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Fig. 1 Shannon and fuzzy entropy function
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H(y,_)> H(y,) H(y,.,) : center of clusters
H(y, )< H(y,)> H(y,+,) : boundary of clusters
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Fig. 2  Partition of input space and
membership function
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Fig. 5 Mackey-Glass time series
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Fig 6 The structure of input/output pattern
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Table 1 Fuzzy implications for fuzzy rules

0.205468 0.205468 0.205468 0.250948
0.254351 0.254351 0.268317 0.400755
0.394015 0.394015 0.394015 0.598227
0.603511 0.603511 0.603511 0.618655

0.617477 0.617477 0617477 0.761652
0.757142 0.757142 0.757142 0.870602
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Table 2 Values of premise parameters

T3 1| 0.254351] 0.236630] 0.394015 | 0.362445 | 0.334015 0.362445 0.761652} 0.522850
T4 2| 0394015] 0.362445| 0.254351 | 0.236630 | 0.334015[ 0.362445] 0.761652| 0.522850
T4 3] 0394015] 0.362445| 0.394015 | 0.362445 | 0.268317} 0.236630§ 0.761652| 0.522850
TR 4] 0394015| 0.362445| 0.394015] 0.362445 | 0.394015] 0.362445] 0.400756{ 0.359272
T3 5]0.394015{ 0.362445| 0.394015 | 0.362445 | 0.394015 0.362445| 0.618655| 0.457419
T4 6] 0394015 0.362445| 0394015 0.362445 ] 0.394015/ 0362445 0.761652| 0.522850
73 7]0.394015] 0.362445| 0.394015| 0.362445] 0.603511} 0.370833| 0.761652| 0.522850
T3 8] 0.394015| 0.362445| 0.394015 | 0.362445 | 0.617477] 0.454710} 0.761652] 0.522850,
T4 9] 0.394015] 0.362445 0.394015) 0.362445| 0.757142 0.454710| 0.761652| 0.522850
3 10| 0.394015] 0.362445| 0.603511 | 0.370833| 0.394015 0.362445| 0.761652| 0.5228650
T3 111 0.304015] 0.362445| 0.617477| 0454710 0.394015] 0.362445| 0.761652} 0.522850
T3 12 0.394015] 0.362445] 0.617477] 0.454710| 0.617477| 0.454710} 0.761652] 0.522850
X 13 0608511 | 0.370833} 0.394015| 0.362445 | 0.394015] 0.362445] 0.761652] 0.522850
T3 14 0617477} 0.454710| 0.394015) 0362445 0.394015| 0.362445| 0.761652| 0.522850
TFA 15 0617477 0.454710] 0394015 0.362445| 0617477} 0.454710| 0.761652| 0.522850
T3 16 0617477 0.454710] 0617477) 0.454710 | 0.394015} 0.362445] 0.761652] 0.522850

% 3 ALY d452 7esEs dA 73
Table. 3 Fuzzy rules to describe the prediction
time series

if x(t-18) is 0 and x(t-12) is 2 and x(t-6) is 2 and x(t) is 4 then y(©) is 0.045108
if x(t-18) is 1 and x(t-12) is 2 and x(t-6) is 2 and x(t} is 4 then y(t) is 0.161183
if x(t-18) is 2 and x(t-12) is 2 and x(t-6) is 2 and x(¥) is 4 then y(t) is 0.302269
if x(t-18) is 3 and x(t-12) is 2 and x(t-6) is 2 and x(t) is 4 then y(©) is 0.438214
if x(t-18) is 4 and x(t-12) is 2 and x(t-6) is 2 and x(t) is 1 then y(©) is 1.029603
if x(t-18) is 4 and x(t-12) is 2 and x(t-6) is 2 and x(t) is 4 then y(t) is 0.657667
if x(t-18) is 4 and x(t-12) is 2 and x(t-6) is 4 and x(t} is 4 then y(t) is 0.416679
if x(t-18) is 4 and x(t-12) is 4 and x(t-6) is 2 and x(t) is 4 then y(t) is 0.113902
if x(t-18) is 5 and x(t-12) is 2 and x(t-6) is 2 and x(t) is 1 then y(t} is 0.941037
if x(t-18) is 5 and x{(t-12) is 2 and x(t-6) is 2 and x(t) is 4 then y(t) is 0.301278
if x(t-18) is 5 and x(t-12) is 2 and x(t-6) is 3 and x(t) is 4 then y(©} is 0.06329%5
if x(t-18) is 5 and x(t-12) is 2 and x(t-6) is 4 and x(t) is 4 then y(t) is 0.138985
if x(t-18) is 5 and x(t-12) is 3 and x(t-6) is 2 and x(t) is 4 then y(t) is 0.143846
| if x(t-18) is 5 and x(t-12) is 4 and x(t-6) is 2 and x(t) is 4 then y(t) is 0.095584
if x(t-18) is 6 and x(t-12) is 2 and x(t-6) is 2 and x(t) is 4 then y(t) is 0.507961
RI| if x(t-18) is 7 and x(t-12) is 2 and x(t-6) is 2 and x(t) is 4 then y(t) is 0.214142
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Table. 4 Values of identified parameters

