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Abstract: This paper proposes a novel denoising and edge
detection algorithms for image using least squares support vector
machine (LS-SVM) with Gaussian radial basis functions (RBF)
kernel. The new filter, called least squares support vector machine
filter (LS-SVMF) for image denoising, is based on the general
concept of binary filters and machine learning theory. Using the LS-
SVM, a set of the new gradient operators and the corresponding
second derivative operators are obtained. Computer experiments are
carried out for denoising and extracting edge information from real
images. The results obtained for the applications show that the
proposed algorithms outperform many other existing methods in the
image denoising task and the traditional edge detectors. The proposed
algorithms can be successfully applied for the processing of images
corrupted with impulsive noise while maintaining the visual quality
and a low reconstruction error.

Keywords: least squares support vector machine (LS-SVM),
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1. INTRODUCTION

Denoising and edge detection are a key issue in image
processing, computer vision, and pattern recognition. Many
filters showed a great performance in signal, image and video
processing tasks when the underlying noise follows a heavy-
tail distribution. In particular, Boolean filters are a class of
nonlinear filters widely used that encompass stack filters,
weighted median filters, among other filters [1]. The success
of these filters depends on two intrinsic properties: edge
preservation and efficient noise attenuation, being robust
against impulsive noise [2]. In practice, human perception
effects play an important role in determining whether an edge
exists or not. A variety of algorithms have been proposed to
analyze image intensity variation, including statistical
methods, difference methods[3-7]. Recently the support vector
machine(SVM), based on statistical learning theory, as a
powerful new tool for data classification and function
estimation, was developed [8]. SVM maps input data into a
high dimensional feature space where it may become linearly
separable. Recently SVM has been applied to various fields
such as pattern recognition and object detection, function
estimation etc. Especially, Suykens and Vandewalle, Suykens
et al. proposed a modified version of SVM called least squares
SVM (LS-SVM), which resulted in a set of linear equations
instead of a quadratic programming problem, which can
extend the application of the SVM to time series prediction,
etc.[9]. In this paper, we take advantage of the classification

capability of LS- SVM in a binary filtering process, replacing
the Boolean function that characterizes the Boolean filter by a
LS-SVM, defines a new family of nonlinear filters. This paper
aims at exploring a new edge detection algorithm based on the
LS-SVM. The proposed algorithms are compared to the
others. Experimental results prove that the new approach is
effective for image edge detection. The rest of this paper
consists of the followings. Section 2 describes the SVM and
LS-SVM. Section 3 represents the theory and algorithm for
image denoising using the LS-SVM. Section 4 gives image
edge detection method using the LS-SVM. Section 5 deals
with the experimental results. Section 6 describes the
conclusion.

2.SVM AND LS-SVM

2.15VM

SVM principles were developed by Vapnik and presented in
several works as in [8-11]. Given | training pairs (X, y,)

(X, ¥,), - (X, y)where X. e y ( x is the subset of R")
is an input vector labeled by y. e{+1, -1} fori=1,2,---,1,
the SVM  calculates a  separating  hyperplane,
i.e,W'X +b =0, with the largest margin. This hyperplane

for the linear SVM can be found by solving the following
quadratic programming problem:

min J(w, §)=%‘M’H2 +C'iz=1:§i

st yWTX, +b)=1-¢&, & >0 (1)
Yi=12,-,1

where C is the parameter denoting the trade-off between the

margin width and the training data error and & >0are slack

variables. Problem (1) is usually posed in its Wolfe dual form
with respect to Lagrange multipliers o <[0,c], i=1---1 ,

which can be solved by standard quadratic optimization

packages. The bias b can easily be calculated from any
margin support vector X, satisfying0 < ¢, < c. The decision

function is, therefore, given by
|
f(X) =sgnW™ X +b) =sgn(>a,y, X[ X +h) 2
i=1

Those training vectors corresponding to Lagrange multipliers
a; greater than zero are called SVs, as f (X) depends on them



exclusively. For some problems, improved classification can
be achieved using nonlinear SVMs. The basic idea of
nonlinear SVMs is to map data vectors from the input space to
a high-dimensional kernel space using a nonlinear mapping ¢,

and then perform pattern classification using linear SVMs in
the kernel space. Most of the commonly used kernel functions
in SVMs have the properties of pd or cpd, which leads to the
global optimum of the solution of SVMs being fully
guaranteed from a theoretical point of view [8]. For an
unknown input pattern X , we have the following decision
function:

f(X):sgn(_'zaiyiK(xi , X)+b) ©)

2.2 LS-SVM

Based on statistical learning and the structural risk
minimization principle, SVM is closely related to both
expectation risk and generalization performance. On the basis
of classical SVM, Sukens and Vandewalle presented LS-SVM
approach, where the constraints of inequalities in the classical
SVM approach are replaced by equality constraints. In
addition, the LS-SVM solution can be found directly from
solving a set of linear equations instead of quadratic
programming [12-15].

