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Abstract - The optimal structure of the conventional
Fuzzy Polynomial Neural Networks (FPNN)[3]
depends on experience of designer. For the
conventional Fuzzy Polynomial Neural Networks, input
variable number, number of input variable, number of
Membership  Functions(MFs) and  consequence
structures are selected through the experience of a
model designer iteratively. In this paper, we propose
the new design methodology to find the optimal
structure of Fuzzy Polymomial Neural Network by
using Genetic Algorithms(GAs)[4, 5]. In the sequel,
It is shown that the proposed Advanced Genetic
Algorithms based Fuzzy Polynomial Neural
Network(Advanced GAs—based FPNN) is more useful
and effective than the existing models for nonlinear
process. We used Medical Imaging System(MIS){6]
data to evaluate the performance of the proposed
model,
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Parameters 13-53
Maximum gen 300
Total population size 150
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Ga Crossover rate 0.65
Mutation rate 0.1
String length 3+3+30+5
Maximal no. of inputs to be selected(Max) M;f((éii)
polynomial Type(Type T) of the consequent 1< T4
FPNN part of rules S
Membership Function(MFs} type - Gfmss:an -
Triangular
No. of MFs per each input 2or3
I T integer
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