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Abstract

Traditional human feature extraction algorithm based on Gabor transform folds the
human face image and multiple scales and multiple direction kernel function for Gabor to
obtain Gabor human feature with sampling and cascade. The obtained Gabor feature
dimension of human face is high, the recognition process wastes time rather without
rotation invariance, and performance of human face figure decreases at plane rotation.
LBP is used in operator for texture analysis due to algorithm thought is sample,
computation complexity is low and discernment is strong, etc. The above-mentioned
analyzed and used widely for several years, LBP operator has fortissimo gray invariance
and rotation invariance to overcome the problems of rotation shifting and uneven
illumination. This dissertation adopts feature extraction method for combination of Gabor
wavelet and LBP to research human face recognition to put forward to LBP algorithm
with uniform pattern for improving the accuracy of human face feature recognition and
flexibility of practical operation. The dissertation provides optimization selection and
integration for human face feature extracted by Gabor wavelet and LBP to put forward to
improved algorithm: feature extraction methods combined with 2D-Gabor wavelet and
uniform LBP. This dissertation algorithm makes progress to improve recognition rate and
decrease data redundancy with flexibility and effectiveness for human face recognition.

Keywords: Face recognition, Face feature extraction, 2D-Gabor wavelet, Local Binary
Pattern(LBP), Uniform patterns LBP

1. Introduction

With the development of modern intelligent information technology, computer and
Internet technologies are becoming increasingly developed. In the meantime, people face
increasingly strong challenges in information security. In this context, a problem that
needs to be solved urgently by the society is about how to identify and affirm identity
accurately and fast [1]. At present, personal document or password is the principal method
for identity authentication. As is known from long-term practices, the loss of personal
documents and passwords has severely threatened the information security of people’s
daily life and work. In order to find an identity authentication method with higher
security, researchers apply biological characteristics to identity authentication through the
feature that human characteristics cannot be copied. Subsequently, the method of
indentifying biological characteristics enjoys fast development and application. Compared
with the traditionally used methods of identifying passwords and personal documents, the
biological characteristic recognition has numerous advantages, including being fast, safe,
un-duplicated and difficult to be forged [2]. As is known to all, biological characteristics
(such as fingerprints, genes, profiles and voices) are characteristics unique to a person.
According to such biological characteristics, numerous technical means have been
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developed and designed based on computer fundamentals in the current phase to identify
the human identity, including voice recognition. Currently, the recognition technology in
this regard has been widely accepted and applied [3]. In the above-mentioned human
characteristic recognition technology, the facial recognition technology receives
unanimous acclaims for more friendly interactions and no psychological barrier in use.
Secondly, the analysis of human facial expressions helps people to obtain the information
that cannot be identified by other methods [4]. In addition, the biological characteristic
recognition has several advantages, such as being non-contact, non-mandatory and non-
invasive. Moreover, the human face triggers memories more easily than other body parts.
Hence the biological characteristic recognition is of great significance to research the
facial recognition technology. That’s why it is the current hot-spot direction of identity
authentication, image processing and other subjects [5].

The exploration of facial recognition technology is of important scientific values,
which are represented in two aspects: Firstly, the research on the facial recognition
technology deepens people’s understandings of humans’ visual system; secondly, the
research on the facial recognition technology provides a basis for applying artificial
intelligence. Hence setting up a facial recognition system on the computer has significant
application values and application prospects for identifying facial images [6].

