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Abstract. In this paper, by considering a non-convex ramp loss function in
the nonlinear classification, a ramp loss quadratic surface support vector ma-
chine for the nonlinear classification problem is proposed. By employing the
DC programming method, a decomposition algorithm is designed for solving
ramp loss quadratic surface support vector machine. Moreover, the conver-
gence of sequences generated by the decomposition algorithm is proved under
suitable conditions. Finally, the numerical experiments of the artificial data
and the UCI repository data are given which shows that ramp loss quadratic
surface support vector machine presented in this paper outperforms some ex-
isting methods for solving nonlinear classification problems.

1. Introduction

Nowadays, support vector machines (SVMs) are considered as one of the
most effective learning methods for classification, which emerged from re-
search of statistical learning theory [8, 13]. The main idea of this classifica-
tion technique is by mapping the data to the higher dimensional space with
some kernel methods and then determine a hyperplane separating binary
classes with maximal margin [6, 16].

In recent years, SVM classification methods have made breakthrough
progress and enjoyed great success in many fields. There are all kinds of
nonlinearly classifying problems in practical application, to achieve the goal
of classification, a suitable Kernel function is imported to different train-
ing data. To avoid the difficulty of choosing a suitable kernel in different
situation, Dagter et al. [9] proposed a kernel-free quadratic SVM (QSVM)
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model. The main idea of QSVM is to determine a quadratic surface func-
tion separating nonlinear classifying data. Due to the problems of classifier

caused by outliers and noise, it has to use hinge loss function as a penalty,
hence soft-margin quadratic surface SVM (SQSSVM) was proposed. Re-

cently, Luo et al. [15] proposed a fuzzy QSVM model (FQSSVM) based
on Fisher discriminant analysis to deal with data set with noise. By using
l2 penalty, the quadratic kernel-free least squares support vector machine

(QLSSVM) was proposed by Bai et al. [2] as an promotion of QSVM.
We note that above mentioned QSVM classification methods used convex

functions as losses. For example, the hinge loss function was used in the

penalized SQSSVM, and the squared error function was used in penalized
QLSSVM. Although these methods achieved wide success, there remains

some drawbacks for learning problems. Researchers have found that SVM
model are sensitive to outliers and poor robustness when using above loss
functions. By considering modification of the loss function, Brooks et al. [3]

showed that the non-convexity ramp loss function achieves better robustness
and generalization. Collobert et al. [7] constructed a ramp loss support
vector machine by taking the ramp loss instead of the hinge loss in the

classical SVM. Liu et al. [14] constructed a ramp loss nonparallel support
vector machine by taking the ramp loss instead of the hinge loss in the

Twin SVM. They have shown the classifier model explicitly incorporate
noise and outlier suppression in the training process. However, to our best
knowledge, there is no researcher considering the ramp loss in nonlinear

quadratic classifying problem. Therefore, it is interesting and important
to study the ramp loss quadratic support vector machine for the nonlinear
classification problem. The main purpose of this paper is to make an attempt

in this direction.
Combining the benefits of the ramp loss and the nonlinear classification

capability of QSVM, in this paper, we propose a ramp loss quadratic surface
support vector machine (RQSSVM), which is a non-convex programming
problem with more challenging. The main method of this paper is to apply

the decomposition algorithms used in [10, 18] to solve this non-convex prob-
lem. The rest of this paper is organized as follows. Section 2 recalls hinge
loss SVM, ramp loss SVM and QSVM briefly. In Section 3, we introduce

the model of RQSSVM. A decomposition algorithm for solving RQSSVM is
designed in Section 4. Experimental results on some public available data

sets are presented in Section 5. Conclusions are provided in Section 6.

2. Preliminaries

In this section, we briefly recall some concepts of Hinge loss SVMs, ramp

loss SVMs and QSVM for binary classification problems.
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2.1. Hinge loss SVM

Let us consider the linearly separable classification problem. For given
training set

{(x1, y1), · · · , (xl, yl)} ⊆ Rm × {−1,+1},

the definition linearly separable of data means that there exists a hyperplane
f(x) = wTx+ b such that

{
wTxi + b > 1 if yi = 1

wTxi + b < −1 if yi = −1
⇐⇒ yi(w

Txi + b) > 1.

