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Fast parameter learning algorithm for fuzzy neural networks
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Abstract: A novel parameter learning algorithm for fuzzy neural networks (FNN) is proposed. The conventional methods
usually use the gradient descent based backpropogation algorithm to adjust the center and width of the membership functions. To
avoid the inborn problem of BP algorithm, such as local minima and slow convergence, a modified RLS method is employed
here to adjust the parameters of FNN, which is faster than the conventional BP algorithm, The validity of this method has been
demonstrated by simulation results.
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1 5|35 (Introduction)
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HAWERFENATHAE, TEENRBKAL -

A BE L E T T A4 SE B0 R 0 R A /88 S I
BT RGN EER, 3 B E SR B R
L EMTHRERTAEOEW B, AWM AL
MB R XERRZAL . ¥ 2 R T LANG]F g
S, A RIRE QBN TS, 8 i T MR K
R TR TR, AL EEEIERNE, B
REBFEHITYNG. B, W2 FEFTRBREA/
MU XAXREAERBEAEZTHOFRE X LR 4
REMAGRBEIEBRARSEZTH WR-N %
AL, TEERETES RAAMNERMS L, H
BEHCSOR, ELAN T B Bh A R A0V B R BE R BRI
BIFL, B — A BEF 0

B.Kosko U HHMBLENENEH S
(NN E—#2, RETHE NS, BB TRENSE

WA B 49 :2000 - 07 - 17; W eioRs B 39 : 2001 — 04 - 29,

e FREXGES , R FH T ¥ XARMKES
BEM, MR ERBE T EMBE.
J. R. Jang'® 45 1, 7E 6 PR B M 2 WU 4% B, 75 LE B
RIREFBHFABRRBEERROSHAO T E M
EXFRETEAEX BPEL AR RN FE, A
BT X4 A A E X S Rt R, LRI L
A RLS BRI, (A FTRIRBERRLN
FOMBENEERELEN, BRNREBPA
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Y.Chen #1 C. Teng!> #E 1416 F§ FNN 3k #EATHERY
2% HE M IEH (MRAC) IR &, R B TR E
REEFAERBEERAPLOARTRENAR.ARE
A MFN(multilayered feedforward network) ] BP H 1t
ERAKIEX, B

AW = 8Dy (-1 (1)
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AR/~ RLSYW B HEER S B X SR AL
PR, EENMEN S HERT AL R, ™
BEFEMANSHREL TR, WEEH RLSE
2L AR R T S L R ER RIS A
5, SR JE R R /D 2RI X SR TR E.

EXAEHERRERMEAKXNWER, RA LKA
EBPREEMERKN, ATEIREEFEMETE
WHEEIRERGS, HEHE SRR = AR EE R, H
B RRALE 2 )5 18 X FNN B 280397 LA
RLS Bk #17 %, NIRRT BP & % W &E
BE, BB A RER RN E R A
2 1ERHEZE W 2& (Fuzzy neural network)

THEHRIMNAHBENHENBWEHN, EF n T
WA, B ARSI m MEEER(n TREE
PRE) , I ET UL U E BB NEL, InE 15T
B E MR

K, MEE—BREGAT A, EREAL
BEERIFE_EYTAL. FoEVTANERARRE
BENTWAMREE MEHE=ZEXNMNEER, TE
R348 S HR I X 7 B X5 B BE , 76 T 38 N B B I,
RARBM TR MNENERE—EZEEHmE . XA
SugenolS #1 | #EH

I i Iz v
P 1 FNNBIRIG5H
Fig. 1 The structure of fuzzy neural network
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REFWNF .
FIBETEEL
A0 = x,i= 1,2,0n 2)
FIEWTS®EL
(1 2
Y@ = exp(— - b% %), (3)
i=1,2,n,j=1,2,m.
FNET AW

Yo = 1Ly, e N e (lml. (4)
k=1

HEIVET S8

y(4) _ Z}’E?gl---inwiliz---in (5)
E)’E?i)l---in .
ERRA, a, b ¥R B & B LR, w
% FNN 3= IE 45 A2 o s Al . 5 2) . 1
THRES AT HES, BP i (E h 5 — D AR 4
ITREBEERBESHE - THANSE L TRBEER
BE—HBE n MEANE L, A REE R EHR
BE ST, A X R HE R o 5 — 1B ) 938 R
B
3 {&IE RLS &% (Modified RLS algorithm)
RLS BHERB B XS H R R MR . Bk
B HE IR AR R AR A R E, T
BEY S AMSHELEAO N5, Wik A RLS &
B HARSEE S G FEERRIEA
wORER AR/ REXMNSHHFT AR, Stk
BPHE LML, I MERET 105 L. E3xX[6]F
W32 TIEIE RLS B 5, LB o 3C (4] 5P 7 B B3
(B %58 HE A1 B, 3548 4 T iE B3 . BR7E T8 IE RLS 1
HE RN, AR SEETSE X(6]:
BREBEMEMBHRHAER = 1L,LBBER ¢
= LB r,(k) R kBZF: RO a8
WA, d, (k) R k BRI RO AT A
HOMZTHHER S SHEM MO EHABINT
KA

