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ABSTRACT
Support vector machine (SVM) is an important machine learning method, which has many applications in pattern recognition,
network security, etc. However, this method has some shortcomings such as complicated computation of quadratic
programming, time-consuming training and low anti-noise performance. To this end, the researchers have proposed some
improved methods. In this paper, we select the commonly used SVM classifiers including C-SVM, v-SVM, PSVM and TWSVM
to study their performance of classification on the standard data set by experiments. The experimental results are shown that
the performance with TWSVM has an advantage over C-SVM, v-SVM and PSVM in selected ten data sets using linear kernel.
However, when Gauss kernel is used, accuracy with different support vector machine is almost no differences except data set
wdbc.

Keywords: support vector machine, proximal support vector machine, twin support vector machine, kernel function,
classification

1. INTRODUCTION
Support Vector Machine (SVM) is a kind of machine learning method proposed by Vapnik et al. [1],which follows the
principle of VC dimension and structure risk minimization of statistical learning theory. Its basic idea is to find a
hyper-plane with the largest margin and separate the two classes of samples. Since the support vector machine is
proposed, this method attracts the attention of many researchers and proposed some different support vector machine
algorithms [2-3]. However, there exist some flaws for the traditional support vector machine, for example, the
complicated computation of quadratic programming, time-consuming training, the low anti-noise performance, etc. In
order to solve them, the researchers proposed the fuzzy support vector machine and the rough support vector machine
by introducing the fuzzy theory or the rough set theory into the support vector machine [4-7] to solve the impact of
noise or outlier point on the support vector machine. In addition, some researchers use the decomposition method to
improve the training speed of support vector machines, such as SMO [8] and SVMlight [9]. As the support vector
machine only considers the interclass separation in the sample data and ignores the intraclass structural information in
the data, the result of the classification is not optimal. To this end, the researchers introduce structural information into
support vector machines to propose the structural support vector machines [10-11]. It can be seen that for the support
vector machine and its improved methods described above, the solved method is to convert the primal problem into a
dual problem to obtain the required hyper-plane. For this method, when the size of data is very large, it is extremely
difficult to solve the optimization problem. Therefore, some researchers use the approximate method to solve the
problem. Unfortunately, the obtained solution for solving the dual problem is inferior to the solution for the primal
problem [12]. In addition, some researchers have solved the complicated computational problems of quadratic
programming by modifying the optimization problem model. On the basis of it, they obtain the support vector machine
by solving linear equation systems [13].
It is seen that for the traditional support vector machine and its improved methods, they make the decision of the
sample using only a hyper-plane. Recently, Fung et al. [14] constructed two parallel hyper-planes, which hold a farther
distance, by solving the linear equation systems. Based on it, a proximal SVM (PSVM) is proposed. To make the
decision of sample, it is necessary to calculate the distance of sample from two parallel hyper-planes, and then to use
the distance to determine the category of sample. After that, Mangasarian et al. [15] proposed a generalized eigenvalue
support vector machine (GEPSVM) based on idea of PSVM by relaxing the parallel constraint on two hyper-planes. In
this method, the optimization problem is transformed into a generalized eigenvector problem of the eigen equation.
However, each optimization problem uses all the given data, and the computational complexity is very large. Inspired
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by the GEPSVM approach, Jayadeva et al. [16] proposed the twin support vector machine (Twin SVM). Unlike the
GEPSVM, to obtain two hyper-planes, TWSVM does not solve a larger optimization problem but solve two smaller
optimization problems such as SVM, and each optimization problem uses only half of the sample data. Therefore, the
training time of the method is shortened to 1/4 of the original SVM. Recently, researchers propose some improved
methods based on the idea of TWSVM or SVM [17-20]. In view of the importance of support vector machine, in this
paper, we select the commonly used support vector machine classifiers, which contain C-SVM, v-SVM, PSVM and
TWSVM, and ten data sets from the UCI and Stalog database to study their performance in the experiment.

2. SUPPORT VECTOR MACHINE AND ITS IMPROVED METHOD
Given a sample set X   x1 , y1  , ( x2 , y2 )  ,  xl , yl  , where xi  R n , class label yi  1, 1 , i  1, 2, , l .
2.1 C-SVM
C-SVM[1] is a support vector classifier which is presented by Vapnik et al. It finds the maximal margin separating
hyper-plane wT  ( x)  b  0 between two classes of samples in the feature space H maximizing the margin 2/ || w ||2 and
satisfying yi (wT  ( xi )  b)  1, i  1, 2, , l , where  (.) maps X into H and w  H . For the linear case, we have

