ISSN 1975-8359(Print) / ISSN 2287-4364(0Online)

The Transactions of the Korean Institute of Electrical Engineers Vol. 67, No. 8, pp. 1071~1079, 2018

QRKEE A

ol
i
o
0[0
o
p)]
<
=
N

http://doi.org/10.5370/KIEE.2018.67.8.1071

we UEYD 2R

Design of SVM-Based Polynomial Neural Networks Classifier Using Particle Swarm
Optimization

LA -edd
(Seok-Beom Roh - Sung-Kwun Oh)

Abstract - In this study, the design methodology as well as network architecture of Support Vector Machine based
Polynomial Neural Network, which is a kind of the dynamically generated neural networks, is introduced. The Support Vector
Machine based polynomial neural networks is given as a novel network architecture redesigned with the aid of polynomial
neural networks and Support Vector Machine. The generic polynomial neural networks, whose nodes are made of polynomials,

are dynamically generated in each

layer-wise. The individual nodes of the support vector machine based polynomial neural

networks is constructed as a support vector machine, and the nodes as well as layers of the support vector machine based
polynomial neural networks are dynamically generated as like the generation process of the generic polynomial neural
networks. Support vector machine is well known as a sort of robust pattern classifiers. In addition, in order to enhance the
structural flexibility as well as the classification performance of the proposed classifier, multi-objective particle swarm
optimization is used. In other words, the optimization algorithm leads to sequentially successive generation of each layer of
support vector based polynomial neural networks. The bench mark data sets are used to demonstrate the pattern classification
performance of the proposed classifiers through the comparison of the generalization ability of the proposed classifier with

some already studied classifiers.
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Support vector machine, Polynomial neural networks, Dynamically generated networks, Support vector machine

based polynomial neural networks, Multi-objective particle swarm optimization
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Table 1 Structure of polynomial neuron

Type Polynomial Neuron Structure
Linear Y=ay T ax; oy,
Quadratic y= ay, taox, tar, tazc; + aw? + a)mf

Modified Quadratic

y=a, taz; +ayz; +a3:z:ix].
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Fig. 6 Structure optimization procedure of proposed pattern
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Table 3 Machine learning data sets

Data HlofE 7l Ao =
Australian 690 14
Liver 345 6
German 1000 24
Heart 270 13
Diabetes 768 8
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Table 4 Comparison of pattern classification performance
Data Proposed Classifier LVQ SVM
Australian 79.71 68.9 65.0
Liver 69.28 66.4 68.1
German 74.0 28.1 70
Heart 84.07 66.0 60.8
Diabetes 76.69 74.0 3.7
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(a) Linear Kernel Function (b) RBF kernel Function
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(c) Polynomial Kernel Function
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Fig. 8 Structure of SVM polynomial
generated dynamically for Australian data

neural networks
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Table 5 Design parameter and search range of MOPSO

Parameters of MOPSO

Maximum Generation 50
Swarm Size 50

Size of Repository 100
Acceleration Constant (¢;,¢,) | 2.0
Random Constant (r,,r,) [0, 1]
Inertia Weight (w) [0.4 0.9]
Mutation rate 0.3

Search Space

Input variables Ty, Ty, LT

m

1:(Linear Kernel), 2:(RBF kernel),
3:(Polynomial kernel)

Kernel Function
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Table 6 Comparison study of proposed classifier

Proposed Propos.eq Classifier 5 -
Data Classifier optimized by KNN PART
MOPSO

Australian|  79.71 84.11 81.45 83.04
Liver 69.28 66.22 61.16 63.19
German 74.0 75.0 66.8 70.1
Heart 84.07 83.33 75.56 71730
Diabetes 76.69 7744 70.31 74.22
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