SVM aims to find an optimal hyperplane which separates the data into
two classes based on maximizing the distance 2

‖w‖2
between two support

hyperplanes, which can be formulated as follows

min
w,b

1

2
‖w‖2

2 s.t. yi(w
Txi + b) > 1, i = 1, 2, · · · , l.

If there exist wild points, then we consider adding slack variable ξi and a
penalty positive parameter C to the objective function. It will be converted
into soft-margin SVM as

min
w,b

1
2‖w‖

2
2 + C

∑l
i=1 ξi

s.t. yi(w
Txi + b) ≥ 1 − ξi,

ξi ≥ 0, i = 1, · · · , l.

Usually, if we consider hinge loss function Hs(u) = (s−u)+, where (u)+ = u

if u ≥ 0 and 0 otherwise, then soft-margin SVM can be reformulated as

min
w,b

1

2
‖ w ‖2

2 +C

l∑

i=1

H1(yif(xi)). (1)

Due to applications of the hinge loss function, standard SVM will normally
have the largest hinge loss. Thus the optimal hyperplane is drawn towards
outlier samples so that the performance of classifier is damaged. Also under
the hinge loss framework, the number of support vectors (SVs) [7] increase
linearly. Since the SVM training time grows rapidly with increasing of the
number of SVs, hinge loss SVM can not deal with large data sets.

2.2. Ramp loss SVM

To remove the effect of outliers, researchers have turned to some non-
convex losses, for example, the hard-margin loss, the normalized sigmoid
loss, the ψ-learning loss, and the ramp loss (see, for example, [5, 12, 7, 17]).
The ramp loss function is defined as follows

Rs(u) = H1(u) −Hs(u), (2)
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Figure 1. Plot of functions H1(u), Hs(u) and Rs(u)

where the value of s specifies the location of truncation with s < 1. Using
the ramp loss function, formula (5) is converted into the ramp loss SVM as
follow:

min
w,b

1

2
‖ w ‖2

2 +C
l∑

i=1

Hs(yif(xi)).

In fact, the choice of s is critical and affects the performance of ramp loss
SVM. Collobert et al. [7] explored some advantage of Rs(u) for SVM.

2.3. Quadratic SVM

Now we introduce quadratic surfaces support vector machine (QSSVM)
model briefly. Given training set {(x1, y1), · · · , (xl, yl)} ⊆ Rm × {−1,+1},
similar to linearly classification, it is quadratic separable if there exists a
quadratic surface

f(x) =
1

2
xTAx+ bTx+ c = 0

such that{
xT

i Axi + bTxi + c > 1 if yi = 1

xT
i Axi + bTxi + c < −1 if yi = −1

⇐⇒ yi(x
T
i Axi + bTxi + c) > 1,

where

A = AT = (aij) ∈ Rm×m, b = [b1, · · · , bm]T ∈ Rm, c ∈ R.

QSSVM model is based on finding an optimal quadratic surface which sep-
arates the data into two classes by maximizing the margin, which can be
formulated as

min
Θ=(A,b,c)

l∑
i=1

‖ Axi + b ‖2
2

s.t. yi(
1
2x

T
i Axi + bTxi + c) ≥ 1.
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Therefore, similar to the linearly classifying, when there exists wild points,

QSSVM can be converted to soft margin QSSVM (SQSSVM) as follows (see

[2])

min
Θ=(A,b,c)

l∑
i=1

‖ Axi + b ‖2
2 +C

l∑
i=1

ξi

s.t. yi(
1
2x

T
i Axi + bTxi + c) ≥ 1− ξi,

ξi ≥ 0, i = 1, 2, · · · , l,

(3)

where the slack variable ξi is a penalty constant for margin error. Let a be

the vector which takes the elements of upper triangle part of matrix A, i.e.,

a = [a11, · · · , a1m, a22, · · · , a2m, · · · , amm]T ∈ R
m

2+m

2 .

