= 4% 2 % 5 58 A

55 25 A5 4 30 Vol. 25 No. 4
2008 4F 8 H Control Theory & Applications Aug. 2008

SCE S 1000—8152(2008)04—0703—05

OB e 2 A 245 1 5 4 ) AL ER ST K N T

TR K, ESAK

Abmt Tk K2 N TR S PLas ARFFTHT, dbat 100022)

FE: JEH T —FlB A ph 28 I 2% 11 AL ER 59, Sk BE e AL T N A B sh AT SRR S B R,
TSR — i A GUR 5 ik 7k I 25 (1) S5 F RN S-S AU AIME, AR5 R B 2% SR AN 4 S 40 il i xR
2 1 R BB T 1 4 A, R PR T % B AL ZREE B S, S HASEEAE T IR, BE, ARSIk AR IR )T IR SE BRis AT
K At G, R Z AR 0 25 9 28 3 37 T 9 MRS V8 R S8 HH KK T RIS &Y, {7 B 45 SR 2R W, 2B B R o v K Ab HR
F G0 7KK A T R (1 T

KEEIR: HL BORIH R 4% TR I ¥ 7K Ab 3

FESES: TP273 XERFRIRED: A

Structure self-organizing algorithm for fuzzy neural networks

and its applications
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(Institute of Artificial Intelligence and Robotics, Beijing University of Technology, Beijing 100022, China)

Abstract: A new self-organizing algorithm for fuzzy neural networks is proposed, which automates the structure and
parameter identification simultaneously based on input-target samples. Firstly, a self-organizing clustering method is used
to establish the network structure and the initial values of its parameters. Then a supervised learning is applied to optimize
these parameters. An example of nonlinear function approximation is given to demonstrate the effectiveness of the algo-
rithm, where some comparisons are made with other approaches. Finally, based on the data of a wastewater treatment plant,
a forecast model of the output-water quality is developed using the established fuzzy neural networks. Simulation results

show that the output-water quality can be well predicted by the model.
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Fig. 1  Architecture of fuzzy neural networks

PSRRI i 22 9 2%, i N\ A ) 2 (R 1 4 s
FRIRL I L e, R AR T 52, Sz
—AMT AR R T IR, DAL AR AT B e AL R
VeI 1 o (R 2y, AT 3 AR A U 5 ) R e
JUAR; AN, X220 2 M N AR R S, AL STk
G 75 % i A A48 AR I )R ) AL

A figp g L3 i L, ASSCER T PR i 22 4%
SRR AP

3 BEMI MM A 4R H Sl
organizing algorithm for fuzzy neural net-
works)

20 2R S0 90A0 FE ASOR) o 28 0 2% (1) 25 1) B ZH 2R
TR HAA 2SI R 4. 3 27 2 b B rp R e A7
17—/ P4in + 145N — iy FEAR G RO B 4R
I

(=)

S={z,=(z,,9,)} =
{@p1s@p2, Ty ), Up bp=1,2,.- P
3.1 BRI AR 4K I 45 R B 4148 ¥ 1 (Structure
self-organizing design for fuzzy neural net-
works)

h T A B 1] R 4% 25 R, A SCAERPCL(rival
penalized competitive learning) 27 i FE Al I, 32 H
T T R SR R BN N s TR AT R A, %
A LAY 25 ) )k B B B R A SR SR H , M0 i
N A BEAT G K53, 45 21 B A A RBORI AL £, E ok
Pyl — AN B PP 22 ) 2% R W] 46 25 ), 7827 ) il R rh
TR — L7 ORI, M4 3] e 2 T ) 5% 544

HARFL BT

Step 1 BEHLLE MLy M FEA A A VILH R K T
O { ek b om0 1o, BOEMIBRTT KU BIEE, WS P
[IWER = 0, RFETLEL = Lo;

Step 2 WHE At = LR K2 )T, M
ARG STPBENLE R —MEAZ,, T

d(zp,cr) = llzp —ckll, k=1,2,--- L, (4)

L
e = 1) S5 T, g N SRR SO
k=1

Step 3 i & IRIEARLE TTaw I 56 4 0 T 48 7o

d(zp,c,) = mkin d(z,, ci), %)
d(zp, c,) = 122211 d(zp, ck); (6)

