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Abstract
In supervised learning, the Universum, a third class that is not a part of either class in the
classification task, has proven to be useful. In this study we propose (NUTBSVM), a Newton-
based approach for solving in the primal space the optimization problems related to Twin
Bounded Support Vector Machines with Universum data (UTBSVM). In the NUTBSVM,
the constrained programming problems of UTBSVM are converted into unconstrained opti-
mization problems, and a generalization of Newton’s method for solving the unconstrained
problems is introduced. Numerical experiments on synthetic, UCI, and NDC data sets show
the ability and effectiveness of the proposed NUTBSVM. We apply the suggested method
for gender detection from face images, and compare it with other methods.

Keywords Twin bounded support vector machine · Universum · Newton’s method ·
Unconstrained optimization problem

Mathematics Subject Classification (2000) 90C20 · 90C25 · 68T10

1 Introduction

The use of machine learning methods covers a wide range of fields, including medical
diagnosis [1], computer vision [2], text categorization [3], computational biology [4], bioin-
formatics [5], and many others [6–8]. Support Vector Machine (SVM) is a de facto standard
machine learning approach for binary classification problems. Vapnik et al. [9] introduced
SVM in the early 1990s. The standard SVM identifies the hyperplane that divides two classes
by solving a convex quadratic programming problem [10]. The separating hyperplanes is the
middle of two parallel hyperplanes that leave the points of each class in different half-spaces
and are as far apart as possible.

To incorporateprior informationabout thedistributionofdata into the classifier,Weston et al.
[11] proposed the idea of Universum Support Vector Machine (USVM). The name derives
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from Universum data, which are unlabeled observations not present in either class of the
original data set, still belonging to the same domain of the original problem. They empirically
demonstrated that USVM gives superior generalization performance to the traditional SVM.

Motivated by USVM, additional studies have been conducted to present an Universum-
based model for other supervised methods.

This is the case for Twin Support Vector Machine (TSVM) [12], a generalization of SVM,
aiming to construct two nonparallel hyperplanes, with each hyperplane being as close as
possible to one class and, at the same time, as far as possible from the other class. Following
USVM and TSVM, Qi et al. [13] presented the Twin Support Vector Machine using Uni-
versum data (UTSVM). More recently, Richhariya et al. [14] introduced an improvement of
UTSVM, which we call UTBSVM, to improve the performance of UTSVM. They solved the
optimization problems of UTBSVM in the dual space. Nevertheless, from an optimization
point of view, some mathematical programming problems can be solved efficiently in the
primal space.

This paper provides a novel approach to solve the UTBSVM in the primal space. We
convert the constrained problems of UTBSVM into unconstrained optimization problems.
Weemploy a generalizedNewton’s approach to solve the unconstrained optimization problem
because the objective function is only once-differentiable and not twice-differentiable. To
show the performance superiority of the proposedmethod, a computational comparison of the
proposed method with TSVM, and UTBSVM is reported, in terms of classification accuracy
and computing time for synthetic data set, several UCI data sets, NDC data sets and also
gender recognition data sets. Some critical aspects of the proposed methods are outlined
below:

– Solving the UTBSVM method in the primal space instead of the dual space.
– Modifying the fast Newton method due to the fact that unconstrained minimization

problems are only once differentiable.
– Empirically proving the viability and efficacy of the suggested strategy on different

synthetic and real world data sets.

The remaining sections of the paper are laid out as follows. The basic principles of TSVM,
TBSVM, and UTBSVM are reviewed in Section 2. NUTBSVM and its theoretical analysis
are proposed in Section 3. Section 4 contains the findings of all numerical experiments, and
Section 5 concludes the study.

2 Related work

In this section, we provide an overview of the TSVM, TBSVM, and UTBSVM formulations.

