are also
taken in [4, 5, 6]. Therefore, the number of original
Gabor feature is 64x64x5x8 = 163840. In all our
experiments, the number of Gabor features used in
GFC is down-sampled to the dimension of 10240, and
in AGFC about 3000 Gabor features are selected by
AdaBoost. For PGFC, candidate patches are chosen
from the size of 1x1 to 32x32 with any position in the
image. We restrict the size of patch within 32%32 in
order to avoid the problem in traditional GFC as
mentioned in section 1. Then, about 100 most
discriminating patches are selected from the large
number of candidate patches. As shown in the
following experiments, much better performance is
achieved compared with GFC and AGFC by using
only a few patches.

Note that, in our method, each pixel in the face
image is transformed to 40 Gabor features (five scales
and eight orientations). Hence, each Gabor patch can
be represented by a Gabor feature vector with the
length of wxhx40, where w and / are respectively the
width and height of the patch.

3.1. Experiments on FEERT

In FERET, the training set includes 1002 images of
429 persons from the standard FERET training CD.
We compare the performance of GFC, AGFC and
PGFC on four test sets: fafb, fafc, dupl and dup2. The
images in fafb set are with expression variation, fafc set
contains images with lighting variation, and dup/ and
dup? include aging images.

(b)
Figure 3. Experiments on FERET. (a) The first five
patches selected by AdaBoost. (b) The comparison of
PGFC, GFC and AGFC.

The first five patches learned by AdaBoost are
shown in figure 3(a). In Figure 3(b), we give the
performance of the proposed PGFC with different
number of patches. Obviously, PGFC just with a few
patches greatly outperforms the GFC and AGFC,
which impressively illustrates the robustness and high
discriminating capacity of our method.

Note that the performance of the proposed PGFC is
actually impressively better than the best results in
FERET’97 [7], and the latest published results in
ECCV’04 [9] as shown in Table 1.

Methods fafb fafc | dupl | dup2
FERET’97 096 | 0.82 | 0.59 | 0.52
ECCV’04 097 | 079 | 0.66 | 0.64
Our Method 099 | 097 | 0.87 | 0.82

Table 1. The rank-1 recognition rates of different
methods on the FERET probe sets. In our method, 50
most discriminating patches are used.

3.2. Experiments on CAS-PEAL-R1

Similar experiments are conducted on CAS-PEAL-
R1 face database. The standard training set of CAS-
PEAL-RI includes 1200 images of 300 persons. Four
test sets which contain the variations of Accessory,
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Background, Expression and Lighting are used to
compare the proposed PGFC with GFC and AGFC.

Figure 4(a) shows the first five patches selected by
AdaBoost and figure 4(b) show the performance
comparison of GFC, AGFC and PGFC. The same
conclusion can be drawn as in FERET that with a few
patches PGFC can achieve much better performance
compared with GFC and AGFC. And, to our
knowledge, PGFC also achieves the state-of-the-art
performance on this database.
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Figure 4. Experiments on CAS-PEAL. (a) The first
five patches selected by AdaBoost. (b) The comparison
of PGFC, GFC and AGFC.

4. Conclusion

In this paper we proposed Patch-based GFC, an
effective classification algorithm aggregating patch-
based image representation through the framework of
Gabor Fisher Classifier. This algorithm overcome the
disadvantages in traditional GFC by 1) utilizing the
spatial information of Gabor features, 2) considering
the different discriminating capacity of Gabor features
and 3) reducing the variation of face which is difficult
to be model by linear subspace methods such as FDA.
Face recognition experiments on two large databases
FERET and CAS-PEAL show that the proposed
algorithm is much more robust to the variations of
accessory, expression, age, and lighting than GFC and
AGFC.
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