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In this paper, we propose Learned Local Gabor Patterns (LLGP) for face representation

and recognition. The proposed method is based on Gabor feature and the concept of

texton, and defines the feature cliques which appear frequently in Gabor features as the

basic patterns. Different from Local Binary Patterns (LBP) whose patterns are predefined,

the local patterns in our approach are learned from the patch set, which is constructed

by sampling patches from Gabor filtered face images. Thus, the patterns in our approach

are face-specific and desirable for face perception tasks. Based on these learned

patterns, each facial image is converted into multiple pattern maps and the block-based

histograms of these patterns are concatenated together to form the representation of the

face image. In addition, we propose an effective weighting strategy to enhance the

performances, which makes use of the discriminative powers of different facial parts as

well as different patterns. The proposed approach is evaluated on two face databases:

FERET and CAS-PEAL-R1. Extensive experimental results and comparisons with existing

methods show the effectiveness of the LLGP representation method and the weighting

strategy. Especially, heterogeneous testing results show that the LLGP codebook has very

impressive generalizability for unseen data.

& 2009 Elsevier B.V. All rights reserved.
1. Introduction

Face recognition has attracted significant attention due
to its potential value in security applications and research
fields. Much progress has been made in the last several
decades [34]. However, due to the fact that the facial
appearances are easily affected by the variations of pose,
expression, illumination and other factors, it is still an
active and challenging research topic. Therefore, many
researchers have devoted their efforts to make face
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recognition systems more robust to these variations. One
of the key issues for successful face recognition systems is
the development of effective representations.

In the literature, numerous face representation meth-
ods have been proposed (e.g., [1,2,6,8,12,15,19,25,33]).
Among them, the appearance based approaches seem to
dominate up to now. According to how the elements of the
face representation are calculated, these methods can be
coarsely categorized into global feature based and local
feature based methods. Specifically, in global feature, its
each element is related to the whole input face image,
while in local feature, its every dimension is extracted
from some local region of the face image. It is worth
pointing out that, there is no clear boundary between
them: for local feature, with the increase of the size of the
region for feature extraction, its ‘‘globality’’ increases
correspondingly.
patterns for face representation and recognition, Signal

www.sciencedirect.com/science/journal/sigpro
www.elsevier.com/locate/sigpro
dx.doi.org/10.1016/j.sigpro.2009.02.016
mailto:sfxie@jdl.ac.cn
mailto:sgshan@jdl.ac.cn
mailto:xlchen@jdl.ac.cn
mailto:mengxin@research.nec.com.cn
mailto:wgao@jdl.ac.cn
dx.doi.org/10.1016/j.sigpro.2009.02.016


ARTICLE IN PRESS

S. Xie et al. / Signal Processing ] (]]]]) ]]]–]]]2
In the face recognition field, many global feature based
methods have been studied widely for face representation
(e.g., [2,10,11,18,24,25,29]). Among this category, the most
representative work might be those subspace based
methods, which commonly learn transform matrices from
one training set by optimizing different criteria [2,25].
Usually, most of the elements in their transform matrices
are non-zero, which implies that the extracted features
are related to the whole face image. As a typical subspace
method, Eigenfaces compute the principal vectors from
one training set and represent the face image as the
coefficients of the small set of characteristic facial images
[25]. Different from Eigenfaces, Fisherfaces extract the
discriminative information from the holistic face images
based on Fisher’s Linear Discriminant (FLD) analysis,
which maximizes the ratio of the determinant of the
between-class scatter matrix and that of the within-class
scatter matrix in the low dimensional subspace [2].
Similarly, their 2D extensions, e.g., 2D PCA [29], Binary
2D PCA (B-2DPCA) [18] and 2D LDA [10,31], are also global
feature based methods. Another kind of method is to use
the frequency coefficients as the features for face
representation, such as Discrete Fourier Transform (DFT)
[7], Discrete Cosine Transform (DCT) [4].

While global feature based face representations were
popular for face recognition, the representations based on
local feature have received more and more attention
(e.g., [1,6,12,14,17,27,30]). Generally, local features are
extracted from local facial regions. So, they are overall
robust to those facial variations due to expression, partial
occlusion and illumination, since most variations in
appearance affect only part of the face region (i.e., only
few dimensions of local features). Local feature analysis
(LFA) pioneers the study of local representation for face
recognition, which encodes the local topological structure
of face images [19]. The 2D Gabor wavelets, whose kernels
provide a useful and reasonably accurate description of
most spatial aspects of simple receptive fields, exhibit
desirable characteristics of spatial locality and orientation
selectivity [5]. Thus, Gabor feature has been broadly
studied and recognized as one of the most successful local
features for face representation. Many approaches based
on Gabor feature have been proposed for face recognition,
such as Dynamic Link Architecture (DLA) [6], Elastic
Bunch Graph Match (EBGM) [27], Gabor-Fisher Classifier
(GFC) [12], and AdaBoosted Gabor features [30]. More
recently, based on the feed-forward model of the primate
visual object recognition pathway proposed by Riesenhu-
ber and Poggio [23], S2 Facial Features (S2FF) are also
proposed for face processing [14]. Using Region Covar-
iance Matrices (RCM) proposed by Tuzel et al. [26], Pang
et al. [17] incorporate Gabor features to compute RCMs for
human face recognition, and show that its discrimination
ability is significantly greater than that of the conven-
tional RCM.