2.1 Twin support vector machine

To identify two hyperplanes for binary classification that are as close as possible to one of the
two classes and as far from the other class, Jayadeva et al. [12] introduced the Twin Support
Vector Machine (TSVM). The TSVM identifies the two not necessarily parallel hyperplanes
shown below:

wT
1 x + b1 = 0, and wT

2 x + b2 = 0, (1)
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wherew1, w2 ∈ R
n and b1, b2 ∈ R. Assume that all of the data points that belong to class+1

and −1 are represented by matrix A ∈ R
m1×n and matrix B ∈ R

m2×n , respectively. Solving
the following two quadratic programming problems yields the TSVM classifiers:

min
w1,b1,ξ1

1

2
‖Aw1 + e1b1‖2 + c1

2
eT2 ξ1

s.t . − (Bw1 + e2b1) + ξ1 � e2, (2)

ξ1 � 0,

and

min
w2,b2,ξ2

1

2
‖Bw2 + e2b2‖2 + c2

2
eT1 ξ2

s.t . (Aw2 + e1b2) + ξ2 � e1, (3)

ξ2 � 0,

where c1, c2 > 0 are penalty parameters, ξ1, ξ2 are slack vectors, and e1, e2 are vectors of ones
of appropriate dimension. Using the KKT conditions, we obtain the Wolfe dual formulations
of (2) and (3):

max
α

−1

2
αT G(HT H)−1GTα + eT2 α

s.t . 0 � α � c1e2, (4)

and

max
α∗ −1

2
α∗T H(GTG)−1HTα∗ + eT1 α∗

s.t . 0 � α∗ � c2e1, (5)

where H = [A e1], G = [B e2] and α, α∗ are the Lagrangian multipliers. Then, solving (4)
and (5), the separating hyperplanes may be found by[

w1

b1

]
= −(HT H)−1GTα, (6)

and [
w2

b2

]
= (GTG)−1HTα∗. (7)

The following decision rule is used to assign a new data point x ∈ R
n to class i ∈

{+1,−1}:

class i = argmin
|wT

i x + bi |
‖wi‖2 , i = 1, 2. (8)

2.2 Twin bounded support vector machine

Twin Bounded Support VectorMachine (TBSVM)was proposed in [15]. Similarly to TSVM,
TBSVM finds two not necessarily parallel hyperplanes wT

1 x + b1 = 0 and wT
2 x + b2 = 0.
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TBSVM has an additional regularization term compared to TSVM, which results in the
following optimization problems:

min
w1,b1,ξ1

1

2
‖Aw1 + e1b1‖2 + c1

2
eT2 ξ1 + c2

2

(‖w1‖2 + b21
)

s.t . − (Bw1 + e2b1) + ξ1 � e2, (9)

ξ1 � 0,

and

min
w2,b2,ξ2

1

2
‖Bw2 + e2b2‖2 + c3

2
eT1 ξ2 + c4

2

(‖w2‖2 + b22
)

s.t . (Aw2 + e1b2) + ξ2 � e1, (10)

ξ2 � 0,

where ci , i = 1, . . . , 4 are positive penalty parameters, and ξi are slack vectors. Using the
KKT necessary and sufficient conditions on the Lagrangian function of problems (9) and
(10), the Wolfe dual problems are:

max
α

−1

2
αT G(HT H + c2 I )

−1GTα + eT2 α (11)

s.t . 0 � α � c1e2,

and

max
α∗ −1

2
α∗T H(GTG + c4 I )

−1HTα∗ + eT1 α∗ (12)

s.t . 0 � α∗ � c3e1,

where I is a dimension-appropriate identity matrix, and α, α∗ are the Lagrangian multipliers.
The nonparallel hyperplaneswT

1 x +b1 = 0, andwT
2 x +b2 = 0,may be derived by utilizing

the parameters w1, w2, b1 and b2 in the following equations:[
w1

b1

]
= −(HT H + c2 I )

−1GTα, (13)

and [
w2

b2

]
= (GTG + c4 I )

−1HTα∗. (14)

Similar to the decision function of TSVM, a new data point x ∈ R
n is allocated to class

i ∈ {+1,−1} by applying the decision role (8).

2.3 Twin bounded support vector machine with Universum data

The Twin Bounded Support Vector Machine with Universum (UTBSVM) was proposed in
[14] to enhance the classification performance of theTBSVM.TheUTBSVMwas constructed
by usingUniversum data in the TBSVMmodel.We now suppose that there are two subgroups
in the training data T̃ :

T̃ = T ∪ U,

where

T = {(x1, y1), . . . , (xn, yn)} ∈ (Rm × {±1})n,
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U ={x∗
1 , . . . , x

∗
u }.

