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Abstract

Face recognition based on 2D face images is still challenged by the large change of illumination,

pose and expression after more than 10 years’ research and its recognition rate is still far away from

satisfaction under the change of the above three factors. Gabor wavelet and support vector machine

(SVM) are studied. Gabor wavelet has good biological neurons function, and good adaptive change to

illumination. Furthermore, SVM can provide good classification effect. Gabor wavelet and SVM are

combined with PCA to improve recognition rate of human face. Besides, we put forward a kind of Gabor

wavelet feature extraction method based on three-dimensional human face contour line. Five different

types of human face recognition are used to verify the effectiveness of this algorithm. The experiment

results show that the proposed scheme has higher recognition rate than several traditional schemes.

Key Words: Three Dimension Face Recognition, Gabor Wavelet, Support Vector Machine, Feature

Extraction
1. Introduction

With the rapid development of economy and the po-
pularity of the Internet, information security has gradu-
ally been valued by people. As one of the important means
to protect information security, face recognition has gra-
dually drawn attention from researchers. Moreover, face
recognition is an important branch of computer vision
technology and biometric identification technology, and
it is also is an important field of pattern recognition and
artificial intelligence [1]. The important task of face rec-
ognition is to identify the faces in the static image or vi-
deo. How to recognize face quickly and correctly is still a
difficult problem in face recognition task at present [2,3].
The selection of face recognition algorithm is directly re-
lated to the recognition rate.

Face recognition research beginning in the 1960s has
gone through decades of development, and some encour-

*Corresponding author. E-mail: lituyongbo@sina.com

aging results have been achieved for it. However, most
of these traditional face recognition methods are aimed
at 2D color or grayscale image, namely 2D face recogni-
tion [4]. In the practical application, they still face many
serious problems. Illumination, expression and posture
change affects the robustness and accuracy of identifica-
tion results, which restricts the further development of
2D face recognition, making it be in a bottleneck stage in
the mature technology application. The reason is that the
human face is essentially a non rigid three-dimensional
object with color texture information, which contains both
color texture information of the human face and the shape
structure information [5]. The two-dimensional face im-
age is projection of 3 dimensional face color texture to
two-dimensional plane, so it loses three-dimensional shape
structure information describing the important features
of human face. There dimension face information for au-
thentication identity has greater potential in better recog-
nition performance than two-dimensional face image, and
it is now widely accepted in the field of face recognition.
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The 3D data acquisition device obtains the three-di-
mensional depth data, after de-noise, normalization, reg-
istration and other pretreatment measures, and how to
extract the important characteristics of strong ability to
distinguish face from these data is the key problem of de-
termining face recognition results [6,7]. Because the data
of 3D face is different from that of 2D gray image, some
feature extraction methods of 2D face recognition cannot
be applied to 3D face data. Therefore, for the new model
of 3D face, we need to study its particularity to extract
the real expression of its essential identity [8—10]. In ad-
dition, the face is not an invariant three-dimensional ri-
gid body, and it will produce irregular deformation, such
as facial expression change. So when extracting features,
we need to take into account the impact of three-dimen-
sional deformation of the face, that is to extract the ro-
bust expression features.

The rest of the paper is organized as follows: in sec-
tion 2, the current studies on human face recognition are
briefly reviewed; the proposed scheme for three dimen-
sion human face recognition is described in detail in sec-
tion 3; in section 4, the experimental results and corre-
sponding analysis are shown; finally, the conclusion is
given in section 5.

