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Abstract
Automatic face recognition system is one of the core 
technologies in computer vision, machine learning, and 
biometrics. The present study presents a novel and improved way 
for face recognition. In the suggested approach, first, the place of 
face is extracted from the original image and then is sent to 
feature extraction stage, which is based on Principal Component 
Analysis (PCA) technique. In the previous procedures which 
were established on PCA technique, the whole picture was taken 
as a vector feature, then among these features, key features were 
extracted with use of PCA algorithm, revealing finally some poor 
efficiency. Thus, in the recommended approach underlying the 
current investigation, first the areas of face features are extracted; 
then, the areas are combined and are regarded as vector features. 
Ultimately, its key features are extracted with use of PCA
algorithm. Taken together, after extracting the features, for face 
recognition and classification, Multiclass Support Vector 
Machine (SVMs) classifiers, which are typical of high efficiency, 
have been employed. In the result part, the proposed approach is 
applied on FEI database and the accuracy rate achieved 98.45%.
Keywords: Face Detection, Feature Extraction, PCA, SVM 
Classifier, Face Recognition.

1. Introduction

Automatic face recognition system (AFRS) is one of the 
core technologies in computer vision, machine learning, 
and biometrics [1] due to its wide range of applications 
such as forensics, vigilance, law enforcement, user access, 
human computer interaction and for various other security 
purposes. It is superior over fingerprints and other 
biometrics since it works without the involvement and 
knowledge of the individual concerned [2]. After many 
years of investigation, AFRS is still very challenging due 
to the low quality of face images [3], and the rich 
variations of facial images from the same or different 
subjects, e.g., lighting, expression, occlusion, 

misalignment, and so on [1]. For different communities to 
benchmark and verify their AFRS methods, many large-
scale face databases, such as facial recognition technology 
(FERET) [4], [5], face recognition grand challenge (FRGC) 
[6], labeled faces in the wild (LFW) [7], [8], and PubFig 
[9], have been established and used as evaluation 
platforms. The process of Face Recognition comprises of 
Face Detection, feature extraction and verification or 
identification [1], [10]. This paper highlights the extraction 
and identification stages in the AFRS process. For feature 
extraction in this paper; instead of using whole pixel of 
face as feature, first we extract the facial feature position 
such as eyes, nose, mouth, ears and eyebrow and then we 
combined this position value to making hybrid vector. 
After extracting hybrid vector we used PCA algorithm for 
dimension reduction and finally we fed extracted feature
vector to the multiclass support vector machine for precise 
recognition. Section two briefly reviews some related 
work. In section three proposed methods is presented. In 
section four the practical result of the paper and in section 
five, conclusion is presented.

2. Related Work

Several approaches have been proposed in the literature 
for handling one or more of the factors, like pose, 
illumination, and resolution, which affect AFRS
performance. We provide pointers to a few of the recent 
approaches in this section. 
Blanz and Vetter [11] propose a 3D morphable model 
based approach in which a face is represented using a 
linear combination of basis exemplars. The shape and 
albedo parameters of the model are computed by fitting the 
morphable model to the input image. Romdhani et al. [12] 
provide an efficient and robust algorithm for fitting a 3D 
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morphable model using shape and texture error functions. 
Zhang and Samaras [13] combine spherical harmonics 
illumination representation with 3D morphable models 
[11]. An iterative approach is used to compute albedo and 
illumination coefficients using the estimated shape. For 
AFRS across pose, local patches are considered more 
robust than the whole face, and several patch-based 
approaches have been proposed [14]. In a recent paper, 
Prince et al. [15] proposed a generative model for 
generating the observation space from the identity space 
using an affine mapping and pose information. It is only 
recently that researchers have started looking at the 
problem of matching face images. Most of these efforts 
follow a super-resolution (SR) approach. Baker and 
Kanade [16], [17] propose an algorithm to learn a prior on 
the spatial distribution of the image gradients for frontal 
facial images. Chakrabarti et al. [18] propose a learning-
based method using kernel principal component analysis 
(PCA) for deriving prior knowledge about the face class 
for performing SR.
Liu et al. [19] propose a two-step statistical modeling 