Here, the Universum class is denoted by U ∈ R
u×m , and each row of the matrix U stands

for a Universum instance. The UTBSVM can be formulated as the following QPPs:

min
w1,b1,ξ1,ψ1

1

2
‖Aw1 + e1b1‖2 + c1

2
eT2 ξ1 + c2

2

(‖w1‖2 + b21
) + c3

2
eTu ψ1

s.t . − (Bw1 + e2b1) + ξ1 � e2,

(Uw1 + eub1) + ψ1 � (−1 + ε)eu, (15)

ξ1, ψ1 � 0,

and

min
w2,b2,ξ2,ψ2

1

2
‖Bw2 + e2b2‖2 + c4

2
eT1 ξ2 + c5

2

(‖w2‖2 + b22
) + c6

2
eTu ψ2

s.t . (Aw2 + e1b2) + ξ2 � e1,

− (Uw2 + eub2) + ψ2 � (−1 + ε)eu, (16)

ξ2, ψ2 � 0,

where ci , i = 1, . . . , 6 are positive penalty parameters, ε ∈ (0, 1) is the tolerance value for
Universum class, ξ1, ξ2, ψ1 and ψ2 are measures of the violation of constraints associated,
and eu is a vector of ones of appropriate dimension. We may derive their dual problems by
applying Lagrangian functions, as shown below.

max
α,β

−1

2
(GTα − OTβ)T (HT H)−1(GTα − OTβ) + eT2 α + (ε − 1)eTu β (17)

s.t . 0 � α � c1e2,

0 � β � c3eu,

and

max
α∗,β∗ − 1

2
(HTα∗ − OTβ∗)T (GTG)−1(HTα∗ − OTβ∗) + eT1 α∗ + (ε − 1)eTu β∗ (18)

s.t . 0 � α∗ � c4e1,

0 � β∗ � c6eu,

where H = [A e1],G = [B e2], and O = [U eu]. Once the QPPs (17) and (18) are solved,
we can obtain the following parameters:[

w1

b1

]
= −(HT H)−1(GTα − OTβ), (19)

and [
w2

b2

]
= (GTG)−1(HTα∗ − OTβ∗). (20)

Once vectors (wT
1 , b1)T and (wT

2 , b2)T are obtained from (19) and (20), the separating
hyperplanes

wT
1 x + b1 = 0, and wT

2 x + b2 = 0, (21)

are known. A new data point x ∈ R
n is allocated to class i ∈ {+1,−1} by a similar rule to

the TSVM.
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3 Newton’s method for TBSVMwith Universum data

In this section, we introduce a new method for solving the problems (15) and (16) in the
primal space.

min
w1,b1,ξ1,ψ1

1

2
‖Aw1 + e1b1‖2 + c1

2
‖ξ1‖2 + c2

2

(‖w1‖2 + b21
) + c3

2
‖ψ1‖2

s.t . − (Bw1 + e2b1) + ξ1 � e2,

(Uw1 + eub1) + ψ1 � (−1 + ε)eu, (22)

ξ1, ψ1 � 0,

and

min
w2,b2,ξ2,ψ2

1

2
‖Bw2 + e2b2‖2 + c4

2
‖ξ2‖2 + c5

2

(‖w2‖2 + b22
) + c6

2
‖ψ2‖2

s.t . (Aw2 + e1b2) + ξ2 � e1,

− (Uw2 + eub2) + ψ2 � (−1 + ε)eu, (23)

ξ2, ψ2 � 0.

For the optimal solution of problems (22) and (23), we have

ξ1 = (e2 + (Bw1 + e2b1))+ , (24)

ψ1 = ((−1 + ε)eu − (Uw1 + eub1))+ , (25)

ξ2 = (e1 − (Aw2 + e1b2))+ , (26)

ψ2 = ((−1 + ε)eu + (Uw2 + eub2))+ , (27)

where, ( · )+ replaces negative components of a vector by zeros. Thus, we can replace
ξ1, ξ2, ψ1 and ψ2 in (22) and (23) by (24)–(27) and convert the UTBSVM problems (22)
and (23) into an equivalent UTBSVM which are an unconstrained optimization problems as
follows:

min
w1,b1

ϕ1(w1, b1) = 1

2
‖Aw1 + e1b1‖2 + c1

2
‖ (e2 + (Bw1 + e2b1))+ ‖2 + c2

2
(‖w1‖2 + b21)

