
  

1 INTRODUCTION 
Support vector machine (SVM) [1] proposed by Vapnik et 
al. has been used widely in pattern classification and 
regression analysis [2-4]. By maximizing margin between 
two classes, SVM can realize structural risk minimization 
for pattern classification. SVM needs to find an optimal 
hyper-plane by solving a quadratic programming problem 
(QPP). For non-linear classification, SVM solves QPP by 
using dual theory and kernel function.  
With the development of technology, a set of novel 
algorithms are derived from SVM [5-9]. In 2007, Javadeva 
et al. proposed twin support vector machine (TSVM) [10] 
based on generalized eigenvalue proximal SVM (GEPSVM) 
[6]. TSVM searches for two nonparallel optimal 
hyper-planes and ensures each hyper-plane to be close to 
one class and far from the other one. TSVM is fit for 
crossed datasets. It solves two smaller QPPs, which 
improves classification speed. Based on TSVM, a set of 
improved algorithms are derived [11-13]. In 2014, Peng et 
al. proposed twin support vector hyper-sphere (TSVH) [14] 
based on TSVM and support vector data description 
(SVDD) [5]. TSVH also needs to solve two QPPs, and each 
QPP has TSVM-type formula. However, it is different from 
TSVM in searching for a pair of SVDD-type hyper-spheres. 
In TSVH, each hyper-sphere covers one class of samples 
and keeps away from the other class of samples as much as 
possible. So, TSVH can maximize not only inter-class 
margin but also intra-class clustering degree, which obtains 
better classification result. 
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Noise has been studied for a long time in pattern 
classification problem. Weights were employed to 
eliminate the impact of noise data in reference [15]. The 
total margin was used in reference [16] to construct SVM 
and get the robust estimation. Reference [17] introduced 
fuzzy set into SVM to obtain less sensitive results for noise. 
In 2014, Huang et al. proposed SVM with pinball loss 
(pin-SVM) [18]. In Reference [18], authors consider that 
idea must make SVM sensitive to those two types of noise: 
label noise and feature noise [19]. The basic idea of SVM is 
to maximize the margin between the closest samples. 
However those closest samples between two classes may be 
noise, especially feature noise. Reference [18] considers 
Pin-SVM changes that basic idea into maximizing the 
quantile distance with pinball loss [20-22]. It adjusts the 
number of the closest samples with parameter to reduce 
noise sensitivity. 
In this paper, twin pinball loss support vector hyper-sphere 
(TPSVH) is proposed based on TSVH and pin-SVM. It has 
TSVH-type formula and searches for a pair of 
hyper-spheres. TPSVH uses pinball loss to replace hinge 
loss of TSVH, which makes it similar with pin-SVM in 
constraints. On one hand, TPSVH can maximize inter-class 
margin and intra-class clustering degree. On the other hand, 
TPSVH is not sensitive to the noise around the decision 
boundary. These advantages improve classification 
performance. Experiments for synthetic and UCI datasets 
also prove that TPSVH has better classification accuracy 
and stability compared with SVM, TSVH and pin-SVM. 

2 BACKGROUND 
We consider a binary classification problem with dataset 

1{ , }ml l l==T X y , where 1d
l

×∈ℜX  and { 1, 1}l ∈ + −y . 
Sample matrixes of class +1  and 1−  in T are defined as 
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1[ ]Ti m+=A A A A and 1[ ]Tj m−=B B B B  

respectively.  Where, m m m+ −= +  and 1, { }mi j l l=∈A B X . 
Then, binary TSVH and binary pin-SVM classifiers will be 
described as follows. 

2.1  TSVH 

TSVH is derived from SVDD and contains the idea of 
TSVM. TSVH classifier constructs two hyper-spheres 
instead of hyper-planes. For binary classification problem, 
those two hyper-spheres are just like the following: 

2 2

2 2
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x C
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where +C  and −C are the centers of +Ω  and −Ω  
respectively.  R+  and R−  are the radiuses of +Ω  and −Ω  
respectively. ( )ψ ⋅  is mapping function of feature space. 