dit(k) = f[ru(k)]. (6)

x, (k) R EBTRASE: BRFE i AT AWERE

A yu(k)Y R EBTZRIE: B DY ERERE T .
EX AT E SR ZER

8ulk) = Ay (k) - yu (k). (7)

B X AT By 1 28 O R AR A RN SE BRI A B 25 3R

8l
8ulk) = f'laxg(k)] = [ry(k) — (k)] (8)

EEWMEM L EREMEIE RLS B H B

BRl6]PEZRHERAL, XEKE.

4 FNN RiE 2 % 3] § i% (Fast parameter
learning algorithm for FNN)
AXHFEEREMSEHESIRPB M, NN

ZHNE 1. RERBER yy, RITWEBERREYR

B

J = (yq - y(4))2/2, (9)
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d d
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B i = j A, iy id, e Xt a; B‘Jﬁ@ﬂ’fﬂii,[ﬁﬁtiﬁ:frzf
Oy . aZyP, i
(azy _1;5 .‘,. : )(Zy(s) (27(3) g L)( Y: aall” )
- (ya - ¥¥) (S, =
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(SR o) - ST Dn)
;e i
- (ya - ¥*) (Zy(” B0y (10)
RMNEBEIN, FRAWEREBPAEERIEWNERE R AEDTHSE, WAL WLRBEXRITEIR

PRI, BAESSE | DMRAREE ] MR EREH S
AR SR Mz EN

= - (ra-y*D{( 2 Hy(”) i) -

) }/(2 }’(3)

(11)
MERBEREVSEET SHEANRENIE,
WARTIRTUERRA RS BET . ZAMRER

(4)( 2 ( H}’g)) Ly

BCnE 2) TR
0, x < a,
(x —a)/(b-a), a<x < b,
palx) = (x —e)/(b-c¢), b<x < c,
0, x=c
(12)

L b1
b @n | (c.0)

K2 =MERBERK
Fig. 2 Triangle membership function
BR, ALHWNSECRRE , MARKESS
BERRMEN, S =ARBEERBCRH, XA Al
ML B IEAR R RN, R T S5 <
AR ERE. BAE XA — M RE, ZARR KR
RIEBIAN , — A BEET XA B AR, BT
FEEELEE A AW B B RLS Bk UAERNI|H—
AR I RMAES=ARBRANTAAHLE,

=, MR AEKXTUAME, WAGAMRBERITE
R AR, AT T BT SRAT A A iR Z 1
MR THERMMT LA RLS BRERXRARFAN
FNN 28T .7 RLS BB &, 8F — &7,
HAHEL y = kv + pWSEE Sp WA SRERE,
BB H AR XA B4R, N T EHATHRE .
SH=ARBEERAHNELK,

y= g -t = kp. (13)
FE, MHSH kS5p RidkKa F1b BIE:
a =-p/k,
{ = (1 -p)/k, (14)

A, M =ARBREEANEL, A

1
y = —5F _Cb = kx + p, (15)
{b = (l—p)/k (16)
¢c =-p/k.

ERARS B AERBERESEA, 5hd X
QDITE SR ERRE , REEIR@)VBIRER &
B AN, P B R SR ERREELNF
R XEREGAEE=-ARBERETE AL AN
RERAHAEL TR X, RIMTRAEEE =4
HBEHENEZE a,b,c ,EBERBH(EIR
/.

5 {HHEZ R (Simulation results)

FATAD BB F 4k T B2 H W H CSTR( con-
tinuous stirred tank reactor , % SEBE B 7 R 4% A AL
CSTR FptE ] (i DA T L2 T M IE LR S T RA
RN


http://www.cqvip.com

586 EHELSNA 19%

Ca = %(Cao - Ca(1)) - koCa(t)e(_RWEt_)),
T =TTy~ T(1)) - ki Ca(2)) e "R 4

bag ({1 = =TV (T - T(2)).