In the recent years, a few face representation methods
based on local patterns have received much attention
(e.g., [1,32,33]). They typically encode the local patterns in
a small neighborhood and utilize the block based
histograms of these patterns to represent the face image.
Evidently, the element of the block based histogram is just
Please cite this article as: S. Xie, et al., Learned local Gabor
Process. (2009), doi:10.1016/j.sigpro.2009.02.016
from certain facial part, and thus this kind of feature
belongs to local feature. One of the most representative
works might be Local Binary Patterns (LBP), which can
well describe the micro-patterns of the input image such
as flat areas, spots, lines and edges [1]. Recently, local
patterns based on Gabor feature have also been proposed
for face representation, such as Local Gabor Binary
Patterns (LGBP) [33], Histogram of Gabor Phase Patterns
(HGPP) [32]. In contrast to these approaches whose
patterns are predefined, the texton based methods
typically learn some cluster centers (i.e., textons)
and utilize their frequency for classification. In fact,
the texton based methods have been widely used for
texture classification and object categorization due
to their robustness to the large intra-class variations
(e.g., [9,22,28]). More recently, a few methods based on
texton have also been studied for face representation.
Considering that high-level facial semantic features con-
sist of those low-level micro visual structures, Meng et al.
propose Local Visual Primitives (LVP) for face modeling
and recognition [15]. By learning the centers from the
filter response vectors, Learned Visual Codebook (LVC)
[35] and Local Gabor Textons (LGT) [8] are proposed for
3D and 2D face recognition, respectively. For the purpose
of classification, the textons should not only characterize
each class of object to allow for the discrimination
between them but also generalize well beyond the
training samples [9].

In spite of the impressive performance of LBP [1] and
LGBP [33], their modes or patterns in the neighboring
pixels are designed empirically, i.e., based on the ordinal
relationship between the intensity of the center pixel and
its neighbors. It is still unclear why this empirical design is
effective to encode the discriminative local visual modes.
To say the least, neither LBP nor LGBP is specifically
designed for face recognition, so, what is the most
appropriate pattern-encoding method for face percep-
tion? Keeping this question in mind, in this paper,
we propose Learned Local Gabor Patterns (LLGP) for face
representation. Unlike LBP or LGBP, in our method, the
patterns are learned by applying the clustering approach
to the set of patches, which are sampled from the Gabor
filtered face images. Then, the face image is encoded into
multiple pattern maps based on the learned patterns.
Finally, the block-based histograms of the patterns are
concatenated together to describe the input face image.
In addition, we propose an effective weighting strategy,
which utilizes both the discriminative powers of different
facial parts and those of the different patterns. The
proposed approach is evaluated on FERET [20] and
CAS-PEAL-R1 [3] databases. Experimental results show
the effectiveness of the LLGP representation method and
the weighting strategy, especially the good generalizing
ability of LLGP representation under the heterogeneous
testing conditions.

The rest of this paper is organized as follows. Section 2
illustrates the basic idea of our approach. Section 3
presents how to construct LLGP codebooks. Section 4
describes how to apply LLGP to face recognition.
Experiments and analysis are presented in Section 5, and
Section 6 gives some conclusions and future work.
patterns for face representation and recognition, Signal
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2. Basic idea of the proposed approach

In this section, we first describe the motivation and
basic idea of the proposed approach, then present the
flowchart of LLGP for face representation, finally discuss
its difference from previous similar work.

2.1. Motivation

Recently, a few face representation methods based on the
modes defined in neighborhood, which are so called local
patterns, have been proposed (e.g.,[1,15,32,33,35]). Evidently,
for this kind of methods, how to define the patterns is
essentially important. The success of LBP and its various
extensions show that it is a desirable representation to
model the distribution modes in neighboring pixels and
encode face images with these modes. Whereas, it is worth
pointing out that, in LBP and its extensions, the patterns are
defined in the same way for face and non-face images. But
for faces, as a kind of particular objects, they can be more
accurately aligned using a few facial landmarks (e.g., the two
eyes) than most generic objects (e.g., chairs, bikes). So, it is
necessary to investigate more appropriate pattern design
methods for face perception tasks.

As shown in Fig. 1, from the generative perspective, one
face image can be represented as a hierarchical decom-
position. Specifically, the whole face can be regarded as a
composition of some facial parts such as brows, eyes, nose,
and mouth. These facial parts are further represented by a
few local patterns, which can be viewed as the basic
patterns of those patches with all kinds of variations. In
some sense, these local patterns can be regarded as the
‘‘middle layer’’ between pixels and facial parts. This implies
that their semantic meanings are stronger than the isolated
pixel, but are much weaker than those of facial parts.