1 2 1 2( , ) ( ) ( )TK ψ ψ=x x x x  may be used as a kernel function 
when mapping. For matrixes A  and B , QPPs of TSVH 
can be constructed as follows: 
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The functions of v+ , v− , p+  and p− are similar. They are 
all penalty parameters.  In the objective function of QPP (2), 
the minimization of the first term represents that the 
samples of class +1  are as close to the center of the 
hyper-sphere as possible. The minimization of the second 
term represents that the radius of the hyper-sphere is as 
large as possible. The minimization of the third term with 
inequality constraint represents that samples of class 1−  
can avoid being covered by hyper-sphere as much as 
possible.  The terms of QPP (3) are similar with those of 
QPP (2) respectively. TSVH can maximize intra-class 
clustering degree. So, for many practical pattern 
classification problems, TSVH is more suitable than 
TSVM. 

2.2 Pin-SVM

In most versions of SVM classifiers, hinge loss function is 
widely used. However, Pin-SVM uses pinball loss to 
replace hinge loss. Pin-SVM can be described with the 
following QPP: 
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where τ  is the parameter of pinball loss function. If 
( ( ) )T
l l bψ +u = y w x , pinball loss function adopted by 

Pin-SVM can be expressed as 

1 , 1,
(1 ), 1.
u u

L
u uτ τ

− ≤
=

− − >
                           (5) 

Specially, when 0τ = , pinball loss function can be 
expressed as 

0 max{0,1 }, .hL L u uτ == = − ∈ℜ                   (6) 
The pinball loss function 0Lτ =  is just the hinge loss 
function hL , and the second constraint of QPP (4) becomes 

0lζ ≥ . In the meanwhile, Pin-SVM reduces to standard 
SVM. Pin-SVM uses parameter τ to reduce noise 
sensitivity. In order to explain that clearly, three sets are 
first defined as follows: 

{ | ( ( ) ) 1},
{ | ( ( ) ) 1},
{ | ( ( ) ) 1}.
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                     (7) 

The basic idea of SVM is to maximize the distance between 
two bounding hyper-planes: ( ) 1T

l bψ + =w x  and 
( ) 1T

l bψ + = −w x . Hyper-planes ( ) 1T
l bψ + = ±w x  can 

divide samples into qT , gT  and eT . It is well known that 
there should be few or none samples in qT  for SVM. If the 
samples in qT  are noise, classification result will be greatly 
affected. Pin-SVM uses parameter τ  to control the 
position of the bounding hyper-planes, which changes the 
number of samples in qT  and gT . Pin-SVM reduces the 
adverse effect of noise by adjusting the number of the 
samples in qT . 

3 TWIN PINBALL LOSS SUPPORT VECTOR 
HYPER-SPHERE 

3.1 Binary TPSVH 

It can be seen from QPPs (2) and (3) that binary TSVH 
classifier includes quadratic loss and hinge loss functions. 
If  u+  and u−  are defined, hinge loss functions in QPPs (2) 
and (3) can be expressed as: 
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And they are shown in Fig. 1(a). It has been known from 
the above section that TSVH classifier with hinge loss is 
sensitive to noise. TSVH is improved as TPSVH after 
pinball loss function is introduced. Just like pin-SVM, 
TPSVH is not sensitive to noise samples. Firstly, pinball 
loss function used in TPSVH is defined as Lτ

+  and Lτ
−  

shown in Fig. 1(b).   
2
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Fig. 1. (a) Hinge loss, (b) Pinball loss. 

