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ABSTRACT

Researchers in face recognition have been using Gabor filters for image representation due to their robustness to
complex variations in expression and illumination. Numerous methods have been proposed to model the output
of filter responses by employing either local or global descriptors. In this work, we propose a novel but simple
approach for encoding Gradient information on Gabor-transformed images to represent the face, which can be
used for identity, gender and ethnicity assessment. Extensive experiments on the standard face benchmark
FERET (Visible versus Visible), as well as the heterogeneous face dataset HFB (Near-infrared versus Visible),
suggest that the matching performance due to the proposed descriptor is comparable against state-of-the-art
descriptor-based approaches in face recognition applications. Furthermore, the same feature set is used in the
framework of a Collaborative Representation Classification (CRC) scheme for deducing soft biometric traits such
as gender and ethnicity from face images in the AR, Morph and CAS-PEAL databases.
Keywords: Local Gradient Gabor Pattern, Face Recognition, Cross-spectral Matching, Soft Biometrics, Gabor
Responses, Weber Local Descriptor

1. INTRODUCTION
Automated face recognition is a very active and challenging research topic in biometrics. In its simplest form,
the problem of face recognition entails comparing two face images and determining if they are of the same face.
Deducing an effective face representation or encoding scheme is still an open research problem. There are two
main methods in the literature: learning-based methods1, 2 and descriptor-based methods.3, 4 Learning-based
methods attempt to learn the concept of a face based on a set of training examples. The learned concept is then
used to compare and match two face images. However, in some cases, such an approach might suffer from the
generalization problem when coping with previously unseen images that bear little resemblance to the training
set. On the other hand, descriptor-based methods do not explicitly employ a learning procedure. Instead, a
feature set is extracted from the facial image and directly used when comparing it against another face image.
The two approaches are often combined to improve recognition accuracy1, 5 in face recognition.
Thus far, many descriptor-based methods have been introduced and successfully employed in face recognition. Ahonen et al.3 used Local Binary Pattern (LBP) to extract micro-patterns from images and applied the
descriptor to the face recognition task. Another popular descriptor is the Gabor wavelet, which has been widely
used in face recognition due to the similarity of its responses to that of the visual cortex in the human vision
system.6 Liu et al.5 proposed the use of augmented Gabor features, along with the Fisher Linear Discriminant
(FLD) method to recognize faces. Tan et al.1 fused both Gabor and LBP features to enhance face recognition
performance. Recently, a serial combination of the Gabor and LBP descriptors was performed by employing
LBP to encode Gabor transformed images. Zhang et al.4 proposed a non-statistical model called Local Gabor
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Figure 1. The general architecture considered in this work. An input image is subject to a Gabor Filter resulting in a
Gabor Response (magnitude here). The Gabor Magnitude is encoded using different descriptors. The resulting coding
values are represented as spatial histograms. The image is from the FERET database.

Binary Pattern Histogram Sequence (LGBPHS or LGBP) to represent faces. A face descriptor was obtained
by concatenating the local region histograms of the LBP-encoded Gabor magnitude patterns. The proposed
method demonstrated the best matching accuracy on the FERET face database at the time of its publication.
Since then, numerous techniques for combining Gabor filters and LBP descriptors have been presented in the
face recognition literature.2, 7–9
In contrast to the LGBP approach where the Gabor magnitude information is used, Gabor phases have been
encoded using LBP to demonstrate their effectiveness in face recognition.7 However, LBP is not the only way to
encode the magnitude or phase information. Histogram of Gabor Phase Patterns (HGPP)10 and Local Gabor
XOR Patterns (LGXP)11 have also been used to encode Gabor phase by using the XOR operator. Nicolo and
Schmid9 extended the use of Weber Local Descriptor (WLD)12 to the problem of multispectral face recognition.
In their work, WLD descriptor, along with LBP was used to encode both the Gabor magnitude and phase
responses.
In this work, we introduce a simple descriptor for encoding the Gabor filter response. The proposed descriptor
is based on the gradient of the Gabor filter response and is demonstrated to be useful not only for the problem
of face recognition, but also for cross-spectral matching and soft biometric prediction.

