
Log-Gabor Weber Descriptor
for Face Recognition

Jing Li, Nong Sang(B), and Changxin Gao

National Key Laboratory of Science and Technology on Multi-spectral
Information Processing, School of Automation, Huazhong University

of Science and Technology, Wuhan, China
nsang@hust.edu.cn

Abstract. It is well recognized that image representation is the most
fundamental task of the face recognition, effective and efficient image
feature extraction not only has small intraclass variations and large
interclass similarity but also robust to the impact of pose, illumination,
expression and occlusion. This paper proposes a new local image descrip-
tor for face recognition, named Log–Gabor Weber descriptor (LGWD).
The idea of LGWD is based on the image Log-Gabor wavelet represen-
tation and the Weber local binary pattern(WLBP) features. The main
motivation of the LGWD is to enhance the multiple scales and orienta-
tions Log-Gabor magnitude and phase feature by applying the WLBP
coding method. Histograms extracted from the encoded magnitude and
phase images are concatenated into one to form the image description
finally. The experimental results on the ORL, Yale and UMIST face
database verify the representation ability of our proposed descriptor.

1 Introduction

Face recognition, as one of the most focused research topic in image processing,
pattern recognition and computer vision, has been widely applied in many fields,
such as access control, video surveillance and human-computer interaction etc.
Although numerous approaches have been proposed and tremendous progress
has been made, during the past decades, it could still not perform as well as
desired under uncontrolled conditions. Therefore, how to extract robust and
discriminative features is of vital importance to face recognition.

In the literature, the two-dimensional image feature extraction approaches
for face recognition can be mainly divided into two categories: holistic feature
methods and local feature methods. Holistic feature methods take a single fea-
ture, which is extracted from the whole face image, as image description for
face recognition. Principal component analysis (PCA) [1], linear discrimination
analysis (LDA) [2], independent component analysis (ICA) [3], locality preserv-
ing projection (LPP) [4] and local linear embedding (LLE) [5] are the typical
ones of this kind. They can be unified into a general framework known as graph
embedding [6]. However, the performance of this class of approaches depends
greatly on the training set and is liable to be influenced by the expression, pose,
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illumination, misalignment, occlusions and so on. On the other side, local feature
methods are more robust in uncontrolled conditions. They generally divide the
images into several sub-images, extract the features of every one separately. Then
combine the feature of each sub-image into a single feature vector by adopting
the information fusion methods for further recognition or to combine the recog-
nition result of each sub-image. Gabor filters based method is one of the most
representative local feature extraction methods. It has been widely investigated
owing to its superior performances in uncontrolled environments [7]. However,
the properties of Gabor filters principally involve two drawbacks. One is that,
in order to prevent a too high DC component, the bandwidth of a Gabor filter
is typically limited to one octave. Hence, a larger number of filters are needed
to cover the desired spectrum. The other is that their response is symmetrically
distributed around the center frequency, which results in redundant information
in the lower frequencies that could instead be devoted to capture the tails of
images in the higher frequencies.

An alternative to the Gabor filter is the Log-Gabor filter. It has all the merit
of Gabor filter and additionally can be constructed with arbitrary bandwidth
and the bandwidth can be optimized to produce a filter with minimal spatial
extent. Hence, in this work we prefer to use Log-Gabor filter to extract mul-
tiple scales and orientations image information. Log-Gabor filter based feature
extraction methods have been excellently applied to image enhancement [8], seg-
mentation [9], edge detection [10] and so on. The existing Log-Gabor transform
based image representation methods are mainly categorized into three classes.
The first class tries to devises a high dimensional Log-Gabor magnitude fea-
ture vector and then reduces its dimension using feature dimension reduction
methods PCA and ICA [11]. The second class attempts to divide the image into
small patch and its Log-Gabor magnitude mean and standard deviation are used
to represent image [12]. The third class applied phase quantization to extract
the phase information of the resultant Log-Gabor transform image and gener-
ate the binary face image template for recognition [13]. The local magnitude
of Log-Gabor transform indicates the energetic information of the image, while
the local phase is independent of the local magnitude and it can be used to
distinguish between different local structures. To the best of our knowledge, the
complementary effect taken by combining magnitude and phase feature simul-
taneously on the image feature extraction problem has not been systematically
explored in the current work.