If hL
+  and hL

−  of TSVH are replaced with Lτ
+  and Lτ

−  
respectively, QPPs of TPSVH can be obtained as follows: 
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where rp
+ , rp

− , ep
+  and ep

−  are all penalty factors. The 
optimal classification hyper-spheres +Ω  and −Ω of 
TPSVH are shown in formula (1). It can be seen from the 
objective function of QPP (11) that the first term is 
quadratic loss function. It shows that the sum of the squared 
distances between samples of class +1  and the center of 
classification hyper-sphere is minimized. In other words, 
the classification hyper-sphere covers the samples of class 
+1  as much as possible.  The second term maximizes the 
radius of +Ω , which ensures structural risk minimization. 
The third term with inequality constraint means to 
minimize pinball loss. On one hand, pinball loss makes the 
classifier less sensitive to samples of class 1−  in the 
hyper-sphere. On the other hand, minimization of pinball 
loss ensures the classification error bound of pinball loss 
preserves the same as that of hinge loss. Similar 
conclusions can be obtained from objective function and 
constraint of QPP (12). 
If 0τ = , pinball loss function  reduces to hinge loss. Then 
the second constraints in QPP (11) and (12) become 0jζ ≥  
and 0iξ ≥ respectively. And TPSVH reduces to TSVH. 
Reference [18] discusses pinball loss can reduce the 
adverse effect of noise samples around the decision 
boundary. TPSVH with pinball loss function can reduce 
noise sensitivity by adjusting τ . Then, take the 
classification hyper-sphere of class +1  as an example to 
illustrate that conclusion. The minimization of the third 
term and the constraint in QPP (11) ensure less samples of 

class 1−  are covered into +Ω . Samples of class 
1− distributed around the decision boundary of +Ω  will 

greatly affect the position of the decision boundary. 
TPSVH can adjust the number of samples in and out of 

+Ω with parameter τ . More samples of class 1−  in 
+Ω reduce the adverse effect which noise samples have on 

the third term in QPP (11). So, TPSVH is not sensitive to 
noise samples. 

3.2 Solution to TPSVH 

In order to solve QPPs of TPSVH classifier, operators of 
0j

− ≥α  and 0j
− ≥β  are introduced. Lagrangian function 

corresponding to QPP (11) is given as follows: 
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Karush-Kuhn-Tucker conditions are used to obtain the 
following results: 
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According to (14), the center +C of +Ω can be calculated 
with the following formula: 
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If (15), (16) and (19) are substituted into (13), and constant 
terms are discarded, the dual QPP of (11) can be obtained: 
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where 0j
− ≥λ . Define −e as an ones column vector with 

dimension m−  and 1 2[ ]T
m−

− − − −=λ λ λ λ . According to the 

deduction, QPP (20) with matrix form can be obtained: 
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where m m− −×∈ℜH can be expressed as 1, 2( )j jh=H . Then, 

1, 2j jh  can be calculated with the following formula: 
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(22) 
Define 1 2[ ]T

m−
− − − −=α α α α  and 1 2[ ]T

m−
− − − −=β β β β . 

The relationship among −λ j
−α  and j

−β are just like the 
following: 
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If e j ep pτ − − −− < <λ , then 0j
− ≠α  and 0j

− ≠β .  Define set 

{ | 0, 0 and 1,2, , }j jS j j m− − − −≠ ≠ == α β .       (24) 

According to (17) and (18), 2 2( ) || ( ) ||jR ψ+ += −B C  can be 

obtained, where j S −∈ . For accurate calculation, the 
formula of 2( )R+  can be determined as the follows: 

2 21( ) || ( ) || ,
| | j

j S

R
S

ψ
−

+ +
−

∈

= −B C                 (25) 

where | |S −  is the number of the items in S − . 
Define 1 2[ ]T
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+ + + +=α α α α , 1 2[ ]T
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+ + + +=β β β β  and 

1 2[ ]T
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+ + + +=λ λ λ λ . And define +e as an ones column 

vector with dimension m+ . Dual QPP of (12) with matrix 
form can be similarly obtained:  
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where m m+ +×∈ℜG can be expressed as 1, 2( )i ig=G . Then, 