Step 4 P2 TCw AIRNE TCr (M BUAE ] 5,
fie Fe 22 TOALAEL 1) R FFANAE,

Cw = €y + 0 (t)(2p — Cu), 7)
Cr =Cr — Qy (t)(zp —c,). 8)
v (1), v (1) BN Toaw R TTr (25 5] %
u(t) = awo(1 = /T), ©)
a,(t) = a,o(1 —t/T). (10)

Q0y Qo N 2FE YA, 0 < g < o < 15

Step5 t=1t+ 1, IRt < T, M Step 2, &
%% 7] Step 6;

Step 6 0 T-REMFEAS, HH B & Rl i R
L, FFHANAHR K,



Fal

Step 7 TIFEEERA S FEAL, IR BAEA
e BN T BIEE, WIMERZZR T ), L= L —1; Wl
KB HMIER, Wh = h + 1,

Step 8 WA = 2, 15HL; 5 W 7 Step 2.

HAH LU B B A, 74 TLANFE o
(01, CtyCpy ,CL), Cr = (Clku Coky "+ 5 Cnk, wk),
MR TE T 5 25 0 U B8 B APF 98 20 o 25 oo 307 e B8
qj‘u‘{ﬁ{cik}i:l,m,nﬂ]}ﬁ’ﬁ:%%ﬁuﬁc. AT T v 0 ek AL
e O R, v S0 R B 5 B2 T N 48 e R SR
AT

O = M7 (11)
r
Cih%% %Cik% Iﬁ_ E[':J fﬁ, Tﬁ{} T 1% 72% %&, ES( {E ﬁi

[[1.0,2.0].

T, L A AL ST B, AT LASRAG RO 1
A 4 f1 5 R ORI K50 AN 2 B A I U R A e A
Z50).
3.2 B AR 4 M 4% 19 40 46 5% I (Optimization

learning for fuzzy neural networks)

ISR 2 M 2% (S5 2 n, BLE A2
B BUIRAS (10 2 B A D B 5 2T i B 45 ¥ 4R,
BT — N GREE &, RHIAR 7 21 3 I\ B8 T
B BPHIENG B S U B B d AL, M1 2 AR
F 2 I 45 P B 23 ALY

WA 3), MESSTAER — ALz, W
2% (R

L
> k(@) wy,
yp = (12)
fx ()
k=1
BRZE RN
1 P
E=5 2 (v =) (13)
p=1

or @% Opr, Oprire
ocix 8yp Opur, Opir Ocip

. Wy — Y 2(pi — ¢,
(yp - yp)(Lkp)Nk:(mp)(pagk)- (14)
Z :uk:(xp) lk
k=1
% A
6 == (15)
Z :uk(xp)
k=1
61 = 01 (wr — yp)pur(p), (16)
We; , BIEHT A X h
Lid 8E Lid 2(x i — Cik
Acjp=—n3 5— = _77252#-
p=10Cig p=1 Oik

a7)

Tt WA BORI PP I 25 1 2540 1 2H 23 M H 705
KA, 1T o g, wi SR 2 2
Lid 6E P 2 LTpi — Cik
Aai,kz—nZa :_77252#7
p=100k p=1 Oik

(18)
P HE P

Aw, =103 57— =12 (), (19)
p=1 Owy, p=1

i=1,---.n,p=1,--- P, k=1,--- L.
4 {jE5Z5 (Simulations)

N UG UEAS ST 478 L ORI Aoh 22 b 2% B AH DU
AR, AAa TP LS. st —
AN BRHCE I 111, R FAR SR R L B, Ak
B TZA L. RS, Rz N T Ak
B R K AR B R G, 7 T V5 K AL B R ) H 7KK
JTTRIASEAY, A7 S5 SRAUE T T 1% TR A7 R0k
4.1 3% A JE 4 P Bk $0E 3 (Function approxima-

tion of three-input nonlinear function)

AT LU, 36 T — AN B R 3% A A 2 pe 2
8 3T 1) 511289

F=(142% 4yt 4 2715)2 (20)

2164 YN 2 0 P F254 K 56 20 4 0 M\ N
23 [H)[1, 6] x [1,6] x [1,6]H1[1.5,5.5] x [1.5,5.5] x
[1.5, 5.5 B4 RFE, 2t 3171 1 A L1243 s, 1
BR84S SRR (L = 5). b T L
BE, 1 2% DL A0 2% ST B BeR P38 B o0 iR 254 R ik
BEFE bR
APE =1 3 M x 100%. @21
=

PIEREARANEL, y, A1, 5373 A 28 p > To0 i v 0 1B
.