2. CONTRIBUTIONS
Our work is an extension of the methods described in previous literature.4, 9, 12 The basic idea is that the Gabor
filter response of an image can be further enhanced or encoded with image descriptors before being utilized for
feature extraction. Here, we summarize the main contributions of this work.
Our first contribution is to propose a new coding method and demonstrate its strength compared to other
techniques. Inspired by recent work on illumination invariant face recognition, we propose to encode the gradient
information of the Gabor filter response in order to achieve robustness against photometric variations. The
proposed method achieves the best average accuracy on four probe sets of the FERET database among descriptorbased approaches.
Second, we demonstrate that combining the Gabor-based and LBP methods in a serial manner, as described
in the coding framework (see Fig.1), is better than a parallel framework where the Gabor-based and LBP methods
are applied independently to the image. This provides a good perspective on how to effectively utilize two of the
arguably most successful descriptors.1, 4, 5
Third, we evaluate the proposed face representation method in the context of cross-spectral (heterogeneous)
face recognition and demonstrate the utility of such a descriptor in dealing with face images captured in different
wavelength bands (Visible and Near-infrared).
Finally, we demonstrate that the same descriptor can also be directly used to perform estimation of gender and
ethnicity from face images. This suggests that the proposed descriptor is able to represent multiple information
in a face image: identity, gender, ethnicity.
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3. DESCRIPTORS AND ENCODING METHODS
The reason a coding procedure is adopted after the application of the Gabor filter to an input face image is to
improve the robustness of the filter to changes in image characteristics. While the raw values of the Gabor filter
response may contain redundant information, the purpose of the coding procedure is to not necessarily perform
feature reduction, but to enhance the feature discrimination capability. The high dimensionality of the features
is effectively reduced by employing the spatial histogram scheme in the subsequent stage. All descriptors have
the same coded feature length, regardless of which coding method is used. Therefore, new descriptors can be
easily developed and incorporated in this framework.

3.1 Gabor Filters
The Gabor wavelets are defined as follows:5
ϕµ,υ (z) =

i
σ2
||kµ,υ ||2 − ||kµ,υ ||22 ||z||2 h ikµ,υ z
2σ
e
e
− e− 2 ,
2
σ

(1)

where µ and υ denote the orientation and scale of the Gabor kernels, z denotes the pixel position, i.e., z = (x, y)
and k · k denotes the norm operator.4 The wave vector kµ,υ is given by:
kµ,υ = kυ eiφµ ,

(2)

where kυ = kmax /f υ and φµ = πµ/8. Here, kmax is the maximum frequency and f is the spacing factor between
kernels in the frequency domain. The Gabor wavelet representation of an image is obtained by convolving the
input image with Gabor kernels:
Gu,v (z) = I(z) ∗ ϕu,v (z).
(3)
The complex Gabor response has two parts, the real part <u,v (z) and the imaginary part =u,v (z). The Gabor
magnitude Au,v (z) and phase θu,v (z) can be obtained as:11
q
(4)
Au,v (z) = <u,v (z)2 + =u,v (z)2 ,
and
θu,v (z) = arctan(=u,v (z)/<u,v (z)).

(5)

3.2 Weber Local Descriptor
Weber Local Descriptor (WLD) is derived from Weber’s Law, which states that the ratio of the increment
threshold to the background intensity is a constant:12
∆I
= k,
I

(6)

where ∆I is the increment threshold and I is the background intensity. k is a constant value, often known as
the Weber fraction. The WLD descriptor can be described as:12
"P −1 
#
X xi − xc 
,
(7)
W LD(xc ) = arctan
xc
i=0
where arctan is the arctangent function that helps improve the robustness of WLD to noise. xc is the center
pixel surrounded by neighbors xi equally sampled from x0 to xP −1 , where P is the neighborhood size. A slight
modification of the approach leads to:
#
" P −1 
X xi − xc 
.
(8)
W LD(xc ) = arctan α
xc + λ
i=0
Here, α is a factor to magnify or shrink the difference between neighbors. λ is a small constant value to avoid
division by zero. The default values for α and λ are 3 and 1×10−7 , respectively, in our experiments. When WLD
is used to encode the Gabor filter response, the method is termed as Weber’s Local Gabor Pattern (WLGBP).9
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3.3 Our Proposed Technique
As described in the previous subsection, WLD actually exploits the contrast information within an image patch,
which can still be sensitive to illumination changes. It has been shown that the ratio of change in intensity along
the y direction to that along the x direction is approximately constant across different illumination changes:13
g=