 ( x)  x . C-SVM can be expressed as the following optimization problem:
l
1
|| w ||2 C  i
2
i 1

min
w , b , i

s.t . yi

 w

T

,

(1)



   xi    b  1   i , i  0, i  1, 2,..., l

where C>0 is the pre-specified parameter and  i is slack variable.
By introducing the Lagrangian multipliers  i (i  1, 2, , l ) , we obtain the dual problem with (1) as follows:
l

max   i 
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It can be seen that（ 2） is a convex quadratic programming problem. After optimizing this dual quadratic
programming problem, we obtain the solution of Lagrangian multipliers  i (i  1, 2, , l ) , namely  i* (i  1, 2, , l ) . At
this time, the decision function is expressed as
 n

f ( x)  sgn    i* yi  xi     x   b* 
 i 1
 ,
 l *
*
 sgn    i yi k  xi , x   b 
 i 1


(3)

l
*

where w   yi i  ( xi ) , b* is derived by KKT condition.
i 1

2.2 v-SVM
In C-SVM, how to select an appropriate parameter C is a very difficult. So, Scholkopf et al.[2] presented the v-SVM, in
which the selection of the parameter v  [0,1] is more intuitive. In the v-SVM, the primal optimization problem is in the
following:
m in

w , b , , 

s .t .

1
1 l
|| w || 2      i
2
l i 1
yi ( w T  ( xi )   b     i ,

(4)

 i  0,   0, i  1, 2, ..., l
where w, b,  ,  are variables to be optimized.
By introducing Lagrange multipliers method, we derive the dual problem of (4) in the following:
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where  i (i  1, 2, , l ) is the Lagrange multiplier associated with the constraint, and k(xi ,xj) represents the kernel
function which gives the dot product （xi）（
  x j）in the feature space.
l

Let  *  (1* ,  2* ,...,  l* ) represent the optimal solution of the dual optimization (5) and w    i* yi ( xi ) . Then, the
i 1

optimal separating decision function is given by
l

l

i 1

i 1

f ( x )  sgn(   *i y i  ( x )   ( x i )  b )  sgn(   i* y i k ( x , x i )  b ) ,

(6)

l

where b *   1   i* y i ( k ( x i , x j )  k ( x i , x k )) ,here j  {i | i*  (0,1/ l ), yi  1} ,and k  {i | i*  (0,1 / l ), yi  1} .
2

i 1

2.3 PSVM
In proximal support vector machine (PSVM)[14], two parallel planes are generated such that each plane is closest to
one of two data sets to be classified and the two planes are as far apart as possible. This PSVM mainly modifies the
objective function in optimization problem (1) and replaces the inequality constraint by the equality. For generating a
linear or nonlinear classifier, it merely requires the solution of a single system of linear equations. The optimization
problem for PSVM is repressed as follows:
min
w ,b ,
s.t

1 T
1
( w w  b 2 )  C ||  ||2
.
2
2
yi (wT  ( xi )  b)  i  1, i  1, 2,  , l

(7)

Now, let the l  n matrix A represent sample set X, where each row of A denotes a sample point. In addition, class label
of each sample is depicted by the l  l diagonal matrix D with plus ones or minus ones along its diagonal. The
optimization problem (7) is modifying as (8) in the following.
1 T
1
( w w  b 2 )  C ||  ||2
min
w ,b ,
,
(8)
2
2
T
s.t. D( K ( A, A ) Dw  eb)    e
where K ( A, B )  ( K ij )ll is a l  l matrix whose element is expressed as K ij  exp( || AiT  B. j ||2 ) . Ai is the ith row of A
while B. j is the jth column of A. The decision function is represented as
f ( x)  ( K ( xT , AT ) K ( A, AT )T  eT ) Dv ,

where v  (

I
 GGT )1 e and G  D[ K  e] .
C

2.4 TWSVM
For performance of improvement on SVM, the researchers proposed the twin support vector machine (TWSVM) [16]
by deeply study. TWSVM seeks two nonparallel proximal hyper-planes such that each hyper-plane is closest to one of
two classes and as far as possible from the other class and solves two smaller sized quadratic programming problems
other than a quadratic programming problem like SVM.
Suppose that all of the sample points in class +1 and class -1 are denoted by matrixes A  R m1 n and
A  R m2 n ,respectively. Different from traditional SVM, TWSVM seeks a pair of nonparallel hyper-

planes K ( xT , CT )w(1)  b(1)  0 and K ( xT , CT )w(2)  b(2)  0 , Such that each hyper-plane is proximal to the sample points of
one class and far from the sample points of the other class, where C T  [ A A ] .
For TWSVM classifier, their pairs of quadratic programming problems are written as
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(TSVM1)

(TSVM 2)

1
( K ( A , CT )w(1)  e1b(1) )T ( K ( A , CT )w(1)  e1b(1) )  c1e2T q
2
s.t.  ( K ( A , C T )w(1)  e2b(1) )  q  e2 , q  0,
1
(K ( A , CT )w(2)  e2b(2) )T (K ( A , CT )w(2)  e2b(2) )  c2e1T q
2
s.t. (K ( A , CT )w(2)  e1b(2) )T  q  e1 , q  0.

