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Abstract

In this paper, we introduce a novel discriminative fea-
ture which is efficient for pose estimation. The multi-view
face representation is based on Local Gabor Binary Pat-
terns(LGBP) and encodes the local facial characteristics
in to a compact feature histogram. In LGBP, Gabor fil-
ters can extract the feature of the orientation of head and
Local Binary Pattern(LBP) can extract the features of fa-
cial local orientation. To keep the spatial information of the
multi-view face images, LGBP is operated on many sub-
regions of the images. The combination of them can repre-
sent well and truly the multi-view face images. Considering
the derived feature space, a radial basis function(RBF) ker-
nel SVM classifier is trained to estimate pose. Extensive
experiments demonstrate that the facial representation can
be effective for pose estimation.

1 Introduction

There has been a significant improvement in face recog-

nition over last ten years. However, the task of robust face

recognition is still difficult under pose variation. Pose esti-

mation is a very useful front-end processing for multi-view

human face analysis. The methods about pose estimation

can be categorized into two main types: model-based ap-

proach [1] and appearance-based subspace method [2] [3].

Treating the whole face as a feature vector in some statis-

tic subspaces, appearance-based method can avoid the dif-

ficulties of local face feature detection and face modeling

in the model-based approach, which has become a popular

method recently. But in the subspace method, the distri-

bution of face appearances under variable pose is always a

highly non-linear and maybe a twisted manifold, which is

hard to be analyzed. Therefore, an exact representation of

head poses is very important for the pose estimation.

In this paper, we introduce a novel discriminative fea-

ture which is efficient for pose estimation. The multi-view

face representation is based on the LGBP [4] operator and

consists of encoding the local facial characteristics in to a

compact feature histogram. LGBP is actually a represen-

tation approach based on multi-resolution spatial histogram

combining local intensity distribution with the spatial in-

formation. Therefore, it is robust to noises and local im-

age transformations. In addition, LGBP is with much dis-

criminating ability. The idea of using LGBP is motivated

by the fact that the shape and orientation of head in the

multi-view face images are very important for pose esti-

mation, which means that the good feature for representing

the multi-view face images must reflect the orientation of

heads. In LGBP, the Gabor filters with 8 different orienta-

tions can reflect the orientation of heads in the multi-view

face images, and then the LBP [5] operator based on the

Gabor features can reflect the local information on the dif-

ferent orientations and different scales. The combination of

Gabor and LBP further enhance the representation power

of the multi-view face images greatly. And the histogram

of the local regions make the discriminative features robust

to the misalignment. While regarding classifier design, us-

ing these features a RBF kernel SVM classifier is trained

to estimate poses. SVM [6] is adopted here since it is well

founded in statistical learning theory and has been success-

fully applied to pose estimation [2]. Extensive experiments

on the CAS-PEAL [7] database clearly demonstrate that the

LGBP features are effective for pose estimation.

The remaining part of the paper is organized as follows:

Section 2 describes the computation of LGBP in multi-view

face representation. The pose estimation method based on

SVM classifier is presented in Section 3. The experimen-

tal results compared with other features and classifiers are

shown in Section 4. Some brief conclusions are drawn in

Section 5 with some discussions on the future work.
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2 Feature Description

LGBP is first used for face recognition and attain the im-

pressive result on FERET database [4]. In this approach, a

face image is modeled as a “histogram sequence” by con-

catenating the histograms of the local Gabor magnitude bi-

nary pattern maps. And it is impressively insensitive to

appearance variations due to lighting, expression, and mis-

alignment. The effectiveness of the LGBP benefits from

several aspects including the multi-resolution and multi-

orientation Gabor decomposition, the LBP operator, and the

local spatial histogram modeling.

The first step of LGBP is to convolute a 64 ∗ 64 face

image I(x, y) with the Gabor filters as follows [8]:

G(µ, ν) = I(x, y) ∗ ψµ,ν(z) (1)

where:

ψµ,ν(z) =
‖kµ,ν‖2

σ2
e(

−‖kµ,ν‖2‖z‖2

2σ2 )
[
eikµ,νz − e

−σ2
2

]
(2)

kµ,ν = kνeiφµ , kν = 2−
ν+2
2 π, φµ = µ

π

8
(3)

The processing of facial images by Gabor filters is chosen

for its biological relevance and technical properties. We em-

ploy a discrete set of 5 different scales, with ν = 0, . . . , 4,

and 8 orientations, with µ = 0, . . . , 7. And then 40 Ga-

bor Magnitude Pictures(GMPs) can be calculated and the

dimension of each GMP is 4096(64 ∗ 64).
In the second step, LBP operator operates on each GMP.