approach for hallucinating a high-resolution (HR) face 
image from a low-resolution (LR) input. The relationship 
between the HR images and their corresponding LR 
images is learned using a global linear model and the 
residual high-frequency content is modeled by a patch-
based nonparametric Markov network. Xiong et al. [20] 
use manifold learning approaches for recovering the HR 
image from a single LR input. Yang et al. [21] address the 
problem of generating an SR image from a LR input image 
from the perspective of compressed sensing.
A novel patch-based face hallucination framework is 
proposed by Tang et al. [22]. Since many AFRS systems 
use an initial dimensionality reduction method, Gunturk et 
al. [23] proposed eigenface-domain AFRS in the lower 
dimensional face space. The main aim of most SR 
algorithms is to generate a good HR reconstruction, and 
they are usually not designed from a matching perspective. 
Recently, Hennings-Yeomans et al. [24] proposed an 
approach to perform SR and recognition simultaneously. 
Using features from the face and SR priors, they extract an 
HR template that simultaneously fits the SR as well as the 
face-feature constraints. Arandjelovic and Cipolla [25] 
propose a generative model for separating the illumination 
and down-sampling effects for the problem of matching a 
face in a LR query video sequence against a set of HR
gallery sequences. 
Recently, an MDS-based approach [26] was used for 
improving the matching performance of LR images 
assuming that the probe images are in the same pose and 
resolution as the gallery images. Given an LR face image, 
Jia and Gong [27] propose directly computing a maximum 
likelihood identity parameter vector in the HR tensor space, 
which can be used for recognition and reconstruction of 

HR face images. There also has been some research on 
AFRS across blur [28].

3. Proposed Method

The process of face recognition comprises of face 
detection, feature extraction and classification. In our 
proposed method we highlight the extraction and 
identification stages and for detection stage we used of our 
method that we mentioned earlier in [29]. 

3.1 Face Detection

For face detection we proposed a method in [29] based on 
color probabilistic estimation technique. First, for 
estimation of skin distribution we used statistical feature 
such as mean and standard deviation by Equation (1) and 
(2) respectively, then we applied Gaussian model for skin 
detection that determined by the Equation (3). Finally by 
using a tunable threshold (Equation 4) and mathematical 
morphology such as opening and closing we extracted 
facial feature for face detection.

����(�) = 1 � ×�� ∑ �(�, �, 1)��	�	�	�
�����	

																													(1)

���(�) = 	�1 � ×�� ∑ (�(�, �, 1)��	�	�	�
�����	

− 	����(�))�(

(2)

�(�,����, ���) = 	��� �−0.5 ×	(� −����)
�
���� �(3)

Threshold = Min {P (Train | Skin)   For Each Train pixels} 
= Min {N (RTrain, Red -meanTrain, Red-stdTrain) × 

N (GTrain, Green_ meanTrain, Green-stdTrain) × 
     N (BTrain, Blue_ meanTrain, Blue-stdTrain) 

                  For Each RGBTrain pixels}                  (4)
Where, P(i, j, 1) means the intensity of pixel in ith row and 
jth column in red channel. Also, m and n are the size of 
train image. Figure 1 shows these operating gradually.

Fig. 1 Face detection stage gradually a: input image b: extracted skin 
region and morphology operation c: extracted facial feature region
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3.2 Feature Extraction

In this part we used facial feature location, such as eyes, 
nose, eyebrow, mouth, brow and ears as our feature set. 
For extraction these feature location we used Equation (4) 
and mathematical morphology that we denoted in [29]. 
Figure 2 shows these extracted locations. By using of these 
region boundaries we extracted facial feature pixel from 
main image in gray scale mode (Figure 2(b)). Then we 
used these values as our feature set. Although, the 
extracted feature vector of the facial feature can be used 
directly in face classification, many studies, in the field of 
data analysis and feature selection, suggest that not all the 
features are useful for classification accuracy. In this 
research we have used the Principal Components Analysis 
(PCA) technique for feature reduction.

