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Abstract In this paper, a new Gradient Gabor (GGabor)

filter is proposed to extract multi-scale and multi-orientation

features to represent and classify faces. Gradient Gabor fil-

ters combine the derivative of Gaussian functions and the

harmonic functions to capture the features in both spatial and

frequency domains to deliver orientation and scale infor-

mation. The spatial positions are encoded through using

Gaussian derivatives which allow it to provide more stable

information. An Efficient Kernel Fisher analysis method is

proposed to find multiple subspaces based on both GGabor

magnitude and phase features, which is a local kernel map-

ping method to capture the structure information in faces.

The experiments on two face databases, FRGC version 1 and

FRGC version 2, are conducted to compare performances of

the Gabor and GGabor features. The experiment results show

that GGabor yield a powerful tool to model faces, and the

Efficient Kernel Fisher classifier can improve the efficiency

of the original Kernel Fisher Discriminant analysis method.

Keywords Kernel � Gabor � GGabor

1 Introduction

Feature representation and efficient classification are two

important issues in object recognition systems [1, 2]. To

achieve the goal of extracting features in a certain scale,

Laplacian of Gaussian (LoG) is introduced [3] to simulate

the lateral inhibition for edge detection. In order to extract

features in certain orientations, oriented filters or steerable

filters are introduced by Freeman [4]. However, to be a

powerful descriptor, the feature extractor should be aniso-

tropic, which means that it should enhance the feature in a

certain scale and orientation simultaneously. Gabor trans-

formation [5] has been widely used as an effective tool in

the image processing and pattern recognition tasks. Dif-

ferent from steerable filters [4, 6], Gabor can also include

information both in spatial and frequency domains, and it

inherits the property of Gaussian, which is a powerful

smoothing tool for the image. The derivative of Gaussian is

regarded as an important tool to extract the edge feature for

images, which is widely used in image processing and

computer vision. In face recognition research community,

the edge distribution information has been successfully

investigated in [7]. In this paper, Gradient Gabor is pro-

posed based on the combination of Fourier transform and

the derivative of Gaussian. Gradient Gabor can capture the

features in both spatial and frequency domains to deliver

orientation and scale information.

In this paper, Kernel Fisher Discriminant Analysis

(KFDA) is combined with Gradient Gabor to calculate

multiple discriminant subspaces, which can capture non-

linear variations contained in the training database. One

problem of the original KFDA lies in that it is defined

based on all training samples, which is the curse of the

kernel Fisher method when a large training database is

available [8–11]. In [11], Liu et al. proposes a method to

solve this problem by using kernel trick to select an opti-

mized subset from data and form a subspace of the feature

space, however, it is a little complex and not very effective

for reducing time consuming or enhancing recognition
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accuracy according to the reported results [8, 11]. Another

problem is that the original kernel fisher method is a global

one, which can not exploit the structure information con-

tained in faces. In [10], the KPCA plus LDA framework

provides an efficient way to implement KFDA, but it is still

global one and need to save all the training samples. In our

former work [8], the bagging is used to develop an efficient

KFDA, but it still needs to save about half of training

samples to get a reasonable performance. Efficient Kernel

Fisher (EKF) is proposed based on local kernel mapping

and the clustering centers of the training dataset to reserve

both local and global information by constructing multiple

subspaces. In order to evaluate the performance of the

proposed method, we apply it to solve the face recognition

problem. Experiments on two face databases, FRGC ver-

sion 1 and FRGC version 2 [12], are conducted to compare

the Gabor and GGabor-based EKF and other kernel fisher

methods.

The rest of this paper is organized as follows. The

Gradient Gabor filter is proposed in Sect. 2. The recogni-

tion method based on Efficient Kernel Fisher (EKF) anal-

ysis is described in Sect. 3. The experiments on FRGC

version 1 and FRGC version 2 [12] are given in Sect. 4. We

conclude the paper in Sect. 5.

2 Motivation of Gradient Gabor filter

In this section, we first briefly review Gabor wavelet, and

then define the Gradient Gabor (GGabor) filters. The dif-

ference between Gabor and GGabor is then investigated,

which shows that GGabor can provide more stable phase

information.