+ c3
2

‖ ((−1 + ε)eu − (Uw1 + eub1))+ ‖2 (28)

and

min
w2,b2

ϕ2(w2, b2) = 1

2
‖Bw2 + e2b2‖2 + c4

2
‖ (e1 − (Aw2 + e1b2))+ ‖2 + c5

2
(‖w2‖2 + b22)

+ c6
2

‖ ((−1 + ε)eu + (Uw2 + eub2))+ ‖2 (29)

The functions ϕ1(w1, b1) and ϕ2(w2, b2) are differentiable and their gradients can be com-
puted as follows:

∇ϕ1(w1, b1) =
⎡
⎢⎣

∂ϕ1

∂w1
∂ϕ1

∂b1

⎤
⎥⎦ =

[
AT (Aw1 + e1b1)
eT1 (Aw1 + e1b1)

]
+ c1

[
BT (e2 + (Bw1 + e2b1))+
eT2 (e2 + (Bw1 + e2b1))+

]

+ c2

[
w1

b1

]
+ c3

[−UT ((−1 + ε)eu − (Uw1 + eub1))+
−eTu ((−1 + ε)eu − (Uw1 + eub1))+

]
,
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and

∇ϕ2(w2, b2) =
⎡
⎢⎣

∂ϕ2

∂w2
∂ϕ2

∂b2

⎤
⎥⎦ =

[
BT (Bw2 + e2b2)
eT2 (Bw2 + e2b2)

]
+ c4

[−AT (e1 − (Aw2 + e1b2))+
eT1 (e1 − (Aw2 + e1b2))+

]

+ c5

[
w2

b2

]
+ c6

[
UT ((−1 + ε)eu + (Uw2 + eub2))+
eTu ((−1 + ε)eu + (Uw2 + eub2))+

]
.

Functions ∇ϕ1(w1, b1) and ∇ϕ2(w2, b2) are not differentiable, since they contain the terms

(e2 + (Bw2 + e2b1))+ , ((−1 + ε)eu − (Uw1 + eub1))+ ,

(e1 − (Aw2 + e1b2))+ , ((−1 + ε)eu + (Uw2 + eub2))+ .

Therefore, the objective functions of the problems (28) and (29) are not twice differentiable
and we can not apply the standard Newton’s method for solving these problems. Motivated
by [8, 16, 17], we want to define the generalized Hessian for ϕ1(w1, b1) and ϕ2(w2, b2).

The generalized Hessian of f at x is the set ∂2 f (x) of n × n matrices is defined by

∂2 f (x) = conv
{
H ∈ R

n×n : ∃ xk → x with ∇ f differentiable at xk and ∂2 f (x) → H
}
,

where conv( · ) denotes the convex hull. Function ∂ϕ1
∂w1

can be expressed

∂ϕ1

∂w1
= T1z1 + c1B

T (e2 + T2z1)+ + c2T3z1 − c3U
T ((−1 + ε)eu − T4z1)+, (30)

where T1 = [AT A AT e1], T2 = [B e2], T3 = [In×n 0n×1], T4 = [U eu] and z = (wT
1 , b1)T .

Note that (30) is not differentiable, but it satisfies the Lipschitz conditions.

Theorem 1 Function ∂ϕ1
∂w1

is globally Lipschitz.

Proof From (30) we have that∥∥∥∥ ∂ϕ1

∂w1
(s1) − ∂ϕ1

∂w1
(s2)

∥∥∥∥ = ∥∥T1s1 + c1B
T (e2 + T2s1)+ + c2T3s1

− c3U
T ((−1 + ε)eu − T4s1)+ − T1s2 − c1B

T (e2 + T2s2)+
− c2T3s2 + c3U

T ((−1 + ε)eu − T4s2)+
∥∥,

we bound it from above by

‖T1(s1 − s2)‖ + ‖c2T3(s1 − s2)‖ + ∥∥c1|B|T |(e2 + T2s1) − (e2 + T2s2)|
∥∥

+ ∥∥c3|U |T |((−1 + ε)eu − T4s1) − ((−1 + ε)eu − T4s2)|
∥∥

�
(
‖T1‖ + c2‖T3‖ + c1‖|B|T ‖ · ‖T2‖ + c3‖|U |T ‖ · ‖T4‖

)
‖s1 − s2‖.