Fig. 2 (a): Extracted facial feature location in black white mode (b): 
Extracted facial feature location in corresponding grayscale image

3.2.1 Reducing Features by PCA

The Principal Component Analysis (PCA) was 
independently proposed by Karl Pearson and Harold 
Hotelling to turn a set of possibly correlated variables into 
a smaller set of uncorrelated variables. The idea is that a 
high-dimensional dataset is often described by correlated 
variables and therefore only a few meaningful dimensions 
account for most of the information. The PCA methods
find the directions with the greatest variance in the data, 
called principal components. The PCA algorithm descript 
as follow: Let � = {��, ��, … , ��}be a random vector with 
observations	�� ∈ ��
A. Compute the mean � by Equation (5):
� = 1 �� ∑ ���

��� 																										 			(5)
B. Compute the Covariance Matrix S by Equation (6):
� = 1 �� ∑ (�� − �)(�� − �)��

��� 																															 (6)
Compute the eigenvalues �� and eigenvectors �� of S by 
Equation (7). Then order the eigenvectors descending by 
their eigenvalue. The k principal components are the 
eigenvectors corresponding to the k largest eigenvalues.
The k principal components of the observed vector x are 
then given by Equation (8).
��� = ����, � = 1,2,… , �																																																						(7)

� = ��(� − �)																																																																					(8)
Where	� = {��, ��, … , ��} . The reconstruction from the 
PCA basis is given by Equation (9):
� = �� + �																																																																											(9)
The experimental results show that the PCA classifier 
performs well for our data set.

3.3 Classification by SVMs

Support vector machines (SVMs) [30] are very popular 
and powerful in pattern learning because of supporting 
high dimensional data and at the same time, providing 
good generalization properties. Moreover, SVMs have 
many usages in pattern recognition and data mining 
applications such as text categorization [31] and [32] 
phoneme recognition [32], 3D object detection [34], image 
classification [35], bioinformatics [36] etc. At the 
beginning, SVM was formulated for two-class (binary) 
classification problems. The extension of this method to 
multi-class problem is neither straightforward nor unique. 
DAG SVM [37] is one of the methods that have been 
proposed to extend SVM classifier to support multi-class 
classification.

3.3.1 Binary support vector machine formulation:

� = {(�� , ��)}�� = 1		 be a set of n training samples, 
where	�� ∈ ��	is an m-dimensional sample in the input 
space, and 	�� ∈ {−1,1} is the class label of sample xi. 
SVM finds the optimal separating hyper plane (OSH) with 
the minimal classification errors. The linear separation 
hyper plane is in the form of Equation (10).
�(�) =��� + �																																																																	(10)
Where w and b are the weight vector and bias, respectively. 
The optimal hyper plane can be obtained by solving the 
optimization problem (13), where ��is slack variable for 
obtaining a soft margin while variable C controls the effect 
of the slack variables. Separation margin increases by 
decreasing the value of C. In a support vector machine, the 
optimal hyper plane is obtained by maximizing the 
generalization ability of the SVM. However if the training 
data are not linearly separable, the obtained classifier may 
not have high generalization ability, even though the hyper 
planes are determined optimally. To enhance linear 
severability, the original input space is mapped into a 
high-dimensional do product space called the feature space. 
Now using the nonlinear vector function �(�) =
(��(�),… , ��(�))� that maps the m-dimensional input 
vector x into the l-dimensional feature space, the OSH in 
the feature space is given by Equation (11):
�(�) =���(�) + �			                                                 (11)
The decision function for a test data is Equation (12):
�(�) = ����(���(�) + �)																																													(12)
The optimal hyper plane can be found by solving the 
following quadratic optimization problem:
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��������	 12 ||�||
� + ����

�

���
�������	��	��(���(�) + �) ≥ 1 − �� 			
�� 			≥ 0, � = 1,… , �											                                             (13)

3.3.2 Multiclass support vector machine:

As described before, SVMs are intrinsically binary 
classifiers, but, the classification of faces involves more 
than two classes. In order to face this issue, a number of 
multiclass classification strategies can be adopted [38] and 
[39]. The most popular ones are the one-against-all (OAA) 
and the one-against-one (OAO) strategies. The one-
against-one constructs (�(� − 1)) ⁄ 2 decision functions 
for all the combinations of class pairs. Experimental
results indicate that the one-against-all is more suitable for 
practical use. We use OAA for face classification.

4. Result and Discussion

Our suggestive method have been done on Intel Core i3-
2330M CPU, 2.20 GHz with 2 GB RAM under Matlab 
environment. Figure 3 shows the face of worked systems. 