At present, the research priorities of the facial recognition include the methods of
classifying images and feature abstraction algorithm. The latter is the key and plays the
decisive role in determining the eventual effect of facial recognition. The Gabor transform
is surprisingly similar to the receptive model of humans’ retina cells. It is thus capable of
obtaining the least uncertainty in frequency and time. Moreover, it has strong robustness
targeting at external interferences, such as sunshine, postures and expressions. The
traditional facial feature abstraction methods, which are based on Gabor transform, firstly
execute the convolution of facial expressions to produce the multi-direction and multi-
scale kernel function of Gabor transform. Secondly, the cascading and downward
sampling are conducted to obtain Gabor facial features. Such a method yields a high
number of dimensions, which requires much time and does not need the rotational
invariance. The recognition performance decreases as the facial image rotates on a
surface. The LBP (Local Binary Pattern) is an operator that analyzes patterns. With a
simple algorithm, the calculation process has several advantages. For instance, it is
relatively simple and has a strong distinguishing capacity. In recent years, the LBP
operator has been widely researched and applied. With a strong gray invariance and
rotational invariance, the LBP operator is capable of decreasing the impact of low
rotational displacement and uneven sunshine.

Based on the above-mentioned problems, the thesis abstracts features by combining the
Gabor wavelet and LBP. It then researches the facial recognition and proposes the
uniform pattern LBP. In order to improve the accuracy of abstracted facial features and
the flexibility of actual utilization, the thesis carries out an optimized selection and
integration of facial features abstracted through Gabor wavelet and LBP. Meanwhile, it
proposes an improved algorithm: namely the feature abstraction algorithm that combines
2D-Gabor wavelet and uniform pattern LBP. The thesis improves the recognition rate and
reduces data redundancy effectively. Moreover, it is applicable to common facial bases,
which effectively identifies facial expressions.

2. Related Work

2.1. Introduction to Gabor Wavelet Transform

Gabor wavelet transform has the visual characteristics of living organisms, which are
extremely similar to the visual stimulus responses of human’s biological visual system.
However, such characteristics are only similar to simple visual cells. In addition, the
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Gabor wavelet transform also has several advantages. Its best characteristic is giving
equal considerations to the information in the time domain. However, the Gabor wavelet
transform cannot set up an orthogonal basis unless under certain parameters [7]. The
Gabor wavelet has significant characteristics, including direction selection, scale selection
characteristics and the sensitivity to image margin, which make people fond of applying it
to the visual and information understanding fields. The 1-D Gabor wavelet has various
excellent qualities. Subsequently, researchers propose the 2-D Gabor wavelet transform.
Compared with the 1-D Gabor wavelet, the 2-D wavelet does not need to change the
column vector to identify faces. However, the 2-D Gabor wavelet has all the advantages
owned by the 1-D Gabor wavelet transform. It is thus frequently applied in image
processing and model recognition [8].

Gabor wavelet transform has significant characteristics in technology and biology.
That’s why the Gabor wavelet is adopted in the image pre-treatment.

Firstly, the Gabor wavelet kernel function is capable of eliminating direct current
components, namely eliminating exp{— G{}in the attached plane wave. The Gabor wavelet

is not restricted by the changes of light on the facial image. Generally speaking, the Gabor
Wavelet is applied in the tests that place high requirements on light.

Secondly, the Gabor wavelet kernel function allows the user to adjust the scales and
directions of Gabor wave filter parameters. In the meantime, the small-scale filtering can
reflect the local structure. If the filtrating has a large scale, it is capable of reflecting the
whole structure. Furthermore, the Gabor wavelet filtration can represent the information
related to the gray distribution of images in all directions and scales.

2.2. 2D-Gabor Wavelet Transform Principle

The Gabor wavelet is frequently used in multi-resolution and multi-channel analyses,
which are similar to humans’ visual characteristics. In the 1980s, Daugman transformed
Gabor wavelet into 2-D model and constructs 2-D Gabor wavelet. This is because the
minimum uncertainty of time and frequency is obtained through 2-D Gabor. In this
regard, it is similar to the receptive model of humans’ retinas [9]. Hence the Gabor
wavelet algorithm is the best characteristic abstraction algorithm. In the thesis, the
utilization of the 2-D Gabor wavelet in the Gabor transform is the research priority.

Here is the expression for the two-dimensional Gabor wavelet kernel function:

w,, = Bl eyl #2120 [gizkuy — o=(5%/2)] (1)

o

In this function u and v as parameters. Where: u, v is respectively express the direction
and scale factor; Z = (x, y) is the input of the space coordinates of the image, the two-
dimensional coordinate is X, y.