AR gepuy %
x(t-18) x(t-12) *(t-6) x(t) sfeju]
F|OE | BN OE | Y| 2 [ BH|F 2]

0.072087| 0.002286{ 0.363258} 0.304038| 0.351981 | 0.313454) 0.678250| 0.449963] 0.045108|
0.106177] 0.004258] 0.272715] 0.299086] 0.434381 | 0.414286| 0.73720| 0.273922] 0.161183!
0.258300{ 0.129701| 0.282315} 0.372529{ 0.277193| 0.223490| 0.753373| 0.412564| 0.302269
0.273713] 0.130507| 0.283627| 0.13975) 0604549} 0.075190| 0637723} 0.458530{ 0.438214
0.304981 0.252166{ 0.226010] 0.172029] 0.272358| 0.298661 | 0.683653} 0156438 1.029603)
0.429550] 0.245082] 0.347689] 0.137963} 0.379749} 0.254588{ 0.499710} 0.311143 0.657667|
0564555 0.060284| 0.395628] 0.284924] 0.3956503| 0.169112f 0.742851§ 0.442143( 0.416679
0548216] 0.287282( 0.608091 0.173270] 0.427955] 0.071081} 0.636548] 0.183999( 0.113902
0.344549] 0.200343} 0.420625] 0.081862| 0.337738] 0.299410; 0.794324] 0.247433( 0.941037
10} 0.415060] 0.213651 | 0.193177] 0.113183| 0.568454| 0.316004} 0:661599| 0.54759| 0.301278
11} 0.681567| 0012961 | 0405136 0.349603| 0.6065066] 0.234772] 0.683749] 0.454668| 0.063256
12| 0.665838] 0.029441 | 0.356019] 0.317315] 0.600721 0.368383{ 0.7188%5| 0.427542/ 0.138065,
13| 0591069 0.066002] 0502231 | 0.128602| 0.223584| 0.247717] 0.642699| 0.491873| 0.143846
14| 0.498996| 0.146681 | 0647732| 0.330463| 0.074330| 0.248767| 0687370| 0.563779| 0.0966584
15{ 0.547156{ 0.266088] 0.289300] 0.2215(2| 0.442739| 0.374028| 0.683324| 0.356445] 0.507961
16] 0.630367| 0.141849] 0.338934} 0.341514| 0.268715| 0.314453| 0.739779{ 0.417413| 0.214142
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Fig. 7 Prediction results of Mackey-Glass
time series
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Table 5 Comparison of modeling techniques using time

series data
u w  [rede|sem e Non Dimen
f': 4: Slolin e ITOT
Aord Wy 500 46 0.038
AR model 500 104 0.39
Cascaded-Correlation NN 500 693 0.32
Back-Prop NN 500 540 0.05
V. 3§

B =EdAMe ndg A3 AALE d53
71 9% HA AALTE ALIAAG. o€ AN
HA AEZF g% FH2EHYE 839 ¢
g "olgo FxE& FANY AN="E Tleste
H2 F3AE AFo2 Adste Wl AAH
o EY 7129 BHEY dHoE AFHL
Azdel Ag gerge £& SoJEEA &
A& 7184t AAL delEE AHgE] Al
g 3y BBy R B¥AC) 7S 9E ¥y
% vu AEHNUR, 2 ZF ALE 71Yel
AdEEME Ao AdFHUT

o

>

a1 Ed
[1] T. Takagi and M. Sugeno, "Fuzzy

identification of systems and its applications to



modeling and control”, IEEE Trans. Syst. Man,
Cybern., vol. 15, pp. 116-132, 1985.
[2] Li-Xin Wang and Jerry M. Mendal,
"Generating fuzzy rules by learning from
examples”, IEEE Trans. SMC, vol. 22, no. 6,
pp. 1414-1427, 1992.
[3] H. Ichihashi, "Iterative fuzzy modeling and
a hierarchical network”, Proc. of the 4th IFSA
Congress, vol. Eng., Brussels, 49-52, 1991.
[4] M. Sugeno and G. T. Kng, "Structure
identification of fuzzy model”, Fuzzy sets and
systems, vol. 28, pp. 15-23, 1988.
[5] H. Nomura, I. Hayashi and N. Wakami, "A
learning method of fuzzy inference rules by
descent method”, IEEE Int. Conf. on Fuzzy
Systems(San Diego, 1992) 203, 210.
[6] Yan Shi, M. Mizumoto and Peng Shi,
"Tuning fuzzy rules based on fuzzy clustering
and neuro-fuzzy Methods”, Proc. of the 1991
IEEE Int. Symposium on Intelligent Control,
arlington on, Virgina, U.S.A.
[7] 95, 48, IEE, “9354E A%
Ezy,
=73 #es], A1d A2%, pp. 93-103, 1998.
(8] w4, AGE, “&4d ¥R JERZHE o
4% Y £ ¢uyF, dx34%3, 4214,
A6ZE, 1995.

Az 718 A 2" mdg: gzZ-HA <

- 395