Thus we infer that
∂ϕ1

∂w1
is globally Lipschitz with constant

K = ‖T1‖ + c2‖T3‖ + c1‖|B|T ‖ · ‖T2‖ + c3‖|U |T ‖ · ‖T4‖.
	


As a result, we can prove the following theorem:
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Theorem 2 ∇ϕ1(z1) is globally Lipschitz continuous and the generalized Hessian of ϕ1(z1)
is ∂2ϕ1(z1) = T1+c1BT D1T2+c2T3+c3UT D2T4, where D1 and D2 stand for the diagonal
matrices

D1 = diag
(
sgn(e2 + (Bw1 + e2b1))+

)
,

D2 = diag
(
sgn((−1 + ε)eu − (Uw1 + eub1))+

)
,

and sgn(·) is the standard sign function.

Remark 1 We can obtain similar results for ∂ϕ1
∂b1

,
∂ϕ2
∂w2

, and ∂ϕ2
∂b2

.

We know that ∇ϕ1 and ∇ϕ2 are differentiable almost everywhere and that the generalized
Hessian of ϕ1 and ϕ2 exists everywhere based on the prior discussion and the aforementioned
theorem. Therefore, to solve the unconstrained problems (28) and (29), we can use the
generalized Newton’s method [8, 16, 17]. Algorithm 1 describes our methodology.

Algorithm 1 Linear NUTBSVM.

Input: The training set T̃ = T ∪ U consisting of T = {(x1, y1), . . . , (xn, yn)} ∈ (Rm

×{±1})n and U = {x∗
1 , . . . , x

∗
u } ∈ R

u×m .
1: Select penalty parameters ci , for i = 1, . . . , 6 and parameter ε = (0, 1).
2: Determine parameters (w1, b1) and (w2, b2) of the hyperplanes by solving problems
(28) and (29) by using the generalized Newton’s method.

3: By applying the decision function (8), assign a data point to either class +1 or −1.

For the nonlinear case, the UTBSVM considers the following two nonparallel kernel-
generated hyperplanes:

K (x,CT )w1 + b1 = 0 and K (x,CT )w2 + b2 = 0, (31)

where CT = [AT BT ]T and K (·, ·) is a chosen appropriate kernel function. The resulting
nonlinear optimization problems read as

min
w1,b1,ξ1,ψ1

1

2

∥∥∥K (A,CT )w1 + e1b1
∥∥∥2 + c1

2
‖ξ1‖2 + c2

2

(‖w1‖2 + b21
) + c3

2
‖ψ1‖2

s.t . −
(
K (B,CT )w1 + e2b1

)
+ ξ1 � e2,(

K (U ,CT )w1 + eub1
)

+ ψ1 � (−1 + ε)eu, (32)

ξ1, ψ1 � 0,

and

min
w2,b2,ξ2,ψ2

1

2

∥∥∥K (B,CT )w2 + e2b2
∥∥∥2 + c4

2
‖ξ2‖2 + c5

2

(‖w2‖2 + b22
) + c6

2
‖ψ2‖2

s.t .
(
K (A,CT )w2 + e1b2

)
+ ξ2 � e1,

−
(
K (U ,CT )w2 + eub2

)
+ ψ2 � (−1 + ε)eu, (33)

ξ2, ψ2 � 0.
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As in the linear case of UTBSVM, the unconstrained of problems (32) and (33) can be
expressed as follows,

min
w1,b1

1

2

∥∥∥K (A,CT )w1 + e1b1
∥∥∥2 + c1

2

∥∥ (
e2 + (K (B,CT )w1 + e2b1)

)
+

∥∥2

+ c2
2

(‖w1‖2 + b21
) + c3

2

∥∥ (
(−1 + ε)eu − K (U ,CT )w1 + eub1

)
+

∥∥2, (34)

and

min
w2,b2

1

2

∥∥∥K (B,CT )w2 + e2b2
∥∥∥2 + c4

2

∥∥ (
e1 − (K (A,CT )w2 + e1b2

)
+

∥∥2

+ c5
2

(‖w2‖2 + b22
) + c6

2

∥∥ (
(−1 + ε)eu + (K (U ,CT )w2 + eub2

)
+

∥∥2. (35)

Finally, by using the generalizedNewton’smethod,we solve the above optimization problems
and then obtain two nonparallel classifiers. Algorithm 2 summarizes the nonlinear case.