1, 2i ig  can be calculated with the following formula: 
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Similarly, relationship among +α , +β  and +λ are just like 
the following: 
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On the other hand, the center −C  of classification 
hyper-sphere −Ω  can be calculated with the following 
formula: 
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Define set  
{ | 0, 0 and 1, 2, , }i iS i i m+ + + +≠ ≠ == α β ,      (30) 

then the formula of 2( )R− can be determined as the follows: 
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The following formula can determine a new sample 
x belongs to class +1  or 1− :  
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4 NUMERICAL EXPERIMENTS 
In order to testify the efficiency of the novel algorithm 
proposed in this paper, SVM, TSVH, pin-SVM and 
TPSVH are used to do classification experiments. For 
fairness, all classifiers only use a quadratic programming 
solver embedded in Maltab. All experiments are 
implemented in Matlab 7.11 on Windows 7 running on a 
PC with Intel(R) Core(TM) I5 CPU (3.2GHZ) and 4GB 
RAM. 

4.1 Synthetic Datasets 

TPSVH proposed in this paper is used to handle noise 
samples in the dataset. So, two 2-dimension synthetic 
datasets with Gaussian distribution are created according to 
the method in reference [18]. There are 275 samples of one 
class in Data 1, and the mean 1μ  is [0.5, 2.5]T−  and 
covariance matrix 1Σ  is diag(0.2, 2.5) . There are 275 
samples of the other class in Data 1, and the mean 2μ  is 
[ 0.5, 2.5]T−  and covariance matrix 2Σ  is diag(0.2, 2.5) . 
Data 2 can be built by introducing 5 percent of noise 
samples into Data 1. The labels of these noise samples are 
selected from { 1, 1}+ −  with equal probability. And they 
satisfy Gaussian distribution with 

[0, 0]Tnμ =  and 
2.5 0.2

.
0.2 2.5n

−
Σ =

−
                (33) 

Firstly, in order to highlight the function of parameter τ , 
the other parameters with the same type are equal for all 
classifiers. Penalty parameter C of SVM, v+ , v− , p+  and 
p− of  TSVH, p  of  pin-SVM, and rp

+ , rp
− , ep

+

 and ep
−  

of  TPSVH are all set to 1. RBF for K is adopted in all 
classifiers and kernel radius is set to 10. Before 
classification experiment, we repeat the creating and 
training process ten times for Data 1 and 2.  
Then, SVM, TSVH, pin-SVM and TPSVH classifiers are 
compared to prove the improvement brought by pinball loss. 
The mean of accuracy for all classifiers are shown in Table 
1 and 2. For Data 1, TPSVH as well as the other classifiers 
has satisfying results, which shows TPSVH has stable 
classification performance. For Data 2, the accuracy of 
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TPSVH is higher than that of TSVH and SVM, which 
proves that pinball loss can improve the classification 
accuracy. And the above results also proved that TPSVH 
can tolerate noise samples. The accuracy of TPSVH is 
higher than that of Pin-SVM, which shows the combination 
of pinball loss and TSVH can improve the performance of 
classifier. Moreover, for TPSVH and Pin-SVM, 
classification accuracy changes with τ . We can get the 
best classification accuracy by adjustingτ .  

Table 1. Classification accuracy for Data 1 

τ  TPSVH Pin-SVM TSVH SVM 

1 98.16 98.04 

97.91 98.01 
0.5 98.18 98.09 

0.2 98.26 98.13 

0.1 98.09 98.06 

Table 2. Classification accuracy for Data 2 

τ  TPSVH Pin-SVM TSVH SVM 

1 97.20 96.97 

96.54 96.35 
0.5 97.27 97.09 

0.2 97.16 97.01 

0.1 97.09 96.91 

4.2 UCI Datasets 

In order to illustrate the performance of TPSVH, all 
datasets used in the experiments are real world data 