As to the definition of local patterns, there have been
some researches (e.g., [1,15,16]). For example, in the LBP
operator defined in 3�3 neighborhood, images are
Fig. 1. The illustration of face hierarchical struct

Please cite this article as: S. Xie, et al., Learned local Gabor
Process. (2009), doi:10.1016/j.sigpro.2009.02.016
encoded by thresholding the eight neighbors of each pixel
with the center pixel value and considering the result as a
binary number [16]. Thus, there are totally 256 distinct
patterns. In other words, it has an implicit ‘‘codebook’’
predefined empirically, which is not designed specifically
for face images. Therefore, it is necessary to design some
novel face-specific local patterns. In our opinion, the
feature cliques which appear most frequently in facial
images might be a better choice as the local patterns since
they have the potential to reconstruct facial parts well.
Thus, we utilize the clustering approach to construct the
codebook, of which each codeword represents a kind of
local pattern that frequently appears in human face
images. Fig. 2 illustrates the constructing process of our
codebook, whose codeword is expected to represent
micro-structures that frequently appear in face images.
Semantically, these micro-structures might correspond to
some sub-components, such as eye corners, nose tips.
2.2. Overall flowchart of LLGP for face representation

In principle, the local patterns can be learned from the
face images directly. Nevertheless, in this paper, inspired by
the success of Gabor features for face recognition, we learn
the local patterns in the Gabor feature field instead of the
original grey-level intensity field. That is the reason why our
method is called LLGP. As shown in Fig. 3, the LLGP
representation method can be divided into learning phase
(Fig. 3a) and representing phase (Fig. 3b), which, respec-
tively, constructs the codebooks and encodes the face image.

Specifically speaking, as shown in Fig. 3(a), in the
learning phase, each image in the training set is filtered
with different Gabor kernels. Then, based on the whole
training set, for each Gabor kernel, one patch set is
constructed by sampling patches from the corresponding
Gabor filtered images. Finally, by applying clustering
approach to each patch set, those feature cliques
ure with multiple level of decomposition.

patterns for face representation and recognition, Signal
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Fig. 2. The process of learning the codebook.

Fig. 3. Learned Local Gabor Patterns (LLGP) for face representation (a) learning phase and (b) representing phase.
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(i.e., the cluster centers) constitute one LLGP codebook. So,
with C Gabor kernels, C LLGP codebooks are obtained.

In the representing phase, as illustrated in Fig. 3(b), the
input face image is first filtered with the Gabor kernels as
in the learning phase. Then, each Gabor transformed
image is encoded into one pattern map by mapping its
patches to the corresponding LLGP codebook pixel by
pixel. Thus, with C LLGP codebooks, C LLGP maps are
obtained. Finally, these pattern maps are spatially divided
into many non-overlapping blocks and the histograms of
all the blocks are concatenated together to form one
histogram sequence, which is used to describe the input
face.
2.3. Relation to previous work

In some sense, this paper is an extension of our
previous work named LVP [15]. The difference between
these two works lies in the following several aspects: First,
we utilize Gabor feature instead of gray-level intensity to
learn the local patterns. Since Gabor feature captures
salient visual properties such as spatial frequency, spatial
localization and orientation selectivity, the patterns
defined on Gabor feature are more effective than those
defined on gray feature. Second, we propose a simple but
effective weighting strategy. The weighting strategy
emphasizes the roles of different facial parts as well as
different patterns in face recognition, and thus enhances
the performances. Third, much more extensive experi-
Please cite this article as: S. Xie, et al., Learned local Gabor
Process. (2009), doi:10.1016/j.sigpro.2009.02.016
ments are conducted and the results are compared and
analyzed, which have shown that LLGP has achieved much
better performances.

The proposed LLGP is also closely related to the LGBP
method [33], which can be regarded as a combination of
LBP operator and Gabor feature. However, they are
evidently different in the pattern design. In LGBP, the
patterns are defined by applying LBP operator to Gabor
features. So, its patterns are predefined, e.g., for the 3�3
LBP operator, 256 patterns are defined in total. While in
LLGP, the patterns are learned from one patch set. From
the viewpoint of face representation, our patterns are
face-specific and more suitable for face perception tasks
than the generic codebooks (e.g., LBP).

More recently, LVC [35] and LGT [8] have been
proposed for face recognition, which are also based on
Gabor feature and the texton strategy. However, our
method is different from theirs in the feature domain for
codebook learning. In their works, the codebooks are
based on Gabor jet, which is defined as the concatenated
Gabor wavelet coefficients with different scales and
orientations of the pixel. In their codebook learning
process, the facial region is divided into many blocks
and a jet-based codebook is learnt for each block. There-
fore, in their method, the Gabor filters are considered
together and the amount of codebooks is equal to the
number of the blocks. However, in our approach, the
codebooks are patch-based and Gabor filter specific,
i.e., Gabor filters are considered separately in the process
of codebooks learning. Therefore, the number of
patterns for face representation and recognition, Signal
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codebooks is equal to the number of Gabor kernels used.
This implies that the learned patterns in LLGP are also
specific to different scales and orientations. By concate-
nating the histograms of all the pattern maps, the LLGP
representation reflects the feature distribution of different
scales and orientations separately. Thus, the LLGP repre-
sentation has strong representation power, and our
comparison experimental results on FERET database have
also verified that it performs better than LGT.