∂I(x, y)/∂y
,
∂I(x, y)/∂x

(9)

based on the illumination model:
I(x, y) = R(x, y) · L(x, y),

(10)

where R(x, y) is the reflectance and L(x, y) is the illuminance. This means:
I(x + δx, y) − I(x, y)
= R(x + δx, y) · L(x + δx, y) − R(x, y) · L(x, y)
≈ (R(x + δx, y) − R(x, y)) · L(x, y),

(11)

assuming that L(x + δx, y) and L(x, y) are approximately smooth.13 Taking the derivative of the above equation
= ∂R(x,y)
L(x, y). Similarly, changing δx to δy in the derivation will
with respect to δx will lead to ∂I(x,y)
∂x
∂x
∂I(x,y)
∂R(x,y)
result in ∂y = ∂y L(x, y). Considering that the measurement of R is an illumination insensitive measure,
the ratio of gradient y and gradient x in Eqn. (9) is also an illumination insensitive measure.13 The gradient
descriptor can now be computed as:12


Ny
ξ(xc ) = arctan α ·
,
(12)
Nx + λ
where Ny and Nx are the gradients to be computed along y and x directions, respectively. Here, the two directions
are orthogonal to each other, depicting an orientation of 0◦ . The orientation can be changed by rotating Ny
and Nx simultaneously. The parameters α and λ are used to stabilize the gradient descriptor. We define xc
as the center pixel in a rectangle surrounded by neighbors equally sampled from x0 to xP −1 , where P is the
neighborhood size. The gradients can now be computed as:
Ny = xmod(i+4,P ) − xi ,

(13)

Nx = xmod(i+6,P ) − xmod(i+2,P ) .

(14)

−7

In our implementation, we use P = 8, α = 3 and λ = 1 × 10 . mod is the modulo operator and i is the index for
the neighborhood pixel. Histogram features are extracted from the gradient-encoded Gabor-filtered images to
generate the corresponding image signature. This proposed encoded feature is termed as Local Gradient Gabor
Pattern (LGGP) (see Fig. 2(c)). The proposed gradient encoding method has the following properties:
• Unlike conventional LBP coding which generates a binary string first and then converts this sequence to
a decimal value (LBP-like descriptor), the proposed coding method directly utilizes the intensity values to
calculate the transformation without producing intermediate binary sequence values. Such a scheme can
effectively avoid the loss of information during the conversion.
• Compared to WLD where contrast information is exploited, the proposed encoding method utilizes the
gradient information which has been shown to be more effective against lighting variations.13, 14
The WLD and Gradient descriptors are illustrated in Fig. 2. As can be observed here, the WLD descriptor
captures prominent features while neglecting details. On the other hand, the Gradient descriptor captures more
detailed structures in the facial images. A similar idea for encoding Gabor energy variations by extracting
separate x and y gradient components of Gabor responses has been reported by Guo et al.15 However, our
utilization of gradient information is different in the sense that the ratio of gradients is encoded for each pixel.
Similar to LBP, the method can be further extended from basic rectangular structures (e.g., 3 × 3 or 5 × 5) to
circular regions (see Fig. 3). We can also change the encoding orientation.
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Figure 2. Examples of WLD and Gradient coding schemes. The original images are of the same subject from the FERET
dataset under different illumination conditions.
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Figure 3. An example showing how to compute the Gradient descriptor. xc is the center pixel surrounded by neighbors
equally sampled from x0 to xP −1 , where P is the neighborhood size. r is the defined radius of the neighborhood. Different
parameters such as scale, orientation, and neighborhood size can be selected accordingly. The two given equations compute
the descriptor at different orientations of 0◦ and 45◦ , respectively.
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4. EXPERIMENTS
4.1 FERET Benchmark Datasets
The FERET face database was used in our evaluation. The original images were cropped based on eye coordinates
and normalized to 128 × 128 pixels. The same standard gallery and probe sets as specified in the FERET evaluation protocol were used.16 For the Gabor
√ filters, the default parameters were set as follows: µ ∈ {0, 1, . . . , 7},
ν ∈ {0, 1, . . . , 4}, σ = π, kmax = π/2, f = 2, and the size of Gabor kernel is 31 × 31. For the feature extraction
part that involves computation of histograms in non-overlapping blocks, the block size is 16 × 16 and the number
of histogram bins is 16. The dimension of the feature vector is, therefore, 8 × 8 × 16 × 40 = 40, 960. These
parameters were used in all the experiments, unless otherwise specified in the narrative below.
4.1.1 Baseline Performance
As we have discussed before, the coding step is very important as it is expected to generate a robust descriptor
that is invariant to different image conditions. In order to show the effectiveness of such a coding mechanism, we
compare the WLGBP, LGBP and LGGP methods against the baseline performance. The baseline is obtained
without employing any coding methods, i.e., direct Gabor filter response is used, in conjunction with spatial
histograms. Establishing a good baseline approach is critical to the objective comparison of different face
recognition algorithms. As seen from Table 1, the LBP coding methods (LGBP Mag and LGBP Pha) exceed
Table 1. Rank-1 performance (%): comparison of different coding schemes against the baseline (Base).
Probe Sets
Methods