Fig. 3 Face recognition system by Matlab

In this study, for experimental analysis, we considered a 
FEI database. The FEI face database is a Brazilian face 
database that contains a set of face images taken between 
June 2005 and March 2006 at the artificial intelligence 
laboratory of FEI in São Bernardo do Campo, São Paulo, 
Brazil. There are 14 images for each of 200 individuals, a 
total of 2800 images. All images are colorful and taken 
against a white homogenous background in an upright 
frontal position with profile rotation of up to about 180 
degrees. Scale might vary about 10% and the original size 
of each image is 640x480 pixels. All faces are mainly 

represented by students and staff at FEI, between 19 and 
40 years old with distinct appearance, hairstyle, and 
adorns.  The number of male and female subjects is 
exactly the same and equal to 100. Figure 4 shows the 
sample of FEI databases.

Fig. 4 Sample of FEI database images

For evaluation of proposed method we have divided the 
data set using three partitioning strategies. In the first 
strategy (strategy A), we have taken 60% data in training 
set and other 40% data in the testing set. In the second 
strategy (strategy B), we have considered 70% data in 
training set and remaining 30% data in the testing set. 
Strategy C has 100% data in training set and 100% data in 
testing set. Table 1 shows the success rate for each 
strategy.

Table 1: Success rate of proposed method on each strategy via SVM
Data Set Classier Strategy  Success Rate

FEI SVM A 97%
B 98.45%
C 100%

Further we used some classifier based on Euclidean
distances for recognition stage.

4.1 Other Classifier for recognition stage

For further experience we used some classifier such as 
Euclidean distance(ED), standardized Euclidean 
distance(SED), Mahalanobis distance(MD), City block 
metric(CBM), Minkowski metric(MM), Chebychev 
distance(CD), Cosine distance(CoD), Correlation 
distance(CorD), Hamming distance(HD), Jaccard 
distance(JD) and Spearman distance(SD) that denoted by 
the Equation (14) to (24). Table 2 shows the result of these 
classifiers on FEI databases. Figure 5 shows the success 
rate of classifiers on frontal and side images.
�� = ���� = (�� − ��)(�� − ��)�                                  (14)
Where x� is a train data vector and x� is the test data 
vector.
��� = ���� = (�� − ��)���(�� − ��)�		                        (15)
Where V is the n-by-n diagonal matrix whose j�� diagonal 
element is 	(s�)�	 , where S is the vector of standard 
deviations.
�� = ���� = (�� − ��)���(�� − ��)�                           (16)
Where C is the covariance matrix.
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��� = ��� = ∑ |�
��� ���� − ����|                               (17)

�� = ��� = �∑ |���� − ����|��
���

�
                           (18)

�� = ��� = ����{|��� − ���|}                                   (19)

��� = ��� = 1 −
�����

�(�����)(�����)
                                   (20)

���� = ��� = 1− (�����)(�����)�

�(������)(������)��(������)(������)�
     (21)

Where ��� = �
�∑ ���� and		��� = �

�∑ ���� .

�� = ��� = (#
�������

� )                                             (22)

�� = ��� =
#����������∩�������∪��������

#��������∪��������
                     (23)

�� = ��� = 1 − (������)(������)�

�(������)(������)��(������)(������)�
												 (24)

Where	r�� 	is the rank of	X��,		r� and	r�are the coordinate-
wise rank vectors of 	X�and 	X� and��� = �

�∑ ���� = (���)
� , 

��� = �
�∑ ���� = (���)

� .

Table 2: Success rate of classifiers on FEI database
Data Set Classifier Success Rate

FEI
        ED           88.10

SED 88.20
MD 87.30
CBM 85.00
MM 84.22
CD 88.60
CoD 89.30
CorD 91.50
HD 92.59
JD 94.21
SD 90.73

Fig. 5 Success rate between classifiers

Further we evaluated our method on complex background 
images and we obtained high accuracy rate. Figure 6
shows the sample of these images. High detection rate 
shows the quality of proposed approach to use in every 
applications, which are needed a face recognition stage. 
Low complexity in computation and time are some of 
other advantages of the proposed approach.