3. LLGP: codebook construction

Before we present the process of our codebook
construction, we briefly review the Gabor feature widely
used in face recognition field [6,12,27]. The Gabor wavelet
representation is the convolution of the image with the
Gabor kernels, which is defined as follows:

Gm;nðzÞ ¼ IðzÞ �cm;vðzÞ (1)

Here, Ið�Þ denotes the input image, * denotes the
convolution operator and cm;vð�Þ denotes the Gabor kernel
with orientation m and scale n, as defined in Eq. (2):

cm;n ¼
kkm;nk

2

s2
eð�kkm;nk

2kzk2=2s2Þ½eikm;nz � e�s
2=2� (2)

where z ¼ ðx; yÞ, k � k denotes the norm operator, and the
wave vector km;n is defined as follows:

km;n ¼ kneifm (3)

where kn ¼ kmax=f n and fm ¼ pm=8, kmax is the maximum
frequency, and f is the spacing between different kernels
in the frequency domain.

The overall process of constructing the LLGP codebooks
is illustrated in Fig. 3(a). For clarity, we further formulate
the codebook learning process for Gabor kernel with scale
n and orientation m as follows:
(1)
Pl
Pr
For each normalized image in the training face image
set, calculate its Gabor wavelet representation Gm;nð�Þ.
It is worth pointing out that, in order to reduce
unnecessary variance in patches, all the normalized
face images should be aligned by fixing the eye
centers.
(2)
 Sample patches of size m�n pixels from all Gm;nð�Þ in
the training set to form the patch set Sm;n. If we have N

images in the training set and sample c patches from
Fig. 4. Gabor kernels with 3 scales and 4 orientations used in our

ease cite this article as: S. Xie, et al., Learned local Gabor patt
ocess. (2009), doi:10.1016/j.sigpro.2009.02.016
each Gabor filtered image, there are c�N patches
in Sm;n.
(3)
 For patch set Sm;n, K-means clustering approach is
utilized to construct the LLGP codebook: Pm;n ¼ fPm;n;0;

Pm;n;1; . . . ; Pm;n;K�1g, where Pm;n;iði ¼ 0;1; . . . ;K � 1Þ
denotes the i-th cluster center and K denotes the size
of codebook.
Generally, Gabor kernels of 5 scales and 8 orientations
are used in the face recognition field. In this study, in
order to reduce both the computational cost and the final
feature dimension of the LLGP representation, only
12 Gabor kernels (i.e., 3 scales v 2 f2;3;4g and 4 orienta-
tions m 2 f0;2;4;6g) are used in this paper. So, totally
12 codebooks are constructed finally. Fig. 4 illustrates the
real and imaginary parts of the Gabor kernels used in this
paper. Because magnitudes vary slowly with positions and
provide a monotonic measure of the image properties [6],
only the magnitude features are used to construct the
LLGP codebooks in this paper.

Several other points should be noted during our
implementation process. First, one of the key issues for
K-means clustering approach [13] is the selection of initial
cluster seeds. Nevertheless, our experience shows that the
initial seeds selection does not affect the recognition
accuracy significantly. So, the first K patches sampled from
the first image are selected as the initial cluster seeds.
Second, in order to alleviate the variations of lighting, all
the sampled patches are normalized to zero mean and
unit variance. Third, the patch set is constructed by
uniformly sampling the patches from each Gabor filtered
image. For example, if the sampling grid is set to
8�8 pixels for one image with 80�88 pixels, we can get
about 110 patches in total. Under this condition, for one
image set with 1000 images, about 110,000 patches can
be obtained totally. Hence, the patch set with large size
covers the patches with more possible variations, and
the learned patterns could model the distribution of the
patches accurately.

One possible improvement about our codebook con-
struction method is to utilize the information of different
facial parts, i.e., for each Gabor filtered image, we divide it
into many blocks and each block is used to learn the
corresponding LLGP codebooks. However, this method
will result in a great number of codebooks. For example, if
each Gabor transformed image is divided into M blocks,
method (a) the real parts (b) the imaginary parts.

erns for face representation and recognition, Signal
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there are 12�M LLGP codebooks totally in this paper. In
practice, in order to get a suitable division of facial region,
M is often large (e.g., M410). Thus, it leads that several
hundred codebooks are constructed, which is much time-
consuming. In our opinion, for feature set of each Gabor
kernel, those sampled patches can be grouped into the
same cluster if they have the similar visual appearances.
Thus, our codebook construction method is a tradeoff
between the computation cost and the elaborate face
representation.

4. LLGP: face representation and recognition

This section presents how to encode a face image for
face recognition based on the learned local pattern
codebook. First, how to encode an input face image into
multiple pattern maps is described in Section 4.1. Then,
the direct LLGP histogram sequence matching for face
recognition is detailed in Section 4.2. Finally, we present
the weighted LLGP histogram sequence matching method
for face recognition in Section 4.3.

4.1. Image encoding with LLGP

With the LLGP codebooks, face images are then
encoded into multiple pattern maps of various scales
and orientations. As illustrated in Fig. 3(b), the process of
image encoding with LLGP is formulated in detail as
follows:
(1)
Pl
Pr
For an input normalized face image, compute its
Gabor wavelet representation Gm;nð�Þ.
(2)
 For each position z in Gm;nð�Þ, sample the patch pm;nðzÞ

centering at position z with the same size as the
sampled patches when learning the codebooks.
(3)
 For patch pm;nðzÞ, calculate its distance from all the
codewords in the corresponding LLGP codebook
Pm;n;i ði ¼ 0;1; . . . ;K � 1Þ and label the position z as
the index of the pattern with the minimal distance.
Formally, we have LðzÞ ¼ arg min0pipK�1Dðpm;vðzÞ; Pm;v;iÞ,
where D is the distance measure.
By performing the above operation pixel by pixel, Gm;nð�Þ

is converted into one pattern map Lm;nð�Þ, whose values
belong to the interval ½0;K � 1�.

