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ABSTRACT

Face recognition is one of the most important research top-
ics in computer vision because of its many potential appli-
cations in criminal identification from surveillance cameras,
person identification and so on. In this research we com-
pare local features, holistic local binary pattern histogram
(hLBPH), enhanced LBP histogram (eLBPH) and holistic
LBP image (hLBPI), by using the Japanese Female Facial
Expression (JAFFE) database. We apply the best feature to
face recognition from video database, using grayscale im-
ages of five subjects as the training set and five videos as the
test set. In this step, we examine two classifiers, Euclidean
distance and support vector machines (SVM). Finally, the
experimental results are compared with each other.

1. INTRODUCTION

Face recognition is used to verify a person in a photo or an
image using a stored database of faces. It is still a hot re-
search topic in the field of pattern recognition, image anal-
ysis and artificial intelligence. In addition, face recognition
is a challenging field since the real face images are formed
via the interactions of various factors on several conditions
such as changes in illumination, pose variations, occlusions
and facial expressions [1]. Especially, face recognition in
videos is susceptible to such uncontrollable conditions [2].

In this paper, our purpose is to quantitatively investigate
the effectiveness of local feature, LBP and the classifier,
SVM for face recognition in videos. In the previous studies,
LBP is applied to face recognition in still images and videos
by using simple classifier, k-NN with some similarity mea-
sures. We also evaluate the dependence of parameters in
spatially extended LBP on the face recognition accuracy by
testing on still images and video database.

2. LOCAL BINARY PATTERN (LBP)

LBP involves dividing up the face image to regions. The
neighboring pixels are compared to the central grayscale
pixel value as a threshold and converted to a binary sig-

Figure 1: Example of LBP operators. Binary sequence:
10011110 Decimal: 158

nal. Hence a binary number representing each pixel will
be formed as in Fig. 1. The histograms of 256 bins will be
built from the whole image (hLBPH) [3],[4].

The enhanced local binary pattern histogram (eLBPH)
was proposed by Ahonen et al [5]. To extract the eLBPH
feature of a face, a facial image is divided intod regions
R0, R1, · · · , Rd−1 and each regional LBPH is individually
calculated, then these resultingd regional LBPHs are con-
catenated into a spatially enhanced LBPH (eLBPH) in the
same order for all images [4].

A holistic LBP image (hLBPI) is given by the transfor-
mation of all pixels of an image into LBP codes [4]. The
hLBPI of a facial image preserves spatial relations which
are lost in hLBPH.

In this research, we apply hLBPH, eLBPH and hLBPI
as local features to face recognition on the JAFFE database
[6] and compare their performance. We use the best local
feature to recognize faces in videos.

3. SUPPORT VECTOR MACHINE (SVM)

Support vector machine (SVM) is one of supervised learn-
ing models with associated learning algorithms that analyze
data and recognize patterns, used for classification and re-
gression analysis [7]. Furthermore, suppose each of the
given samples belongs to either of the two category. The
main goal is to decide which category the new sample be-
longs to.

In the case of SVM, the samples will be considered as
p-dimension vectors. The task is to separate such points
with a (p-1)-dimensional hyperplane. And this can be de-
fined as a linear classifier. There are many hyperplanes that
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Figure2: JAFFE database

can classify the data. One reasonable choice is that the best
hyperplane is the one that maximizes the sum of the dis-
tance to the closest training samples and it is called a mar-
gin. For linear separable case, the training algorithm can
always find such a hyperplane known as maximum-margin
hyperplane. The linear classifier is defined as a maximum
margin classifier. For the non-linear case, the training sam-
ples are mapped onto a high-dimensional space by applying
the kernel trick as suggested by Vapnik [8]:

h(x) =
L∑

i=1

yiαiki(xi, x) + b (1)

whereh(x) is a decision boundary,k(, ) is a kernel function,
andL is the number of training samples. In this space, the
decision boundary is linear. The most commonly used ker-
nel functions are polynomials, exponential and sigmoidal
functions [7].

4. EXPERIMENT AND RESULTS

To evaluate the performance of three types of LBP and two
classifiers, we performed two experiments. First we tested
on static images to find the best LBP method and second
we tested on a video database to find the best classifier.
All of our experiments were tested on MATLAB R2016a.
These experiments were running on Window10 Pro 64-bit
Operating system with Intel(R) Xeon(R)CPU E3-1241 v3
@3.50GHz 16GB RAM.

As a database we have used the Japanese Female Facial
Expression (JAFFE) database [6], which contains 213 im-
ages of seven facial expressions (six basic facial expressions
+ one neutral) posed by ten Japanese female models. Each
image has been rated on six emotion adjectives as show in
Figure2.

We have also used a video database that was separated
into two parts. The first is a training set, that was taken

Figure3: The training set of original database

Figure4: Comparison between hLBPH,5 × 5 eLBPH and
hLBPI in JAFEE database.

at the same place and different illumination, 206 images of
five subjects. The second is testing videos of five subjects
that were taken from the deferent places and different illu-
mination. Figure3 shows the training set database.