Also, let hxi
be defined as follows

hxi
, [ 12x

2
i1, xi1xi2, · · · , xi1xim,

1
2x

2
i2, · · · , xi2xim, · · · ,

1
2x

2
im]T ,

where the data xi is given by [xi1, xi2, · · · , xim]T . Denote g(xi) = [hxi
, xi]

T ,
w = [a, b]T . Then one has

yif(xi) = yi(
1
2x

T
i Axi + bTxi + c) = yi(hxi

a+ bTxi + c) = yi(g(xi)
Tw + c)

Construct a matrix Mxi
∈ Rm×m

2
+m

2 as follows: for the jth row of Mxi
, j =

1, · · · , m, if the tth element of a is ajk or akj with k = 1, · · · , m, then assign
the tth element of the jth row ofMxi to be xik, other elements were assigned
to be 0. Afterwards, let matrix Hi , [Mxi

, I ], and

G ,

l∑

i=1

(HT
i )Hi ∈ R( m

2+3m

2
)×( m

2+3m

2
).

Then
l∑

i=1

‖ Axi + b ‖2
2=

l∑

i=1

‖Mxi
+ b ‖2

2= wTGw.

Thus, SQSSVM model (3) can be reformulated as

min
w,c

wTGw+ C
∑l

i=1 ξi

s.t. yi(g(xi)
Tw + c) ≥ 1 − ξi,

ξi ≥ 0, i = 1, 2, · · · , l.

3. Ramp loss quadratic surface support vector machine

In this section, we propose a ramp loss quadratic surface support vector

machine (RQSSVM) based on non-convex ramp loss function. Our aim is

to increase the robustness of previous QSSVM model and avoid the effect

of outliers and noise.
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By incorporating the ramp loss, the formulation of ramp loss QSVM
model is as follows:

min
Θ=(A,b,c)

l∑

i=1

‖ Axi + b ‖2
2 +C

l∑

i=1

Rs(yi(
1

2
xT

i Axi + bTxi + c)),

where

A = AT = (aij) ∈ Rm×m, b = [b1, · · · , bm]T ∈ Rm, c ∈ R.

For each training data, minimizing the term
l∑

i=1
‖ Axi + b ‖2

2 means to

achieve largest margin of two quadratic support hyperplanes. And the
Rs(yi(

1
2x

T
i Axi + bTxi + c)) implies the penalty of every training point xi

(i = 1, · · · , l). In the process of learning, importing ramp loss is to decrease
the effect of noise. Because of bounded property of ramp loss function,
the error caused by outlier points is limited. So the trade-off of two terms
will ensure the optimal quadratic surface to achieve classifying goal. Also,
similar to QSSVM model, RQSSVM model can be reformulated as

min
w,c

K(w, c) = wTGw +C

l∑

i=1

Rs(yi(g(xi)
Tw + c))), (4)

where C is a positive penalty number, xi ∈ Rn, and

G ,
l∑

i=1

(HT
i )Hi ∈ R

m
2
+3m

2
×m

2
+3m

2 , g(xi) = [hxi
, xi]

T , w = [a, b]T , c ∈ R.

The quadratic surface f(x) = 1 and f(x) = −1 are proximal clustered by two

data points in training data respectively. Minimizing
l∑

i=1
Rs((g(xi)

Tw+ c)))

implies that decrease the influence of outlier points. Meanwhile, minimizing
the objective function wTGw means it to maximize the margin between two
support quadratic surfaces.

One can find easily that our model will be degenerated into linear SVM
when we set the A to zero, so QSVM model can be a extension of classic
SVM. Also, if the parameter value s equals to negative infinity, the model
will be degenerated into soft QSVM. Our model is a nonconvex quadratic
optimization problem with nonlinear constraints, which is difficult to solve
in general.