2.1 Gabor wavelet

The Gabor wavelets (kernels, filters) can be defined as

follows [13]:

wu;vðzÞ ¼ jjku;vjj2
.

r2
� �

eð�jjku;vjj2jjzjj2=2r2Þ eiku;vz � e�r2=2
h i

;

ð1Þ

where ku;v

!
¼

kv cosUu

kv sinUu

 !
; kv ¼ fmax

�
2vþ2;Uu ¼ up

8
; v is

the scale and u is the orientation with fmax = p/2. In this

paper, 4 scales and 4 orientations are used. Gabor wavelet

can enhance the features in certain scales and orientations,

which is widely used in image processing and object

recognition. The Gabor transformation of a given image is

defined as its convolution with the Gabor kernel functions:

Gu;vðZÞ ¼ 1ðZÞ �Wu;vðZÞ; ð2Þ

where z = (x, y), and the symbol * denotes the convolution

operator. Gu,m(z) is the convolution result corresponding to

the Gabor kernel at scale v and orientation u. The Gabor

wavelet coefficient Gu,m(z)is a complex, which can be

rewritten as:

Gu;vðzÞ ¼ Au;vðzÞ � exp ihu;vðzÞ
� �

; ð3Þ

with a magnitude item Au,v(z), and a phase item hu,v(z). It is

well known that the magnitude varies slowly with the

spatial position, while the phases rotate in some rate with

positions, even preserving more detailed information. Due

to this rotation, the phases taken from image points only a

few pixels apart have very different values, although rep-

resenting almost the same local feature [13]. This can cause

severe problems for object (face) matching, and it is just

the reason that most previous works make only use of the

magnitude for face classification. In the following part, we

introduce a new Gradient Gabor filter, which can provide a

relatively stable representation of faces.

2.2 Gradient Gabor filters

The Gradient Gabor (GGabor) filters are defined based on

the derivative of Gaussian function:

Gwu;vðzÞ ¼ �
jjku;vjj4

r4
cos Uuð Þxþ sin Uuð Þyð Þeiku;vz þ C

� �

� e �jjku;vjj2jjzjj2=2r2ð Þ; ð4Þ

C ¼ � cos Uuð Þ þ sin Uuð Þð Þ
ir2

kv cos Uuð Þ � kv sin Uuð Þð Þ
�

� exp � p
r2

kvð Þ2
� ��

; ð5Þ

where C is used to make Gradient Gabor DC-free (see the

Appendix). Gabor wavelet is modulated by a Gaussian

function, which can be regarded as the weighted Fourier

transform. The weights for Gabor wavelets are actually

exponentially declining with increasing distance. How-

ever, Gradient Gabor is defined based on a weighted

Gaussian function, which is not declining in an expo-

nential speed as in Gabor wavelets, because it is slowed

down by a linear function as shown in Eq. 4 and Fig. 1.

Different from original Gabor filters, it can be more stable

and provide a robust presentation of the face object by

using the multi-scale and multi-orientation local features.

Samples of 2D Gabor and GGabor filters are shown in

Fig. 2.

3 Ensemble-based Efficient Kernel Fisher classifier

Face recognition is still an ongoing topic in computer

vision research [8–14], because the current systems only

perform well under the controlled environment but tend to

fail in complex situations with variations in different
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factors such as pose, illumination, and expression. Major

statistics-based approaches for face recognition include

Eigenface [14] and Fisherface [14]. Eigenface and Fish-

erface are the statistical learning methods based on Prin-

cipal Component Analysis (PCA) and Fisher Discriminant

Analysis (FDA), which are well-known linear feature

extraction approaches. In recent years, the kernelized fea-

ture extraction[15–17] methods have been paid much

attention, such as Kernel Principal Component Analysis

(KPCA) [10, 17] and Kernel Fisher Discriminant Analysis

(KFDA) [8, 9], which are nonlinear extensions to PCA and

FDA, respectively. However, one of the problems in KFDA

lies in its high dimensionality, when the size of the training

database is very large. To solve the problem, we utilize

local kernel mapping method to efficiently find discrimi-

nant subspaces. As shown in Fig. 3, we divide the face

image into several subregions, from which we calculate

Gabor and GGabor features to train an ensemble of clas-

sifiers. To preserve the global distribution information, the

clustering centers are further incorporated into the local

kernel mapping scheme, which are the so-called EKF

method.