Derived from Weber’s law, Weber local binary pattern(WLBP) [14] is a pow-
erful local descriptor and it has exhibited impressively performance than other
widely used descriptors. To further fully exploit the potential rich discrimination
texture information embedded in the magnitude and phase feature of the image
Log-Gabor transform, in this paper, we propose an image representation scheme,
namely Log-Gabor Weber Descriptor (LGWD). LGWD encodes the local pat-
tern of Log-Gabor magnitude and phase feature by using the WLBP. Firstly, we
use the Log-Gabor transform to extract the magnitude and phase feature of the
image. Secondly, the WLBP descriptor is used to encode information of the
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magnitude feature, while the phase quantization and the local XOR coding
method based WLBP descriptor is utilized to encode the phase feature. Lastly,
histogram feature extracted from magnitude and phase are concatenated to
one to form the final image representation feature vector; chi-square distance
is adopted to measure the similarity between two different LGWD histograms.
The experimental results on three benchmark face databases achieved compet-
itive performance compared to other methods. This verified the efficiency and
effectiveness of the proposed LGWD based face image representation method.

The remaining part of the paper is organized as follows. In Sect. 2, we give
a brief review of related Log-Gabor transform and WLBP descriptor. Our Log-
Gabor Weber Descriptor based face image representation method is described
in detail in Sect. 3. Experimental results are presented and discussed in Sect. 4.
Finally, Sect. 5 contains our conclusions and plans for future research work.

2 Related Works

2.1 Log-Gabor Transform

Log-Gabor filters [15,16] have Gaussian transfer functions when viewed on the
logarithmic frequency scale. Due to the singularity of log function, the two-
dimensional Log-Gabor filter needs to be constructed in the frequency domain
and can only be numerically constructed in the spatial domain via the inverse
Fourier transform. In polar coordinates system, it comprises two components,
namely the radial filter component and the angular filter component. The fre-
quency response of the two compontents are described as following two expres-
sions respectively.

Gr(r) = exp(
log(r/f0)

2 · σ2
r

) (1)

Gθ(θ) = exp(− (θ − θ0)2

2 · σ2
θ

) (2)

The transfer function of the overall Log-Gabor filter is constructed by multiply-
ing the frequency response of the two components together as

G(r, θ) = Gr(r) · Gθ(θ) = exp(
log(r/f0)

2 · σ2
r

) · exp(− (θ − θ0)2

2 · σ2
θ

) (3)

where (r, θ) represents the polar coordinates, f0 is the center frequency of the
filter and it is related to our current scale n by f0 = minWave × multn, in
which minWave is the wavelength of smallest scale filter, mult is the scaling
factor between successive filters. θ0 is the orientation angle of the filter, σr and
σθ determine the scale bandwidth and the angular bandwidth respectively. In
our experiments, the spatial frequency domain is divided into 6 orientations
(m = 0, 1, . . . , 5) for each of 4 scales (n = 0, 1, . . . , 3) resulting in a filter bank
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of 6 × 4 = 24 filters. minWave = 3.0, mult = 1.7, σr = 0.65. The parameters
were chosen such that the Log-Gabor filter bank spanned roughly two octaves
with some degree of overlap between successive filters. The primary effect of
adjusting these parameters is to vary the scale of regions which respond strongly
to symmetry processing - thus they were chosen to compromise between small
and large sub-patterns.

