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Design of Feed-Forward Fuzzy Set-based Neural Networks Using Symbolic Encoding and Information
Granulation
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Parameters 1%-3%
Maximum gen 300
Total population size - 150
GAs Selected population size 30
Crossover rate 0.65
Mutation rate 0.1
String length 1+Max+2
Maximal no. of il\r}fauts to be selected || 1</«
(Max) Max(2~5)
polynomial Type(Type T) of the
FSPNN consequent part of rules 1<Tx4
. . Gaussian
Membership Function(MFs) type Trinmalar
No. of MFs per each input 2~5
x(t+30)
x(t+24)
x(1+18)
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x(t+12)
x(t+6)
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Model Pl Pl EPl
- Wang’s model [6] 0.044
ANFIS [7] 0.013
FNN [8] 0.0015
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