3.1 Kernel Fisher discriminant analysis

Kernel Fisher Discriminant Analysis is exploited to cal-

culate a discriminant transformation subspace, and the

input data is first projected into an implicit feature space F

by a nonlinear mapping U : x 2 RN � f 2 F. In its imple-

mentation, U is implicit by just computing the inner

product of two vectors in F using a kernel function [8, 9]:

kðx; yÞ ¼ ðUðxÞ � UðyÞÞ: ð6Þ

The between-class scatter matrix Sb and within-class

scatter matrix Sw are defined as follows:

Sb ¼
XC

i¼1

pð-iÞðui � uÞðui � uÞT ; ð7Þ

Sw ¼
XC

i¼1

p -ið ÞE U xið Þ � uið Þ U xið Þ � uið ÞT
� �

j-i

� 	
; ð8Þ

where ui ¼ 1=nð Þ
Pni

j¼1

/ xij

� �
denotes the sample mean of

class i, u is the mean value of all training images, and

p(-i)is the prior probability.

In the original kernel fisher method, w 2 F should lie in

the span of all the samples in F, named Basis Support

Vectors:

BSVs ¼ / x1ð Þ;/ x2ð Þ; . . .;/ xNð Þð Þ; ð9Þ

w ¼ aBSVsT ; ð10Þ

where N is the total number of the training samples. The

kernel matrices are defined as follows:

Kw ¼
XC

i¼1

p -ið ÞE gj � mi

� �
gj � mi

� �T
; ð11Þ

Kb ¼
XC

i¼1

p -ið Þ mi � mð Þ mi � mð ÞT ; ð12Þ

Fig. 1 Visualization of real parts of 1-D Gradient Gabor and Gabor

Filters

Fig. 2 Visualization of real parts of 2-D Gradient Gabor and Gabor

Filters, a is for Gradient Gabor, b is for Gabor (four scales and four

orientations)

Fig. 3 An example of face image divided into 48 subregions
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where gj ¼ k x1; xj

� �
; k x2; xj

� �
; . . .; k xn; xj

� �� �T
;mi ¼

1
ni

Pni

j¼1 k x1; xj

� �
; 1

ni

Pni

j¼1 k x2; xj

� �
; . . .; 1

ni

Pni

j¼1 k xn; xj

� �� �T

;

and m are the mean vector of all gj.

In [8], we can find that the definition of w based on all

training samples is the curse of the kernel fisher method,

which requires to save the whole training database. In the

following part, we propose a new Efficient Kernel Fisher

(EKF) scheme to solve this problem.

3.2 Efficient Kernel Fisher analysis for ensemble-based

face recognition

In this part, we try to redefine w by using the local region

features and the clustering centers of the training samples.

The new Basis Support Vectors are

BSVs
0 ¼ / X1

1

� �
;/ X1

2

� �
; :X j

i :;/ XCm
L

� �� �
; ð13Þ

w
0 ¼ a

0
BSVs

0T ; ð14Þ

where Cm is the number of clustering centers, and X is the

clustering center calculated from the training data by

applying K-means method on the training set with

Cm � N. Xi
j is the Gabor or Gradient Gabor feature

extracted from the local region Ri, i = 0, 1,…, L - 1 of the

jth clustering face image. From Eq. 13, we can see that w
0

is based on both training samples and local region features.

Each subclassifier can preserve the information about the

relationship among local features across the training data-

base by using local kernel method.

In the classification procedure, v1, v2 are the discrimi-

nant feature vectors corresponding to two face images P1,

P2, the similarity of which can be calculated by using the

cosine rule as

d P1;P2ð Þ ¼
XL

i¼1

v1
i :v

2
i

jjv1
i jj:jjv2

i jj
: ð15Þ

From Eq. 15, we can easily know that the proposed

method is based on the sum rule, which actually can exploit

the spatial structure information of the face image.

4 Experiments

To validate usefulness of the proposed method, experi-

ments on FRGC version 1 and version 2 databases are

conducted. For the experiment 4 on the FRGC version 1,

the training set contains 366 images, the target set (Gallery)

contains 943 controlled images, and the query set (Probe)

has 943 uncontrolled images. For experiment 4 of FRGC

version 2, the training set contains 12,776 images, the

target set contains 16,028 controlled images, and the query

set has 8,014 uncontrolled images. In our study, the

polynomial kernel function, k(x, y) = (x.y)2 is used to test

the performance of the proposed method.