4 Experimental results

In this section, we compare TSVM, UTBSVM and the proposed NUTBSVM algorithms on
different data sets. The performance of these methods are assessed using five-fold cross-
validation. We discussed two different performance parameters, i.e., accuracy and learning
speed. All experiments were carried out in Python 3.6 on a notebook with a Core(TM) i5
CPU @ 1.6 GHz and 4GB of RAM operating system. We used the CVXOPT package in

Fig. 1 The linear TSVM results on the generated data set
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Fig. 2 The linear UTBSVM results on the generated data set

Algorithm 2 Nonlinear NUTBSVM.

Input: The training set T̃ = T ∪ U consisting of T = {(x1, y1), . . . , (xn, yn)} ∈ (Rm

×{±1})n and U = {x∗
1 , . . . , x

∗
u } ∈ R

u×m .
1: Choose a Gaussian kernel function K .
2: Select penalty parameters ci , for i = 1, . . . , 6 and parameter ε ∈ (0, 1) and the
parameter γ of the Gaussian kernel.

3: Determine parameters (w1, b1) and (w2, b2) of the hyperplanes by solving problems
(34) and (35) by using the generalized Newton’s method.

4: By applying the decision function, assign a data point to either class +1 or −1.

Python to solve the dual optimization problems of TSVM,UTBSVM, andUSVM.Notice that
CVXOPT is a package developed specifically for convex optimization [18]. In addition, we
utilized the Numpy library [19] for all necessary matrix operations. To build the Universum
data, we randomly selected an equal amount of training data from each class. Then, pairs of
data points from the two classes are averaged to obtain the Universum data [13].

Also, in all tables, the highest accuracy and lowest time are shown in bold.

4.1 Synthetic data sets

We test NUTBSVM and the other two algorithms on synthetic data sets in R
2 to visually

demonstrate their efficacy. We randomly produced 50 points of class −1 and 100 points
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Fig. 3 The linear NUTBSVM results on the generated data set

of class +1 for the simulations. By randomly matching samples from the two classes, fifty
Universumdata points are created from training data and depicted in green. Figures 1, 2, 3, and
Table 1 show the results of NUTBSVM, UTBSVM and TSVM algorithms on the generated
data sets for linear state. The results of the simulation demonstrate that algorithms are accurate
and efficient, and they support the usefulness of the strategy that we have suggested.

4.2 Parameters selection

Obtaining the appropriate parameter values is a crucial preparatory step in performing exper-
iments. Figures 4, 5, 6, 7, 8 and 9 illustrate the sensitivity of classification accuracy to changes

Table 1 Performance comparison
of linear TSVM, UTBSVM and
NUTBSVM on generated data
sets

TSVM UTBSVM NUTBSVM

Acc (%) ±Std 77.92 ± 4.98 70.19 ± 5.26 95.57 ± 2.74

Time (ms) 24 28 4
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Fig. 4 The effects of parameter settings on the accuracy of the Bupa data sets in the linear NUTBSVM

in the selected parameters c1, c2, ε and γ for the proposed method on three data sets (Bupa,
Ionosphere and Pima) in both linear and nonlinear cases. Therefore, selecting the appropriate
parameter can play a significant role in increasing the accuracy of the classification method,
and tuning the parameters to make sense. A grid search [20] has been used to tune the param-
eters ci (i = 1, ..., 6), ε, and kernel parameter γ . For this work, we have selected values of
c1 to c6 from {2−5, . . . , 25} and value of γ from {2−7, . . . , 27}. The parameter ε is tuned in
the range {0.1, 0.3, 0.5, 0.7, 0.9}.

Fig. 5 The effects of parameter settings on the accuracy of Ionosphere data sets in the linear NUTBSVM
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Fig. 6 The effects of parameter settings on the accuracy of Pima data sets in the linear NUTBSVM

4.3 UCI data sets

We select ten benchmark data sets from the UCI repository to test our algorithms. We utilize
five-fold cross-validation to assess the effectiveness of the three methods. The experimental
results on ten UCI data sets are summarized in Tables 2 and 3 for linear and nonlinear
states, respectively. We compare the performance of the proposed method with TSVM and
UTBSVM on these data set.