The original LBP operator labels the pixels of an image by

threshold the pixels fp(p = 0, . . . , 7) of 3 ∗ 3 neighborhood

with the center value fc and considering the result as a bi-

nary number S(fp − fc)

S(fp − fc) =
{

1, fp ≥ fc

0, fp < fc
(4)

Then, by assigning a binomial factor 2p for each S(fp−fc),
the LBP pattern at the pixel is achieved as

LBP =
7∑

p=0

S(fp − fc)2p (5)

which characterizes the spatial structure of the local im-

age texture. In LGBP, the transform result of G(µ, ν) is

LG(µ, ν). For the 40 GMPs, there are 40 LGs for each

image, and the dimension of each LG is 4096(64 ∗ 64).
To enhance the representation of LGBP, some operations

are applied. First, to keep the spatial information of the

multi-view face images, LGBP is operated on many sub-

regions of the images. In this case, the new feature descrip-

tion of a full image is written:

LGR = (LG0,0,0, · · · ,LGµ,ν,i, · · · ,LG4,7,15); (6)

where LGµ,ν,i means the operation of LGBP with orien-

tation µ and scale ν on the i-region of the image. In addi-

tion, the histogram information LGHµ,ν,i is extracted from

LGµ,ν,i and concatenated into a single histogram sequence

LH. We use LH as our final feature description and we

sign the operation of feature description as LGBPH. In our

experiment, for a 64 ∗ 64 image, the region is set as 16 ∗ 16.

And for the number of the bins of the LGHµ,ν,i is 16, the

dimension of LH is 10240(5 ∗ 8 ∗ 16 ∗ 16).

3 Application to Pose Estimation

We consider LGBPH features as a facial representation

and then build a pose estimation system. A SVM classifier

is selected as the classifier in our pose estimation system

since it is well founded in statistical learning theory and has

been successfully applied to pose estimation.

Given the training samples (multi-view face images) rep-

resented by their extracted LGBPH features, a SVM classi-

fier finds the separating hyperplane that has maximum dis-

tance to the closest points in the training set. These closest

points are called support vectors. To perform a nonlinear

separation, the input space is mapped onto a higher dimen-

sional space by function φ and the kernel function K is the

similarity measurement of the samples in the higher dimen-

sional space. The test data Ix is classified by the following

decision function:

F (LHx) = Sgn(
l∑

i=1

αiyiK(LHIx
,LHIi

) + b) (7)

Where, αi is the Lagrange multiplier of the dual optimiza-

tion problem, yi is the 1 or −1 depending on whether

the training image Ii is a positive or negative sample, and

K(·, ·) is a RBF kernel function, LGIi is the LGBP repre-

sentation of Ii and b is the parameter of the optimal hyper-

plane.

Generally, SVM is used for 2-class problems. But, in

our approach, the poses of the face images can be viewed

as seven classes. So, we use “one against one” approach to

solve the k-class problem.

4 Experimental Evaluations

We test our method using the public CAS-PEAL

database. The CAS-PEAL database contains seven poses

{±45◦, ±30◦, ±15◦, 0◦ } of 1400 persons. We use a sub-

set including full 1400 images of 200 subjects ranging from

401 to 600. The persons in CAS-PEAL are all Asian.

In experiment, we first label the positions of eyes manu-

ally, and then crop the images to 64 ∗ 64 pixels. Histogram

equalization is used for reducing the influence of lighting.
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Figure 1. The Mean of Accuracy Rates of All
the Scales

Each image is represented by a raster scan vector of the in-

tensity values, and then normalized to be a zero-mean unit-

variance vector.

In experiment, we use 3-fold cross-validation in order to

avoid over-training. We sort the images by subjects, and

divide them into three parts. One part is taken as the testing

set and the other two parts are taken as the training set. In

this way, the subjects in the training set and the testing set

are different. Repeat this until each part has been taken as

the testing set. All the results of the experiments are the

mean of results of all testing sets.

4.1 The Orientation of LGBP

To show the orientation of the multi-view face images,

we use the feature LGµ,ν extracted by each LGBP filter as

the input of SVM to estimate poses. As introduced in Sec-

tion 2, the dimension of LGµ,ν is 4096. The results of pose

estimation are shown in Fig. 1. In the figure, the horizon-

tal axis represents the different orientation µ in LGBP, and

the vertical axis is the mean accuracy of pose estimation of

the orientation µ in all scales. From the figure, the results

of the orientation 3, 4, 5(φµ = 3π
8 , 4π

8 , 5π
8 ) are much bet-

ter than not only the results of other orientations but also

the result by using only the LBP operator, which is 83.57%.

Therefore, we can get the conclusion that the orientations

in LGBP can reflect the shape and orientation of head in the

multi-view face images and the LGBP is a better represen-

tation for the multi-view face images.