Given a training set {(X,,y,)}Y, , Wwith input data

X, eR" and classification labels y, e{+1, -1} , according to

Suykens and vandewalle and Suykens et al., a classifier in the
primal space can be written as follows
f(X)=WT"gp(X)+b (4)
The LS-SVM can be expressed as follows

) 1, 0 1 ¢
min Iw, e):E\M’H +7E.§e‘2 (5)
Constraints
Wip(X)+b=y, —e, i=12-N ©)

where w < R and the nonlinear function () : R™ —R" is

usually introduced by a kernel function that maps the input
space to a high-dimensional feature space.

However, it needs not to evaluate w and () explicitly in
the LS-SVM framework. By using the Lagrangian multiplier
optimization method, the solution to the minimization problem
in the primal space can be obtained by solving the following

linear system:
HEMI
a y

where  y=[y. Y, Ly =[LL 1" a=(a,2,,ay) .7
denotes regularization parameter and
K :¢(Xi)T§D(Xj) =K(X;, X;).
The LS-SVM classifier is given as

f(X):sgn(iaiyiK(Xi , X)+b) @)

0 1],

1, K+l
y

Where @,b are the solutions to Eq. (7).

3. IMAGE DENOISING USING LS-SVM

3.1 Least Squares Support Vector Machine Filter
Let z=1z,,2,,--.Z,] be the observation vector to be filter

ed, furthermore, letz™ =[z", z7',.--, z] be its correspondent

threshold decomposition at threshold level m. The output
of the Support Vector Machine filter, denoted by LS-SVMF
(2), is defined as:

1 M
LS—SVMF(Z,,- Z, )== Y LS—SVMF (@20, --20) )
m=—M+1
where LS —SVMF, (o) : {-1, 1}” —~{-1,1}, is a decision
function corresponding to a LS-SVM as shown in Eq.(8) and
Z™ =T™(X), is the threshold decomposition of input vector

7.
Substituting LS —SVMF, () for the decision structure
from Eq. (8), Eq.(9) can be reduced as follows

M N
LS —SVMF(Z) :% Y (son(Yyia -K(zZ™, z,)+b)  (10)
m=—M+1 i=1

It seems that the computational cost of Eq.(10) increases.
This, however, can be remarkably reduced if for any

me (-, Z@)], me(Z@i-1),Z30], i=2,--N, me(Z(N), +w):
threshold decomposition outputs the same binary vectors.

Therefore, there are at least N+1 of different binary vectors,

Z™. From the above, Eg. (10) can be reduced as follows

LS —SVMF(Z) = (11)

2020 L2 @) 2G-msan(S vk (" 2) +b)
j=2 i=1
where  z¢) is the i -th smallest sample of the set

{Z,,2,,Z} » with z@y<z@)<---<z(N) - The filter

representation in Eq. (11) is an interpretation of the LS-SVM
filter.

3.2 Least Squares Support Vector Machine Filter algorithm

We designed several 3x3 masks for generalizing some
particular cases that may appear in a filtering process. To do
this, we made a 9-component vector and used to train the LS-
SVM defining the filtering characteristic function.

Figure 1 shows the designed masks. These masks made it
possible for the LS-SVM to get a good prediction model to
generalize the other possible cases that may appear in filtering.
On the top of each mask is the assigned label that represents
the  desired output for that particular  mask.
[X:y]=[1,1,-1,1,1,-1,1,1,-1] is the training vector
for the first mask of Fig.1.

The assigned label to this particular mask is "+1" , which
means that the white zone is generalized.
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Figure 1. Example of LS-SVM training mask.
Procedures to implement the Least Squares Support Vector
Machine Filter can be summarized as the following steps:

3.21 Calculation of the coefficient @;(i=12,---,14)
and b inthe LS-SVM classifier.
<stepl> input the given 14 training  pairs

{(Xii yi)}v i:]-! 2 y Ut 14

<step2> setting the regularization parameter
spread parameter o of the RBF.