Fb

Fc

Dup1

Dup2

Ave.

Base
WLGBP
LGBP Mag
LGBP Pha
LGGP Mag
LGGP Pha

93.05
98.16
96.23
96.82
97.66
96.32

89.18
94.85
95.36
96.39
96.91
96.39

60.25
70.22
72.58
76.45
77.70
77.42

61.97
66.24
68.80
73.93
79.06
74.79

76.11
82.37
83.24
85.90
87.83
86.23

Gabor
LBP
Gabor+LBP (F)

75.40
93.05
93.56

88.66
65.46
73.71

27.98
60.53
61.50

20.09
52.14
50.00

53.03
67.80
69.69

the baseline performance in all probe sets. For the Fc set, where illumination changes are presented, the LBP
coding scheme improves the Rank-1 performance from 89.18% to 95.36% accuracy. For the Dup2 set across
time lapse, the performance is boosted from 61.97% to 68.80%. Such improvements in performance suggest that
LBP-based coding indeed increases the robustness of the Gabor filter reponse to textural photometric changes.
The WLD coding method (WLGBP) surpasses the baseline performance in all probe sets. It achieves the best
Rank-1 accuracy of 98.16% on Fb set. However, it appears that WLGBP is still not robust enough to deal
with challenging datasets such as Dup1 and Dup2. It is also interesting to observe that WLGBP results in
higher recognition accuracy than LGBP when the matching is performed under well-constrained conditions (Fb
set). In the Fc set, where illumination variations are presented, WLGBP results in slightly lower performance
than LGBP. This also suggests that WLD is a bit sensitive to illumination changes. Our proposed gradientbased encoding method (LGGP) achieves the best overall performance of 87.83% when the Gabor magnitude
is encoded and 86.23% when the Gabor phase response is encoded. It demonstrates robustness under difficult
image characterisitics of illumination (Fc set with 96.91%) and time lapse variation (Dup2 set with 79.06%) as
seen in Table 1.
4.1.2 Comparison to State-of-The-Art Methods
To further enhance the proposed LGGP feature sets, we use the Difference-of-Gaussian (DOG) normalization
method proposed in Tan et al.1 to handle variations in illumination conditions. Additionally, match scores
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generated using a multi-scale configuration (3 × 3 and 5 × 5) are combined together through sum rule to enhance
the performance. The improved method is termed as multi-scale LGGP (MS-LGGP).
To show the effectiveness of MS-LGGP, we further compare the results against other published works (Table
2). These results are directly obtained from the respective original publications. As can be seen, the proposed
method performs better than most existing descriptor-based methods, such as LBP,3 HMBP,17 MGCP15 and
HGPP,10 in all probe sets. It also obtains the best average accuracy among all the listed methods. It is worth
mentioning that the implementation of LGBPHS in Zhang et al.4 is different than ours due to the choice of
parameters used. POEM-HS18 employed Retina filter to preprocess the face images. There are many other
papers that have results reported on the same database. However, they utilize a machine learning approach,
which may not generalize very well when new samples are introduced. Therefore, we are only interested in
comparing our scheme against descriptor-based methods.
For completeness sake, we also report identification accuracy using the Cumulative Match Characteristic
(CMC) curve that is similar to the protocol used in CSU face recognition evaluation.19 Another benchmark
algorithm based on V1-like features,6 which is a concatenation of locally-normalized, thresholded Gabor filtered
images based on 16 orientations and 6 frequencies, is also included for reference. All of the Rank-k identification
results are summarized in Fig. 4.
Table 2. Rank-1 performance (%): comparison of the proposed methods with other state-of-the-art descriptor-based
methods on FERET.
Probe Sets
Methods
3

LBP
LGBPHS4
LGBP Pha7
HMBP17
HGPP10
MGCP15
POEM-HS18
LGXP11
E-GV-LBP2
MS-LGGP

Fb

Fc

Dup1

Dup2

Ave.