Fig. 7 The effects of parameter settings on the accuracy of Bupa data sets in the nonlinear NUTBSVM
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Fig. 8 The effects of parameter settings on the accuracy of Ionosphere data sets in the nonlinear NUTBSVM

In terms of running time, it should be seen that TSVM has less time to separate data
than UTBSVM and NUTSVM. The explanation is that TSVM does not face Universum data
sets and, unlike the other methods, training samples’ size is not increased. However, the
suggested technique has the shortest running time compared to the other methods, despite
using Universum samples in the training procedure and expanding the number of training
samples. This is because in the proposed method, we used the fast method (the generalized
Newton) to solve the unconstrained primal problems. This makes the performance of the

Fig. 9 The effects of parameter settings on the accuracy of Pima data sets in the nonlinear NUTBSVM
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Table 2 Performance comparison of linear TSVM, UTBSVM, and NUTBSVM on UCI data sets

Data set TSVM UTBSVM NUTBSVM
Size Acc (%) ± Std Acc (%) ± Std Acc (%) ± Std

Time (ms) Time (ms) Time (ms)

Bupa 68.12 ± 5.42 69.57 ± 5.10 68.99 ± 5.07

345×6 28 40 7

Haberman 74.67 ± 6.09 75.67 ± 3.43 76.00 ± 3.59

306×3 39 65 3

Heart 72.08 ± 2.50 72.45 ± 4.56 73.58 ± 4.77

270×16 13 36 3

Ionosphere 86 ± 1.89 87.43 ± 2.46 90.29 ± 2.78

351×34 22 99 9

Pima 77.12 ± 4.69 77.78 ± 3.38 77.91 ± 3.24

768×9 340 882 11

Sonar 76.10 ± 1.82 76.10 ± 4.20 79.02 ± 6.83

208×60 17 25 6

Spect 78.50 ± 8.40 79.24 ± 8.69 80.00 ± 7.97

237×22 18 69 4

Trans 76.24 ± 4.58 76.24 ± 4.58 76.37 ± 4.44

10×32 153 324 9

House Votes 96.05 ± 2.90 96.51 ± 2.43 96.04 ± 2.81

435×16 79 104 7

Wpbc 96.28 ± 1.71 97 ± 1.64 97.17 ± 1.31

198×33 139 778 13

proposed method better than the other two methods, in spite of the addition of Universum
samples in the training process.

In terms of accuracy, as shown in the Tables 2 and 3, our proposed method achieves the
highest classification accuracy for most of the UCI data sets through linear and nonlinear
states. Therefore, we conclude that our proposed approach has the highest classification
accuracy and the lowest learning time among the three methods.

4.4 NDC data sets

David Musicant’s NDC Data Generator [21] is used to create NDC data. Moosaei et al. [22]
presented an enhanced version of this generator that may include an arbitrary number of
samples, futures, and classes. In this subsection, the feature dimension of NDC data is chosen
to be ten and the size of samples are 100, 500, 1000, 2000, and 5000. Table 4 describes the
results obtained from the NDC data sets. It is fascinating to investigate the learning time
of the methods by increasing the number of data points, and as can be seen, the proposed
method is the fastest compared to TSVM and UTBSVM.

4.5 Gender detection by using face images

In 2008, Bai [23] showed that Universum data help to detect the gender from face images
via SVM. Following [23], Shen [24] showed that Universum data improves the performance
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Table 3 Performance comparison of nonlinear TSVM, UTBSVM, and NUTBSVM on UCI data sets

Data set TSVM UTBSVM NUTBSVM
Size Acc (%) ± Std Acc (%) ± Std Acc (%) ± Std

Time (ms) Time (ms) Time (ms)

Bupa 66.09 ± 8.02 71.59 ± 2.98 73.62 ± 4.43

345×6 48 70 11

Haberman 74.34 ± 3.89 77.00 ± 2.2 76.00 ± 2.26

306×3 115 191 26

Heart 64.15 ± 9.24 71.30 ± 5.14 70.94 ± 7.32

270×16 26 73 6

Ionosphere 93.14 ± 1.67 94.29 ± 3.94 95.71 ± 0.9

351×34 62 276 18

Pima 75.16 ± 4.27 76.99 ± 4.20 78.17 ± 4.81

768×9 1151 2985 45

Sonar 81.95 ± 7.65 84.88 ± 4.20 86.34 ± 2.49

208 × 60 41 61 4

Spect 78.87 ± 8.30 80.00 ± 6.92 80.00 ± textbf6.92

237×22 47 162 14

Trans 76.38 ± 4.44 76.24 ± 4.58 76.64 ± 4.43

10×32 159 334 34

House Votes 87.67 ± 3.17 88.14 ± 0.87 90.47 ± 3.56

435×16 127 168 6

Wpbc 96.64 ± 0.66 97.52 ± 1.03 98.05 ± 0.35

198×33 243 1323 26

Table 4 Performance comparison of linear TSVM, UTBSVM, and NUTBSVM on NDC data sets