The image Log-Gabor transform is implemented in the frequency domain.
First, using the Fast Fourier Transform(FFT), transforms the image from the
spatial domain to the frequency domain. Then, multiply fourier transformed
image with the Log-Gabor frequency response, Log-Gabor transformed image
is obtained by taking the inverse Fourier transform of multiplied resultant as
following:

Io−m,n = IFFT (IF (μ, ν) · Gm,n(μ, ν)) (4)

where IF (μ, ν) is the Fourier transform of the input image, Gm,n(μ, ν) is the
frequency response of Log-Gabor filter with orientation m and scale n, Io−m,n is
the Log-Gabor transformed image with the filter Gm,n. Io−m,n is a complex with
two parts, i.e., real part Ire−m,n and imaginary part Iim−m,n. Based on these
two parts, the magnitude and phase feature of image Log-Gabor transform can
be computed by the following two formulas respectively.

IMag(z) =
√

I2re−m,n(z) + I2im−m,n(z) (5)

IPhas(z) = atan2(Ire−m,n(z), Iim−m,n(z)) (6)

2.2 Local Weber Descriptor

The Weber Local Descriptor(WLD) [17] is derived from Weber’s Law, which
was proposed by the German physiologist Ernst Weber in 1834. The Weber’s
law [18] states that the smallest change in the intensity of a stimulus capable
of being perceived is proportional to the intensity of the original stimulus. This
implies that the ratio of the change in the intensity of the stimulus reflects
the degree of human perception of the stimulus. The WLD was proposed to
characterize texture information of an image by considering the ratio of changes
in pixel intensity which can be considered as stimulus information for visual
perception [17].

As an improvement on the WLD, WLBP [14] contains differential excita-
tion component and Local Binary Pattern(LBP) component. These two com-
ponents are complementary to each other. Specifically, differential excitation
preserves the local intensity information but omits the orientations of edges. On
the contrary, LBP describes the orientations of the edges but ignore the intensity
information.

Differential excitation measures the ratio of change in pixel intensity between
a center pixel against its neighbors. It captures the local salient visual patterns.
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For example, a high differential excitation value indicates that center pixel poten-
tially belongs to an edge or a spot as there is a strong difference in pixel intensity
between center pixel and its neighbors.

In the case of 3× 3 neighborhoods, xi denotes the i− th neighbors of central
point xc and p is the number of neighbors, here p = 8. For simplicity, in this
work, the differential excitation is computed following the defination of original
WLD [17]:

α = arctan(
p−1∑
i=0

xi − xc

xc
) (7)

where the arctan function is applied to prevent the output from being too large
and thus could partially suppress the side-effect of noise. Then α is linearly
quantized into T dominant differential excitations as following:

ξi = floor(
α + π/2

π/T
) i = 0, 1, 2, · · · , T − 1 (8)

where floor(x) is a function, which returns the largest integer less than or equal
to x. The differential excitations α within

[
(−π

2 + (i−1)π
T ), (−π

2 + iπ
T )

]
are conse-

quently quantized to ξi. In this work, we set T = 8.
LBP operator, proposed by Ojala et al. [19], is a powerful means of texture

description. Compared to the orientation component of WLD, LBP can extract
more local structure information and it has been proven to be highly discrimi-
native. With the LBP component, local micro-patterns corresponding to spots,
edges and flat areas are all extracted. The formulas for computing LBP is shown
as the following:

LBP (xc) =
∑

i

s(xi − xc)2i (9)

s(x) =

{
1 if x ≥ 0
0 if x < 0

(10)

In which si and xc are the value of neighbor and center points respectively. When
8 neighbour points are chosen, it will be produced 28 different binary patterns.
In order to reduce the LBP histogram dimension, we use the rotation invariant
uniform mapping method proposed in [19] to reduce the number of bins from
256 to 10.