As shown in [12], the experimental setting is designed

for indoor controlled still images versus uncontrolled still

images, which is the most challenging FRGC experimental

condition. In both experiments, face images are cropped

and normalized to the 64 9 72 images, which are further

divided into 8 9 12-sized subregion, and the downsample

factor for GGabor and Gabor features is 2. In the recog-

nition performance evaluation experiment, we choose

features step by step to get the best recognition rates for all

comparative methods.

4.1 Comparisons based on FRGC version 1

In this experiment, the mean sample for each class is cal-

culated in the target set. The experiment is conducted to

compare the performance of the original Kernel Fisher

method and EKF based on Gabor and Gradient features.

The P_GGabor or P_Gabor is based on the phase infor-

mation, M_GGabor or M_Gabor uses the magnitude

information, and A_GGabor or A_Gabor exploits both

magnitude and phase information. A_Gabor (K) and

A_GGabor (K) denote that the methods are based on the

original Kernel fisher method, while A_Gabor (E) and

A_GGabor (E) are based on the Efficient Kernel Fisher

(EKF) method. The Ensemble-GFC method is based on the

linear Fisher analysis, details about which can refer to [18,

19]. From Table 1, we can see that A_Gabor (E) and

A_GGabor (E) have achieved better performances than the

original kernel Fisher method partly for their reserving the

structure or local information in faces. While the global

information is preserved by using 40 clustering centers.

Compared to the original kernel Fisher method using all

366 model samples, EKF is more suitable to the real-world

applications. It should be noted that the proposed method

achieved a much better performance than the well-known

result in [17], which only uses part of FRGC version 1.

Compared to the result of LBP (40%) [20], the proposed

method also achieves a much better performance as shown

Table 1 The comparative experiments between original Kernel

Fisher and EKF FRGC version 1

Methods Recognition rates (%) Model sizea

A_Gabor(K) 92.9 366

A_Gabor(E) 93.2 40

A_GGabor(K) 94.1 366

A_GGabor(E) 94.3 40

Ensemble-GFC 91.5 –

LBP[20] 40

The result in [17] 78 –

a means the size of the Basis Support Vectors
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in Table 1. The comparative performances of different

kernel functions for EKF are also evaluated as shown in

Table 2, which shows that the performance of the proposed

method is better when the nonlinear kernel is used, because

it can capture more complex information contained in the

training database.

In Fig. 4, the relationship between the number of clus-

tering centers and recognition rates is depicted, which

indicates that the more clustering centers are used, the

better performance can be achieved due to more global

information reserved. From Fig. 5, we can also find that the

phase part of GGabor achieved a better performance than

that of Gabor wavelet in terms of rank-1 recognition rates,

which confirms that Gradient Gabor can provide more

stable information than Gabor. Furthermore, the full

magnitude and phase information can be used to enhance

the performance of the face recognition system.

4.2 Comparisons based on FRGC version 2

In this scheme, another bigger database is used to evaluate

the performance of the face recognition system. As for the

high complexity of the original kernel fisher method for a

large training database, we choose a subset of 5,000 sam-

ples as basis support vectors to train kernel fisher dis-

criminant subspaces using the bagging-based method as in

[8], which are A_Gabor (BK) and A_GGabor (BK). For the

EKF method, five subclassifiers are trained for each 100

clustering centers resulting in a total of 500 model size,

which greatly decreased the model size with an acceptable

performance as shown in Table 3. Therefore, the EKF

method is a more promising way for real applications.

To compare with the results in [17], we conduct another

experiment on the FRGC version 2 database. In the

experiment, the size of the normalized image is 128 9 144,

and the subregion size is 16 9 24. To further increase the

performance, we choose five scales and eight orientations

for Gabor wavelet. The downsample parameters for x and y

directions are set as 2 and 4, respectively. The recognition

rate for the GGabor-based EKF is 78.4% when FAR is

0.1%, and the comparative result is 76% in [17], which

show that the performance of the proposed method is

better.