4. Decomposition for RQSSVM

In this section, we design a decomposition algorithm to proposed RQSSVM
model (4). The convergence properties of proposed algorithm are also proved.
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4.1. Review of decomposition programming

To design decomposition algorithm of our model, we recall Tao and Thi’s
work [1] about unconstraint different convex optimization. Let Γ0(R

n) de-
note the convex cone of all lower semicontinuous proper convex function on
Rn. Consider the decomposition (DC) program

min
x∈Rn

ϕ(x) := κ(x) − τ(x) (5)

with κ(x), τ(x) ∈ Γ0(R
n). Such a function ϕ is called DC (difference of

convex functions) function, while the convex functions κ and τ are DC com-
ponents of ϕ. Let

κ∗(y) = sup{〈x, y〉 − κ(x) : x ∈ R
n}

be the conjugate function of κ. For any lower semi-continuous function
U(x), let

∂U(x) , {y ∈ domU(X) : U(x) ≥ U(x) + (x− x)y, ∀x ∈ domU(x)}

denote the subdifferential of U(x) at the point x. The general DC algorithm
constructs two sequences {xk} and {yk} according to expressions

xk ∈ ∂κ∗(yk−1), yk ∈ ∂τ(xk−1), k = 1, 2, · · · .

Looking back through DC program (5), some properties of DC algorithm
were observed in [1] as follows.

Lemma 4.1 ([1]). For DC program (5) with κ(x), τ(x) ∈ Γ0(R
n), it holds

for the general DC algorithm that

(a) The sequence {κ(xk)− τ(xk)}k∈N is monotonously decreasing;
(b) If the optimal value of DC problem (5) is finite and the sequences

{xk} and {yk} are bounded, then every limit point x̂ of the sequence
{xk} satisfies that ∂κ(x̂) ∩ ∂τ(x̂) 6= ∅;

(c) For a given point x∗, if ∂κ(x∗)∩∂τ(x∗) 6= ∅ and τ(x) is differentiable
at point x∗, then point x∗ is a local minimizer for DC problem (5).

4.2. A decomposition algorithm to RQSSVM

Let

M(w, c) = wTGw +C

l∑

i=1

H1(yi(g(xi)
Tw + c)) (6)

and

N (w, c) = C

l∑

i=1

Hs(yi(g(xi)
Tw + c)). (7)

Then it follows from the definition of Rs(u), (6) and (7) that RQSSVM
model (4) can be described as follows

min

(w,c)∈R
m2+3m

2
+1

K(w, c) = M(w, c)−N (w, c), (8)
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where M(w, c) and N (w, c) are convex functions.

Theorem 4.1. The optimal value of problem (8) is finite.

Proof. Since G is positive semidefinite, for every (w, c) ∈ R
m

2+3m

2
+1, one

has wTGw ≥ 0 obviously. By the definitions of Hs(u) and Rs(u), for any
u ∈ R, it is easy to check 0 ≤ Rs(u) ≤ 2 and so Rs(g(xi)

Tw+ c) ≥ 0. Thus,
we have

wTGw +C

l∑

i=1

Rs(yi(g(xi)
Tw + c)) ≥ 0, ∀(w, c) ∈ R

m
2
+3m

2
+1.

It follows from (4) that K(w, c) is bounded below by 0. Hence the optimal
value of problem (8) is finite. This completes the proof.

Similar to DC algorithm for DC program, a decomposition algorithm
for solving RQSSVM is designed to construct two sequences {(wk, ck)} ⊂
∂M∗(βk−1) and {βk} ⊂ ∂N (wk−1, ck−1) as follows.

Algorithm 4.1. Step 1 Initialize (w0, c0), and k = 1.
Step 2 Calculate βk−1 ∈ ∂N (wk−1, ck−1). For i = 1, · · · , l, let

βi =

{
−C[yig(xi)

T , yi]
T if yi(g(xi)

Tw + c) < s;

0 otherwise.
(9)

Then, for i = 1, · · · , l, it follows from (9) that

βk−1
i =

{
−C[yig(xi)

T , yi]
T if yi(g(xi)

Twk−1 + ck−1) < s;

0 otherwise.
(10)

Put βk−1 =
∑l

i=1 β
k−1
i .