The constants associated with wavelet frequency bandwidth are represented by o and
can be obtained by the following formula:

— 2%
o= w,.“21112(wj

) @
The relationship between the width of the window and the wavelength are determined

by the above equation. The half - peak bandwidth of the octave is represented by ¢. The
center frequency of filter shown as k

o = () < [Er] o

k}' kv Sind}u

Copyright © 2017 SERSC 9



International Journal of Multimedia and Ubiquitous Engineering
Vol.12, No.12 (2017)

Get command of the width of Gauss window, the wavelength and the direction of the
oscillation. Where the @, is shown as texture direction, and reflected on filter direction
selectivity; k., = k... /f¥ is shown as texture wavelength, the maximum center frequency
is shown as k.., in the frequency domain the filter is shown as ¥

Through Euler formula, cosine and sine waves represent the real and imaginary parts of
the two-dimensional Gabor wavelet

eudl _|I-||LTLL1L'||1||3||1}I o
RE(‘VW} = %E - 22 Jeos(zk,,) — e /2] 4)
el ==
Ly~ .,
Im(v,,) = %E li z0? }sm(zl{w} 5)

The properties around a pixel point in the image can be represented by a two-
dimensional Gabor wavelet. The filtering process of the image is completed during the
convolution of the Gabor function and the image

The parameters of filter should be selected according to physiological and
psychological experiments. the researchers validated through experiments for the
following conclusions, when the filer bandwidth ¢ is 0.5 octave, k... = E is one of the
biggest center frequency, if the image size is 128x128, we can get the best experimental
data. Follow the function below, if¢ = 0.5, the o ® 2m. So, in this paper we choose
filter is ke = =, 0 & 2m,

n= %E:’;ﬁl{h - M}(?'.i w7 (6)

2.3. Face feature extraction based on Gabor Transform

Through the Gabor transform for a face image, we can get the Gabor kernel function
Ur.. and face image convolution I{z), the following is a specific said:

Wy(2) =1z)x v _(2) (7)

In the function above: different parameters u and v corresponding Gabor base through
bits of Wr,..{z}, the W,.{z) is shown as Gabor base and the Gabor characteristics which is
the image 1(z) after the convolution, among them, v € {0,1,2,3,4},u £ {0,1,2,3,4,5,6,7.

The real and imaginary part of the plural response generated by Gabor convolution
[10], because in fact imaginary part is not through the smooth peak response, vibration
formed around the image, is not easy to identify. The concrete as shown in the figure
below:

¢

~é &o &
Y
Iv -

Figure 1. The Original Face Image
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ace Image

Figure 3. Gabor Imaginary Part Response of the Face Image

Local energy spectrum of the image through the reflection amplitude information is
expressed, at the same time a better embodiment of smoothness is shown around the
image, it can be more convenient to identify, and this article said Gabor transform
response of the face image is expressed by amplitude characteristics of the Gabor

transform.

Figure 4. Gabor Amplitude Characteristics of Face Image

Copyright © 2017 SERSC

11



International Journal of Multimedia and Ubiquitous Engineering
Vol.12, No.12 (2017)

After the Gabor feature is obtained, linked the 40 eigen values of Gabor, and the Gabor
characteristics of the face image can be obtained. The following is the cascade process:

First of all, a cascade of image position (x, y) in the corresponding 40 Gabor feature O
(X, y), we can obtain:

T
{{ OED.':J{..?}J OITD.':.!W]“ e GID.':JW} }J {O'EI!"l.':x.y}J GlTl.':x,y]“ " Ggl.':xy} }J s

®)

Tty =
(Og?-':my}’ OI?-':x.y}’ vy D4T?-Ex.y}}}

Secondly, the whole pixel position of the cascade image (x, ¥) € I is the J(x,¥) of the
image, and the Gabor feature vector of the image can be obtained below:

J={JewnlEne] 9)

From the above, the Gabor image feature dimension is 40 times of the original image
dimension, which is difficult to classify and identify such images with high redundancy.
So, reduce the dimensions of the Gabor feature is necessary.