<step3> calculating the value of RBF K( X, X
(X; =X (X, = X))

20°

y and the

K(Xi, X ) =o(X;)"-o(X;) = exp[ ~ ]
i,j=1,2,-14

<step4> solving the following set of linear equations.

0 1 1 b 0

L oo(X) e(X)+ Y p(X) p(Xy) [ & | | Vs

IO A
<step5> output the coefficients a(i=1214) and b.

3.2.2 filtering operation process.
< step1>input the observation image vector

Z=[z,12,, - 2]
< step2> arranging the
Z'=[2Q), 2(2), - 2(9)]
where, z(1) < 7(2) <---< 2(9)
< step3> threshold operation of the image vector

1 (X)) o(Xy)

image vector

Zim(J):Tm(j)(zi) :{+1, Z; Zm(j_)
-1, z; < m(j)
where,
m(j)=z(j), j=2, -9
i=1,2,---9
<step4> filtering operation.
LS—SVMF(Z):LZZ(Q)+%i(z(j)—z(j—1))(sgn(iai|<(zm“’,xi)+b))

<step5> output the filtering result.

4. IMAGE EDGE DETECTION METHOD USING LS-SVM

4.1 Derivatives Of The Image Intensity Surface and
Derivative Operators

Many characteristics of the gray level intensity function in
Eg. (8) depend on the type of kernel function K( X, X;)-
Although, there are many kernel functions available for calcul
ation, in practice the Gaussian radial basis function (RBF)
kernel is one of the most frequently studied kernels. There
are two parameters y and o in RBF kernel-based LS-
SVM. The parameter o is very important, which can be
constant in the image processing within the limited error
tolerance. Parameter » in LS-SVM controls the solution
insensitivity to the error. Let S be a symmetric 2-D
RxC and f(r,c) be the

observed intensity value at (r,c)eS . The intensity

estimation function of the LS-SVM with RBF kernel over the
S can be written as follows

neighborhood defined on

N
f(rc)=>a, exp%(\r—rk\z+\c—ck\2)/az}+b 12)
k=L

where the @, and Db are the solution to Eq.(7). Evaluating

the first and second row and column partial derivatives at point
(r,c) vyields the one- and second-order directional

derivatives
of N 2a
5:_k=1 Uizk(r - rk)eXp{’ (‘I’ - rk‘z +‘C_CK‘2)/62}
of N, 2a
%:—kﬂa—;(c—ck)expp(\r—rk\z+\c—ck\2)/oz} 13)

ot &2 2
?:7%1%(17?(',7rk)z)expé(‘rirk‘z +‘Cick‘2)/o—z}

2 N
ot ﬁ(l—%(c—ckf)exp%(\r—rk\z+\c—ck\2>/az}

ac? e
with the derivatives of the point (r, c) on the intensity

surface, the gradient vector at points (r, ¢) can be defined as



Vi) =16, .G =174 T/40m
the gradient and directional angle of the vector is

mag(Vf) =[G?+GZ2]"*, ¢(r,c) = arctan(G% )
The second order derivative value of the point (r, c) can be

defined asy/2 :‘327 azy )
v or?’ oc?

4.2 Algorithm for the Image Edge Detection
The procedures to create the second order derivative
operator L for the image edge detection can be summarized as
the following steps:
<stepl> input initial data.
R=[-101], C=[-101]
X =RxC
<step2> setting the regularization parameter
parameter o of the RBF.
<step3> calculating the value of RBF K( X, Xj) .
(Xi _Xj)T(X| _XJ)

202

¥ and the

KX, X ;) =o(X)" -o(X;) =exp[ -
i,j=12,-9
calculating  matrices
11071
"o
F1 :[fu! ) flg] ) Fz :[f21, ) fzg]
where ,

]

<step4> B",Q,F, and F

B =

, Q=A(-18")

2 2
B :_?(1—?(“rk)z)exp%(\r—rk\2 +\c—ck\2)/02},

2 2
fo :7?(17?(cfck)z)exp¥(\rfrk\2 +\cfck\2)/az},
k=129
<step5> constructing the matrix | .
l=(F +F,)xQ
<step6> rearranging central row of the matrix 1.
L : 3x 3 matrix
<step7> output the second order derivative operator L.