After coding the image with WLBP, a two-dimensional histogram of differ-
ential excitation and LBP of the image can be defined as

HWLD(t, c) =
I−1∑
i=0

J−1∑
j=0

I(ξ(xij) = t)I(LBP (xij) = c), c ∈ C, t ∈ T (11)
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where I × J is the dimensionality of the image, xi,j is the pixel at location (i, j)
in the image coordinates, T is the number of intervals of differential excitation,
C is the number of the LBP code, and

I(A) =

{
1 if A is true
0 otherwise

(12)

Note that in this two-dimensional histogram, each column corresponds to a cer-
tain LBP coding, and each cell H(t, c) corresponds to the frequency of a certain
differential excitation interval on a LBP code. The two-dimensional histogram
is further reshaped into a one-dimensional histogram by concatenating all the
elements of H(c, t). Therefore, the size of the final descriptor is T × C.

3 The Proposed Approach

In this section, we describe the proposed LGWD, which contains two parts: Log-
Gabor magnitude Weber descriptor (LGMWD) and Log-Gabor phase Weber
descriptor (LGPWD). The first part encodes the variation of image Log-Gabor
magnitude feature between the central and its surrounding pixels, whereas the
second part encodes the variation of Log-Gabor phase feature. Figure 1 illustrates
the flowchart of the proposed LGWD.

Fig. 1. Flowchart of the proposed LGWD.

3.1 Log-Gabor Magnitude Weber Descriptor (LGMWD)

In image Log-Gabor transform, the magnitude feature is a measurement of local
energetic information. For example, high magnitude usually indicates higher
energetic local features (e.g., edges, lines, textures). Apply the WLBP oper-
ator over each Log-Gabor magnitude feature map to encode the variation of
local energy. Suppose that LGMWD histogram extracted from magnitude image
IMag−m,n is HM−m,n, the overall LGMWD of the input image is

HM = [HM−0,0,HM−0,1, . . . , HM−3,5] (13)



Log-Gabor Weber Descriptor for Face Recognition 547

3.2 Log-Gabor Phase Weber Descriptor (LGPWD)

To encode the Log-Gabor phase feature map use the WLBP operator, one differ-
ence with LGMWD is that the binary sequence of LBP component of LGPWD
is generated by judging whether the phase of center pixel and its neighbours
belong to the same interval(e.g., [90◦, 180◦]).

Briefly speaking, when compute the LBP component of LGPWD, phases are
firstly quantized into different range, then local XOR coding method is applied
to the quantized phases of the central pixel and each of its neighbors, and finally
the resulting binary labels are concatenated together as the local pattern of the
central pixel. The LBP component of LGPWD in binary and decimal form is
defined as follows:

LBPm,n(zc) =
[
BP

m,n, BP−1
m,n , . . . , B1

m,n

]
binary

=

[
P∑

i=1

2i−1Bi
m,n

]

decimal

(14)

where zc denotes the central pixel position in the Log-Gabor phase feature map
with scale n and orientation m , P is the size of neighborhood, and Bi

m,n denotes
the pattern calculated between zc and its neighbor zi, which is computed as
follows:

Bi
m,n = q(Φm,n(zc)) ⊗ q(Φm,n(zi)) i = 1, 2, . . . , P (15)

where Φm,n(zc) denotes the phase value of pixel zc, ⊗ denotes the local XOR cod-
ing operation, which is based on XOR operator, as defined in (16); q(·) denotes
the quantization operator, which calculates the quantized code of phase accord-
ing to the number of phase ranges N , as defined in (17)

c1 ⊗ c2 =

{
0 if c1 = c2

1 otherwise
(16)

q(Φm,n(·)) = floor(
Φm,n(·)
π/N

) (17)

Apply the WLBP operator over each Log-Gabor phase map to encode the
variation of local phase. Suppose that LGPWD histogram extracted from phase
image IPha−m,n is HP−m,n, the overall LGPWD of the input image is

HP = [HP−0,0,HP−0,1, . . . , HP−3,5] (18)