3. Local Binary Pattern Principle

3.1 LBP Operator

LBP is an effectively describe operator within the scope of the gray scale of texture, the
original operator area is 3 * 3, the window is mainly composed of a center pixel g, and 8
adjacent pixels gg,---, g-. In LBP operator, the texture T of the image can be denoted as
[11]:

T t(gl} — ey Br — gc} (10)

Will in the window within another 8 pixels to center pixel as a benchmark for
binarization operation, concrete process is: the center pixel as the threshold, will the other
8 pixel gray value compared with the threshold, assumptions surrounding pixel size is less
than the center pixel, so the pixel tag to O, or 1. After the binary operation, the new T
calculation formula is obtained:

T~ t(S(gD - gc}:"'.l S(ET - gc}} (11)
The operation of the binary is expressed as:

- 128 aa

Complete formula (12) after operation, eight neighboring pixels in a 3 * 3 window can
be corresponding to the eight binary values, then use the calculation formula (13)
weighted summation of pixel location, to calculate the area of LBP values.

LBP(y v = Di=o5 (g — 8:)2' (13)

The LBP operator is adopted to calculate the pixels in images and obtain the LBP
values that correspond to different pixel positions. In this way, the pattern information of
an image is described. The early LBP operator is derived from the locally-nearest concept
of pattern. In the early phase, its function is to assist the measurement of the comparison
of the local region, namely LBP/C. Figure 4 describes the calculation methods of the early
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LBP in the early phase in details. The comparative component C is the mean value of all
pixel points in the field that are =central pixel points g, and all pixels within the region
that are <central pixel points g..

The basic LBP operator has the defect of only covering an extremely small region
within the radius. It is thus unable to meet the demands of different sizes and frequency
patterns [12]. Ojala et al. conducted the improvement research to make up for the above-
mentioned defects, meet the demands for various sizes and meet the requirements of
grayness and rotational invariance.

3.2. Uniform Pattern LBP

The value of LBP coding changes as the number of sampling points varies. LBPg g can

form 2" models. The typical P value is usually 8. Hence the traditional LBP coding has
256 modes. With the application of LBP coding mode, it is discovered the above-
mentioned coding modes restrict the descriptions of patterns to some extent. For instance,
16 sampling points are selected in the domain of 4*4, which can form 224=16,777,216
modes. According to relevant practices, partial modes are unfavorable or do no good for
the pattern description. As is shown by subsequent practical research, the adoption of an
excessive large number of sampling points will result in excessive modes. Meanwhile, the
excessive number of binary mode types faces the following defects in information
abstraction: Firstly, the calculation amount is both huge and complex, requires high costs
and needs a large storage space, which is all unfavorable for abstracting the patterns of
images. Secondly, the produced histograms are scarce, which is unfavorable for
abstracting image characteristics and describing characteristics. Given considerations to
the above-mentioned defects, the operator needs to lower the dimensions of characteristics
abstracted by the LBP operator, which is favorable for obtaining more perfect pattern
information and describing characteristics more detailed [13].

There is a large number of LBP operator modes, which have certain defects in
abstracting pattern characteristics. Hence researchers start to improve traditional
operators. Based on the traditional LBP algorithm, Ojala et al. proposed the uniform
pattern LBP. The uniform patterns refer to the LBP modes that have a higher efficiency.
All the modes except the uniform pattern are mix modes [14][15]. The characteristic of
the uniform pattern is: The binary sequence does not have excessive jumps, which jumps
from 1 to 0 or from O to 1 and do not exceed 2. According to the above-mentioned
characteristics, Ojala defined the uniform pattern, namely it is the mode in which the
binary sequence jumps from 1 to 0 or from 0 to 1 in the LBP operator. The binary system
of 0 or 1 is directly related to the binary system. Furthermore, Ojala also proposed the
method of testing the uniform pattern and made judgment according to the uniform
variable U. The calculation formula is as follows:

