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Abstract

A new image representation method is proposed for
face recognition in this paper, called local Gabor
phase difference pattern (LGPDP). Unlike the
Histogram of Gabor Phase Patterns (HGPP) that
exploits the relationships of Gabor phase between
neighborhood pixels, the LGPDP captures the Gabor
phase difference relationships to represent the image.
In order to avoid the sensitivity of the Gabor phase to
location  variations, the feature encodes the
discriminative information in an elaborate way. The
impressive experimental results of the proposed
method compared with some other state-of-art
methods conducted on the FERET database and the
ORL face database demonstrate its efficiency and
validity.

1. Introduction

Face recognition has raised broad interests in both
the research and commercial communities. Many
researchers focus on the changeable problems, such as
the image representation. Various representation
methods and their improvements have been put
forward during the last decades. These methods can be
divided into two categories: holistic matching methods
and local matching methods. The holistic matching
methods use the whole face region as the input to a
recognition system. Using these methods, face images
can be projected and compared in a low-dimensional
subspace [1]-[3].

In recent years, many local matching approaches
have been proposed for face recognition and reported
promising results [4]-[7]. The general idea of them is
to locate facial components and then compare and
combine the corresponding local statistics for
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classification. Local Binary Pattern (LBP) is one of the
representative methods in this category. It was
originally put forward as an image descriptor for
texture classification and later extended to the face
recognition [4]. Another influential local matching
approach is the histogram of Gabor phase patterns
(HGPP) [8]. Taking advantage of the fact that the
Gabor phases provide useful information as well as the
Gabor magnitude, Global Gabor phase pattern (GGPP)
and local Gabor phase pattern (LGPP) are proposed to
encode phase variations. As images are decomposed
into non-overlapping sub-regions, spatial features are
extracted from them and concatenated to a histogram
for representation. This method is effective but suffers
from the location variation, which motivate us to
present a new representation method.

The proposed method in this paper encodes Gabor
phase difference relationships between neighborhood
pixels to represent the image, unlike the LGPP
exploits the Gabor phase relationships. Instead of
comparing directly and using complicated label rules
to obtain features, we design a Gabor phase difference
analysis method to extract features automatically.
These features are described as a sequence of
histograms captured from Gabor responses at different
scales and orientations. In face recognition, the
LGPDP is shown to be more powerful than the LGPP
combined with Global Gabor phase pattern and the
LGPP combined with Gabor Magnitude patterns [8]
[9].

The rest of this paper is organized as follows. In
Section 2, we describe the Local Gabor phase
difference pattern. Section 3 is the empirical
comparison of many methods with a large-scale
experiment. The detailed comparative experimental
result analysis is also included. Conclusions construct
the Section 4.
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Figure 3. Visualization of the a) resultant Gabor
phase (v=1,u =7) and b) Gabor phase difference.
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Figure 4. LGPDP (u =0,v =5.47) of four images for two
subjects. a) The first and second row list original face
images and the resultant Gabor phase. The third row is the
visualization of the LGPDPs. To observe patterns clearly,
complementary images are given in the fourth row. b) The
images are all decomposed into non-overlapping 8x8 sub-
regions. The right is the combined histogram of sub-regions.
The input images are from the FERET database that cropped
and normalized to the resolution of 64x64 .
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From the Figure 1 and Figure 2, we can see that the
LGPDP encodes the Gabor phase differences between
neighbors. The LGPDPs (u=0,v=5.47) of four
images for two subjects are illustrated in Figure 4 (a).

As the Gabor phase provides discriminative
information in classification, we present the local
Gabor phase difference pattern to encode Gabor phase
difference. However, single histogram suffers from
losing structure information and the spatial structure is
important in face recognition. Therefore, images are
decomposed into non-overlapping sub-regions, from
which local features are extracted. These local Gabor
phase difference patterns are concatenated to form an
extended histogram at each scale and orientation. This
image representation contains both the global and
local information. Examples of image region
decomposition and the concatenation of histograms are
illustrated in Figure 4 (b).

3. Experiments

The comparative experiments of the proposed
method and some other well-known methods are
conducted on the FERET database and ORL face
database [15][16]. The classifier is the nearest
neighbor classifier in the image space with the chi-
square as the similarity measurement. To perform
experiments on the FERET database, the same Gallery
and Probe sets are used as the standard FERET
evaluation protocol. In the FERET database, Fa that
contains 1196 frontal images of 1196 subjects is used
as Gallery. Fb that contains 1195 images of expression
variations, Fc that contains 194 images taken under
different illumination conditions, Dup I that has 722
images taken later in time and Dup II (a subset of Dup
I) that consists of 234 images taken at least one year
after the corresponding Gallery images, are the Probe
sets. The images are cropped and normalized to the
resolution of 64x64 . They are also decomposed into
8x8 non-overlapping sub-regions.

To validate the proposed method, recognition rates
of compared methods are listed in Table 1. It is shown
that the local Gabor phase difference pattern is more
powerful than the LBP, LGBPHS, LGBP_ Pha, and
corresponding methods with weights. The LGPDP
also outperforms the ELGBP that combines the Gabor
magnitude pattern with the Gabor phase pattern to
represent the image. Moreover, from the experimental
results of the Fa-Fc, Fa-Dup I, Fa-Dup II, the LGPDP
without weights performs better than the ELGBP with
weights. We also conduct experiments on the ORL
face database to further validate its efficiency. From
the comparative experimental results listed in Table 2,
the LGPDP also has a better performance than other
methods.



The proposed representation method based on the
Gabor phase difference achieves impressive results
without weights partly because the Gabor phase
difference  not only contains discriminative
information as Gabor phase, but also more stable and
insensitive to location variations than Gabor phase.

Table 1. The recognition rates on the FERET (%).

FERET Probe Sets
Methods
Fb Fc DupI Dup
11
PCA[1] 85.0 65.0 44.0 22.0
UMDLDA [12] 96.2 58.8 47.2 20.9

USCEBGM [12] 950 | 820 | 59.1 | 521
Bayesian, MAP [13] | 82.0 | 37.0 | 520 | 320

LBP [4] 930 | 510 | 61.0 | 500
LBP_W [4] 97.0 | 790 | 660 | 64.0
LGBPHS [7] 940 | 970 | 68.0 | 53.0
LGBPHS_W [7] 980 | 970 | 740 | 710
LGBP_Pha [9] 930 | 920 | 650 | 59.0

LGBP Pha W[9] | 960 | 940 | 720 | 69.0

ELGBP (Mag + 97.0 | 960 | 770 | 740
Pha) [9]
ELGBP (Mag + 99.0 | 960 | 780 | 77.0
Pha) W [9]
LGPDP 973 | 972 | 798 | 775

Table 2. The recognition rates on the ORL (%).

Method Recognition rates
PCA [1] 82.9
UMDLDA [12] 85.2
USCEBGM [12] 82.1
Bayesian, MAP [13] 83.5
LBP [4] 86.0
LGPDP 97.0

4. Conclusions

The Gabor phase is demonstrated can provide
useful information for classification in previous work.
In this paper, we present a new representation method
based on the Gabor phase. This method intends to
encode the local Gabor phase difference between
neighborhood pixels. The spatial histograms at each
scale and orientation are concatenated to represent the
image, which contains both the structure information
and local variations. The experimental results
compared with other methods demonstrate its validity.
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