There are several points to be noted during the process
of image encoding with LLGP. First, in order to alleviate
the variations of illumination, the sampled patches should
also be normalized to zero mean and unit variance.
Second, Euclidean distance is used to calculate the
distance between the sampled patch and the codewords.
Third, when position z is near to the boundary of the
image, the parts of the sampled patch which do not
overlap with image are filled with zero.

4.2. Block-based LLGP histogram sequence for face

representation

The LLGP pattern maps consist of the indices of the
cluster centers, so, the traditional distance measures
ease cite this article as: S. Xie, et al., Learned local Gabor
ocess. (2009), doi:10.1016/j.sigpro.2009.02.016
(e.g., Euclidean distance) are not suitable to measure the
distance between them. For example, the indices ‘‘1’’ and
‘‘60’’ have large Euclidean distance, but their perceptional
similarity might be larger than that between ‘‘1’’ and ‘‘2’’.
Histogram, as a tool to extract statistical characteristic, is
utilized to represent the pattern distribution in the
pattern maps. However, using one single histogram for
the whole image leads to serious loss of spatial informa-
tion. Therefore, in this paper, block-based histogram
method is exploited, i.e., the pattern maps are divided
into multiple non-overlapping blocks and one histogram
is computed from each block. Then, all the block based
histograms are concatenated together to form a descrip-
tion for pattern map Lm;nð�Þ, which is formally defined as
follows:

Hm;nð�Þ ¼ ½Hm;v;0;Hm;v;1; . . . ;Hm;v;M�1� (4)

Here, M denotes the number of non-overlapping blocks,
Hm;n;i ði ¼ 0;1; . . . ;M � 1Þ denotes the histogram of the i-th
block of pattern map Lm;nð�Þ and is defined as follows:

Hm;n;iðjÞ ¼
X

z

BfLm;n;iðzÞ ¼ jg; j ¼ 0;1; . . . ;K � 1 (5)

where j denotes the index of the pattern, K denotes the
size of the LLGP codebook and Bf�g is defined as follows:

BfAg ¼
1; if A is true

0; else

(
(6)

Finally, one image I is represented as one histgoram
sequence, which concatenates all the block based histo-
grams of all the LLGP pattern maps with various Gabor
scales and orientations:

HðIÞ ¼ ½Hm0 ;n0
ðIÞ;Hm0 ;n1

ðIÞ; . . . ;Hmo�1 ;ns�1
ðIÞ� (7)

where mi ði ¼ 0;1; . . . ; o� 1Þ and nj ðj ¼ 0;1; . . . ; s� 1Þ de-
notes the orientation and scale of Gabor filters, respec-
tively. Note that the final histogram sequence consists of
12�M histograms since 12 Gabor filters are used in this
paper.

4.3. Histogram sequence matching for face recognition

After block-based LLGP histogram sequence is ex-
tracted for face representation, in recognition stage, the
similarity between the two images I1 and I2 can be
computed as the similarity between their LLGP histogram
sequences by the following direct histogram sequence
matching method:

SðI1; I2
Þ ¼

X
m;v

X
i

SimðH1
m;n;i;H

2
m;n;iÞ (8)

Note that, histogram intersection is used to measure the
similarity and Nearest Neighbor rule is adopted for final
classification.

One problem of the above direct LLGP histogram
sequence matching is that all the facial parts and patterns
are treated equally for face recognition. Previous studies
have shown that different facial parts (e.g., eyes, nose) are
of different importance for face recognition [1,33]. There-
fore, it is desirable to assign different weights to different
facial parts according to their discriminative powers.
patterns for face representation and recognition, Signal
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On the other hand, the improtance of different patterns
are also different for face recognition. Recently, Pierrard
and Vetter shows that it is possible to determine a
person’s identity based on only a few well-chosen pixels
such as scars and birthmarks [21]. So, the rare features
(e.g., naevus) are more distinctive than the more frequent
features (e.g., the plain regions of the skin) for recognition.
Thus, we propose an effective weighting strategy which
utilizes the discriminative powers of both different facial
parts and various local patterns.

Formally, the similarity between the two images I1 and
I2 is revised as follows:

SðI1; I2
Þ ¼

X
m;v

X
i

wm;n;i � SimðH1
m;n;i;H

2
m;n;iÞ (9)

where wm;n;i and Hm;n;i, respectively, denote the weight and
the weighted histogram of the i-th block of pattern map
Lm;n. Compared with Eq. (5), here, Hm;n;i is redefined as
follows:

Hm;n;iðjÞ ¼$m;n;j �
X

z

BfLm;n;iðzÞ ¼ jg; j ¼ 0;1; . . . ;K � 1

(10)

where $m;n;j dentoes the weight for pattern Pm;n;j and is
defined as follows:

$m;n;j ¼
1=PercentðPm;n;jÞP

j1=PercentðPm;n;jÞ
(11)

Here, PercentðPm;n;jÞ denotes the percentage of the patches
quantized into local pattern Pm;n;j in the learning phase andP
ð�Þ denotes the sum operation. According to Eq. (11), the

weights of different patterns are normalized to the
interval [0,1]. Because the LLGP patterns are learned by
clustering, we believe that the rareness of the patterns can
be reflected by the size of the corresponding cluster.
Specifically, if the size of one cluster is large, it might
reflect the more frequent features such as the plain
regions of the skin; if the size of cluster is small, it has
the potential to represent the rare feature such as naevus.
Thus, by assigning weights $m;n;j, higher priorities are
given to those rare patterns, which can enhance the
discriminative power of our representation method.