U{LBPER} = E§=1|5{gp - g:} - s{gp—l - g:)' (14)

The calculation process of the above-mentioned formulas is about comparing the
number of digits in the binary system and the number of the sequence after moving one
digit. If the calculation results meet U= 2, it is a uniform pattern. Otherwise, it is
classified as a mixed mode. In the specific calculation, both the uniform pattern and the
common mode conduct mapping through searching. The inquiry table of LBPBLE is shown
in Table 3.1. It means the Uniform Pattern LBP selects P sampling points within the
radius of R. The maximum value of U is 2. The superscript u2 represents the LBP
operator is a uniform pattern. Fig.5 describes the uniform pattern of LBPSLE, whose field
radius is 1 and has 8 sampling points.
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Figure 5. The uniform pattern part of the LBP (8,1)

The uniform pattern mostly adopts the LBP algorithm, which effectively improves the
phenomenon of excessive binary modes and reduces the number of models from 2p to P
(p-1)+2. In the process of histogram statistics, the number of vectors in the histogram will
change as the LBP algorithm varies. If a facial expression image passes the LBP operator,
the histogram has 256 dimensions. In the process of calculating histogram through the
LBP8,1 of the uniform pattern, there are only 58 modes. Each uniform pattern
corresponds to an independent histogram gathering box. If all non-uniform patterns in the
input are eliminated, the image will lose its micro-mode structure, which is because the
facial recognition takes the non-uniform pattern as the main judgment basis. It is thus
necessary to combine two modes organically and represent the facial characteristics. After
taking all non-uniform patterns into the histogram gathering box as the same category,
there are 59 dimensions in all.

In the following, the advantages of the uniform pattern LBP operator are described in
details: Firstly, the calculation is easy and simple, which substantially reduces the
calculation of characteristic values and characteristic vectors, improves the calculation
efficiency and reduces calculation expenditures. Here the abstracted pattern characteristic
information is represented through a histogram. Secondly, the characteristic is strongly
distinguishable. Hence adopting the Uniform Pattern LBP for calculation is capable of
representing data information, such as the dark points and shiny points in the image [16].
Meanwhile, the Uniform Pattern LBP represents the correlations and functions of pixels
and other surrounding pixel points to further describe the pattern information of an image.
Secondly, the algorithm also has high robustness targeting at the rotational invariance and
the changes to light and posture changes [17][18]. Thirdly, no training is needed before
using the algorithm. The commonly adopted facial recognition technology needs to set up
a facial information training mode. If there are huge differences between the samples of
the training set and tested samples, it will influence the recognition rate. Conversely, the
LBP operator adopted by the uniform pattern does not need to prepare the facial
information training. Meanwhile, the calculation results are characteristic vectors of a
histogram, which are highly practical.

The LBP algorithm represents image grayness through coding. Hence the final result is
still an image after adopting this method for image processing. Before and after the
processing, there are certain differences between the grayness of pixels in the image. The
author thus divides the images after adopting the mean mode LBP coding. Figure 6 is the
image case after the Uniform Pattern LBP is divided into 3*3, 4*4, 5*3 and 6*5.

3*3 44 53 6°5

Figure 6. Example of image by different blocking after dealing with the
Gabor and LBP
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4. 2D-Gabor Wavelet and Uniform Pattern LBP

4.1. Introduction to the Algorithm of Combing 2D-Gabor Wavelet and Uniform
Pattern LBP

In the process of researching the facial recognition process, the characteristic
abstraction method plays a major and crucial role. At present, the key of researching facial
recognition technology is to find a characteristic abstraction method reflects the overall
characteristic information of image and gives equal considerations to the local
characteristic information of the image. The lack of information related to the detailed
image information lowers the rate of indentifying abstracted characteristics. However,
excessive detailed information increases the dimension of images. Moreover, it causes the
sample scale to be large and excessively scattered. The undistinguished boundaries
between each category make effective characteristic classification impossible. Hence the
thesis adopts the 2D-Gabor wavelet to abstract characteristics from primitive images,
including abstracting multi-perspective characteristics and multi-scale characteristics to
lower the inference of illumination and rotation on the image abstraction. The LBP
algorithm is capable of conducting coding and setting up a histogram. It thus makes
adequate representation of detailed image information. The PCA method lowers the
number of image pixels.