5 Summary

This paper proposes a new face recognition method based

on the Gradient Gabor feature and EKF, in which both

magnitude and phase are used to represent the face. The

main contributions of the proposed method are (1) A new

Gradient Gabor is proposed for face recognition. Different

from Gabor phase, the GGabor phase can offer relatively

stable information for face recognition. (2) An Efficient

Table 2 The comparative performances of different kind of kernel

functions for EKF on FRGC version 1

Gaussian

kernel

Polynomial

kernel (r = 1)

Polynomial

kernel (r = 2)

A_GGabor(E) 95.1% 92.8% 94.3%

15
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Numbers of Clusters

R
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R
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Fig. 4 Recognition rates of A_GGabor(E) for different numbers of

clustering centers on FRGC version 1

80

84

88

92

96

P_GGabor(E) M_GGabor(E) P_Gabor(E) M_Gabor(E) A_GGabor(E) A_Gabor(E)

Fig. 5 Recognition rates of the

EKF method (40 clustering

centers) with different kinds of

GGabor and Gabor features on

FRGC version 1. P_GGabor and

P_Gabor, M_GGabor and

M_Gabor, A_GGabor and

A_Gabor are base on the phase

part, magnitude part, and full

part of GGabor and Gabor

features, respectively
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Kernel Fisher method based on local kernel mapping and

clustering centers of training dataset is proposed to find

discriminant subspaces. We have validated the proposed

method by conducting the experiments on two face dat-

abases, FRGC version 1 and FRGC version 2.

Although the performance of Gradient Gabor and Effi-

cient Kernel Fisher is successfully applied for face recog-

nition, it is interesting to apply the proposed method to

other object recognition tasks in future research.
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Appendix

The 1D Gradient Gabor filter has a form of

GwðxÞ ¼ �x exp �2pf0xið Þ þ Cð Þ exp �px2
� �

: ð16Þ

It is known that the Fourier transform of a Gaussian

function exp(-px2) has a Gaussian form:

GWðf Þ ¼
Z1

�1

exp �px2
� �

expð�2pifxÞdx ¼ exp �pf 2
� �

:

ð17Þ

The Fourier transform of the derivative of a Gaussian

function -xexp(-px2) is

Z1

�1

�x exp �px2
� �

expð�2pifxÞdx

¼
Z1

�1

exp �px2
� ��1

2pj

d expð�2pifxÞ
df

expð�2pifxÞdx

¼ �if exp �pf 2
� �

ð18Þ

Gwðf Þ ¼
Z1

�1

GwðxÞ expð�2pifxÞdx ¼ �i f � f0ð Þ

exp �p f � f0ð Þ2
� �

þ C: ð19Þ

By setting Gwð0Þ ¼ 0, then C ¼ if0 exp �pf 2
0

� �
:

The 2D Gradient Gabor wavelet in Eq. 17 can be

reformulated as

Gwu;vðx; yÞ ¼ � cos Uuð Þxþ sin Uuð Þyð Þjjku;vjj4

r4

� exp �jjku;vjj2
.

2r2 x2 þ y2
� �� �

� exp i kv cos Uuð Þxþ kv sin Uuð Þyð Þð Þ: ð20Þ

Then we define a DC-free Gradient Gabor wavelet as

follows:

Gwu;vðx; yÞ ¼ �
jjku;vjj4

r4
cos Uuð Þxþ sin Uuð Þyð Þð

� exp i kv cos Uuð Þxþ kv sin Uuð Þyð Þð Þ þ CÞ

� exp �jjku;vjj2=2r2 x2 þ y2
� �� �

ð21Þ

Gwu;vðf ;uÞ ¼ �
jjku;vjj4

r4

cos Uuð Þ þ sin Uuð Þð Þ
ir2

� 


� f � kv cos Uuð Þ þ u� kv sin Uuð Þð Þ

exp � p
r2

f � kv cos Uuð Þð Þ2þ u� kv sin Uuð Þð Þ2
� �� �

þ C

ð22Þ

if Gwu;vð0; 0Þ ¼ 0; then

C ¼ � cos Uuð Þ þ sin Uuð Þð Þ
ir2

kv cos Uuð Þ � kv sin Uuð Þð Þ
�

� exp � p
r2

kvð Þ2
� ��

: ð23Þ
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