4.2 LGBPH Feature

We use the same SVM classifier to compare the follow-

ing features: LBPu2
8,1, LBP, wLBP, grey scale feature(G)and

LGBPH introduced in Session 2. LBPu2
8,1 is the method us-

ing the LBP operator in a (8, 1) neighborhood and using

Table 1. Pose estimation results of different
features

Feature Accuracy Rate(%)
LBPu2

8,1(dim=59) 81.64
LBP(dim=256) 83.57

wLBP(dim=256) 93.14
G (dim=256) 93.64

LGBPH (dim=256) 97.14

only uniform patterns [5]. And the number of the bins of

LBPu2
8,1 is 59. LBP is the standard LBP operator and its

bins’ number is 256. wLBP is an enhanced histogram of

LBP in which an image is divided into many 16∗16 regions

and then statistic the histogram on each region. For the gray

scale feature, PCA is applied for dimension reduction and

feature extraction, which can be seen as the baseline of pose

estimation. In LGBPH, the grid size of the Gabor operator

is set as 32∗32. As the dimension of LH is very high, PCA

is used to reduce the dimension to 256, which is the same

to the number of bins of LBP and wLBP. The experiment

results are shown in Table 1.

From Tab. 1, we can know the result of the LBPu2
8,1 is

very low. We attribute this to the unique rotation invariant.

In our statistic, the 4.84% histogram information is lost in

LBPu2
8,1, which cause the result of LBPu2

8,1 is little descend

compared with LBP. The result of LBP is 83.57%, which

is lower than the result of gray scale features. As a local

feature, the histogram of the LBP feature on the full im-

age lose the spatial information of the pixels. Because both

the orientation of head and the spatial information of pixels

are very important, we can get the conclusion with briefly

the histogram of LBP cannot be used to the pose estima-

tion directly. On the contrary, wLBP can improve results by

keeping the spatial information by statistic the histogram on

regions.

In all the features, LGBPH get the best accuracy 97.14%
of pose estimation in the experiments. The improvements

is 13% compared with LBP features and 4% compared with

wLBP, which prove that LGBPH can improve the perfor-

mance of the LBP features greatly. We think the reason

of the improvement is that LGBPH is based on the Gabor

features, in which the orientations and scales filters can rep-

resent the multi-view face image well and truly. And com-

pared with the results of gray feature, which is the baseline

in pose estimation, the improvement is 3.5%, which can be

attributed the orientations and scales of the Gabor filters in

LGBPH. Finally, we think the merits of the LGBPH are: 1)

the Gabor filters extract the orientation information, 2) the

LBP operator in LGBP extract facial local orientation fea-

tures, 3) the histogram of LGBP is the statistic of the orien-
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Table 2. Pose estimation results of different
histogram metrics

Feature
NN

SVM
D L χ2

LBPu2
8,1 62.14 24.21 62.36 81.64

LBP 65.29 28.13 64.27 83.57
LGBPH 89.93 82.43 89.64 97.14

tation in the local regions, 4) the regions of LGBPH make

LBP can keep the spatial of the multi-view face images.

4.3 SVM Classifier

We use three histogram features: LBPu2
8,1, LBP and

LGBPH to compare the performance of SVM classifier

with three approaches of histogram matching: histogram

intersection(D), log-likelihood statistic(L) and χ2 statistic.

Generally, these three similarity measurement approaches

can be taken as the nearest-neighbor(NN) classifiers and

they have arrived at the good results in face recognition.

The experiment results are shown in Table 2.

From the results, we can know that SVM classifier get

the best result in all the features. For the histogram intersec-

tion and log-likelihood statistic, they reflect the distribution

of the histogram. The results of the D and L denote that the

distribution are not exactly to measure the similarity of the

multi-view face images. For the multi-view images, there

exists two varieties: poses and subjects. And the NN clas-

sify can not distinguish exactly that the variety of the multi-

view face image is caused by poses or subjects. We attribute

the results of SVM to the exact margin. In generally, SVM

can find the exact margin when the samples of each class

are abundant to represent the true distribute of samples. In

our system, there exist about 133 training samples in each

class, which satisfy the request of SVM.

5 Conclusion and Future Work

A novel discriminative feature is introduced which is

efficient for pose estimation. The representation is based

on LGBP and encodes the orientation information of the

multi-view face images into an enhanced feature histogram.

Considering the proposed representation, we trained a RBF

kernel SVM classifier to estimate poses. Extensive experi-

ments clearly show the validity of our approach compared

with some other features and classifiers.

The future work should be on the dimensions reduction.

The dimension of the LGBPH is the bottleneck in the real-

time pose estimation system. And three or less orientation

in LGBP may have the same or better results in pose esti-

mation. But, the dimensions are reduced greatly.
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