In the LBP calculation process, the grayness comparison is adopted to select the final
abstracted value. Two codes that are close to each other are correlated to each other and
will be affected by the noise interference. If the 2D-Gabor wavelet abstracts features from
the image, it is capable of overcoming this problem. By filtering the image through 2D-
Gabor wavelet, the convolution of facial images at least takes two channels, which make
the abstracted detail characteristics more perfect and useful. Meanwhile, it enhances the
ability of avoiding interferences for the image.

The 2-D Gabor wavelet not only enhances the anti-inference capacity, but my also
abstracts the characteristic information of several scales and directions. Targeting at the
abstraction of local patterns, the LBP algorithm represents excellent local characteristics
of an image. In the meantime, it helps to reduce the number of dimensions effectively.
After adopting the 2D-Gabor wavelet to filter images, the user may use the LBP algorithm
to code for it, which makes up for the defects of Gabor wavelet abstraction algorithm
effectively.

4.2. 2D-Gabor wavelet and Uniform Pattern LBP Combining Algorithm Illustration

Due to the 2D-Gabor can be regarded as a two-dimensional Gaussian function
modulation of plural sine fence, Gaussian filter method as a kind of low pass filter and
can increase the proportion of LBP and unified model, so it can improve the stability and
accuracy of feature extraction. The algorithm combines the advantages of Gabor wavelet
and LBP operator to achieve better results.

In this paper, a feature extraction method based on 2D-Gabor wavelet and uniform
pattern LBP is selected to briefly introduce the extraction process:

(1) Enter a face image size of 112 * 92 pixels.

(2) Using the image and 40 different directions and sizes of Gabor filter equation to
convolve processing, we can obtain 40 images, the dimensions are unchanged, and the
size is still 112 * 92 pixels, and one of them is shown in Figure 8

(3) After the convolution of the image and then doing the uniform LBP codes, block
model is selected for 5 * 3, which is shown in Figure 9, we can get a list of histogram,
shown in Figure 10.
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(4) Integrating all 40 histogram, doing sequence of processing for the 40 histogram,
which is shown in Figure 11, then use PCA to reduce the dimension and get the result.

Figure 7. The Original Face Image

Figure 8. The Processed Image by Gabor

Figure 9. The Image of LBP by Block Partition Modes is 5*3

LBP histogram
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Figure 10. Histogram of one-node LBP feature
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Figure 11. Histogram of the Union Feature by Blocking LBP

5. Experimental and Analysis

The former section describes the facial recognition algorithm of 2D-Gabor wavelet and
uniform pattern LBP. It also describes and experiments the algorithm procedure. In the
following part, the thesis researches the size of the influences of the kernel function
window of the 2D-Gabor wavelet and the LBP division model on the recognition rate.
Meanwhile, relevant experiment research is adopted to test and prove the effect of using
the 2D-Gabor and LBP uniform pattern in identifying facial expressions, as well as the
feasibility and validity of applying this method in identifying facial expressions.
Furthermore, the thesis compares with other common methods to test the feasibility and
validity of this method.

5.1. Impact of 2D-Gabor Kernel Size on Recognition Rate

The Formula (1) is the 2D-Gabor wavelet calculation equation. In the equation, Z= (X,
y): it is the coordinate of the characteristic image that corresponds to the pixel space. The
convolution varies as (X, y) changes. Hence the domain of the Gabor wavelet kernel
window is the range of (X, y). Whether the window is asymmetrical is related to the
characteristic abstraction effect of 2D-Gabor and the shape of the wave filter. If the kernel
windows are asymmetrical, the non-zero part of Gabor is basically located in the center of
the Gabor wave filtration device. If the kernel windows are asymmetrical, the non-zero
frequency spectrum will be farther away from the Gabor wave filtration device center as
the window increases, which makes it unfavorable for abstracting window images. The
thesis expounds on the role of kernel window to the facial recognition system. The
asymmetrical windows are not discussed further.