2. Related Work

At present, the commonly used face recognition al-
gorithms include knowledge-based method, template ma-
tching based method, appearance based method, and fea-
ture invariance based method. The knowledge based rec-
ognition method requires a high degree of experience
knowledge, and the rules which are transformed by ex-
perience should not be too strict or too simple. This me-
thod requires a large amount of calculation, and recogni-
tion time is longer. At the same time, the pose of human
face has a great influence on it. Feature invariance based
method leads to features being easily destroyed and is
difficult to identify in complex environments. The me-
thod based on template matching is easy to implement,
but it also has disadvantages. The adaptively of this me-
thod is poor. The appearance based methods mainly rely
on statistical analysis and machine learning theory, and
compared with the definition of face model of template
matching method, this method usually learn samples, so

as to obtain the face template model to be as training
classifier for identification of the testing sample. These
methods mainly include feature space, artificial neural
network, support vector machine (SVM) and AdaBoost
based method.

Support vector machine (SVM) has good learning
ability, especially generalization ability, it has good gen-
eralization performance and good classification accuracy,
and has high recognition rate in face recognition [11]. A
kind of dimensionality reduction technique based on di-
agonal locality preserving projection was applied to face
recognition [12]. Multi feature face identification based
on Hash table and binary tree classifier was put forward
by Nair [13]. Huang et al. constructed a kind of face rec-
ognition based on pyramid histogram and SVM [14]. A
new local low-level features was presented to improve
performance of 3D face recognition [15]. Zeng et al. put
forward a kind of face recognition method using linear
discriminant regression classification based on fisher cri-
terion [16]. An efficient 3D face recognition method us-
ing geometric features was proposed by Li [17]. 2DPCA-
Euclidean distance classification was used in 3D face re-
cognition by Yashar [18]. Lei et al. put forward an effi-
cient 3D face recognition approach using local geometri-
cal signatures [19]. Three-dimensional statistical facial
feature model was used in accurate land-marking of three-
dimensional facial data [20]. Jin et al. proposed a novel
method for 3D Face Recognition Based on 2D Gabor
Wavelet Transform and LBP [21]. Torkhani et al. pro-
posed a 3D-2D face recognition approach via extended
Gabor wavelet combining curvature and edge detection
[22]. Vinay et al. study on how to solve the face recogni-
tion problem utilizing Gabor Wavelet Features with PCA
and KPCA [23]. Arindam et al. used the Gabor based
Kernel Entropy Component Analysis to handle the Hu-
man Face Recognition problem [24].

3. Three Dimension Face Recognition Based
on Gabor Transformation and Support Vector
Machine

3.1 Gabor Wavelet Feature Extraction Based on
3D Human Face Contour
3D face data acquired by three-dimensional data ac-
quisition equipment is not completely in the same coor-
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dinate system due to face location tilt in the acquisition
process, so we need to place all kinds of face data in a
unified coordinate. We take the Frankfurt coordinate sys-
tem in forensic anthropology, the center line of the ears is
X axis, and the midpoint of the wire is the coordinate ori-
gin. Through the origin of coordinates, Y axis is vertical
upward to the face. Z axis is vertical to XOY plane, and
the direction is toward the tip of the nose.

Because the distance of each point on the contour
line is not uniform, it is necessary to unify the step size of
the contour line. Resampling points operation should be
carried out for the contour line and the sampling point is
used to describe the curve. Based on the established 3D
coordinate system and grid control points, we find the
vertical point set of the highest depth point to determine
the contour line in the halve human face. Point with lar-
ger data depth value can only be the most protruding
forehead point, nasal tip point, mouth and chin raised
most protuberant point, and the key points are in the halve
face contour line.

After extracting the face halve contour line, we fur-
ther find out valuable reference point. We firstly work
out the curvature of contour point set, then analyze its
curvature change again, and then find out the point with
local maximum curvature. These valuable reference po-
ints are the point with the largest concave and convex
change on the contour line, including the high forehead,
the nose bridge point, nasal tip and nasal root point, up-
per and lower lip sharp point, and chin concave point,
etc. For crosscutting outline of nasal tip, first of all, ac-
cording to the curvature change of the profile and the lo-
cation of the nasal tip point, we identify two nosewing
points. Set the distance between the two nosewing po-
ints, then according to the characters of facial structure,
namely three stop five eye rule, we determine crosscut-
ting outline of nasal tip.