93.0
94.0
93.0
97.74
97.6
97.4
98.1
98.0
98.41
97.99

51.0
97.0
92.0
98.45
98.9
97.3
99.0
100
98.97
98.97

61.0
68.0
65.0
73.55
77.7
77.8
79.6
82.0
81.99
83.93

50.0
53.0
59.0
72.22
76.1
73.5
79.1
83.0
81.62
82.48

63.75
78.00
77.25
85.49
87.58
86.50
88.95
90.75
90.25
90.84

5. CROSS-SPECTRAL FACE RECOGNITION
The use of Near-infrared (NIR) images for face recognition has become necessary especially in the context of a
night-time environment where Visible (VIS) face images cannot be easily discerned.20 Here, a common featurebased representation for both NIR images as well as VIS images is used, similar to Klare and Jain.21 Unlike
approaches from existing work21, 22 where associations between heterogeneous data (VIS and NIR) are learned
from discriminant analysis in order to generate a common feature subspace, our solution is to directly derive
a face image representation that is capable of compensating for the differences between two spectra without
applying machine learning techniques. Our analysis shows that the gradient information extracted from both
VIS and NIR is able to preserve the identity across different spectra to a certain extent.
The HFB face database23 consists of 100 subjects, including 57 males and 43 females. There are 4 VIS and
4 NIR face images per subject. The variations in appearance between corresponding VIS and NIR samples are
significant (see Fig. 5(a)), which are caused by differences in sensor and lighting characteristics.24 Cross-spectral
face recognition was observed to be difficult.21, 25 One of the key issues, therefore, is to reduce the variability
between these two type of images by applying an illumination normalization routine (see Fig. 5(b)). As a result,
facial structures are well preserved after accounting for reflections, shadows and other variations across spectra.
Furthermore, a carefully designed feature extraction framework is also critical to address the problem. We
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Figure 4. Performance evaluation of different methods with the reported CMC curves.

utilize the observation that the appearance of corresponding small regions would not exhibit large variations
across different spectra. Therefore, a block size of 8 × 8 is chosen, instead of 16 × 16 in the experiments below.
LGBP, GDBC,26 and LGGP methods achieve accuracies of 84.0%, 86.75% and 88.0%, respectively (Fig. 6).
MS-LGGP obtains a slightly better performance of 88.25% compared to LGGP with 88.0%. A rank-1 accuracy
of 90.75% (Fused) is obtained by the score-level fusion (sum rule) of LGBP and MS-LGGP methods.

(a) Images before DoG normalization

(b) Images after DoG normalization

Figure 5. Samples of face images in visible (top) and near-infrared (bottom) spectra. Images are from HFB database and
not co-registered.

In general, intra-spectral face matching (VIS-VIS and NIR-NIR) can achieve relatively higher performance
compared to cross-spectral (VIS-NIR) matching. For VIS-VIS matching (two images per subject were used as
probe), we achieve Rank-1 accuracies of 100% and 98.5% for LGGP and LGBP, respectively. For NIR-NIR
matching, we obtain Rank-1 accuracies of 99.5% and 95.0% for LGGP and LGBP, respectively. The other
important observation is the decrease in verification performance of NIR-NIR matching (LGGP: 6.48% EER)
compared to VIS-VIS matching (LGGP: 2.16% EER). This is possibly due to the fact that the identity information
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Figure 6. Performance evaluation of cross-spectral matching on HFB database. VIS images are used as Gallery, while
NIR images are used as Probe.

presented in the NIR image domain may not be as discriminative as in the VIS domain.
There are only a few papers that present results on direct matching between VIS and NIR on the HFB
database. In the work of Li et al.,23 the best Rank-1 accuracy, based on a 70-subject training set and a 30subject test set, does not exceed 50.0%. Recent work on a larger version of this database (200 subjects)24
reported the best Rank-1 accuracy of 98.51% with 50 test subjects. However, their approach utilizes a learningbased scheme to select the best features. Though learning-based schemes can often significantly improve the
matching performance, it can suffer from the generalization problem when a new dataset is introduced. A more
realistic solution would be to construct a descriptor that can be flexibly incorporated in different scenarios, such
as VIS-VIS and NIR-VIS matching, without undergoing significant modifications.