Fig. 6 Sample of images with complex background that system detects
and recognized it correctly

5. Conclusion

In this paper we proposed a novel and improved way for 
face recognition. In the mentioned approach, first, the 
place of face is extracted from the original image and then 
is sent to feature extraction stage, which is based on 
Principal Component Analysis (PCA) technique. Then, the 
facial feature areas are combined and are regarded as 
vector features. Ultimately, its key features are extracted 
with use of PCA algorithm. Taken together, after 
extracting the features, for face recognition and 
classification, Multiclass Support Vector Machine (SVMs) 
classifiers, which are typical of high efficiency, have been 
employed. We evaluated our approach on FEI database 
and the accuracy rate achieved 98.45%. Further in the 
result part by comparison classifiers we detected SVM as 
best classifier for our databases.

6. Acknowledgement

This work is supported by the SRTTU under Reza Azad 
face recognition project. The authors would like to thank 
prof. Panahi (Iranian center of foreign language learning 
chief, Ardebil) for his help in English writing.

70

75

80

85

90

95

100

Frontal
Faces

Right Side
Faces

Left Side
Faces

ED

SED

SVM

MD

CBM

MM

CD

CoD

ACSIJ Advances in Computer Science: an International Journal, Vol. 2, Issue 5, No.6 , November 2013
ISSN : 2322-5157
www.ACSIJ.org

130

Copyright (c) 2013 Advances in Computer Science: an International Journal. All Rights Reserved.



References
[1]. W. Y. Zhao, R. Chellppa, P. J. Phillips, and A. Rosenfeld, 

“Face recognition: A literature survey,” ACM Comput. 
Surv., vol. 35, no. 4, pp. 399–458, 2003.

[2]. Chellappa Et.,al, Face Recognition- Literature Survey 
,ACM Computing Surveys,Volume 35 (2003) 399-458. 

[3]. H. Huang and H. T. He, “Super-resolution method for face 
recognition using nonlinear mappings on coherent 
features,” IEEE Trans. Neural Netw., vol. 22, no. 1, pp. 
121–130, Jan. 2011.

[4]. P. J. Phillips, H.Wechsler, J. Huang, and P. Rauss, “The 
FERET database and evaluation procedure for face 
recognition algorithms,” Image Vis. Comput., vol. 16, no. 
5, pp. 295–306, 1998.

[5]. P. J. Phillips, H. Moon, S. A. Rizvi, and P. J. Rauss, “The 
FERET evaluation methodology for face recognition 
algorithms,” IEEE Trans. Pattern Anal. Mach. Intell., vol. 
22, no. 10, pp. 1090–1104, Oct. 2000.

[6]. P. J. Phillips, P. J. Flynn, W. T. Scruggs, K. W. Bowyer, J. 
Chang, K. Hoffman, J. Marques, J. Min, and W. J. Worek, 
“Overview of the face recognition grand challenge,” in 
Proc. IEEE Conf. Comput. Vis. Pattern Recognit., Jun. 
2005, pp. 947–954.

[7]. L. Wolf, T. Hassner, and Y. Taigman, “Similarity scores 
based on background samples,” in Proc. Asian Conf. 
Comput. Vis., 2009, pp. 88–97.

[8]. G. B. Huang, M. Ramesh, T. Berg, and E. Learned-Miller, 
“Labeled faces in the wild: A database for studying face 
recognition in uncontrained environments,” Tech. Rep. 07–
49, Univ. MA, USA, Oct. 2007.

[9]. N. Kumar, A. C. Berg, P. N. Belhumeur, and S. K. Nayar, 
“Attribute and simile classifiers for face verification,” in 
Proc. Int. Conf. Comput. Vis., Oct. 2009, pp. 365–372.

[10]. Mathew Turk, A RandomnWalk through Eigenspace, 
IEICE Transactions on Information & Systems, Vol. E84-
D,No.12 (2001) 1586-1595.

[11]. V. Blanz and T. Vetter, “Face Recognition Based on Fitting 
a 3D Morphable Model,” IEEE Trans. Pattern Analysis and 
Machine Intelligence, vol. 25, no. 9, pp. 1063-1074, Sept. 
2003.

[12]. S. Romdhani, V. Blanz, and T. Vetter, “Face Identification 
by Fitting a 3D Morphable Model Using Linear Shape and 
Texture Error Functions,” Proc. European Conf. Computer 
Vision, pp. 3-19, 2002.

[13]. L. Zhang and D. Samaras, “Face Recognition from a Single 
Training Image under Arbitrary Unknown Lighting Using 
Spherical Harmonics,” IEEE Trans. Pattern Analysis and 
Machine Intelligence, vol. 28, no. 3, pp. 351-363, Mar. 
2006.