In the research process, the thesis determines the functions of five asymmetrical 2D-
Gabor wavelet kernel functions. Meanwhile, other parameters are designated as the fixed
value to reduce the impact of other factors on experimental results. Five scales and eight
directions are set. Meanwhile, i, = ?, o=mk, =k, /f¥, namely the biggest

threshold value of frequency is kmax=m/2; f is the interval of the frequency domain wave

filtration device, whose value is f=4/2. The training sample and number of testing samples
are both 200 sets. The 2D-Gabor wavelet and LBP uniform pattern are combined to
abstract characteristics (the division model is 5*3). The following table is about the
relations between the feature dimensios and recognition rate.
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Table 1. The Relationship between Different Windows from Gabor Kernel
Function and Recognition Rates

Size Recognition Rate(%o)
250 50 75 100 125 150 175 200 225 250 275 300 Ave

7*7 705 745 815 800 760 785 785 805 795 805 785 78.0 7146

19*19 820 845 850 850 84.0 84.0 840 830 840 825 825 84.0 8371

35*35 875 860 895 885 860 875 87.0 86.0 850 850 840 825 86.25

51*51 825 84.0 875 855 86.0 850 86.0 845 84.0 840 850 820 84.58

65*65 815 825 825 810 805 820 81.0 825 810 820 805 810 81.27

As is shown in the following table, the algorithm recognition rate that corresponds to
the kernel window of various sizes is higher than other dimension numbers when there are
75 dimensions. In other words, the recognition rate does not always increase as the
number of dimensions increases under the kernel windows of different sizes. Instead, it
presents the process of first increase and then decrease. When the window size is 35*35,
the recognition rate is the highest, which provides a reference basis for the following
experiments.

5.2. The Influence of Block Mode on Recognition Rate

The recognition rate in this paper is affected by various factors, this section we
discusses the LBP algorithm of different block model and the dimension change on the
recognition rate and using Gabor transform to extract image features, then according to
the block method to blocking. In the research we will respectively block in6 *5,5* 3, 4
* 4 and 3 * 3, and on the relationship between the block model and the algorithm of
recognition is verified, the following experimental is setting: 2D-Gabor wavelet kernel
window size is 35 * 35, a total of five dimensions of eight directions, and the test set
including 200 samples images, to accomplish the classification.

In the research below is talk about the characteristic dimension influence on
recognition algorithm, the each image by the dimensions of the LBP feature extraction is
59 dimensions, after 3 * 3 LBP block, the dimension increase by 531 dimension, the
training image sample is 200, so the experiment can be from 0 to 500 dimensions one by
one to verify this dimension.

In the following Figure 12: when the number of samples is 200, the blocking is 3*3,
the dimension is about 75, the algorithm has the highest recognition rate, but the rate of
recognition is the same as the increase of dimension. Therefore, in the analysis of the
influence of the block mode of LBP on the recognition rate, the feature dimension of each
face image is fixed to 75 dimensions

nition{%)

ecog

R

dimensions

Figure 12. Relationship between the Character Dimension and Recognition
Rates by Block Partition Modes is 3*3
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When the number of training samples is 200 the average highest average recognition
rate of each block partition modes is in the below:

Table 2. Highest Average Recognition Rates on Different Block Partition
Modes by Training Sample is 200

Block Partition Modes Recognition Rate(%o)
3*3 83.74
4%4 84.63
5*3 87.14
6*5 85.72

We can see from Table 2, when the LBP block pattern is 5 * 3, the average recognition
rate is highest, thus in running the entire algorithm we choose LBP block pattern for 5 * 3,
it laid the foundation for the following experiments.