6. SOFT BIOMETRIC CLASSIFICATION
In this section, we aim to show that the proposed descriptor can also be utilized to perform soft biometric classification, viz., the estimation of gender and ethnicity from facial images. Here, a recently developed Collaborative
Representation Classification (CRC) scheme27 based on Sparse Representation Classification (SRC)28 theory is
combined with LGGP.
First, we briefly review existing techniques for CRC and SRC. The training samples of the same class (e.g.,
gender) are arranged in a single matrix Xi = [Ii,1 , Ii,2 , . . . , Ii,ni ] ∈ <m×ni , where ni is the number of samples per
class and m is the dimension of features. By appending all the samples of different classes together, we obtain a
larger matrix X,
X = [X1 , X2 , . . . , Xk ], X ∈ <m×n .
(15)
Pk
Here, n = i=1 ni and k is the total number of classes. For gender classification, we only have two classes, i.e.,
k = 2. Formally, we define the sparse coding problem as follows,
y = Xρ, y ∈ <m ,

(16)

where ρ is the coding coefficients of y performed over matrix X. If m > n, then the linear system is overdetermined, which indicates a unique solution to this equation. The over-determined problem can be solved by least
square approximation. When m < n (undetermined system), SRC has been proposed to minimize the following
objective function:
ρ = argmin||ρ||1 , s.t, ||y − Xρ||2 < .
(17)
ρ

Unlike SRC, CRC is based on the assumption that a query sample can be collaboratively represented over all
the training samples as follows,
ρ̂ = argmin{||y − Xρ||22 + λ||ρ||22 },
(18)
ρ
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where X is the matrix to be coded, and λ is the regularization parameter. The idea is to use all the samples
in the training dataset to better represent the query sample. The solution can be easily recovered by the least
square method,
ρ̂ = (X T X + λI)−1 X T y,
(19)
where (X T X + λI)−1 X T can be precomputed. ρ̂ is the set of coefficients or weights associated with X. To
classify the query sample, we can use coefficients associated with a specific class to calculate the reconstruction
error:
ri = ||y − Xi ρˆi ||2 /||ρˆi ||2 .
(20)
The ||ρˆi ||2 is used to normalize the reconstruction error of ||y −Xi ρˆi ||2 . The classification is achieved by searching
for the class which gives the minimal reconstruction error. Details of the algorithm can be found in Zhang et
al.27 In Eqn. (18), λ is used to stabilize the least square solution.
In the work of Shi et al.,29 the authors tried to directly minimize the following objective function:
ρl2 = argmin||y − Xρ||22 .

(21)

ρ

Similarly, the optimal solution can be recovered as,
ρl2 = (X T X)−1 X T y.

(22)

Gender classification is a binary classification problem where the number of samples in each class is very large
compared to the face identification problem. As is explained in Zhang et al.,27 if there are enough training
samples for each class, the query sample can be directly coded based on each class matrix, rather than the
combined matrix. This classification method is termed as l2 regularized minimization (L2 R).27

6.1 Gender Classification
We present experiments to validate the effectiveness of the proposed features for the task of gender classification
on the AR face database.30 A non-occluded subset is chosen (i.e., images are not disguised), containing 50 male
and 50 female subjects. Each subject has 14 image samples (Fig. 7: from both session 1 and session 2). We
select the first 25 males and 25 females for training the classifier. The rest of the subjects are used for testing.
There are no overlapping subjects between the training and test sets. The total number of test samples is 700.
The original image size is 165 × 120 pixels. To reduce the computational cost, the image size was resized to
60 × 43 as suggested in Zhang et al.27

Figure 7. A male subject with all 14 samples from the AR database, exhibiting variations in ambient illumination and
facial expression.