K245 T I 48 20120045 Y1 25 5 )1 250 AR 1
2 8. YNZRAE AR RTINS (1) S B B RS By 1
AT EBHTR, WNE AT LR IR S M 481k 5] T
BRI, O ARz he

WISk J5 . 34N i N AR 5 10 SR ok 5500 o)
El4~6/iTR.

P E R %E APE

1 1
0 50 100 150 200
RS

K2 PR arins iz
Fig. 2 APE during training



706 oW s N M

30 T T AI T
------- RS
25 - — Ml

B 125 A IEREA |
1 1 1 1

21625 75 125

0 1 1 1 1 1

K3 FEASE P E SRR I LR AR

Fig. 3 Comparisons of desired data with model data

1

0.8

0.6

0.4

x S R

0.2

K4 2ihsfe)m s
Fig. 4 Membership functions of input x

v I3 R A

K5yl sfe)m e

Membership functions of input y

z [R5

K6 2R %L

Fig. 6 Membership functions of input z

% 1 SOFNNAEAR! b5 w2 R 69 b iz
Table 1 Comparisons of SOFNN with other models
PRl APE;rn/% APEgui/%  SBEAE GBI 505 s
GMDHJ 7! (8] 4.7 5.7 — 20 20
OLS (] 2.43 2.56 66 216 125
GDFNN# 7 (2] 211 1.54 64 216 125
SOFNN# 7Y 0.56 2.32 35 216 125

F1H|H T A SCHE H FISOFNN(self-organizing
fuzzy neural networks)f: B [ &5 5 K& 3L A . 1Y
TAER E R R bl U, R AE 0 2030 0
Fit, SOFNNAE 1Y Fr 5 28 9 IR 1K 2 B4 Bowd g /b
F I FJOLS (orthogonal least squares)t¥: ! FIGD-
FNN(generalized dynamic fuzzy neural networks)f¥:
A iy HATR R 250 2, e IS S m RORS S
4.2 FEV5 KA BE R G5 @ AR A 1 Y FH (Application

in modeling the wastewater treatment system)

PRV YRS H AT TS B LA BUE K A
WG K “IRAE B E TR — P KB T
Ao R UL A2 A1 10 DG B S 37 H 7K A 3 P T A
0L, )RR KK R S5 b S I R A2 1T 5 5,
ARG T BRI IR, R i R A BE 2K
HE.

SRS K AL BRI IR /AT IR 2, A G OR

75 7K Ab A% R 5 W K 1K) COD(fE 2 5 4L &)
BOD; (4 4k 75 4 &) PHH « NH3-N(Z %) SS(G&
TF WSS 3E 7K K BT HE b A R 0 285 (1) i N\ AR
AR O & I E MRV e R G AL B S 1
JKCODM, PUREyG /K AL FE T 20034F 44 S prig AT
(1775 7K A B K 5T H AR R Bl 7 0 I i ol &0
I S BOHE R b A 9 Ak #0245 303304 2
P, EHCS H A 13040 Zda A 4 Ml e AL, Hor H
B3 (30041 Zfa A A I ZRpE AR

I A SCHE H 1 AL U0 28 1Y 28 T S vs
TR AL BE 22 48 HH 7K 7K 5T OIS R i 2 ) 2 28 5L 31|
SiJE, W ZRREAS R SEBR AR S5 B i H AR, e A
1) SI B A 5 458 70 B LB AR 20 o) DL 17,8, AN mT A
B, TR R AR A AU T i YRS e RGN
AT 0L, B B A ar iz A se ). R2%0H T
NZRFEA TN AR & TUVE REFE AR



%43 TriR CAE: BOBI 2R M 2% (K 45 F LSRR SO 707

100 ————————————— Ll

i; 3) TR P 22 0 2% ST IRV K AL B R G

£ K AT PRI AR, B (AU T 35 PR e R 4

= (3T L.