As to the weights for different facial parts (i.e., blocks
in our method), the method presented in [33] is exploited.
In detail, given a training face dataset, the similarities of
different samples from the same person compose the
within-class variations and those from different persons
compose the between-class variations. Then, the mean
and variance of within-class and between-class simila-
rities are calculated, respectively. Finally, the weights are
calculated based on FLD criteriaon as follows [33]:

wm;n;i ¼
ðmWðm;n;iÞ �mBðm;n;iÞÞ

2

S2
Wðm;n;iÞ þ S2

Bðm;n;iÞ
(12)

Here, mWðm;n;iÞ and mBðm;n;iÞ denotes the within-class and
between-class mean of the i-th block with scale n and
orientation m, respectively; S2

Wðm;n;iÞ and S2
Bðm;n;iÞ, respec-

tively, denotes the variance of the within-class similarities
and that of the between-class similarities of the i-th block
with scale n and orientation m. Of course, these weights
Please cite this article as: S. Xie, et al., Learned local Gabor
Process. (2009), doi:10.1016/j.sigpro.2009.02.016
are also normalized to the interval [0, 1] before they are
used to weight different blocks.

5. Experiments

In order to evaluate the proposed approach, we carry
out some experiments on two large face databases: FERET
[20] and CAS-PEAL-R1 [3]. First, we evaluate our approach
with different parameters using two probe sets of FERET.
Then, we compare the results of our approach with some
previous approaches on FERET and CAS-PEAL-R1 data-
bases. Finally, we test the LLGP representation method
when the training set is heterogeneous with the testing
set.

In all our experiments, the face images are normalized
to the size of 80�88 pixels according to the eye positions
provided along with the databases. No photometric
normalization is conducted and the size of Gabor filter
window is fixed to 32�32 pixels.

5.1. Evaluation on parameter setting

The FERET was a general evaluation designed to
measure the performance of laboratory algorithms [20].
To obtain a robust assessment of performance, algorithms
were evaluated against different categories of images
including some variations such as lighting change, people
wearing glasses, and the time between the acquisition
dates of the database image. The FERET database consists
of one standard gallery (1196 images of 1196 subjects) and
four probe sets: Fb (1195 images of 1195 subjects), Fc
(194 images of 194 subjects), Duplicate I (722 images
of 243 subjects) (abbreviated as DupI), and Duplicate II
(234 images of 75 subjects) (abbreviated as DupII). Here,
we use the standard Gallery and two large probe sets, Fb
and DupI, to evaluate our approach with different
parameters. Note that, in our experiments, totally 1002
frontal images of 429 subjects selected from the FERET
training CD are used as the training set to learn the
codebooks, and the sampling step is 8�8 pixels.

According to Sections 3 and 4, there are mainly
three free parameters in LLGP: the size of the patterns
(i.e., the patch size, m�n pixels), the size (K) of each LLGP
codebook, and the block size for the LLGP histogram. Two
experiments are designed on FERET Fb and DupI probe
sets to show respectively how the rank-1 recognition rates
change with K and several m�n when the block size
is fixed (8�11 pixels), and how the recognition accuracies
change with various block sizes and some combinations of
K and m�n. The results are shown in Fig. 5.

From Fig. 5(a) and (b), we find that, by and large, the
performances get better with the increase of K. However,
when K varies from 50 to 100, the performances change
slightly, especially on Fb set. As to the size of the local
pattern, 5�5 pixels achieve the best result on Fb set while
3�5 pixels and 5�7 pixels perform the best on DupI set.
Nevertheless, by and large, these two parameters do not
affect the final results significantly, i.e., we have a large
range to set them appropriately. From Fig. 5(c) and (d),
one can find that, basically, the recognition accuracies
patterns for face representation and recognition, Signal
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decrease with the increase of the block size. The possible
reason is that a smaller block size preserves more spatial
information of the features, which is important for face
recognition.

In order to see the effects of the size of training set on
performances of LLGP, as shown in Fig. 6, we conduct a
series of experiments when the size of the image set
varies from 100 to 1000. Note that, in this experiment, the
block size for LLGP histogram is 8�11 pixels and the
Please cite this article as: S. Xie, et al., Learned local Gabor
Process. (2009), doi:10.1016/j.sigpro.2009.02.016
sampling grid is also set to 8�8 pixels. One can see that,
when the parameters (i.e., m, n, K and the block size) of
our approach are the same, the difference between the
highest and the lowest recognition rates is lower
than 1 percent despite of a slight fluctuation on the
results, i.e., the method is quite stable even with a small
training set.

Considering the different races of human being on the
earth, one might argue why the codebook constructed on
patterns for face representation and recognition, Signal
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Table 1
Comparison with some previous approaches on the standard FERET

probe sets.