One-dimensional Gabor function is defined as follows.
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where k represents central frequency of the filter, &, rep-

resents different kernel function of the wavelet, which
controls the width of the Gaussian window, oscillation
wavelength and direction, j represents complex opera-
tor, o represents bandwidth of wavelet filter, ¢, repre-
sents direction selectivity of the filter, # and v represent
direction and scale of the filter, and » represents the to-
tal number of direction. Suppose that the face halve con-
tour line includes £ number of points, the point coordi-
nate sequence along the counterclockwise direction is
represented as {(yo, 20), V15 Z1)» -+-» Vi1 Z5-1) } -

V,z € RY y(x) =y, z(x) = z,, the contour line can be ex-
pressed as coordinate sequence s(x) = [y(x), z(x)], x =0,
1, ..., k— 1. Each point can be expresses as a complex
number

s(x) = y(x) +j - 2(x) 2)

The convolution between contour line and Gabor filter
is

Oy (x) = 5(x) * g(x) 3)

{ouy (x); x=0,1, ..., k— 1} represents Gabor wavelet
transformation characteristics of contour line.

3.2 Proposed Three Dimension Face Recognition

Scheme

Support vector machine (SVM) is a classifier with
very strong learning ability and generalization ability. In
solving the problem of small sample, nonlinear and high
dimension recognition problem, it has many unique ad-
vantages. SVM and neural network are similar, but dif-
ferent. Therefore, some researchers consider that the SVM
is becoming a new research hotspot after neural network.
By nonlinear transformation, input vector is mapped to a
high dimensional space, and the optimal line classifica-
tion plane is established in the high dimensional space,
and by choosing the appropriate inner product function,
it realizes the nonlinear transformation. The linear sepa-
rable sample set is {(x;, y;), i=1,2, ...,n},x; € R’ y; €
{—1, 1}. We should find out weight vector and optimal to
make them meet the following constraints.

Y(Ow.x,) +b) 2 1, D(w) = %w"w

After introducing Lagrange multiplier,
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L(w,b,0) =%||w||2 —Za/(yj((w-x/.)+b)—l)

The maximum objective function is
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The dual program of the original problem is
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The solution of the above problem is o = (oc*l, az, ey

!
o ,). Weight vectorisw = Za ;¥;x; and the optimal b
j=1

/
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obtain (w" - x) + b" = 0. At this time, the optimal func-
tion is

f(x)=sgn{(w" -x)+b}=sgn {[le oy, (x, -x)j+b}

The original SVM method is adopted to implement
two kinds of classification, but it cannot be directly ado-
pted in classification of multiple types. So how to effec-
tively use it for the classification of multiple types is a
problem to be investigated. As multiple class classifica-
tion of face classification and recognition, we need to
construct SVM multiple class classifier. We use classifi-
cation method of two classes to construct a type of n
class classifier. Given m number of training sample be-

longing to k categories, (X1, ¥1), (X2, V2)s-+» (Xoms V). X; €
R',i=1,2,...,m,y; € {1, ..., k}. We use the above train-
ing sample to construct one classification function f; (x).
If vector x; belongs to the k-th class, sign[f; (x)] = 1. Oth-
erwise, sign[f; (x)] =—1. Here, one to one algorithm pro-
posed by KreBel is adopted. The classification problem

k(k - 1)
2

of k categories is transformed into number of

classification problem of two categories. The i-th class
and j-th class construct SVM sub-classifier. In the train-
ing sample, we choose the i-th and j-th training sample,
the i-th class is labeled to be positive class and the j-th
class is labeled to be positive. Then the following equa-
tion is established.

st (W) O(x)+b" = 1-&) if y, =i ©)
WY o(x)+b" <—1+&7 if y, = (6)
& >0 (7
k(k ~1) number of SVM sub-classifier is tested.

sign(w')" ¢(x,) +b") (8)

According to equation (6), if x belongs to the i-th class,

the votes of the i-th class is 1. If x belongs to the j-th

class, the votes of the j-th class is 1. The accumulated
votes are calculated, and we choose the sample with the
highest votes as the training sample.