min

w(1) ,b(1) ,q

min

w( 2) ,b( 2) ,q

(9)

(10)

where c1>0 and c2>0 are parameters and e1 and e2 are vectors of ones of appropriate dimensions.
By using Lagrange method and KKT conditions, their dual problems are obtained in the following.
( DTSVM 1)

1 T
T
T
1 T
max e2    R (S S ) R 

2
,
s.t .
0    c1

(11)

where S  [ K ( A , C T ) e1 ] and R  [ K ( A , C T ) e2 ] .
Similarly, the dual problem for TSVM2 is obtained as follows.
( DTSVM 2)

1
e1T    T L ( N T N )1 LT 
2
,
s.t .
0    c2

max


where L  [ K ( A , C T ) e1 ] and N  [ K ( A , C T ) e2 ]

(12)

.

3. EXPERIMENTAL RESULTS AND ANALYSIS
For comparison of the different SVM classifier, ten data sets are chosen from the UCI and Stalog database. The detailed
characteristics are as shown in Table 1. In the following experiments, we extract 70% of data set as the training set
using random method for each data set, respectively, and the remaining 30% of data set is viewed as the testing set.
The experimental results are the average accuracies after running 10 times.
Table 1: Features of datasets
Number

Dataset

Number of

Number of

1

ionosphere

samples
351

attributes
33

2

bupa

345

6

3

sonar

208

60

4

heart

270

13

5

wpbc

194

33

6

australian

695

14

7

cancer

683

7

8

german

1000

24

9

wdbc

569

30

10

pima

768

8
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Table 2: Classification performance of C-SVM with gauss kernel and linear kernel using different value of parameter
C
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Table 3: Classification performance of v-SVM with gauss kernel and linear kernel using different value of parameter v

It can be seen from Table 2 that for different value of C, there are obvious differences of accuracy for nine data sets
including ionosphere, bupa, sonar, wpbc, australian, cancer, german, wdbc and pima. However, for some data sets, for
instance heart, german and pima, performance of C-SVM using linear kernel is superior to that of using Gauss kernel.
For example, when C=500, accuracy is 0.8395 using linear kernel whereas accuracy is 0.5210 using Gauss kernel. On
the whole, for selected ten data sets, performance of C-SVM using Gauss kernel is superior to that of C-SVM using
linear kernel except data sets heart, german and pima. In addition, for different data set, to find an appropriate value of
parameter C is also a difficult thing for obtaining better performance of classification and it’s a big range for the value
of parameter C. Now, let us turn to Table 3. For different value of v, there are some differences of accuracy for all data
sets. And performance of v-SVM using Gauss kernel is superior to that of v-SVM using linear kernel except data set
cancer. However, to find a better value of v is not a difficult thing as its range is smaller.
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For classifiers PSVM and TWSVM, in experiment, the better values of parameters are obtained by cross-validation
method. The experimental results are shown in Figure 1 and Figure 2, where x-axis represents different data set, which
is denoted as the number of data set, y-axis represents the average accuracy and standard deviation.

Figure 1 Classification performance of PSVM

Figure 2 Classification performance of TWSVM
It can be seen from Figure 1 that performance of PSVM using Gauss kernel almost equals to that of PSVM using linear
kernel in most data sets. In Figure 2, performance of TWSVM using linear kernel is superior to that of TWSVM using
Gauss kernel in most data sets.
Moreover, we give the comparison of performance with different support vector machine containing C-SVM, v-SVM,
PSVM and TWSVM as shown in Figure 3, where x-axis represents different data set, which is denoted as the number
of data set, y-axis represents the average accuracy. Among it, for C-SVM and v-SVM, we select the accuracies with
C=10 and v=0.2, respectively. It is known from Figure 3(a) that for selected ten data sets, accuracy with different
support vector machine is almost no differences except data set wdbc using Gauss kernel. When linear kernel is used,
the accuracy with TWSVM is superior to other three kinds of support vector machines for ten data sets.

Figure 3 Comparison of performance for different support vector machine
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4.CONCLUSION
In this paper, we select the four commonly used support vector machine classifiers including C-SVM, v-SVM, PSVM
and TWSVM to conduct to experiment with ten data sets from UCI and Stalog database. For C-SVM and v-SVM, we
test their accuracies and standard deviation with different values of parameters C and v using Gauss kernel and linear
kernel. For PSVM and TWSVM, the better values of parameters are determined by cross-validation method. It is
known from experiment that the performance with TWSVM has an advantage over C-SVM, v-SVM and PSVM in
selected ten data sets using linear kernel. However, when Gauss kernel is used, accuracy with different support vector
machine is almost no differences except data set wdbc. Certainly, for C-SVM and v-SVM, we only use the selected
value to experiment. In future, we select the more support vector machine, for instance, the structural support vector
machine etc., to study their performance.
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