Methods Probe sets

Fb Fc DupI DupII

G PCA+LDA 0.96 0.84 0.70 0.57

LBP [1]* 0.97 0.79 0.66 0.64

LGBP [33]* 0.94 0.97 0.68 0.53

Weighted LGBP [33]* 0.98 0.97 0.74 0.71

LVP [15] 0.97 0.70 0.66 0.50

Weighted LVP_FR 0.99 0.80 0.70 0.60

HGPP [32]* 0.976 0.989 0.777 0.761

Weighted HGPP [32]* 0.975 0.995 0.795 0.778

LGT [8]* 0.97 0.90 0.71 0.67

LLGP 0.97 0.97 0.75 0.71

Weighted LLGP_F 0.99 0.99 0.78 0.77

Weighted LLGP_R 0.97 0.98 0.78 0.74

Weighted LLGP_FR 0.99 0.99 0.80 0.78

Note: *denotes that the results are from the corresponding papers

directly and bold values denote the best results.
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a limited number of image set can represent all the faces.
In our opinion, there are two main reasons as below: First,
faces can be more accurately aligned (e.g., using the two
eyes) than most objects (e.g., chairs, bikes). Thus, all the
aligned face images can be further decomposed into
one hierarchical structure (Fig. 1). As mentioned in our
codebook construction process, the alignment operation
alleviates the variations (e.g., rotation) of the same patch
and this makes it possible to represent face images using
some basic local patterns. Second, the local patterns
have weak representation power because the size of the
sampled patches is small (e.g., 3�3 pixels). So, despite
that the patch set is sampled from a training set with
limited size, it is possible to learn those basic local
patterns.

Because every position in the Gabor wavelet repre-
sentation has to be labeled, the size of the patterns affects
the computation cost greatly. Furthermore, the codebook
of large size leads to the slower clustering procedure and
the smaller block size results in higher dimensional
feature. Thus, considering the tradeoff between the
computation cost and the accuracy, we set the parameters
of LLGP approach in the following experiments as follows:
m� n ¼ 5� 5, K ¼ 70 and the block size is set to 8�11
pixels.
5.2. Results on FERET

In this subsection, we compare our approach with
some previous approaches on the four probe sets of FERET.
Note that, the same training set as in Section 5.1 is also
used to learn the codebooks and all the weights of LLGP.
For clarity, hereinafter, ‘‘Weighted LLGP_F’’ denotes the
weighted LLGP approach in which only different facial
parts are weighted based on FLD criterion, ‘‘Weighted
LLGP_R’’ denotes the weighted LLGP approach in which
only different patterns are weighted based on their
rareness, ‘‘Weighted LVP_FR’’ and ‘‘Weighted LLGP_FR’’
means that both of them are weighted. The method ‘‘G
PCA+LDA’’ denotes the GFC method in [12], i.e., PCA+LDA
on down-sampled augmented Gabor features. The results
of our method are shown and compared with those of
previous methods in Table 1.

From Table 1, we can get several major observations.
First, LLGP performs much better than LVP except on Fb
set. This shows that, the local patterns defined on Gabor
feature are more effective for face recognition than those
defined on gray-level intensity. Second, LLGP outperforms
LGBP and is comparable to HGPP, which shows that the
proposed image representation method is effective for
face recognition. Third, LLGP achieves better results than
LGT. This implies that learning patch-based codebooks by
separately treating different scale and orientation as in
LLGP has stronger representation power than jet-based
codebooks. Finally, the weighting strategy based on
different facial parts and patterns is quite effective
to enhance the performances. One sees that, the results
of ‘‘Weighted LLGP_FR’’ on DupI and DupII sets are
improved about 5 and 7 percents than LLGP, respectively,
Please cite this article as: S. Xie, et al., Learned local Gabor
Process. (2009), doi:10.1016/j.sigpro.2009.02.016
and ‘‘Weighted LVP_FR’’ also performs much better than
LVP.
5.3. Results on CAS-PEAL-R1

In order to further verify the robustness of the
proposed LLGP to variations in expressions, accessories,
and lighting, more experiments are conducted on
CAS-PEAL-R1 database. CAS-PEAL-R1 database contains
30,863 images of the 1040 subjects, and displays different
sources of variations, especially Pose, Expression, Acces-
sories, and Lighting (PEAL) [3]. In this paper, we perform
comparison experiments on the three largest probe sets:
Expression (1570 images of 377 subjects), Accessory
(2285 images of 438 subjects) and Lighting (2243 images
of 233 subjects) subsets. Note that the standard training
set (1200 images of 300 subjects) of CAS-PEAL-R1 is used
to construct the LLGP codebooks and learn all the weights
needed. Fig. 7 shows some example images of these
subsets, from which one can see the large intra-class
variations, especially on the Lighting set.

Table 2 tabulates the comparisons between our
approach and some approaches on the three probe sets
of CAS-PEAL-R1. From Table 2, one can reach the similar
conclusions to those in Section 5.2. One exception is that
‘‘Weighted LLGP_F’’ performs slightly worse than LLGP on
the Lighting set. The reason might be that the variations in
the Lighting probe set are different from those of the
training set, while FLD-based weights learning is prone to
over-fitting. However, the weighting strategy based on the
rareness of patterns is not affected a lot because it just
reflects the frequency of different patterns. Thus,
‘‘Weighted LLGP_R’’ achieves better results on the Lighting
set. Another exception is that ‘‘Weighted LVP_FR’’
performs basically the same as LVP on Expression
and Accessory sets. The reason might be that, the limited
representation power of LVP leads that the learned
weights do not reflect the discriminative powers of
different blocks and patterns on these two sets. We also
patterns for face representation and recognition, Signal
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Fig. 7. Some example images in CAS-PEAL-R1 database. Note that the images in the same row are from the same person. (a) Expression; (b) Accessory and

(c) Lighting.