[14]. T. Kanade and A. Yamada, “Multi-Subregion Based 
Probabilistic Approach toward Pose-Invariant Face 
Recognition,” Proc. IEEE Int’l Symp. Computational 
Intelligence in Robotics and Automation, pp. 954-959, 
2003.

[15]. S. Prince, J. Warrell, J. Elder, and F. Felisberti, “Tied 
Factor Analysis for Face Recognition across Large Pose 
Differences,” IEEE Trans. Pattern Analysis and Machine 
Intelligence, vol. 30, no. 6, pp. 970-984, June 2008.

[16]. S. Baker and T. Kanade, “Hallucinating Faces,” Proc. 
Fourth IEEE Int’l Conf. Automatic Face and Gesture 
Recognition, Mar. 2000.

[17]. S. Baker and T. Kanade, “Limits on Super-Resolution and 
How to Break Them,” IEEE Trans. Pattern Analysis and 
Machine Intelligence, vol. 24, no. 9, pp. 1167-1183, Sept. 
2002.

[18]. A. Chakrabarti, A. Rajagopalan, and R. Chellappa, “Super-
Resolution of Face Images Using Kernel PCA-Based 
Prior,” IEEE Trans. Multimedia, vol. 9, no. 4, pp. 888-892, 
June 2007.

[19]. C. Liu, H.Y. Shum, and W.T. Freeman, “Face 
Hallucination: Theory and Practice,” Int’l J. Computer 
Vision, vol. 75,  no. 1, pp. 115-134, 2007.

[20]. H. Chang, D. Yeung, and Y. Xiong, “Super-Resolution 
through Neighbor Embedding,” Proc. IEEE Conf. 
Computer Vision and Pattern Recognition, pp. 275-282, 
2004.

[21]. J. Yang, J. Wright, T. Huang, and Y. Ma, “Image Super-
Resolution via Sparse Representation,” IEEE Trans. Image 
Processing, vol. 19, no. 11, pp. 2861-2873, Nov. 2010.

[22]. W. Liu, D. Lin, and X. Tang, “Hallucinating Faces: 
Tensorpatch Super-Resolution and Coupled Residue 
Compensation,” Proc. IEEE Conf. Computer Vision and 
Pattern Recognition, pp. 478-484, 2005,

[23]. B. Gunturk, A. Batur, Y. Altunbasak, M. Hayes, and R. 
Mersereau, “Eigenface-Domain Super-Resolution for Face 
Recognition,” IEEE Trans. Image Processing, vol. 12, no. 
5, pp. 597-606, May 2003.

[24]. P. Hennings-Yeomans, S. Baker, and B. Kumar, 
“Simultaneous Super-Resolution and Feature Extraction for 
Recognition of Low Resolution Faces,” Proc. IEEE Conf. 
Computer Vision and Pattern Recognition, pp. 1-8, 2008.

[25]. O. Arandjelovic and R. Cipolla, “A Manifold Approach to 
Face Recognition from Low Quality Video across 
Illumination and Pose Using Implicit Super-Resolution,” 
Proc. IEEE Int’l Conf. Computer Vision, 2007.

[26]. S. Biswas, K.W. Bowyer, and P.J. Flynn, 
“Multidimensional Scaling for Matching Low-Resolution 
Facial Images,” Proc. IEEE Int’l Conf. Biometrics: Theory, 
Applications, and Systems, 2010.

[27]. K. Jia and S. Gong, “Multi-Modal Tensor Face for 
Simultaneous Super-Resolution and Recognition,” Proc. 
IEEE Int’l Conf. Computer Vision, pp. 1683-1690, 2005.

[28]. M. Nishiyama, H. Takeshima, J. Shotton, T. Kozakaya, and 
O. Yamaguchi, “Facial Deblur Inference to Improve 
Recognition of Blurred Faces,” Proc. IEEE Conf. 
Computer Vision and Pattern Recognition, pp. 1115-1122, 
2009.  

[29]. R. Azad and F. Davami, “A robust and adaptable method 
for face detection based on color probabilistic estimation 
technique”, International Journal of Research in Computer 
Science A Unit of White Globe Publications, Volume 3 
Issue 6 ,pp. 1-7, 2013, doi: 10.7815/ijorcs.36.2013.072.

