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Abstract—In the literature of psychophysics and neurophysi-
ology, many studies have shown that both global and local features
are crucial for face representation and recognition. This paper
proposes a novel face recognition method which exploits both
global and local discriminative features. In this method, global
features are extracted from the whole face images by keeping the
low-frequency coefficients of Fourier transform, which we believe
encodes the holistic facial information, such as facial contour. For
local feature extraction, Gabor wavelets are exploited considering
their biological relevance. After that, Fisher’s linear discriminant
(FLD) is separately applied to the global Fourier features and
each local patch of Gabor features. Thus, multiple FLD classifiers
are obtained, each embodying different facial evidences for face
recognition. Finally, all these classifiers are combined to form a
hierarchical ensemble classifier. We evaluate the proposed method
using two large-scale face databases: FERET and FRGC version
2.0. Experiments show that the results of our method are impres-
sively better than the best known results with the same evaluation
protocol.

Index Terms—Ensemble classifier, face recognition, Fisher’s
linear discriminant (FLD), Fourier transform, Gabor wavelets,
global feature, local feature.

I. INTRODUCTION

F ACE recognition from still images and video sequence
has been an active research area due to both its scien-

tific challenges and wide range of potential applications such as
biometric identity authentication, human-computer interaction,
and video surveillance. Within the past two decades, numerous
face recognition algorithms have been proposed as reviewed in
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the literature survey [1]. Even though we human beings can
detect and identify faces in a cluttered scene with little effort,
building an automated system that accomplishes such objective
is very challenging. The challenges mainly come from the large
variations in the visual stimulus due to illumination conditions,
viewing directions, facial expressions, aging, and disguises such
as facial hair, glasses, or cosmetics.

As in any pattern classification task, feature extraction plays
a key role in face recognition process. In feature extraction
stage, a proper face representation is chosen to make the
subsequent face processing not only computationally feasible
but also robust to possible intrinsic and extrinsic facial vari-
ations. Existing face representations fall into two categories:
global-based and local-based. In the global-based face repre-
sentation, each dimension of the feature vector contains the
information embodied in every part (even each pixel) of the
face image, thus corresponds to some holistic characteristic of
the face. In contrast, for the local-based face representation,
each dimension of the feature vector corresponds to merely
certain local region in the face, thus only encodes the detailed
traits within this specific area.

In the literature of face recognition, there are various face rep-
resentation methods based on global features, including a great
number of subspace-based methods and some spatial-frequency
techniques. Subspace-based methods, such as principal com-
ponent analysis (PCA) [2], Fisher’s linear discriminant (FLD)
[3] and independent component analysis (ICA) [4], have been
widely recognized as the dominant and successful face repre-
sentation methods. These methods attempt to find a set of basis
images from a training set and represent any face as a linear
combination of these basis images. Many researchers also pro-
pose to extract facial features by using spatial-frequency tech-
niques, such as Fourier transform [5], [6] and discrete cosine
transform (DCT) [7], [8]. In these methods, face images are
transformed to the frequency domain and only the coefficients
in the low-frequency band are reserved for face representation.
One of the merits of these methods, compared with the sub-
space-based methods, is that they do not need a training process
to learn the basis images.

While global-based face representations were popular for
face recognition, recently, more and more attempts are made to
develop face recognition systems based on local features, which
are believed more robust to the variations of facial expression,
illumination and occlusion etc.

In [9], Penve and Atick proposed local feature analysis (LFA)
to encode the local topological structure of face images. LFA is
considered as local method as it utilizes a set of kernels to im-
plicitly detect the local structure such as eyes, nose, and mouth.
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Timo et al. [10] adopted local binary pattern (LBP), which is
originated from the area of texture analysis, for face represen-
tation. In their method, LBP operator is first applied and then
the resulting LBP “image” is divided into small regions from
which histogram features are extracted. The idea of dividing
face image is also used in the component-based methods, in
which the face image is divided into some blocks by a certain
rule. Then, the image blocks may be taken as inputs of classi-
fiers (e.g., SVM [11]) or given to next step for further feature
extraction (e.g., PCA [12], [13], FLD [14]).

