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A New Approach of Self-Organizing Fuzzy Polynomial Neural Networks Based on
Information Granulation and Genetic Algorithms

R AR C A O -
(Ho-Sung Park, Sung-Kwun Oh, and Hyun-Ki Kim)

Abstract — In this paper, we propose a new architecture of Information Granulation based genetically optimized
Self-Organizing Fuzzy Polynomial Neural Networks (IG_gSOFPNN) that is based on a genetically optimized multilayer
perceptron with fuzzy polynomial neurons (FPNs) and discuss its comprehensive design methodology involving
mechanisms of genetic optimization, especially information granulation and genetic algorithms. The proposed
IG_gSOFPNN gives rise to a structurally optimized structure and comes with a substantial level of flexibility in
comparison to the one we encounter in conventional SOFPNNs. The design procedure applied in the construction of each
layer of a SOFPNN deals with its structural optimization involving the selection of preferred nodes (or FPNs) with
specific local characteristics (such as the number of input variables, the order of the polynomial of the consequent part of
fuzzy rules, and a collection of the specific subset of input variables) and addresses specific aspects of parametric
optimization. In addition, the fuzzy rules used in the networks exploit the notion of information granules defined over
system’s variables and formed through the process of information granulation. That is, we determine the initial location
(apexes) of membership functions and initial values of polynomial function being used in the premised and consequence
part of the fuzzy rules respectively. This granulation is realized with the aid of the hard c-menas clustering method
(HCM). To evaluate the performance of the IG_gSOFPNN, the model is experimented with using two time series
data(gas furmnace process and NOx process data).

Key Words : SOFPNN(Self-Organizing Fuzzy Polynomial Neural Networks), Information Granulation, FPN(Fuzzy
Polynomial Neuron), Genetic Algorithms, Hard C-Means Clustering Method.
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Table 2 Computational overhead and a list of parameters of
the GAs and the SOFPNN

Parameters 15 23 3%
Maximum generation 150 150 150
Total population size 100 10 100
GAY Selected population size 30 30 30
Crossover rate 0.65 0.65 0.65
Mutation rate 0.1 0.1 0.1
String length 3+3+30+5 || 3+3+30+5 || 3+3+30+5
g Maximal no. of inputs to be 1<l I<i< 1<l
o selected(Max) Max(2~3) [ Max(2~3) || Max(2~3)
g | Folynomial Type(Type T of |\ e /b 74 | 1<T<4
P the consequent part of rules
Membership function{MF) | Triangular| Triangular| Triangular
N type Gaussian || Gaussian || Gaussiane
N No. of MFs per each inputtM)|| 2 or 3 2 o0r3 2 or 3
1T : integer
« 0 3 Fon gaae) o] WA AaY A A4E AS

¥ 3 7ta=2 ZHo st IG_gSOFPNN T#+Xx2| ME5X|$
Table 3 Performance index of IG_gSOFPNN for gas furnace
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{a) In case of using selected inputs
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é 13) | 6@ [4[o0190.281 13@3) | 212) [2]0.0190.14 82 | 293 {3[0.01d0.115

22 52 s(2]210.0170.139 9(2]303)] d3[o.00d0.13415(d25(3)] of4]0.0190.12d
Gaussian-like MF
(2) [ 6(2) 3]0.0110.274 62 [ 222
13] 53] 6(2{2]0.00q0.19d 32]16(2)] 0

00140.149 9 [102) {3]0.01¢0.123
00140144 42f203)] 0(4]0.0170.113
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Table 4 Comparison of performance with other modeling

(b) In case of using entire system inputs methods
M 12 1 N AR Model Pl | Pl | EPL
NodetM) JT} PRI ERL L HodeQt) |W| 1| EPL Box_and Jenkin's model(14] 0.710
3@ | _0_[3Jooofo.13] 6@ |28 [3[o0odo1z] 5@ | 6@ [2[o0odo1q _ Pedrycz’s mOdfﬂDs] 0.320
3] o] o[3loo0d013q 3c]2s@)] da{ocodo.a2d 2028 d2[o00d0.118 Lin and Cunningham’s model[18] 0.071 | 0.261
Gaussian-tike MF NNFS modelf19] 0.128
2@ [ 3@ [2[o01d015] 5@ |14 [2[0.0070.13] 112 | 1213 [2[0.00d 0.121 PNNI[5] G . CASE 1 0.045 { 0.016 | 0.116
2e]3¢]_oz[oo1do151] 3@z d2[ocodo3l 7156 d2[o.00g0.12d FPNNI5 aussian CASE 1 0037 10012 10125
Triangular 3rd layer(Max=4) 0.018 |1 0.122
29 45 39 3604 BolE GAAE /A1 35744 2 | gSOFPNN o ayertiecs) S0 0.
. - . ¢ ayer ax= ., .
KX ) =2 al
WAE del HA EAIE vebd dleln 29 444 B Gaussian oo ver(Max=s) 0.016 | 0.100
“« e - . 3rd layer(Max=2) 00061 0.116
S b ZHEG. FPNE 2
A IS BER 2l TUAD. TS H 6 gsorpaN | THR0RE Ty hyeraxca 0006 | 0.118
ZoA n¥A FPN ==& uveld Rolx, NI'e T i% (Our model) Gaussi 3rd layer(Max=2) 0.006 1 0.121
2 oot dde 8, T: 4% weo) AgE FH ¥ 2USSIAN 1514 layer(Max=3) 0.005 | 0122
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Table 5 Performance index of IG_gSOFPNN for NOx E: 3 6 CtE2 =zl ahHnlol Mz vl
(a) In case of using selected inputs Table 6 Comparison of performance with other modeling
M 1= I 72 =] methods
al NodetMy [1 PIIEPY] Nocedn [7] Lf;; [ EPI| Node@) |7 PI|EPI Model Pls EPls
X Triangular N
2 43 | 5@ [3[4.01d7.15] 63 ] 12(2) [3]0.07] 149 43 | 272 |4]0.07]0.14] _ Regression model 1768 | 19.23
3 23] ae] sel2[rordaasd 1] 4@ ] da[oosdo.48d 52[133] d4fo.02qo.11] Hybrid Fuzzy Set-Based| _ Simplified 2806 | 5164
Gaussian-like MF - FNNs[21] Linear 3.725 5.201
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