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Abstract
Data classification by support vector Hypersphere which is a competitive method to all
other methods usually ends in non-convex problems. In this paper, we will present a new
method for classifying data based on the use of separating Hypersphere. Our main idea is
to linearize the constraints of the problem to get rid of the non-convexity.
Keywords: Data Classification, Support Vector Machine, Hypersphere Classification,
Nonlinear Programming.

1. Introduction
Classifying the data has been a subject of considerable attention in recent years. Among
its applications are identification of the numbers and letters, voice recognition, face and
handwriting, illness diagnosis, etc [2], [1] and [8]. Support vector machine (SVM) was first
introduced to solve the pattern classification and regression problems by Vapnik and his
colleagues. Many methods are proposed like separation through separating hyper plane
with the maximum margin for binary classification, twin support vector machine, twin Hypersphere classification, etc.Twin support vector machine (TSVM) suggested in [6]. In this
method we find two non-parallel hyperplane for binary classification. In [12] proposed a
TWSVM classifier, termed the twin-hypersphere support vector machine (THSVM), for binary pattern recognition.The THSVM aims at generating two hyperspheres in the feature
space such that each hypersphere contains as many as possible samples in one class and
is as far as possible from the other one. Similar to the TWSVM, in THWSVM, we solve
a pair of quadratic programming problems (QPPs), whereas, in SVMs, we solve a single
QPP. In SVMs, the QPP has all data points in the constraints, but, in TWSVMs, they are
distributed in the sense that patterns of one class give the constraints of the other QPP and
vice versa. This strategy of solving two smaller sized QPPs, rather than one large QPP,
makes THWSVMs work faster than standard SVMs. We know that the QPPs problems
are non convex. In this paper, we change the non convex QPPs problems to convex QPPs
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problems and then solve this problems. The results shown that, our proposed method is
efficient.
The signs and symbols used in this paper are as follows:
Let a = [ai ] be a vector in Rn . By a+ we mean a vector in Rn whose ith entry is 0 if ai < 0
and equals ai if ai ≥ 0. If f is a real valued function defined on the n-dimensional real space
Rn , the gradient of f at x is denoted by ∇f (x) which is a column vector in Rn , and the
n × n Hessian matrix of second partial derivatives of f at x is denoted by ∇2 f (x). By AT
we mean the transpose of matrix A, and ∇f (x0 )T d is called directional derivative of f at x0
in direction d. For the two vectors x and y in the n−dimensional real space, xT y denotes
the scalar product. For x ∈ Rn , kxk denotes 2−norm. A column vector of ones of arbitrary
dimension will be indicated by e. For A ∈ Rm×n and B ∈ Rn×l ; the kernel K(A; B) is
an arbitrary function which maps Rm×n × Rn×l into Rm×l . In particular, if x and y are
column vectors in Rn then, K(xT ; y) is a real number, K(xT ; AT ) is a row vector in Rm ,
and K(A; AT ) is an m × m matrix. The convex hull of a set S has been shown by co{S}.
The identity m × n matrix will be denoted by Im×n .
2. Support Vector Machine and Twin Support Vector Machine
The issue of classifying data through support vector machine by considering hypothetical
data {(x1 , y1 ) , ... , (xn , yn )} where yi = {±1} for i = 1, ..., n is put into the following formula:
n

X
1
ξi
min wT w + C
w,b,ξ 2
i=1

s.t. yi wT xi + b ≥ 1 − ξi ,
ξi ≥ 0, i = 1, ..., n.

(1)

Where C is the penalty parameter for data control. The main idea of the problem was
first proposed by vapnik in 1963; while Bennet used a geometrical approach through convex
shell to show that the dual problem is the following problem for which a very beautiful
interpretation through the reduced convex shell is proposed [5].
1
min kAT u − B T vk2
u,v 2
s.t. eT u = 1, eT v = 1
0 ≤ u ≤ De, 0 ≤ v ≤ De.