downloaded from UCI Repository of Machine Learning 
Dataset. Moreover, in order to highlight the ability which 
TPSVH has in dealing with noise samples, experiments are 
done on UCI datasets with noise. According to the method 
in reference [18], 5 percent of samples randomly selected 
from every dataset are corrupted in label and feature. 80 
percent of samples in UCI datasets are randomly selected as 
training datasets, and the others are testing datasets. Testing 
method is ten-fold cross validation. RBF for K is adopted 
for all classifiers. And τ is selected from {1, 0.5, 0.2, 0.1}, 
and the others are chosen from 7 7[2 , 2 ]− . 
Table 3 shows the mean and standard deviation of accuracy 
corresponding to different classifiers. All those results are 
obtained on UCI datasets with noise. It can be seen that 
TPSVH has satisfying results. The mean of TPSVH is 
higher than the others, which proves that TPSVH has better 
classification performance for dataset with noise. The 
standard deviation of TPSVH is close to that of Pin-SVM, 
but smaller than that of TSVH and SVM, which means that 
TPSVH is as stable as Pin-SVM. The mean of TPSVH is 
higher than that of Pin-SVM, TSVH and SVM, which 
proves that the combination of pinball loss and TSVH 
improves classification performance.  
Table 4 also shows the mean and standard deviation of 
accuracy corresponding to different classifiers. However, 
all those results are obtained on original UCI datasets. It 
can be seen that TPSVH has satisfying results.  Most of the 
means of TPSVH are higher than the others. And standard 
deviation of TPSVH is close to that of Pin-SVM. The above 
results show that TPSVH has satisfying classification 
performance for original datasets. From the comparison 
between Table 3 and 4, it can be seen that TPSVH is stable 
for original datasets, and superior for datasets with noise.  

Table 3. Calssification accuracy on testing data for UCI datasets with noise 

Dataset TPSVH Pin-SVM TSVH SVM 
Heart 77.92±2.37 77.79±1.94 76.67±2.73 76.60±2.27 
Breast 96.08±1.44 95.77±1.02 94.59±1.54 95.35±1.07 

Haberman 73.06±2.50 73.07±2.50 71.79±3.01 71.69±2.49 
Spect 82.22±3.58 81.82±3.72 81.96±3.56 82.03±4.95 

German 74.05±2.52 73.28±2.08 73.20±2.67 73.16±2.41 
Magic 81.73±0.88 80.82±0.64 80.22±1.04 80.11±0.87 
Pima 77.09±1.92 77.35±1.20 75.82±2.26 75.70±1.88 

Transfusion 77.86±1.53 77.37±1.14 77.01±1.79 76.91±1.90 

Table 4. Calssification accuracy on testing data for original UCI datasets 

Datasets TPSVH Pin-SVM TSVH SVM 
Heart 80.46±1.86 80.22±1.73 80.25±1.95 80.20±1.92 
Breast 96.15±0.83 96.21±0.74 96.19±0.98 96.20±0.84 

Haberman 73.02±1.10 72.88±1.10 72.31±1.74 72.10±1.53 
Spect 85.76±1.47 82.59±1.56 85.98±1.54 86.63±1.76 

German 75.51±1.70 74.39±1.56 75.45±1.82 75.13±1.87 
Magic 83.24±1.79 83.15±0.72 83.07±1.66 83.23±1.24 
Pima 77.32±1.22 76.83±1.13 76.55±1.34 76.42±1.72 

Transfusion 78.99±1.52 78.91±1.44 78.35±1.87 78.22±1.60 
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5 CONCLUSION 
In this paper, binary TPSVH classifier is proposed for 
dataset with noise. TPSVH is obtained by replacing hinge 
loss with pinball loss. It has two QPPs with TSVH-type, 
and is similar with pin-SVM in inequality constraints. On 
one hand, TPSVH as well as TSVH has the merits of 
maximization of inter-class margin and intra-class 
clustering degree, which is fitter for pattern classification 
problem. On the other hand, TPSVH as well as pin-SVM 
can adjust the number of samples in and out of 
hyper-sphere with parameter, which reduces the sensitivity 
to noise samples. And testing experiments are done on 
synthetic datasets and UCI datasets with noise respectively. 
Experimental results show that TPSVH can improve the 
performance of classifier and tolerate noise samples.  
Moreover, for corrupted and original datasets, TPSVH has 
the best classification accuracy compared with the other 
classifiers. All results prove that TPSVH has superior 
performance, especially for datasets with noise. In the 
future, we will study how to sparse samples and improve 
training efficiency with optimization algorithm. 
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