Step 3 Computer (wk, ck) ∈ ∂M∗(βk−1), i.e. (see [10])

(wk, ck) = argmin{M(w, c)− (w, c)Tβk−1}

Step 4 Repeat Steps 2 and 3 until ‖βk − βk−1‖ < ε.

Theorem 4.2. The sequence {(wk, ck)} generated by Algorithm 4.1 can
be obtained by solving the following linear programming (LP) problem:

min
λ,c

l∑
i=1

λi + C
l∑

i=1
ξi − (βk−1

w )TG−1(
l∑

i=1
λiyig(xi))− cβk−1

c

s.t. yi(
l∑

j=1
g(xj)

Tyjg(xj)λj + g(xi)
Tβk−1

w + c) ≥ 1 − ξi,

λi ≥ 0, ξi ≥ 0, i = 1, · · · , l

(11)

with

wk =
1

2
G−1

(
l∑

i=1

λk−1
i yig(xi) + βk−1

w

)
,
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where

βk−1 = [βk−1
w , βk−1

c ]T , βk−1
w ∈ R

m
2+3m

2 , βk−1
c ∈ R, k = 1, 2, · · · .

Proof. It is easy to see that (wk, ck) = argmin{M(w, c)− (w, c)Tβk−1}
is equivalent to the following problem

min
w,c,ξ

wTGw +C
l∑

i=1
ξi − wTβk−1

w − cβk−1
c

s.t. yi(g(xi)
Tw + c) ≥ 1 − ξi,

ξi > 0.

(12)

The associated Lagrangian function is

L(w, c, ξ, λ, γ) = wTGw +C

l∑

i=1

ξi −wTβk−1
w − cβk−1

c

−
l∑

i=1

λi

(
yi(g(xi)

Tw + c) − 1 + ξi
)
−

l∑

i=1

γiξi, λi, γi ≥ 0.

(13)

Since G is positive definite, it is easy to see that L(w, c, ξ, λ, γ) is a convex
function with respect to (w, c, ξ). In order to minimize L(w, c, ξ, λ, γ), we
set 





∂L(w, c, ξ, λ, γ)

∂w
= 0,

∂L(w, c, ξ, λ, γ)

∂c
= 0,

∂L(w, c, ξ, λ, γ)

∂ξi
= 0.

(14)

Then it follows from (13) and (14) that





2Gw − βk−1
w −

l∑
i=1

λiyig(xi) = 0,

βk−1
c +

l∑
i=1

λiyi = 0,

C − λi − γi = 0.

(15)

By eliminating variable γ in (15), it follows from (13) and (15) that La-
grangian dual problem of RQSSVM can be formulated as follows

max
λi

l∑

i=1

λi −
1

4

(
l∑

i=1

λiyig(xi) + βk−1
w

)T

G−1

(
l∑

i=1

λiyig(xi) + βk−1
w

)

s.t. 0 ≤ λi ≤ C, βk−1
c +

l∑

i=1

λiyi = 0, i = 1, · · · , l.

(16)
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Suppose that the optimal solution of (12) is (w∗, c∗, ξ∗) and the optimal
solution of (16) is λ∗ = (λ1, · · · , λl)

T . It follows from (15) that

w∗ =
1

2
G−1

(
l∑

i=1

λ∗i yig(xi) + βk−1
w

)
. (17)

Moreover, the Lagrangian dual theory (see [4]) shows that the optimal values

of problem (12) and problem (16) are same and so

w∗T

Gw∗ + C

l∑

i=1

ξ∗i −w∗T

βk−1
w − c∗βk−1

c

=

l∑

i=1

λ∗i −
1

4

(
l∑

i=1

λ∗i yig(xi) + βk−1
w

)T

G−1

(
l∑

i=1

λ∗i yig(xi) + βk−1
w

)