(2)

Where A, B are the data available in two classes 1, −1 and D < 1 is the reduced convex shell
parameter. By solving (1) and determining vector w and scalar b, the separating hyperplane
wT x + b = 0 for data classification is achieved [4], [3].
To solve the SV M problem in many papers, here dual problem is solved and the solution to
the initial problem is achieved from the solution gained for dual problem by writing KKT
conditions, regardless of the fact the initial problem might be well less than the dual problem
in terms of variables, or the number of constraints in dual problem is less than the initial
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problem.
Rather than finding the separating hyperplane for the desired data, we will find 2 nonparallel hyperplane by solving two problems of convex planning and the distance between
data and hyperplane is used as a criterion for classification in this method. The issue of
programming the twin support vector machine is put into the following formula:
min
s.t.

1
2

Aw(1) + eb(1)

− Bw

(1)

+ eb
ξ

min
s.t.

1
2

(1)

2


(1)

+ c1 eT ξ (1)

(3)

(1)

≥e−ξ ,

≥ 0e .
2

Bw(2) + eb(2) + c2 eT ξ (2)

Aw(2) + eb(2) ≥ e − ξ (2) ,

(4)

ξ (2) ≥ 0e .
By solving the 2 above problems, hyper panels xT w(1) + b(1) = 0 , xT w(2) + b(2) = 0 will be
achieved for separating the hypothetical data. For separating more than 2 classes, TSVM
problem will be rewritten as follows:
1
2

s.t.

min
s.t.

2

+ c1 e2 T ξ + c2 eT3 η

− Bw(1) + e2 b(1) ≥ e − ξ,

− Cw(1) + e3 b(1) ≥ e3 (1 − ) − η,
ξ ≥ 0e , η ≥ 0e .

min

1
2

Aw(1) + eb(1)

2

+ c3 e1 T ξ ∗ + c4 eT3 η ∗

Aw(2) + e1 b(2) ≥ e1 − ξ ∗ ,

Cw(2) + e3 b(2) ≥ e3 (1 − ) − η ∗ ,
ξ ∗ ≥ 0e , η ∗ ≥ 0e .

Bw(2) + e2 b(2)

(5)

(6)

Like SVM problem, problems (5) and (6) are convex problems and the answer to the initial
and dual problems are equal to one another and solving the dual problem will lead us to the
initial problems answer. The dual problems of problems (5) and (6) are written as follows.
max − 21 γ T N (H T H)−1 V T γ + eT4 γ
s.t.
0 ≤ γ ≤ F.

(7)

max − 21 ρT P (GT G)−1 P T ρ + eT5 ρ
s.t.
0 ≤ ρ ≤ F ∗.

(8)

Where H = [A e1 ] , G = [B e2 ], M = [C e3 ], N = [G; M ], e4 = [e2 ; e3 (1 − )] ,
e5 = [e1 ; e3 (1 − )], γ = [α; β] , F = [c1 e2 ; c2 e3 ], P = [H; M ], F ∗ = [c3 e1 ; c4 e3 ] .
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3. Hypersphere and Twin Hypersphere
One of the ideas proposed for data classification in recent years is the classifying data
by support vector hyperspheres. In this approach, we seek to find a hypersphere with the
shortest radius which covers all data. The modeling for separating hypersphere is as follows
[10]:
min R2

(9)
2

2

s.t. kxi − ck ≤ R ,
∀i = 1, ..., n.
Where xi represents the hypothetical data, R represents the radius, and C presents the
center of super sphere. Generally, the DATA might have some form of distribution, thus a
hypersphere which can cover all the data might seem not affordable. To solve this problem,
the data which are far from other data are put inside the hypersphere through an error
parameter. This error parameter is chosen in such a way that the whole data minimizes
error. Modeling in this mode is turned into the following model:
2

min R + C

R, c, ξ

n
X

ξi

(10)

i=1
2

s.t.kxi − ck ≤ R2 + ξi ,
ξi ≥ 0, ∀i = 1, ..., n.
As we know, problem (10) is non-convex, thus we
first problem:

2I
Hessian =  0
0

can conclude from the constraints of the

0 0
−1 0 
0 0

Which is infinite. In [13], without paying attention to the non-convexity of the problem,
the s to the solution first problem is calculated by going to the dual problem and solving
it. Based on the sufficient and necessary condition, KKT is incorrect. Using the idea of
twin support vector machine stated previously, the problem of finding a hypersphere which
stores the data of the first set in herself and the data of the second set outside itself and
vice versa is modeled as follows which is named twin support vector hypersphere:
min

X
1X
ξj
kxi − c1 k2 − v1 R12 + C1
2 i∈I
j∈I
1

2

2

s.t. kxj − c1 k ≥ R1 − ξj ,
ξj ≥ 0, j ∈ I2 .
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min

X
1X
kxi − c2 k2 − v2 R22 + C2
ξi
2 i∈I
j∈I
2

1

2

s.t. kxi − c2 k ≥ R2 − ξi ,
ξi ≥ 0, i ∈ I1 .