§ ol e BEASRRE ] £ % ik (References):

H B —— PO [11 ER M J, WU S. A fast learning algorithm for parsimonious fuzzy
S oamm oral . 1251 neural systems[J]. Fuzzy Sets and Systems, 2002, 126(3): 337 - 351.

i / ( H-A ) [2] ERMJ, WU S, GAO Y. A fast approach for automatic generation of

K7 INZRREA I S B R0 i

Fig. 7 Desired data and model data of training samples

100 —— : . . .
)
en
E 6oL s
8 o} ,
o | o
= L —— R

0 1 1 1 1 1

08-01 08-11 08-21 08-31

B/ (A-H)

B8 GUREA ) S o o 20 i

Fig. 8 Desired data and model data of testing samples

A 2 W GAEAFN KA ARG M FE A8 AT

Table 2 Performance index of training and testing

samples
PERE IZRFEA ke A
by B (SEBRE) B CEER{E)
RMSE 3.7174 3.8712
AAE 2.4282 2.6819
APE /% 3.77 3.98
R 0.9312 0.9025
I 67.9795(68.0187)  69.1279(68.4533)
o 7.1172(8.0880) 8.2295(8.8604)

min 54.2210(54.1000)
max 86.2109(88.4000)

2 RMSEN BT MR 72, AABA 125 40}
W, APEN Y ik 25, RAMICREL, phiy
{8, o bRtk Z, min k f/ME, max e K AR
5 45 (Conclusions)

AT RBEVE, P T —Fh [ AL Z2UB0R
2P, TR R

1) REfEHR P 4 A 0t B B Bh A il 0 4% 45 44,
I FLAERE XS 4% (1 S BO AT 2 .

2) REWE AR 4 T S I P, AR B I 1 Y 4%

55.8860(55.2000)
87.4095(86.5000)

fuzzy rules by generalized dynamic fuzzy neural networks[J]. [EEE
Transactions on Fuzzy Systems, 2001, 9(4): 578 — 594.

[3] THAWONMAS R, ABE S. Function approximation based on fuzzy
rules extracted from partitioned numerical data[J]. I[EEE Transactions
on Systems, Man and Cybernetics, 1999, 29(4): 525 — 534.

[4] LENG G, PRASAD G, MCGINNITY T M. An on-line algorithm for
creating self-organizing fuzzy neural networks[J]. Neural Networks,
2004, 17(10): 1477 — 1493.

[S] MASTOROCOSTAS P A, THEOCHARIS J B. A recurrent fuzzy-
neural model for dynamic system identification[J]. IEEE Transac-
tions on Systems, Man and Cybernetics, 2002, 32(2): 176 — 190.

[6] ZADEH L A. Soft computing and fuzzy logic[J]. IEEE Software,
1994, 11(6): 48 — 56.

[71 XU L, KRZYZAK A, OJA E. Rival penalized competitive learning
for clustering analysis, RBF net, and curve detection[J]. I[EEE Trans-
actions on Neural Networks, 1993, 4(4): 636 — 649.

[8] KONDO T. Revised GMDH algorithm estimating degree of the com-
plete polynomial[J]. Transactions of the society of Instrument and

Control Engineers, 1986, 22(9): 928 — 934.

[9] CHEN S, COWAN C F N, GRANT P M. Orthogonal least squares
learning algorithm for radial basis function network[J]. /EEE Trans-
actions on Neural Networks, 1991, 2(2): 302 — 309.

[10] frogak, P, 36T el BPI 4% 5 MISORE I (195 /K R 4 A (J).
IKALBEEIA, 2005, 31(10): 21 - 24,
(YI Xuenong, ZHOU Qi. Modeling of wastewater treatment process
based on improved BP network[J]. Technology of Water Treatment,
2005, 31(10): 21 —24.)

[11] YR, 7R K. 2= TPCAIR i) (E 15 #f 4 19 2% I BODTE £& T 4%
AT TR, 2004, 19(12): 78 - 82.
(RAN Weili, QIAO Junfei. BOD soft-measuring approach based on
PCA time-delay neural networks[J]. Transactions of China Elec-
trotechnical Society, 2004, 19(12): 78 — 82.)

[12] ARF. WP TG Y8 VR TG /K Ak PRI R 2 e A K 01 BLARF ST (D). b
JEI TR K2, 2005,
(YU Ying. Research of intelligent modeling and simulation to acti-
vated sludge wastewater process[D]. Beijing: Beijing University of
Technology, 2005.)

e B

FFRE  (1968—), H, BIR, [ LA S, EZOFT5 R vk
HEAE S A B AR L S A R B S P 45 4, E-mail: jun-
feig@bjut.edu.cn;

ESK (1979—), 3, 200746 T 1L at Tolk K273k 45 T2 fi
S0, B A TR G A ST S R DRI AR, RS 1) kAT AR
SYHC S TR KAT IR A RIS I L 18 K2 )% ], E-mail: huidong.wang @

ia.ac.cn.