(17)

K, Cale) BPEGBOFHERE, T(0) NRNMRE;
Cao BRI E (1lmol/L), ¢ YRR E, To, To 53
AN RHR B R AR E; FAE, ko, E/R, v, k1,
ko, ks YERALEE IR B B R 40 FE Mo BT 47 17 5 %, CSTR
B 2 0T L B

CSTR W TAE BN . H b ¥ ¥R 7E CSTR 7
BEEBR—FEE AN Ca(r) WALEY A, HIEGEE
H TCe). BE R B AR B, 7= 4 M # B S PR
WA, H A IUEE S AR EHT, HREHN ¢.(2), F
FERE S HBE RIET SRR ER LSS RN
SEAHERN Ca =0. lmol/L; BB B B2 B 25 15 B R %
HFIRE BN T =438.54K; g, = 103.41L/min. iX
B RATFTE X AR SISO R4, 4] BB = MM
WE Co FEATMERR IS, AT E (BIEGIH
AR HFIRE g, BEBRINFEEEBIKE Ca
S5RE ¢ ZEAER ESEHNRE g ABRSHE
BMEAMEEA, RIS L AOWRE.
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Fig.3 The input/output data of CSTR

BRARG G W ARA, {50 H i A s, FATHEE
PR
Calk +1) = f(Calk),Calk - 1),T(k)).
(18)
Hik, NN BE =1 A, B ABRFEANRE

BE R H, BHRRT, AT R E — 1k KBRS AR
20, Bij 500 & AR I SR B 2 4%, 5 500
HARAER L, B A 4 3CH B A RLS B3 #1791
25 % 500 MR VIZRSE ST, RAE DIV ZR 5048 1R
224 Err=7.5718¢ — 005. F3 VIl 4k fF B4 4 2 X 48 947
B3, XS 500 4 HE, 1R 2 4 Brr = 2. 9766e — 004.
B 4 7R T RT 500 MBI GRGE R, LR K
CSTR SCPrfar A, LR R BRI M 2 I 48 3 B 1A,
HWEILFES.BE S BIARAXE 500 %4 6 &K
SR, A F CSTR LR 5 B0 1 & K 45 3
222, H A g AR AIAE N 10e - 3.
GBI RNTNOBRE E RIS 5FH0H,

A 6 7 HFHRUILGRT SUIAE RBRENER.
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Fig. 4 The result of training
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Fig. 6 The variation of the membership functions
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6 S5EHEZHEIH BP &Hixadtk B (Compar-
ison with BP with Momentum)

AT Ntk BP B B W SIGE B, ATIXT B # 4T
TBGE, P —MERMFERESIA—IHET.
WA CREWARMEA BTN BP B &N
HAERHFITHE  BiF T AB RN EE.

BAHET M BP BEMEBEARN

win +1) = w(n) - /AY w(n) + aAw(n - 1).
(19)
A, n BERKRYE, s BEIER,« BEHIBTR
B}y RES-RKREARGHFREZB/DTEL. L&
R—Wa, mREBAD, METFT —KERF, » FLlI—
NEES > 1B = 1.05); BER -G, REW
K, UBUERFFIRE, p RU—NEEB < 1(FlIN B =
0.8),a BAZ, ZHURNERT R, REEHFT—
WER . HEREREZBD, « BEIVHE.

ARASNETK BP B 3 M4 SCHE 3 I R 8
MHEMEMERME 7 FE 8. ANEF A LIEH,BP
BEMERREERE, - THERG , REFHFNA
XF]0.0263, M EHRZIXF 0.01 )57, LR MEMH—
WNT TR AS SCE BB U SRRt 2 I 4% 9 7R
BB, 25 1R ZETFH FIBREE 0.01.
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Fig. 7 Convergence of BP with momentum
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7 4518 (Conclusion)

CHRATEBRRE RPR = AR, X, RE
RESE A REAWEHLKIEZLEN . BET
SHARBARRARE, AL REEEM A RS &
B BRATR A — S Rppk AL 38, (45 B 4 o 7T LAME — 1
E—THAE, IR ALK&/ Fk

T.ERRT BPEEMERTRBBDMELRK
HE RS, T EIEY T RO B XA

Bt 3R (Appendix)
CSTR M &3 :
MREBH YEEX & X8
q HERE 100 L/min
v T #8 4H 100 L
ko 520 B 8] # 3 7.2 % 10°min
E/R T2 L T Bl 1% 10K
T, BARE 350 K
Teo BHARE 350 K
AH 2R — 2% 10° cal/mol
O o HEEERR 1 cal/g/k
PP Bk E 110 g/1
H, FAB Y 7 % 10° cal/min/K

HF, ky = — AHko/pCy5 ky = 0,Cu/0C05 k3 = ho/p,Cre.
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