Among various local features, especially, Gabor wavelets
have been recognized as one of the most successful local feature
extraction methods for face representation due to their biolog-
ical relevance. The 2-D Gabor wavelets [15], whose kernels
are similar to the 2-D receptive field profiles of the mammalian
cortical simple cells, exhibit desirable characteristics of spatial
locality and orientation selectivity, and are optimally localized
in the space and frequency domains. Typical face recognition
methods based on Gabor features include the elastic bunch
graph matching (EBGM) [16], Gabor–Fisher classifier (GFC)
[17], AdaBoost-based Gabor feature selection [18], and local
Gabor binary pattern (LGBP) [19]. Especially, in recent years,
Gabor wavelets are often combined with discriminant analysis
methods (e.g., FLD) to further enhance the performances of
face recognition systems [17], [20]–[23].

Although many successful face representation methods based
on global or local features have been proposed, it remains an
open problem that what is the most suitable representation for
face recognition. However, in the literature of psychophysics
and neurophysiology, many studies have shown that both global
and local features are crucial for human face perception. More-
over, global and local features play different roles in the process
of face perception and recognition. Global features describe the
general characteristics of the holistic face and they are often
used for coarse representation. Differently, local features re-
flect and encode more detailed variations within some local fa-
cial regions. Thus, it is proper to use local features for finer
representation.

Following the above studies, it is natural to expect better per-
formance of face recognition by combining global and local
information. The EBGM method [16] had pioneered such an
idea, since in EBGM global topological information is modeled
as the structure of the graph and local information is encoded
as the attribute of the nodes. In addition, Fang et al. [24] pro-
posed to combine global PCA features and component-based
local features extracted by Haar wavelets. Kim [14] proposed
an effective face descriptor by decomposing a face image into
several components, extracting FLD features from each compo-
nent, and finally combining these component FLD features to-
gether with the features extracted by using a holistic FLD. Sim-
ilar idea was proposed in another paper [25], in which the au-
thors experimentally showed that the combined subspace gives
smaller Bayesian error than the subspaces of either the global
or local features. Lee [26] combined local structures extracted
by local feature analysis (LFA) into composite templates which
show compromised aspects between kernels of LFA and Eigen-
faces. Lin and Tang [27] introduced a multilayer framework for
high resolution face recognition. In their method, PCA followed

by regularized FLD is exploited to model global appearance and
facial organs. Meanwhile, discriminative multiscale texton fea-
tures and SIFT-activated pictorial structure are used to extract
local features such as skin and subtle details.

In this paper, following the same basic belief of combining
global and local features, we propose a novel hierarchical
ensemble classifier (HEC) for face recognition by combining
global Fourier features and local Gabor features. Specifically,
in our method, global features are extracted from the whole
face images firstly by 2-D discrete Fourier transform. Then,
the real and imaginary components of the low frequency band
are concatenated to form a single feature vector, called by us
global Fourier feature vector (GFFV), for further process. For
local feature extraction, Gabor wavelet transform is exploited.
Firstly, Gabor wavelets are used to extract local features at
every position of the face image. Then, these features are
spatially grouped into a number of feature vectors, each corre-
sponding to a local patch of the face image and called by us a
local Gabor feature vector (LGFV). After the above processes,
a face image can be represented by one GFFV and multiple
LGFVs. These feature vectors encode diverse discriminatory
information: GFFV contains global discriminatory information
and each LGFV embodies discriminatory information within
certain local region. In order to make full use of all these diverse
information, we propose to train multiple component classifiers
by applying FLD on GFFV and each LGFV respectively, and
then combine them into one ensemble classifier appropriately.
The proposed method is extensively evaluated on the FERET
and FRGC databases, and impressive results are achieved.
Especially, on FRGC Experiment 4, we have achieved a verifi-
cation rate of 89% at FAR of 0.1%, while the best known result
was 81%.

The remaining parts of this paper are organized as follows. In
Section II, face representation based on global and local features
is proposed. In Section III, the construction of the hierarchical
ensemble classifier is presented. In Section IV, experiments and
analyses are conducted, followed by conclusion and discussion
in the last section.