5.3. Impact of Different Feature Abstraction on the Recognition Rate

In order to prove the practicability of algorithm in the thesis, this section compares the
algorithm of the thesis and several common algorithms in the condition of consistent
hardware and software. It also compares four different feature abstraction methods of
LBP, Gabor PCA and 2D-Gabor wavelet and uniform pattern LBP (hereinafter
abbreviated to 2D-Gabor+UPLBP). The method of combining LBP, Gabor and 2D-Gabor
wavelet and LBP adopts PCA to reduce dimensions. In the experiment, Gabor selects five
scales and eight directions, whose sizes are 35*55. The particle partition mode of facial
figures is 5*3 and the number of dimensions is 75 dimensions. In the following, the
experiment is carried out in ORL facial database to compare the recognition rate of four
different algorithms in the same conditions.

The ORL database contains 400 samples with 40 groups, every groups of 10, each
group is the same person's different posture and expression, the size is 112x92. In ORL
database randomly selected samples of training samples for experiment, when the sample
data of 80-320, take 30 experiments, and calculate the average. The experimental results
are shown in Table 3, Table 4 and Figure 13.

Table 3. The Recognition Rates y Different Methods on ORL Face Database

Methods Recognition Rate(%0)
80 120 160 200 240 280 320 360 ave
Gabor 82.06 | 86.23 | 92.31 | 90.50 | 94.37 | 95.57 | 96.25 | 95.89 | 91.64
LBP 80.74 | 82.87 | 88.72 | 90.28 | 91.53 | 92.68 | 93.84 | 94.21 | 89.36
PCA 78.83 | 82.54 | 83.67 | 88.10 | 89.68 | 92.30 | 92.18 | 92.87 | 87.52
2D- 86.67 | 90.41 | 92.81 | 95.65 | 97.67 | 97.36 | 97.82 | 98.73 | 94.63
Gabor+UPLBP

Table 4. The Used Time by Different Methods on ORL Face Database

Methods Recognition Time(s)
80 120 160 200 240 280 320 360
Gabor 0.805 0.954 1.054 1.120 1.305 1.445 1.685 1.897
LBP 0.560 0.640 0.755 0.874 0.983 1.124 1.315 1.653
PCA 0.404 0.495 0.593 0.689 0.824 0.941 1.187 1.432
2D- 1.046 1.187 1.312 1.470 1.634 1.779 1.876 2.120
Gabor+UPLBP
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Figure 13. Comparison Chart of Recognition Rates for Four Methods on
ORL Face Database

6. Conclusion

By comparing the experiments of three facial expression databases, the algorithm
proposed by the thesis has a higher recognition rate than only using Gabor or LBP, as is
shown by Table 3 and Fig.13. Furthermore, the average recognition rate of only using
PCA is the lowest. Hence the thesis proposes the algorithm that combines the advantages
of 2D-Gabor wavelet and LBP uniform mode: The 2D-Gabor wavelet abstracts the multi-
direction and multi-scale spatial frequency of local images. The LBP algorithm uniform
mode represents the detailed information of the image zones near the image. In the
meantime, the abstracted feature information is more comprehensive and effective. Hence
the algorithm adopted by the thesis is better than the 2D-Gabor transform and LBP
method. The method of abstracting characteristics only through PCA abstracts the overall
characteristics of facial images from the overall profile of facial images. Hence it cannot
describe the localized details and characteristics of facial images or represent the relations
between regions. Moreover, some effective feature information is easily neglected. That’s
why the recognition rate is the lowest. As is shown by Table 4, the algorithm adopted by
the thesis is highly complicated. Meanwhile, the time of identifying the single frame is
longer than other three methods. If the pixel of inputting a facial image is 112*92, 40
images of the same size will be produced after the Gabor transform. Through the uniform
pattern LBP (the division is 5*3). In terms of recognition rate, it is more effective than
other three feature abstraction algorithms. The correct recognition is the most crucial
point in facial recognition. Hence the algorithm proposed by the thesis enjoys the highest
feasibility.
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