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Abstract - In this paper, we propose fuzzy-neural
Networks(FNN) which is useful for identification
algorithms. The proposed FNN model consists of two
steps: the first step, which determines premise and
consequent parameters approximately using FCM_RI
method, the second step, which adjusts the premise
and consequent parameters more precisely by gradient
descent algorithm. The FCM_RI algorithm consists
FCM clustering algorithm and Recursive least
squared(RLS) method, this divides the input space
more efficiently than convention methods by taking
into consideration correlations between components of
sample data. To evaluate the performance of the
proposed FNN model, we use the time series data for
gas furnace.
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Fig 1. Proposed fuzz-neural networks model
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Performance Total No.
Type

PI E_PI of rules
Oh's Fuzzy Model[12] | 0.022 0.326 4
( Complex ) 0.021 0.364 6
Oh's Fuzzy Model[13] | 0.026 0272 4
( HCM + GA ) 0.020 0.264 6
Proposed FNN 0.025 0.295 3

3.4 B
71 HARDLS O njA Y HolH & 4% BAE
1e3rA ¥ d4¥ FTE 2 EAEE HAm

Ao

£ =fdMe o 22 FAHE s A sleln
B ¢3x2EE ol83tAth FCM Rl #18Fo2 dlo]
Bo 54& ot A, F0F Hevg e $451, 3
Ao o3 ol& AdaA. 2Asgch AEdeld
Aol & § ARl B =FolA At mdo] 33
duFE AT e Rdiog v el TuE
Ass ?:‘é F Aok =T H A T‘f"“° AHEERA
= 44 ﬁ}E}U]Eia 43g + A

zae 2
PP aFe dEdee S47129% (s 5
i 2000-1-30300-009-3) Yoz FHHYS '

#3e s

[1] L. A. Zadeh, “Fuzzy sets”, Inf Control 8. 338-353, 1965

[2] J. C. Bazdek and S. K Pal, “Fuzzy Models For Pattern
Recognition: Methods that Search for Structures in Data,”
IEEE Press.

[3] E. Czogola and W. Pedrycz, "On identification in fuzzy
systems and its applications in control problems”, Fuzzy
Sets Syst., Vol 6, pp.73-83, 1981.

[4] W. Pedrycz, "An identification algorithm in fuzzy relational
system”, Fuzzy Sets Syst, Vol13, pp.153-167, 1984.

[5] T. Takagi and M. Sugeno, "Fuzzy Identification of Systems
and its application to modeling and control”, IEEE Trans.
Systems Man Cybernet, Vol. 15, No. 1, ppl16-132, 1985

[6] MLA. Ismail, "Soft Clustering Algorithm and Validity of
Solutions”, Fuzzy Computing Theory, Hardware and
Applications, edited by M. M. Gupta, North Holland,
pp.445-471, 1988.

[71 M. Sugeno and T. Yasukawa, "Lingustic modeling based
on numerical data”, IFSA9] Brussels, Computer,
Management & System Science, PP.264-267, 1991.

[8] K. Tanaka and M. Sugeno, "Stability Analysis and design
of fuzzy control systems”, Fuzzy Sets Syst, Vol 45, pp
136-156, 1992 .

[0 M. Sugeno and T. Yasukawa, "A Fuzzy-Logic-Based
Approach to Qualitative Modeling”, IEEE Trans. Fuzzy
Systems, Vol. 1, No. 1, pp7-31, 1993,

[10] AF. Gomez-Skarmeta, M. Delgado and M.A. Vila, "About
the use of fuzzy clustering techniques for fuzzy model
identification”, Fuzzy Sets Syst., Vol 106, pp. 179-188,
1999.

[11] E. kim, M. Park, S. Ji and M. Park, A new approach to
fuzzy modeling”, IEEE Trans. Fuzzy Systems, Vol. 5, No.
3, pp328-337, 1997

(12] S.K. Oh and W. Pedrycz, "Identification of Fuzzy
Systems by means of an Auto-Tuning Algorithm an
Its Application to Nonlinear Systems”, Fuzzy sets
Syst., Vol.115, issue 2. pp. 205-230, Jul. 2000

(13) ¥ E, 2449, <A, 487, "#Ax SueEH 3§
3 o8 HA Alxule A gFAsEy =83
A 488 A¥ A 6%, pp. 789-799, 1999,

(14] 234, v, 9HE, “Ae¢ JA-72 YEYAE o] &
Xy g 2-g 2dy”, EHRS}ZW s3], 484 A 1035,
pp.1293-1302, 1999,

[15] W34, s A, “HCME |43 A 249 On-
Line 54", di&37] Q}ﬁl sAgtEd 3] =83 G, pp.2929
-2931, Jul. 20, 1999.

- 805 -