II. EXTRACTION OF GLOBAL AND LOCAL FEATURES FOR
FACE REPRESENTATION

As mentioned previously, global and local facial features play
different roles in face perception. Therefore, it is necessary to
combine them together smartly. Intuitively, local information
is embedded in the detailed local variations of facial appear-
ance, while global information means the holistically structural
configuration of facial organs, as well as facial contour. Thus,
from the viewpoint of frequency analysis, global features should
mainly correspond to the lower frequencies, while local features
should be of high frequency and dependent on position and ori-
entation in the face image. Considering that, in this paper, global
information is represented as the Fourier coefficients in low fre-
quency band, and local information is encoded as the responses
of multiscale and multiorientation Gabor wavelets.

It is known that the Gabor wavelet is a Gaussian modulated
Fourier transform. Therefore, it can be tuned to extract global
(usually low frequency) features by increasing the bandwidth
and the radius of its Gaussian modulator. However, doing like

Authorized licensed use limited to: INSTITUTE OF COMPUTING TECHNOLOGY CAS. Downloaded on August 24, 2009 at 06:38 from IEEE Xplore.  Restrictions apply. 



SU et al.: HIERARCHICAL ENSEMBLE OF GLOBAL AND LOCAL CLASSIFIERS FOR FACE RECOGNITION 1887

Fig. 1. Illustration of the different roles of global and local features in face
recognition. See text for the detailed explanation. (The original faces in this
figure are from P. Sinha, and T. Poggio, “Last but not least: ’United’ we stand”,
Perception, 31(1), p.133, 2002.).

this is not as computationally desirable as using Fourier trans-
form directly. Specifically, we hope the global features should
be compact and orientation-independent. If we apply multiple
Gabor wavelets to achieve orientation-independent, the compu-
tational burden of global feature extraction will increase signif-
icantly. In addition, the high dimensionality of Gabor features
also brings the problem of “curse of dimensionality” and makes
the following process much computationally expensive. That
is the reason why Fourier transform rather than tuned Gabor
wavelets is adopted to extract global features in this paper.

In what follows, we first illuminate the different roles of
global and local features. Then, the detailed process of global
and local feature extraction is introduced.

A. Different Roles of Global and Local Features
In this sub-section, different roles of global and local features

are illustrated intuitively using two interesting example images.
As shown in Fig. 1, the leftmost two input faces are artificial,
whose main components (eyes, nose, and mouth) are actually
from an identical person. But they have different facial contours
and hairstyles. Therefore, they look holistically very dissimilar
in terms of the overall structural configuration, hair and facial
contour. Consequently the classifier based on global features
will report them as different persons. However, the classifier
comparing their local components is apt to reporting them as the
same person, since their components are almost the same. The
conflicting results of the two classifiers interestingly reflect the
above-mentioned different roles of global and local information,
which suggests that ideal classifier should be the combination of
the two “experts.”

B. Extraction of Global Fourier Features
In this paper, 2-D Discrete Fourier Transform (DFT) is

adopted for global feature extraction. An image can be trans-
formed by 2-D DFT into frequency domain as follows:

(1)

Fig. 2. Reconstruction of the face images by using only low-frequency Fourier
coefficients (30% energy reserved).

where represents a 2-D image of size by pixels,
and are frequency variables.

When the Fourier transform is applied to a real function, its
outputs are complex numbers, that is

(2)

where and are the real and imaginary compo-
nents of respectively. Thus, after Fourier transform, a
face image is represented by the real and imaginary components
of all the frequencies.

Though all the frequencies contain information about the
input image, different bands of frequency play different roles.
It is known that generally low frequencies reflect the holistic
attributes of the input image. This can be illustrated intuitively
by observing the effects of inverse transform with only the
frequency band of interest. Fig. 2 gives some examples of
inverse transform by using only the low frequency bands (about
30% of all the energy). From Fig. 2, one can safely conclude
that the low frequencies indeed mainly contain information
about the global structural configuration of the facial organs
and the contour of the face. It is also apparent that these
low-frequency features are very robust to the detailed local
variations in appearance due to facial expressions, noise, and
so on. In Section IV, these characteristics are further validated
by experiments.

Consequently, in our method, only the Fourier coefficients in
low frequency band are reserved as global features. Specifically,
for a face image, after Fourier transform, the real and imagi-
nary components in the low frequency band are concatenated
into a single feature vector, named global Fourier feature vector
(GFFV). As shown in Fig. 3, for both real and imaginary compo-
nents, only those within low frequency band are reserved, which
are illustrated by the white squares in the figure.