[30]. Vapnik, V., “The Nature of Statistical Learning Theory”, 
New York, Springer-Verlag, 1995.

[31]. Joachims, T., “Text categorization with support vector 
machines:Learning with many relevant features”, Technical 
report, University of Dortmund, 1997.

[32]. Wang, T.-Y., Chiang, H.-M., “Fuzzy support vector 
machine for multi-class text categorization”, Information 
Process and Management, 43, 914–929, 2007.

ACSIJ Advances in Computer Science: an International Journal, Vol. 2, Issue 5, No.6 , November 2013
ISSN : 2322-5157
www.ACSIJ.org

131

Copyright (c) 2013 Advances in Computer Science: an International Journal. All Rights Reserved.



[33]. Salomon, J., “Support vector machines for phoneme 
classification”, M.Sc Thesis, University of Edinburgh, 
2001.

[34]. Pontil, M., Verri, A., “Support Vector Machines for 3D 
Object Recognition”, IEEE Transactions on Pattern 
Analysis and Machine Intelligence, Vol. 20, No. 6, 1998.

[35]. Takeuchi, K., Collier, N., “Bio-Medical Entity Extraction 
using Support Vector Machines”, Proceedings of the ACL 
2003 Workshop on Natural Language Processinge in 
Biomedicine, 57-64, 2003.

[36]. Foody, M.G., Mathur, A., “A Relative Evaluation of 
Multiclass Image Classification by Support Vector 
Machines”, IEEE Transactions on Geoscience and Remote 
Sensing, 42, 1335– 1343, 2004.

[37]. Platt, J., Cristianini, N., Shawe-Taylor, J., “Large margin 
DAGs for multiclass classification”, Advances in Neural 
Information Processing Systems 12. MIT Press, 543–557, 
2000.

[38]. F. Melgani and L. Bruzzone, “Classification of 
hyperspectral remote sensing images with support vector 
machine,” IEEE Trans. Geosci. Remote Sens., vol. 42, no. 
8, pp. 1778–1790, Aug. 2004.

[39]. C.-W.Hsu and C.-J. Lin, “A comparison of methods 
formulticlass support vector machines,” IEEE Trans. 
Neural Netw., vol. 13, no. 2, pp. 415–425, Mar. 2002. 

Reza Azad was born in Ardebil, Iran, in 1989. He is now studying 
B.Sc. in university of Shahid Rajaee Teacher Training, Tehran, 
Iran, from 2011 until now in computer software engineering 
technology. He takes the fourth place at Iranian university entering 
exam. Also he’s a member of IEEE, member of elites of the 
country, top and Honor student in university. Hi have 7 papers in 
the international conference and 4 papers in international journal.  
In 2013 His two papers picked out as high level in science and 
innovation by the CITADIM 2013 and published in international
high level scientific journal also He dominated as best researcher 
in 2013 by the SRTTU Computer faculty. As a Reviewer in the 3rd 
IEEE International Conference on Computer and Knowledge 
Engineering. His research interests include image processing, 
artificial intelligence, handwritten character recognition, skin 
detection, face detection and recognition, human tracking, pattern 
recognition, virtual reality, machine learning and localization of 
autonomous vehicles. 

Babak Azad was born in Ardebil, Iran, in 1993. He is studying 
B.Sc. in University of Shahid Bahonar, Shiraz, in 2013 in computer 
software engineering and he is top student in university. He have
one paper in the international conference, one paper in 
international journal and 3 papers in regional conference. His 
research interests include image processing, cloud computing, 
information security.

Iman tavakoli kazerooni was born in kazeroon, Iran, in 1987. He 
completed his undergraduate educations in 2001. Then he passed 
the bachelor education in computer science at Bahonar University
of Shiraz.. He currently studies his master in Hamadan science 
and Research University until now. Also hi is an educator in 
mamasani azad bahonar university,minab azad university and 
darab university faculty His favorite research fields are: computer 
vision, web designing and programming.

ACSIJ Advances in Computer Science: an International Journal, Vol. 2, Issue 5, No.6 , November 2013
ISSN : 2322-5157
www.ACSIJ.org

132

Copyright (c) 2013 Advances in Computer Science: an International Journal. All Rights Reserved.




