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Abstract : In this paper, as a new category of fuzzy-neural networks architecture, we propose Fuzzy Polynomial Neural Networks
(FPNN) and discuss a comprehensive design methodology related to its architecture. FPNN dwells on the ideas of fuzzy rule-based
computing and neural networks. The FPNN architecture consists of layers with activation nodes based on fuzzy inference rules.
Here each activation node is presented as Fuzzy Polynomial Neuron(FPN). The conclusion part of the rules, especially the
regression polynomial, uses several types of high-order polynomials such as linear, quadratic and modified quadratic. As the
premise part of the rules, both triangular and Gaussian-like membership functions are studied. It is worth stressing that the number
of the layers and the nodes in each layer of the FPNN are not predetermined, unlike in the case of the popular multilayer
perceptron structure, but these are generated in a dynamic manner. With the aid of two representative time series process data, a
detailed design procedure is discussed, and the stability index is introduced as a measure of stability of the model for the

comparative analysis of various architectures.

Keywords : FPNN(Fuzzy Polynomial Neural Networks), FPN(Fuzzy Polynomial Neuron), GMDH(Group Method of Data Handling),

Polynomial fuzzy inference, Time series
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Fig. 1. A general topology of the generic FPN module(F :
fuzzy set-based processing part, P : the polynomial
form of mapping).
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Fig. 4. The structure of FPNN model.
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I3 1L FPNN $PRQYUEE2X2), 15 ; Type 2, 2% o)
; Type 4, 74| <H4).

Fig. 11. FPNN structure(2 inputs(2 X2), 1st layer ; Type 2,
2nd layer or higher ; Type 4, Gaussian-like Type).

E 5 7129 WAELH 54|
Table 5. Comparison of identification errors with conventional

fuzzy models.
Performance Index
=g
Pl Pl E_PI,
Tong's model[4] 0.469
Xu's model[6] 0.328
Pedrycz's model[7} 0.320
Sugeno's model[9] 0.068
Oh's model{15] 0.123 | 0.020 | 0.271
Sugeno's model[16] 0.355
Park's model[17] 0.055
Kim's model[18] 0.034 | 0.244
Lin and Cunningham's model[19] 0.071 | 0.261
G(2x2) | 0.0490( 0.0166 | 0.1161
CASE 1
Type G(3x2) | 0.0460; 0.0176{ 0.1228
I G(2x2) | 0.0476| 0.0164 | 0.1283
CASE 11
T@x2) | 0.0527{ 0.0174| 0.1524
Our model
G(2x2) | 0.0452{ 0.0168 | 0.1168
CASE 1
Type G(3x2) | 0.0392| 0.0151]0.1184
i G2 x2) | 0.0379] 0.0127] 0.1255
CASE 1I
G(3x2) | 0.0318] 0.0101 | 0.1365 |

(Type I : 4 system inputs, Type I : 6 system inputs)
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Table 6. Stability index for various architectures of the FPNN.

FPNN Architectures k
2X2 6.993
CASE 1 it )
4 A2e g G(3x2) 6.977
2X2 7.823
CASE 11 G )
T3 %x2) 8.758
G(2x2) 6.952
CASE |
6 A28 e G(3%x2) 7.841
G(2x2) 9.881
CASE 11
G(3x2) 13.514

19 12, FPNN 722U (2 x2), Type 2, 7F$-A¢H3).
Fig. 12. FPNN structure(2 inputs(2x2), Type 2, Gaussian-like
Type).
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Table 7. System's input variables.
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Fig. 14. FPNN structure(3 inputs, Type 3, Gaussian-like Type).
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19 16. FPNN 72343, 1% ; Type 3, 2% 0|4 ; Type
2, 7H§-A ).

Fig. 16. FPNN structure(3 inputs, 1st layer ; Type 3, 2nd
layer or higher ; Type 2, Gaussian-like Type).

F 8 7]&9 AAEDI] FH A
Table 8. Comparison of identification errors with conventional

fuzzy models.
Performance Index
2 d NDEI
Pl Pl E Pl
Wang[20] 0.044
Wang[20] 0.013
Wang[20] 0.010
Cascaded-correlation NN[21] 0.06
Backpropagation MLP[21] 0.02
6th-order polynomialf21] 0.04
Jang[22] 0.0016 | 0.0015 | 0.007
CASE I(G) | 0.0011}0.0011 | 0.0011 | 0.0049
Type |
Our CASE II(G) | 0.0026 | 0.0027 | 0.0028 | 0.0114
model CASE I(G) | 0.0004 | 0.0004 | 0.0004 | 0.0018
Type 11
CASE 1I(G) | 0.0004 | 0.0004 | 0.0004 | 0.0018

(Type 1 : 4 system inputs, Type III : Ssystem inputs)
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