. (18)

By substituting (17) into the right hand of (18), we have

w∗T

Gw∗ +C

l∑

i=1

ξi −w∗T

βk−1
w − c∗βk−1

c =

l∑

i=1

λ∗i − w∗T

Gw∗ (19)

and so

w∗T

Gw∗ =
1

2

(
l∑

i=1

λ∗i −C

l∑

i=1

ξ∗i +w∗T

βk−1
w + c∗βk−1

c

)
. (20)

By substituting (20) into the objective function of problem (12) and substi-

tuting (17) into the constraints of problem (12), then problem (RQSSVM)

(12) can be formulated as (LP) problem (11). This completes the proof.

Theorem 4.3. If the set of optimal solutions of (LP) problem (11)
is bounded, then the sequences {(wk, ck)} and {βk} generated by Algo-

rithm 4.1 are bounded. Moreover, every limit value (w, c) of the sequence
{(wk, ck)} is a local minimizer of RQSSVM model (4).

Proof. It follows from (10) that

βk−1 =

l∑

i=1

βk−1
i = −C

l∑

i=1

[
yig(xi)

T , yi

]T
1{yi(g(xi)T w+c))<s}.

Obviously, the sequence {βk}k∈N is bounded. Now we prove that the se-
quence {(wk, ck)} is also bounded. Let (λ, ξ, c) be a bounded optimal solu-

tion of (11). Then there exist positive numbers λ̂, ξ̂ and ĉ such that

‖λ‖ ≤ λ̂, ‖ξ‖ ≤ ξ̂, ‖c‖ ≤ ĉ. (21)
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For each k = 1, 2, · · · , we know that ‖ck‖ ≤ ĉ. Consequently, the sequence
{ck} is also bounded. Calculating wk by (17), we have

‖wk‖ =
1

2
‖(G−1

l∑

i=1

yig(xi), λ) + βk−1
w ‖

≤
1

2
‖(G−1

l∑

i=1

yig(xi), λ)‖+
1

2
‖βk−1

w ‖

≤
1

2
‖G−1

l∑

i=1

yig(xi)‖ · ‖λ‖+
1

2
‖βk−1

w ‖

≤
1

2
‖G−1

l∑

i=1

yig(xi)‖ · λ̂+
1

2
‖βk−1

w ‖ , ŵ.

Hence the sequence {wk} is bounded. Thus, by Lemma 4.1 (b), we can see
every limit value (w∗, c∗) of the sequences {(wk, ck)} satisfies that ∂M(w∗, c∗)∩
∂N (w∗, c∗) 6= ∅. In addition, the function N (w, c) is differential at the point
(w∗, c∗). Then by Lemma 4.1(c), we know that the value (w∗, c∗) is a local
minimizer of RQSSVM model (4). This completes the proof.

5. Numerical Experiment

In this section, our RQSSVM model is illustrated bu numerical test based
on two types of data sets. The first test is implemented to certify the
performance of our RQSSVM by artificial data. And in second test, we
also test the performance of RQSSVM model on real-word classifying data
sets from UCI Machine Learning Repository. All results were averaged on
10 train-test experiments and carried out by Matlab R2012a with 2.5GHz
CPU, 2.5G usable RAM.

5.1. Artificial data simulations

To demonstrate the effective of nonlinear surfaces of our RQSSVM, we
generate two artificial data to test the performance of our classifier. Firstly,
we implement our RQSSVM model on the first data set. The data points
are listed as:
x=[(3.5, 1.3); (1, 1); (1, 1.5); (1, 2); (3, 0.5); (4, 2); (5, 3); (1.2, 0.5); (1.5,
0.2); (2, 0.2); (1.8, 0.3); (2.5, 0.35); (2, 3); (3, 3); (2.5, 2.5); (3, 3.5); (2.5,
3.2); (2.6, 3); (2.7, 2.8); (4, 3.8); (4.2, 4.7); (3, 2.7); (3.5, 3.2); (2.4, 3.6)].
The corresponding labels are as listed as:
y=[+1; +1; +1; +1; +1; +1; +1; +1; +1; +1; +1; +1; -1; -1; -1; -1; -1; -1;
-1; -1; -1; -1; -1; -1; -1; -1; -1; -1].
Figure 2 were used to illustrate the quadratic surface f(x) = 0 in this data
set.