Data set TSVM UTBSVM NUTBSVM
Size Acc (%) ± Std Acc (%) ± Std Acc (%) ± Std

Time (ms) Time (ms) Time (ms)

100 × 10 84.00 ± 5.63 94.41 ± 2.07 94.81 ± 3.93

29 44.5 5.7

500 × 10 73.87 ± 2.64 93.05 ± 5.51 93.47 ± 4.84

78.50 102.8 11.5

1000 × 10 70.25 ± 2.29 87.73 ± 2.44 88.02 ± 1.15

85.2 320.9 26.9

2000 × 10 70.07 ± 2.00 86.88 ± 0.95 86.88 ± 0.72

175.5 1411.8 48

5000 × 10 71.03 ± 0.32 87.08 ± 1.09 87.26 ± 0.73

965.8 14501.9 231.6
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of UBoost for gender classification. In this subsection, we use the research’s process men-
tioned in gender classification to evaluate the performance of the proposed method by using
Universum data.

We perform our experiments on the face images for detecting gender. Each image is
converted to gray scale at the 256-level and down-sampled to 45× 50 pixels to form a 2250
dimensional vector (see [23] for more details on this data set). We collect facial images of
40 men and 10 women and consider 5 images for each person. Figure 10 depicts a few face
photos of both men and women, including their facial expressions, hairstyles, and eyeglasses.
According to the last column, we created the Universum data by averaging pairs of male
and female face photos. We selected randomly 2 women and 10 men for training and the
remaining individuals for testing (of which 12 subjects are randomly selected for training,
and the remaining 38 for testing). A single picture among five is randomly chosen for each
individual.

Results are presented in Table 5. The mean accuracy and standard deviation are reported
on 5 independent runs and the best results are shown in bold. Table 5 clearly shows that in
gender classification our method performed better than the other three methods.

5 Conclusion and future work

In recent years, the new concept of Universum has been proposed and defined as a set
of instances not belonging to any class. Previous researches have shown that Universum

Fig. 10 The first column shows two men and the second column shows two women and the third column
illustrates the Universum of a man and a woman in each row
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Table 5 Gender recognition using TSVM, USVM, UTBSVM and NUTBSVM

TSVM USVM UTBSVM NUTBSVM

Acc (%) ± Std Acc (%) ± Std Acc (%) ± Std Acc (%) ± Std

(C1, C2, ε ) (C, Cu, ε ) (C1, C2, Cu, ε) (C1, C2, Cu, ε)

73.83 ± 5.00 80.28 ± 4.93 82.50 ± 3.62 83.33 ± 2.40

(0.03125, 32.0, 0.1) (0.039, 16, 0.1) (0.5, 0.03125, 0.5, 0.5) (2.0, 0.03125, 0.03125, 0.5)

data are very useful for supervised learning. This research introduced a novel approach
to solve the optimization problems of UTBSVM. By leveraging the 2-norm of the slack
vectors in the objective functions of two quadratic problems, we transformed the constrained
quadratic programming problems (UTBSVMs) into unconstrained quadratic problems. Then,
we suggested an extension of Newton’s approach for addressing unconstrained quadratic
problems, which makes solving the related problems fast and simple.

In order to demonstrate the superior efficiency of the suggested approach in both the linear
and nonlinear cases, numerical tests were carried out on a synthetic data set, UCI data sets,
NDC data sets, and face images data sets. The results shown that the proposed method in
both the linear and nonlinear cases has higher efficiency than TSVM and UTBSVM.

Although the randomly generatedUniversumdata positively affects the data set classification,
for future work, wewill propose anUniversum data selection method to increase the classifica-
tion accuracy and reduce the learning time. Furthermore, the proposedmethod can be applied
to other real-world applications involving binary data sets, such as disease diagnosis.
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