4.1. RESULTS ON STILL IMAGES

In this experiment, 213 gray scale images in JAFFE
database are utilized to calculate the recognition accuracies
of hLBPH, eLBPH and hLBPI by using the Euclidean dis-
tance. Figure 4 shows the result that eLBPH (5×5) gave the
best accuracy of 99.86%. For eLBPH we further divided an
image for 6 patterns of2×1, 3×1, 1×3, 2×2, 3×3, 5×5,
which are shown in Fig.5. Figure 6 shows the recogni-
tion accuracies of eLBPHs obtained by setting the ratio be-
tween training and testing set as 80:20,60:40 and 20:80. We
can conclude that the division by5 × 5 gave the best ac-
curacy. However, it took the longest computation time In
[9] they performed an experiment of face recognition on
JAFFE database with MB-LBP, PCA and k-NN. The result
is 98.57% accuracy.

For JAFFE database [6], we also used SVM as a classifier
and SVM performed the result shown in Fig.7. From this
result we conclude that SVM gives better accuracy.
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Figure5: Division of an image for eLBP histogram.

Figure 6: Results on JAFFE. Local features, hLBPH and
eLBPHs are compared by using the Euclidean distance.

For our database which is obtained in relatively un-
constrained environment, 206 gray scale images are uti-
lized to calculate the recognition accuracies of hLBPH and
eLBPHs. In this database the3 × 1 performed the best ac-
curacy. In the case of training and test ratio of 80:20 and
60:40, the recognition accuracy is 100% and for 20:80, the
accuracy is 99.5%.

4.2. RESULTS ON VIDEOS

In this part, we consider7 × 7 eLBPH to prove if5 × 5
eLBPH provides the best accuracy for this database. The
experiments on videos consist of two stages. Firstly, we
generated eLBP histograms from 206 training images and
trained the SVM for classification. Then we cut 81 frames
from the videos of five subjects to use as a test set. For each
frame we detected the face and cropped the face part for
face recognition by using MATLAB cascade detector. We
use the trained SVM for classification.

Figure 7: Results on JAFFE. Local features, hLBPH and
eLBPHs are compared by using SVM.

Figure8: Results on videos. Local features, hLBPH and
eLBPHs are compared by using SVM.

Figure 8 shows the accuracies of hLBPH and eLBPHs
in different division. The highest accuracy of 88.0% is ob-
tained by the5 × 5 eLBPH. We compare our results with
previous researches, where the results were obtained from
video database with many uncontrollable environments. In
[10] they performed an experiment on a video surveillance
that also had many uncontrollable environments. They also
used SVM as a classifier and AdaBoost as face region detec-
tion. The feature was a holistic feature given by the naive
pixel values of the image. The result is about 70% accu-
racy. They have a very large training set about 1900 images
and the test set is 1476 images. In [11] they have a training
set about 130 images and test images are separated into two
parts. The first part includes 1950 images that were taken
in daytime. The second part includes 780 images that were
taken in nighttime. For daytime, the accuracy is 37.2% on
LBP method. For nighttime, the accuracy is 11.8%. From
[10] and [11], we conclude that the number of training set
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andillumination conditions in daytime and nighttime have
significant effects on the accuracy.

5. CONCLUSION

In this paper we performed experiments to evaluate the per-
formance of various LBPs and SVM for face recognition
task in the still image database and the video database.
JAFFE database is used as testing the performance of LBP
methods. The best LBP is eLBPH. We examined the depen-
dence of the accuracy on the division of images in eLBPH.
Our results show that the finer division results in the better
accuracy. We also compare the accuracy between two types
of classifiers, the Euclidean distance and the SVM. SVM
performed better accuracy.

For video database, we have examined the hLBPH and
eLBPH with various divisions as features of the video
frames by using support vector machine. However, as sug-
gested by the results of hLBPI, it is expected that the accu-
racy saturates at the certain number of divisions and that it
becomes even worse as the number of divisions increases.
So we performed an experiment of7 × 7 eLBPH to prove
that 5 × 5 eLBPH provided the best accuracy for video
database in our experiments.

From our experiments, it is suggested that the finer di-
vision results in the better accuracy and that the support
vector machine gives better performance compared to the
simple k-NN with the similarity measure which was used
in the previous studies. For still images, although the best
accuracy is given by5× 5 eLBPH, the3× 3 eLBPH gives
almost the same accuracy with less computation. However
7 × 7 gives lower accuracy with heavy computation time
when compared with5 × 5 and3 × 3. Our quantitative es-
timation of parameters in LBP suggests the availability of
suboptimal division of eLBPH in real applications for still
images and videos.

For the original video database, it has many controlled
environments such as pose variations, illumination and
video resolution. In the future work, database should be
changed into more realistic video from surveillance camera
that includes various poses. However, it is also expected
that the face recognition performance in the video suffers
from the heavy computation time.
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