First, we use the raw pixel values directly. To account for illumination variations, the pixel intensities in each
image are normalized to zero-mean and unit-variance. The image is converted to a vector by concatenating the
column vectors of the normalized image. Though this feature representation scheme is simple, it contains the raw
pixel values which can be utilized for gender classification. PCA is further applied to reduce the dimensionality
of this feature set. The dimensionality of the PCA-reduced features is 54. All three classification methods (CRC,
SRC and L2 R) are observed to perform better than other commonly used methods (Adaboost, SVM and LDA
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Table 3. Establishing the baseline: gender classification accuracy on the AR database based on raw pixel features after
feature dimensionality is reduced by PCA to 54.

Method
Adaboost
SVM (Linear)
SVM (RBF)
LDA
CRC
SRC
L2 R

Accuracy (%)
89.43
90.14
92.29
92.71
93.29
93.43
94.00

Time (s)
1.1443
0.0837
110.2396
0.0609
0.2062
580.7078
0.1403

)31 as can be seen when comparing CRC (93.29%) and LDA (92.71%) in Table 3. The methods are arranged in
increasing order of accuracy.
Next, instead of using raw pixels, we use LGBP and LGGP features for gender classification. The feature
dimension is again reduced by employing PCA. The results are summarized in Table 4. The best performance
is a 97.71% accuracy using SRC when the feature dimension is 400. Both CRC and L2 R give very impressive
performance. Compared to the best results previously reported in Zhang et al.27 and Yang et al.,32 our proposed
approach results in much better performance. In the work of Yang et al.,32 Fisher Discrimination Dictionary
Learning (FDDL) is used to learn the dictionary for representing gender classes. Since the SRC approach is
computationally intensive, it is not suitable for use in real-time applications. Therefore, a combination of LGGP
and CRC would be a better choice, and this results in a 97.29% accuracy, better than the best performance
reported in Zhang et al.27 and Yang et al.32 Compared to the best result in Table 3 (L2 R with 94.00%
accuracy), our approach is able to further improve performance by around 3% ∗ .
Table 4. Comparison of gender classification accuracies with state-of-the-art methods on AR database. Features are
extracted by LGBP and LGGP separately, followed by PCA (dim=400).

Classification Performance
Algorithm
Accuracy (%) Time (s)
LGBP+CRC
97.14
1.6578
LGBP+L2 R
96.71
1.9886
LGBP+SRC
97.71
1489.41
LGGP+CRC
LGGP+L2 R
LGGP+SRC
Best in27
Best in32

97.29
96.86
97.14

1.7015
1.7324
1243.07
94.90
95.40

6.2 Ethnicity Classification
To further demonstrate the effectiveness of the proposed LGGP descriptor, we perform experiments on estimation
of ethnicity from face images. A dataset with variations in gender and ethnicity is assembled from Morph33 and
CAS-PEAL34 databases, resulting in three categories of faces: Asian, Caucasian, African (see Fig. 8). Each
category has 250 subjects and has a uniform male-female distribution. One sample per subject is used in this
experiment. We randomly select 100 subjects (50 males and 50 females) from each category for training and the
rest for testing. The experiment is repeated 10 times for establishing error bars. Here, the CRC classification
method is adopted. An average accuracy of 98.69 ± 0.31% is obtained with manually located eye landmarks.
∗

When a PCA-reduced dimensionality of 54 is used, the performances of LGBP and LGGP drop by around 1%.
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(a) Asian-Male

(b) Asian-Female

(c) Caucasian-Male

(d) Caucasian-Female

(e) African-Male

(f) African-Female

Figure 8. Sample images used in the soft biometric experiment.

7. CONCLUSION
In this paper, we studied the problem of coding Gabor filter responses for performing effective face recognition.
Our proposed coding method, referred to as Local Gradient Gabor Pattern (LGGP), is based on utilizing gradient information on Gabor-transformed images and was demonstrated to be effective compared to LBP-like
coding schemes when encountering face images with variations in expression and illumination. Furthermore, we
presented the proposed coding method as a potential solution to the cross-spectral face recognition problem of
matching near infrared images against visible spectra images. Finally, we established the utility of the proposed
coding scheme in soft biometric applications. A more fundamental analysis is required to understand the photometric and structural variations in images across spectral bands. The descriptor may have to be regularized in
order to account for the dynamics of these variations.
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