3.3 LGWD Image Representation and Classification

Once the multiple scales and orientations LGMWD and LGPWD histogram
features are extracted from each transformed image, it is necessary to combine
them in a manner to take advantage of the magnitude and phase feature. In this
work, LGMWD and LGPWD histograms are simply concatenated into a single
feature vector to represent the image as follows

H = [HM ,HP ] (19)
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Nearest Neighbor with chi-squared distance is used for classification. Sup-
pose H1 and H2 are two normalized LGWD histogram, the chi-square distance
between two histograms is defined using the following form:

χ2(H1,H2) =
1
2

∑
i

(H1i − H2i)2

H1i + H2i
(20)

4 Experiments

4.1 Face Databases

Three benchmark face database: ORL face database, Yale face database and
UMIST face database are used in the experiments to evaluate the performances
of the proposed face image representation method.

ORL face database [20] contains 10 different images of each of 40 distinct
subjects. The size of each image is 92×112 pixels, with 256 grey levels per pixel.
For some subjects, the images were taken at different times, varying the lighting,
facial expressions and facial details.

Yale face database [2] contains 165 grayscale images of 15 individuals, 11
images per subject, where there are rich illumination, expression and occlusion
variations. The size of each image is 100 × 100 pixels, with 256 grey levels per
pixel.

UMIST face database [21] consists of 564 images of 20 people. Each subject
covers a range of poses from profile to frontal views and a range of race, sex and
appearance. For simplicity, the pre-cropped version of the UMIST database is
used in this experiment. The size of cropped image is 92 × 112 pixels with 256
gray levels.

In a word, face images used in the experiments have a large variation in
terms of pose, illumination, expression, occlusion, race and time lapse. Test on
these images can have a comprehensive evaluation of the robustness of the image
representation method to these factors. Figure 2 illustrates some example facial
images of three subjects from three face databases.

For each database, we randomly partitioned it into K (K = 10, 8, 5) subsets.
Among the K subsets, one is used as training data, and the remaining
K-1 ones as validation data for testing. The final results is the average
recognition accuracy of the K iterations. For equal comparison, we collect the
histogram from the whole image which will result in lower recognition rate than
conventional sub-image based method.

4.2 Investigating the Effectiveness of Log-Gabor Magnitude
and Phase Feature

Recall from Sect. 3 that the proposed LGWD feature consists of two parts:
LGMWD and LGPWD. In this section, we have performed experiments to inves-
tigate the following issues: 1) which part (i.e., LGMWD versus LGPWD parts)
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Fig. 2. Face image from the three databases.

contributes more to face recognition performance; and 2) the feasibility for the
usage of combined LGMWD and LGPWD features against a framework utilizing
separately LGMWD and LGPWD features.

Table 1. Recognition rate (%) on the ORL database

K 10 8 5

LBP 44.69 47.25 55.44

WLBP 53.42 56.64 69.50

LGMWD 73.22 80.21 86.13

LGPWD 72.19 75.82 85.44

LGWD 78.64 81.21 89.88

The results are given in the Tables 1, 2 and 3. Note that for comparison pur-
pose, the recognition rates obtained using both LBP and WLBP features are
provided as baseline performances. From the Tables 1, 2 and 3, we can arrive at
the following two conclusions. First, LGMWD contribute much more than the
LGPWD for face recognition performance; In addition, compared with LBP and
WLBP features, the recognition rates obtained for the use of LGPWD are better
than both feature extraction algorithms. This demonstrates high discriminating
capabilities of LGPWD. Second, the combination of both LGMWD and LGPWD
parts achieves better results, compared with the cases of separately using them;
this indicates that LGMWD and LGPWD parts are able to provide different
information and to be mutually compensational in terms of boosting face recog-
nition performance.
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Table 2. Recognition rate (%) on the yale database