(12)

This model finds two hyperspheres, one for each class, and classifiers points according to
which hyper sphere a given point is closest to. Noting the goal and Hessian function of
the problems, we will clearly realize that the problems mentioned above are not convex. In
many papers including [12] and [13], without considering the non-convexity of first problem,
we go to the dual problem and write KKT conditions and the answer to the first problem
is drawn mistakenly from the answer to the dual problem. To solve these problems, an
effective method will be proposed later. To solve the problems just outlined, we linearize
the provisions. Ultimately, the problems will be transformed into the following form:
min

X
1X
kxi − c1 k2 − v1 R1 + C1
ξj
2 i∈I
j∈I
1

2

s.t. kxj k −

2

2xTj c1

≥ R1 − ξj ,

(13)

ξj ≥ 0, j ∈ I2 .

min

X
1X
kxi − c2 k2 − v2 R2 + C2
ξi
2 i∈I
j∈I
2

2

1

2xTi c2

s.t. kxi k −
≥ R2 − ξi ,
ξi ≥ 0, i ∈ I1 .

(14)

We may conclude from [11] that these problems are problems of convex quadratic planning
with linear provisions and we use Quadprog toolbox in M atlab software to solve them. In
the next section, we will present the numerical results in a table and study the effectiveness
of this method.
4. Numerical Experiment
In this section, we will study the accuracy and speed of the method proposed through
the data extracted from U CI. For calculations, we used Matlab 2014a and a computer with
a Corei5 processor and 8 gigabytes ram. To measure the precision of the method stated, we
randomly selected 20% of the data and applied this action 5 times to the whole data and
calculated their mean as a percentage of precision.
In the first problem, we determine randomly some arbitrary points in two classes of A and B
which are approximately separated from each other linearly based on given MATLAB code
1 in the following (here, we created 150 points for class A and 100 points for class B). These
data are produced randomly within the interval [−50, 50].The accuracy rate of separating in
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Figure 1: Classification results of linear hypersphere on generated dataset.

this problem is 100%.In Fig 1, the given separating hyperspheres has been shown with red
and blue color.
MATLAB code 1
pl=inline(’(abs(x)+x)/2’);tic;
M=rand(m1,n);
M=100*(M-0.5*spones(M));
M(:,2)=M(:,1)+1*ones(m1,1)+100*rand(m1,1)+100*rand(m1,1);
N=rand(m2,n);
N=100*(N-0.5*spones(N));
N(:,2)=N(:,1)-1*ones(m2,1)-100*rand(m2,1)-100*rand(m2,1);
uu=5*rand(3,n);
uu1=uu;uu1(:,2)= uu1(:,1)+1*ones(3,1);
uu2=uu;uu2(:,2)= uu2(:,1)-1*ones(3,1);
M=[M;uu1;10 0]; N=[N;uu2;30 -20];m1=m1+4;m2=m2+4;m=m1+m2;
xM=[-50:40*rand: 50];yM=xM+1;xN=[-50:20*rand:50];yN=xN-1;
plot(M(:,1),M(:,2),’oblack’,N(:,1),N(:,2),’*bl’);
axis square
format short ;[m1 m2 n toc],[max(M(:,1)) min(N(:,1))]
To further test the performance of linearized Hypersphere, we run this algorithm on
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several UCI benchmark data sets. The following table represents the numerical results
achieved.
Tab. 1. Hypersphere
Datas
Haberman
Spect
German
housevotes84
Diagnosis
ionosphere

classification on some benchmark data sets.
Size
Accuracy (%) Time (s)
306×3
73.53
0.52
237×22
58.8
0.51
1000×24
70
1.21
435 ×16
89.42
0.54
100×9
85
0.44
351×34
66.95
0.69

In this paper we present a new idea for solving the hypersphere classification problem. We
convert the non convex quadratic minimization problem into an Linear constrained problem.
The above table is indicative of effectiveness and high speed of calculations in solving library
problems.
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