Table 2
Comparisons with some previous approaches on the CAS-PEAL-R1 probe

sets.

Methods Probe sets

Expression Accessory Lighting

G PCA+LDA [3]* 0.91 0.83 0.45

LGBP [3]* 0.95 0.87 0.51

LVP [15] 0.96 0.86 0.29

Weighted LVP_FR 0.96 0.86 0.33

HGPP [32]* 0.964 0.919 0.617

Weighted HGPP [32]* 0.968 0.925 0.629
LLGP 0.96 0.90 0.52

Weighted LLGP_F 0.96 0.91 0.50

Weighted LLGP_R 0.97 0.91 0.57

Weighted LLGP_FR 0.98 0.92 0.55

Note: *denotes that the results are from the corresponding papers

directly and bold values denote the best results.
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find that, on the difficult lighting set, the best result of our
approach is a little lower than that of HGPP. This might be
that the learned codebooks consist of the general code-
words, which do not represent those images under the
difficult conditions (e.g., lighting) effectively.

5.4. Generalizability of the learned codebooks

One possible concern on LLGP is the generalizing
ability of the learned codebooks. For instance, one may
doubt how it will be if the images in the training set for
the codebook learning are quite different from those of the
testing set in terms of population and/or imaging condi-
tions, which is called by us heterogeneous training set.
To investigate its influence on the performances of LLGP,
experiments are conducted by exchanging the training
sets of FERET and CAS-PEAL-R1. Specifically speaking,
when we test on the FERET probe sets, the LLGP
codebooks are constructed from the CAS-PEAL-R1 training
set; when we test on the CAS-PEAL-R1 probe sets, the
FERET training set is used to construct LLGP codebooks.
Correspondingly, the homogeneous training set denotes
the testing when the ‘‘right’’ training set is used to learn
the codebooks. In our experiments, four probe sets, i.e.,
‘‘FERET: Fb’’, ‘‘FERET: DupI’’, ‘‘CAS-PEAL-R1: Accessory’’,
‘‘CAS-PEAL-R1: Lighting’’, are used, and the comparison
results are shown in Fig. 8.
Please cite this article as: S. Xie, et al., Learned local Gabor
Process. (2009), doi:10.1016/j.sigpro.2009.02.016
From Fig. 8, it is clear that the results of the
heterogeneous training test are quite comparable to those
of the homogeneous one. In other words, the results of
LLGP approach are not influenced very much by
the heterogeneous training sets. Especially on the
CAS-PEAL-R1 Lighting set, the results of heterogeneous
test are even a little better than those of homogeneous
test. This is because the learned patterns have weak
semantic meanings due to the small size of the patches
(e.g., 5�5 pixels). Thus, although FERET and CAS-PEAL-R1
databases consist of subjects of different populations
(e.g., races), the LLGP codebooks constructed on the
different training sets might not vary a lot due to the
weak semantic meaning. This also shows that LLGP
representation has good generalizing power with different
training sets.
6. Conclusion and future work

In this paper, we propose Learned Local Gabor Patterns
(LLGP) to encode the local patterns in Gabor filtered face
images. Unlike LBP/LGBP whose patterns are manually
defined, the patterns in our approach are learned from a
training set, which implies that they are face-specific and
more desirable for face perception tasks. LLGP is evaluated
and compared with some existing local pattern
based methods especially LBP and LGBP on FERET and
CAS-PEAL-R1 database. Extensive comparison results
illustrate the effectiveness and robustness of LLGP as a
face representation method. Especially, our heterogeneous
testing results also show that the learned codebook can
well generalize to unseen face data.

From the results in this study, we can conclude that,
under the local pattern framework inspired by LBP, there
is still research space to discover more appropriate local
pattern encoding methods, at least for face-specific
perception tasks. And learning local patterns by patch-
clustering is one of the possible routes. At the same time,
the practice in this paper again proves the significance of
Gabor feature for face recognition, and its desirable
combination with local pattern encoding methods.

One problem of our approach might be that its
computation cost is a little high, because each position
in the Gabor filtered image have to be mapped to the LLGP
codebooks. Thus, one of our future efforts is to reduce the
patterns for face representation and recognition, Signal
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computational cost by utilizing some feature selection
strategies, e.g., just selecting the discriminative facial
parts to match the two images. Another problem of our
approach might be its relatively high dimensional histo-
gram feature. This can be alleviated by applying some
discriminant analysis approaches (e.g., LDA) to the
histogram features.

From the generative viewpoint, this paper makes a
preliminary attempt to learn and encode the local
patterns in Gabor domain. Evidently, if more constraints
such as discrimination, saliency, or sparseness, are
imposed in the process of codebook construction, the
learned patterns can be more suitable for classification
tasks. This will be our main future efforts.
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