5. EXPERIMENTAL RESULTS

First of all, the proposed LS-SVMF is used in an image
denoising, i.e. to mitigate the impulsive noise in images. LS-
SVMF is trained using masks like ones shown in Fig.1, for
the RBF. Using these training masks, the result obtained sho
ws the following coefficients, a (i=12.,14) and b.

a,=0.8490 , a, =0.7900 , a, =0.8717, a, =0.9321, a; = -0.9751,
a, =0.7775, a, = 0.8603, a, = 0.8551, a, = -0.6947 , a,, = —0.9755,
a, =-0.8813, a, = -0.8730, a,, =-0.7539, &, = -0.7822, b =0.0335
The performance of the proposed filter is compared to the

performance obtained using SVM filter, ANN (artificial

neural network) filter, Smoothing filter, Min filter. These
filters with Mean Square Error (MSE) and Mean Absolute

Error (MAE) are chosen and used in the comparison. Thus
the performance of the LS-SVMF is compared to the
performance of these filters.Figure 2 shows the performance
of the LS-SVMF with RBF kernel. As can be seen, the LS-
SVMF has the best performance in eliminating impulsive
noise efficiently, while preserving details and features of the
original image.

@)
(©

(b)
(d)
®

(e)
Figure 2. Performances of LS-SVMF and various filters
(a) original image with noise density 20%, (b) LS-SVMF,

(c) SVM filter, (d) ANN filter,
(f) Min filter.

(e) Smoothing filter,

Table 1 depicts the selected results of the MSE and MAE for
the filtering process for a noise density of 20%. It can be
observed by comparing the images and the errors values. As a
result, the LS-SVMF shows the best performance compared to
that of the other filters. The LS-SVMF not only removes
impulsive noise effectively, but also keeps details well, acting
as a competitive filter for the elimination of impulsive noise in

images.
Tablel. Mean Square Error and Mean Absolute Error.
Error
MSE MAE
filters
LS-SVMF 65.57003 4.33437
SVM 101.07010 5.20913
ANN 124.46556 6.53673
Smoothing 172.11790 9.42107
Min 1198.36805 28.86915

Second of all, this paper proposed an approach for edge
detection using a different point of view from the traditional.
In this study, let R be defined as R=[-1 0 1] and C as C=[-1
0 1], the o =0.5, these operators defined over the



symmetric  3x3 neighborhood can be represented as
follows
0.0977  0.5413  0.0488]
g, =|0.5413  0.0000 -0.5413|’ 9. =9
-0.0488 -0.5413 -0.0977|
0.1747 1.6768 0.1747|
L=|1.6768 -7.4059 1.6768|
0.1747 1.6768 0.1747|

For other example, let R be definedasR=[-2-1012],C
as C=[-2 -1 0 1 2] and the coefficient m=2, the & =1, the

operators over the symmetric 5x5 neighborhood defined

over R xC can be represented as follows
-0.0168 —-0.0237 -0.0105 -0.0237 -0.0168]
-0.0237 —-0.0230 -0.0503 -0.0230 -0.0237| ' 9. =0/
g, =|-0.0105 -0.0503 0.4150 -0.0503 -0.0105
-0.0237 -0.0230 -0.0503 -0.0230 -0.0237
-0.0168 -0.0237 -0.0105 -0.0237 -0.0168]
-0.0068 0.0071 0.0046 0.0071 -0.0068 ]
0.0071 —-0.0458 -0.1360 -0.0458 0.0071
L=|0.0046 -0.1360 0.6797 -0.1360 0.0046
0.0071 -0.0458 -0.1360 -0.0458 0.0071
-0.0068  0.0071 0.0046  0.0071 -0.0068]

Figure 3 shows the performance of the proposed edge
detection method in noise image. The proposed edge detection
using LS-SVM shows the better performance than the rest of
the methods.

(@) (b)

(© (d)
Figure 3. Edge detection in images.
(@)original image with noise density 20%, (b)LS-SVMF
image, (c)second order derivative operator, (d)gradient
operator.

CONCLUSION

This paper proposes image denoising and edge detection
method using LS-SVM. The proposed LS-SVMF is based on
the general concept of binary filters where the characteristic
function of the Boolean filter is replaced by the LS-SVM.
Also a number of gradient operators and the second order
derivative operators are obtained from the LS-SVM with

RBF kernel. Experiments on a variety of images were carried
out by using LS-SVM with RBF kernel and some selected
parameters. Experimental results indicate that this new metho
d gives a better performance than the traditional methods
either in the noise elimination or the edge detection.
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