PCA face recognition algorithm is a kind of tradi-
tional, effective method of face recognition, but there are
many shortcomings such as recognition rate is not high
and is greatly affected by environment and facial expres-
sion. In order to more effectively recognize human face,
PCA algorithm is optimized by Gabor wavelet and SVM
classifier, so as to achieve the purpose of increasing the
recognition rate. The proposed 3D face recognition algo-
rithm is described as follows and its flowchart is shown
in Figure 1. Based on Gabor wavelets and SVM optimi-
zation of PCA face recognition algorithm steps are as
follows.

Step 1. The image normalization processing is carried
out to make the size of the picture consistent. The
original face recognition library is divided into
training and identification library of human faces.

Step 2. Gabor wavelet based on contour line is used to
extract face feature for training face library and
recognition face library. The extracted Gabor wa-
velet feature vector forms one Gabor face feature
matrix.

Step 3. The method of uniform sampling is used in fu-
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Testing sample

Gabor filter

Training sample

Gabor filter

Extract Gabor feature
vector based on 3D
contour line

Extract Gabor feature
vector based on 3D
contour line

PCA algorithm is used to
reduce data dimension and
calculate feature matrix

PCA algorithm is used to
reduce data dimension and
calculate feature matrix

SVM classifier

Output result

Figure 1. The proposed 3D face recognition.

sion of Gabor face characteristic matrix to reduce
the amount of calculation and redundant infor-
mation.

Step 4. PCA algorithm is used to reduce dimension of
Gabor face feature matrix, and then calculate the
covariance matrix and the characteristic matrix.

Step 5. The SVM classifier is used to classify it. Firstly,
the characteristic matrix is input to the SVM
trainer, and a model is set up. The kernel function
type, value between each parameter, the value of
the discriminant function is compared with each
data after training, so as to output classification
and recognition rate.

4. Experiments and Analysis

The adopted face libraries include 1) ORL face data-
base, 2) Yale face library, 3) self-built face library, 4) PIE
database, and 5) Multi-PIE database. Face library after
normalization processing is divided into the training sam-
ple and testing sample library. The number of training
samples in ORL face database is 200, the number of each
type of face is 5, and the number of the testing sample is
200. The number of training sample in Yale face library

is 75, the number of each type of face is 5, and the num-
ber of the testing sample is 75. Images of seven persons
are chosen from the self-built face library, 5 pictures of
each person are taken as the training sample and there are
a total of 35 pictures. The kernel function of SVM is RBF
kernel function, penalty factor is 1, g is 0.01. ORL face
database, Yale face database and self-built face library are
recognized respectively. Performance of several commonly
used algorithms is compared. PIE Database is generated
by CMU, which is a database of 41,368 images of 68
people, each person under 13 different poses, 43 differ-
ent illumination conditions, and with 4 different expres-
sions. In addition, the Multi-PIE face database is also
proposed by CMU, which contains more than 750,000
images of 337 people recorded in up to four sessions
over the span of five months. Subjects were imaged un-
der 15 view points and 19 illumination conditions while
displaying a range of facial expressions.