The second points are listed as listed as:
x=[(4, -1); (2, 2.9); (4.5, 0.3); (3, 2.5); (-3, 1.5); (-4, 0); (-3.5, 1); (-3, -2.5);
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Figure 2. Decision function for the first data

(-3.5, -2.2); (-4, -0.5);
(-2, -1); (1.6, 0.3); (2.2, 0.3); (2.2, -0.3); (-1.8, -0.3); (1.5, -1); (2, 0); (0.8
,2); (-2, 0.9)]
The corresponding labels are as listed as:

y = [+1; +1; +1; +1; +1;+1;+1; +1;+1;+1;−1;−1;−1;−1;−1;−1;−1;−1;−1;−1].
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Figure 3. Decision function for the second data

Figure 3 were used to illustrate how the quadratic surface separate binary
data set. In figure 3, the black points and green points were labeled with
”1” and ”-1” separately. Then its contour f(x) = 0 is shown as curve which
is effective in classification to two data set.
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5.2. Simulations of Data sets from the UCI repository

By the experiments of several data set from UCI repository[11], we de-

scribe the classification performance of our model. Table 1 implements the

detail of four data sets.

Table 1. Summary of five data set

Data Sets Classes Instance Features
Adult 2 500 88
Australian 2 326 46
German 2 500 24
Wdbc 2 194 33
Bupa 2 345 6
Wdbc 2 569 30
Bupa 2 345 6
Heart disease 2 270 13

Based on four data sets, we test the classification accuracy of RQQSVM

model. In practical experiments, the penalty parameter is chosen from the
set {10−2, 10−1, 1, 10, 102} and the parameter s of ramp loss is chosen from

[−2, 1]. In table 2, we summarize the classification accuracy of RQSSVM

and compare with ramp loss SVM and ramp loss Gaussian kenal SVM [5] .

Table 2. Misclassification rate based on different methods

Data Sets RQSSVM ramp SVM Gaussian ramp SVM
Adult 15.0 17.7 22.7
Heart 16.8 16.2 22.1

Bupa liver 26.8 32.2 31.0
Wpbc 21.0 22.4 26.5

Australian 16.3 16.5 18.3

To further test the classification efficiency of the RQSSVM using different

parameter, we use Adult data set to get more detailed results. In this data

set, we randomly select k % (k=10, 20, 40) as the training data. With dif-

ferent percentages of training data, several RQSSVM models are compared

under different parameter value of s. Figure 4 shows how the value of s

effect the classifier. In figure, we observe that the performance of classifica-

tion relies on the value of parameter of s and the amount of training data.

It shows that our model attains a better accuracy when more data points

trained and s closing to −1.
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Figure 4. Results of training error with different s

6. Conclusions

In this paper, we have proposed a ramp loss quadratic surface support
vector machine for the nonlinear classification problem. The formulation of
model is based on decreasing effect of outlier by using a nonconvex bounded
ramp loss function. By employing the DC programming method, we have
constructed a decomposition algorithm for solving ramp loss quadratic sur-
face support vector machine. Moreover, we have presented the convergence
of sequences generated by the decomposition algorithm. Finally, the nu-
merical experiments of the artificial data and the UCI repository data have
showed that our model outperforms some existing methods for solving non-
linear classification problems.

In real world nonlinear classification applications, the available training
date set is often corrupted with noises. Therefore, it is quite important and
interesting to study some nonlinear classification problems under uncertain
data. Our future research will focus on the extension of RQSVM to nonlinear
classification under uncertain data.
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