C. Extraction of Local Gabor Features

In recent years, face descriptors based on Gabor wavelet
transform (GWT) have been recognized as one of the most
successful face representation methods. Gabor wavelets are in
many ways like Fourier transform but have a limited spatial
scope. 2-D Gabor wavelets are defined as follows [15]:

(3)
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Fig. 3. Global feature extraction by 2-D DFT.

Fig. 4. Real part of the 40 2-D Gabor wavelets with five scales and eight
orientations.

where , gives the frequency,
gives the orientation. As can be seen

from the definition, Gabor wavelet consists of a planar sinu-
soid multiplied by a 2-D Gaussian. The Gaussian insures that
the convolution is dominated by the region of the image close
to the center of the wavelet. That is, when a signal is convolved
with a Gabor wavelet, the frequency information near the center
of the Gaussian is encoded and frequency information far away
from the center of the Gaussian has a negligible effect. There-
fore, compared with Fourier transform which extracts the infor-
mation in the whole face region, Gabor wavelets only focus on
some local areas in the face and extract information of specific
scale and orientation within these local areas.

Gabor wavelets can take a variety of different forms with dif-
ferent scales and orientations. Fig. 4 shows the real part of the
40 Gabor wavelets with 5 scales and 8 orientations. Evidently,
Gabor wavelets with a certain orientation respond to edges and
bars along this direction, and Gabor wavelets with a certain scale
extract the information in the corresponding frequency band.
Thus, Gabor wavelets can extract more details in some impor-
tant facial areas such as eyes, nose and mouth, which are very
useful for face representation.

Given the above-defined Gabor wavelets, Gabor features are
then extracted by convolving them with sub-windows sliding the
face image pixel by pixel. Thus, if all the Gabor features are con-
catenated to form a single feature vector (we call it holistic rep-
resentation, as in GFC [17]), the locality information (or neigh-
boring information) provided by the spatial locations of Gabor
features is not completely utilized. However, human faces con-
tain some components with fixed high-level semantics such as
eyes, nose and mouth. Consequently, the locality information
is very meaningful for face modeling. In this work, in order to

Fig. 5. Procedure of LGFVs construction. In our method, GWT is first applied
to the whole face image, and then the resulting Gabor features are spatially
grouped to obtain multiple LGFVs.

reserve more locality information, Gabor features (only mag-
nitudes) are spatially grouped into a number of feature vectors
named local Gabor feature vector (LGFV), each of which corre-
sponds to a local patch of the face image. We call it patch-based
representation. LGFV is of relatively low dimensionality, which
can greatly facilitate the sequent process. In addition, the patch-
based representation is more robust to lighting variation than the
holistic representation. The reason is that the lighting variation
within each patch is much smaller than that within whole face
image, thus, can be better modeled by the following subspace
learning (e.g., FLD). This point is further validated by the ex-
periment in Section IV.

Naturally, one problem further arises: how to spatially group
the Gabor features. Intuitively, these local patches should be lo-
cated according to the facial features such as eyes, nose, and
mouth. However, this requires accurate localization of these fa-
cial features, which is still very challenging. In our previous
work [28], the patches are artificially and empirically designed.
However, in this paper, we propose a patch selection method
to automatically determine the positions and sizes of the local
patches. Specifically, a feature selection method is adopted to
select a number of local patches with high discriminability from
a large number of possible local patches. Fig. 5 illustrates the
idea of LGFVs construction based on the preselected image
patches. In the following subsection, we will introduce the patch
selection process in detail.

D. Patch Selection via Greedy Search

In principle, in case of allowing overlapping, the local patch
can locate at any position in the image and be of any size. Thus,
we will have too many candidate patches to construct LGFVs.
Fortunately, their discriminating capacities are different and
they are correlative. Therefore, it is feasible to learn only part of
them with the largest discriminating capacities and at the same
time with as little correlation as possible. By considering the
candidate patches as “features”, the problem of patch selection
can be cast as feature subset selection.

In this paper, the wrapper methodology proposed by Kohavi
and John [29] is exploited to address the problem of feature
subset selection. In the wrapper methodology, the prediction
performances of feature subsets, usually computed on a val-
idation set, are adopted to evaluate the usefulness of them.
The measure of prediction performance depends on the task
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