From Table 1 to Table 5, we can see that recognition
rate of proposed scheme based on Gabor wavelet and
SVM is superior to the conventional face recognition al-
gorithm. Face recognition based on PCA optimized by
contour line Gabor wavelet and SVM provides the high-
est recognition rate. The recognition rate of proposed

Table 1. Recognition results on ORL face library

Recognition algorithm Recognition Running

rate time (s)
PCA 0.770 9.084
2DPCA 0.905 8.875
PCA+LDA 0.92 10.375
PCA+SVM 0.92 10.733
Gabor+PCA+SVM 0.98 21.234
GIST+LBP 0.95 18.547
Contour line Gabor+tPCA+SVM 0.99 20.15

Table 2. Recognition results on Yale face library

iy . R ition Runni
Recognition algorithm ceognition  Bunning

rate time (s)
PCA 0.733 3.469
2DPCA 0.88 3.469
PCA+LDA 0.88 3.765
PCA+SVM 0.91 3.65
Gabor+PCA+SVM 0.97 10.376
GIST+LBP 0.96 10.574
Contour line Gabor+PCA+SVM 0.98 9.127




168 Delong Zhang et al.

Table 3. Recognition result on self-built facial library

.. . R ition Runni
Recognition algorithm ecognition BUNNING

rate time (s)
PCA 0.8 1.546
2DPCA 0.915 0.985
PCA+LDA 0.901 1.876
PCA+SVM 0.94 3.108
Gabor+PCA+SVM 0.95 5.46
GIST+LBP 0.96 5.52
Contour line Gabor+PCA+SVM 0.97 4.79

Table 4. Recognition results on PIE database

. . Recognition Runnin
Recognition algorithm & Hnning

rate time (s)

PCA 0.754 3.113
2DPCA 0.82 3.234
PCA+LDA 0.83 3.657
PCA+SVM 0.85 3.24

Gabor+PCA+SVM 0.96 9.657
GIST+LBP 0.96 9.652
Contour line Gabor+PCA+SVM 0.97 8.524

Table 5. Recognition result on multi-PIE database

Recognition algorithm Recognition Running

rate time (s)
PCA 0.81 1.257
2DPCA 0.941 0.974
PCA+LDA 0.955 1.824
PCA+SVM 0.933 3.236
Gabor+PCA+SVM 0.949 5.357
GIST+LBP 0.958 5.581
Contour line Gabor+PCA+SVM 0.96 5.247

scheme can reach 99% on ORL face database, human
face recognition rate for Yale human face library is as
high as 98%, and recognition rate of self-built facial li-
brary is 97%. It fully shows that face recognition PCA al-
gorithm optimized by contour line Gabor wavelet and
SVM algorithm is effective. But it also has drawbacks. In
time of face recognition, PCA algorithm optimized by
traditional Gabor wavelet and SVM costs longer running
time than the general algorithm. But PCA algorithm opti-
mized by contour line Gabor wavelet and SVM costs
shorter running time than PCA algorithm optimized by
traditional Gabor wavelet and SVM.

In the real life, the collected face image background
is complex, and the light intensity is also different. In the
process of face recognition, environment is an important

influence factor. In order to verify face recognition based
on Gabor wavelet and SVM optimization algorithm,we
collecte 70 images, each type of 10. The PCA algorithm
optimized by contour Gabor wavelet and SVM is used in
the face recognition system. Recognition results on ORL
and Yale face library are shown in Figure 2 and 3 respec-
tively. Recognition results on self-built library are shown
in Figure 4, 5, 6 and 7.

5. Conclusion

With the recent progress in 3D sensors, more and more
organizations have committed to using the three-dimen-
sional data-aided face recognition and achieved good re-
sults. 3D face recognition has potential to overcome the

Figure 4. Recognition result of face 1 in self-built library.
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h
Figure 7. Recognition result of Multi-PIE database.

difficulties of the image-based face recognition caused
by the variations of illumination, facial posture and ex-
pression etc. Effective feature extraction of 3D facial sur-
face is one of the core technologies for 3D face recogni-
tion. We put forward a kind of Gabor wavelet feature ex-
traction method based on three-dimensional human face
contour line. Then, contour line Gabor wavelet and SVM
are combined with PCA to improve recognition rate of
human face. The experiment results show that face rec-
ognition algorithm based on PCA optimized by contour
line Gabor wavelet and SVM classifier is reliable and
can provide high recognition rate.
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