K 10 8 5

LBP 40.40 41.21 47.88

WLBP 43.57 47.10 56.97

LGMWD 65.25 69.00 78.33

LGPWD 62.49 67.79 76.67

LGWD 66.73 70.91 81.52

Table 3. Recognition rate (%) on the UMIST database

K 10 8 5

LBP 67.69 70.29 77.61

WLBP 71.65 75.30 86.17

LGMWD 81.43 85.04 91.09

LGPWD 77.16 82.36 89.17

LGWD 84.04 87.79 93.48

Table 4. Recognition rate (%) on the ORL database

K 10 8 5

LBP 44.69 47.25 55.44

WLBP 53.42 56.64 69.50

Gabor–WLBP 71.78 74.18 83.88

Log-Gabor Magnitude PCA 61.34 65.11 74.94

Log-Gabor Statistic 67.28 69.89 81.06

Log-Gabor Phase 62.46 66.73 75.88

MBC 70.61 72.75 83.00

LGWD 78.64 81.21 89.88

4.3 Comparisons with Other Methods

In this section, we compare the face recognition performance of our methods
LGWD with those closely related representative methods, including LBP [22],
WLBP, Gabor transform based WLBP(Gabor-WLBP), Log-Gabor magnitude
PCA method [11], Log-Gabor statistic method [12](all the images are divided
into 8 × 8 sub-image), Log-Gabor phase template method [13] and monogenic
binary coding(MBC) [23]. Experimental results of these methods on three data-
bases are illustrated in the Tables 4, 5 and 6 respectively.

From the obtained results, we have the following observations. First, WLBP
outperforms LBP, the proposed LGWD outperforms benchmark methods LBP,
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Table 5. Recognition rate (%) on the yale database

K 10 8 5

LBP 40.40 41.21 47.88

WLBP 43.57 47.10 56.97

Gabor–WLBP 53.80 59.74 67.42

Log-Gabor Magnitude PCA 41.75 43.25 51.31

Log-Gabor Statistic 43.37 47.71 57.58

Log-Gabor Phase 41.92 43.36 51.44

MBC 53.94 57.14 66.06

LGWD 66.73 70.91 81.52

Table 6. Recognition rate (%) on the UMIST database

K 10 8 5

LBP 67.69 70.29 77.61

WLBP 71.65 75.30 86.17

Gabor–WLBP 77.80 82.01 89.87

Log-Gabor Magnitude PCA 65.06 69.49 79.39

Log-Gabor Statistic 78.47 81.84 88.78

Log-Gabor Phase 62.61 66.86 77.87

MBC 74.11 78.19 86.78

LGWD 84.04 87.79 93.48

WLBP and Gabor-WLBP. It reveals the Log-Gabor transform contains richer
image descriminant information than image grayscale and Gabor transform rep-
resentation. Second, LGWD outperforms three existing Log-Gabor based image
representation methods, which shows that WLBP is more effective to extract
the information of Log-Gabor transform than mean and standard deviation
based statistic method, dimension reduction method and phase coding method.
Third, LGWD outperforms monogenic signal based representation MBC. All of
these observations definitly support the effectiveness of the techniques proposed
in this study. And implies that it is possible to present one effective image
descriptor based on Log-Gabor transform information and WLBP encoding
method.

5 Conclusion

Image representation is increasingly accepted as a difficult and challenging com-
puter vision problem. In this paper, we have investigated a novel image repre-
sentation approach for face recognition, namely Log–Gabor Weber Descriptor
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(LGWD). The LGWD absorbs the merit of both image Log–Gabor transform
information and local Weber descriptor method. Experimental results on ORL,
Yale and UMIST database showed LGWD outperformed these closely related
image feature extraction methods. Therefore confirmed the proposed approach
can extract more discriminative information for face recognition.

Although high performance is achieved by the proposed method, it should
be pointed out that our method has a drawback of high dimensionality(The
dimension of our LGWD is 4×6×2×8×10 = 3840). How to reduce the LGWD
feature dimension or design a compact local Log-Gabor feature descriptor of
better performance will be considered in our future work.
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