26 4 Vol.26,No.4

1997 8 Information and Control Aug., 1997
RBF !
TR BEL
( 200030)
RBF R RBF
) RBF
RBF .
RBF s ) , , ) s
1
.4
Adaline, BP RBF ; Hopfield ;
ART Boltzman
) . 3 (1)
3 (2) 5(3)
, BP , BP >
.RBF ,
RBF s RBF

2 RBF
2.1 RBF

RBF Radial Basis Function Neural Network,

, (Receptive Field)
,Moody  Darken (231 RBF
w= Ri(X)= R(Il X - all /&), i1=1, ,H

X N Jci X SRi(-) - Ri(- )

. Ri(X)=exp(= Il X=cll %), Ri(+) ci

, .RBF >
1996- 10- 10



4 : RBF 273

[4,5]
S= {(Xi,Y) R'xR|i=1, ,N) , o
(H' ’w) , w . . > —
2 w Xm )
N
H[D = Z (Yi— ®Xi, w))’+ Al PR
=1 1 RBF
@ (Ra-
dial Basis Function).
2.2 RBF
RBF "' RBF
[6].
RBF
foAX) = § wRIX = ] DX = e])
! RBF , : ®:’)  RBF
3 :(1) RBF wi, i= 1, ,n; (2) ciyi= 1,
n; (3) z. @ 3 . Dv= {Xi,Y}1, RBF
) .
@wr(Dy,®) = min@w[ D, fo(X.6)], Dv= {Xi Vi,

EwlDr.f(X,0)] = ]%ZJYL-- e a: 1k

E ci R
z, ci, RBF
B wi
[3,5,7,8,9]
RBF

(1) 0 RBF : RBF mjn€isr| D, f+(X,©)]
X, ¢ wi, RBF 0 .

(2 RBF : RBF z , ci X

. RBF .

(3) RBF : RBF ) , ci ,
RBF
3 RBF

[10 17]
Sigmoid 3 R"
R Sigmoid s [ 18, 19]



274 26

[17]

[20] Hornik ,
( ),
[21] , Hornik : (1) ,
:1(2) . L"( )
, M (Input Environment Measure).
RBF , . RBF
( (MLP)) ABF
~
( Affine Basis Function) , le ig(YiX + 8)
N
. RBF 2 wig( M X=Xl w) 2 122 25]
RBF
1™ K:R"-R ) J-R”K(x)dx £ 0
. I I
: Y owel S LR gl e)= K.
=]
| I x = xill &
[ 25] . n_) : WA T AN R 2 n
2 K:R -R , le gl o ] L(R)
K
Chen T : g: R" R g( I x Il &) LZ(R"),
N
_ ” X — xl" R™ 2 n
Zl wig| o L°(R")
[ 22] RBF
s RBF Banach
3 .
3 g C(R")Yn S'"(RY, g ,X  Banach , Schaud-
er {xn)m1, KEX X f K . e 0,

M,N y:W RM, u7i,Ai¢ 07 1= 17 ’N,

N
/() = 3 weg(M <" = ] < e
1

o

x K . x"=[a(x), ,an(x)] R", x= Zlan(x)xn.
4 g C(R)nS'(R) .X  Banach JKEX Vo C
(K) f V . e 0, M,N,x1, ,xwm

K A, wi R, &= (&, ,&:) R",i=1, N,

|f(u) - ZIWig(N|| W - §§VI|| RM)l < €

M

u vV . u'= [w(x1), Lu(xw)] R".
5 g C(RYNnS'(RY ,X  Banach KIEX, K:22R"
X R .V C(Ky) .G : 14 C(K2)



: RBF 275
e 0, M,N,m,
wi Ny R, k=1, ,N,i= 1, ,M,x, ,xn Ki,w, ,aov R
| G(u)(y) - z wig(pl u" = Eill wg(Al ¥y - @l #))| < €
u V. oy K2 u"=[u(x1), ,u(xm)], &= (&, ,&m), k=1, ,N.
3 3
4,5
RBF .
, RBF . [ 5] Poggio Girosi
( RBF ) (Best Approximation)
BP , ( RBF )
(Best Approximation) :
126] f DAC D d(f.A)= infll /= dl f A .
aw A I f-al =d(f,A), ao A f . f @
a A A f, A . a , A
BP

B
m

= Clulf(X) = F woXYis 8), ¥ R w. @ R)

" m= 2 , BP
,  RBF ,
o= f Clu|lf(X) = Y eRX), @ R)
®X)= G(X. X)), G Green .  RBF  .G=G(I x-Xxill). "
m 1 , Clu] , T"(M=z1) .
, ; [27] ;
, : , (U niver-
sal Approximation) . RBF
RBF Y RBF ,
, . RBF BP
RBF KRE(Kernel Regression Estimator) ) KRE
[o],
(1) RBF ;
(2) RBF (Consistent Estimator) ;
(3) . RBF



276 26
(4) RBF ;
(5) RBF
4 RBF
RBF : (1) Poggio [5];(2) Moody  Darken [3];(3)
[28]; (4) ;(5) Givens
(1)Poggio .
S= {((X:, y) R'x Rli= 1, ., n)
S X RBF , 0, yi ci )
RBF .
(2)Moody  Darken Poggio ,
K-means
) Ci a, Ci
o > RBF ,
wi
(3) RBF
(X) = iwgi(X
y(X) leg( )
gi(X) L- a,a] wi
(a) yi(X)=y(X);
(b)  low o <yi(X), g(X)>7 L gilX)= g(X);
() wi= < y(X), gi(X)>;
c 4
yir 1(X) = yi(X)— wigi(X);
(d) ;i=i+ 1, (D),
RBF ,
’ [28] ,
RBF , ,
(4 OLS( Orthogonal Least Squares) RBF
. S. Chen , [7.29]
RBF RBF OLS
N RBF ,
d= p®+ E
d:[d(1)7 ad(N)]] s P = [pl, 5PN] s Pi= [pz(l), Y



: RBF

271

RBF
» OLS
WA, A 1
=g A g
(5) Givens
(a) RBF
K-means ; (b)
S RBF
RBF
RBF
RBF
» RBF
(1)
RBF
(2)
(3) RBF
(4) 0 RBF
RBF ,
(3)
RBF )
6 RBF
RBF

6.1

JE=[e1), eaN)]'

-OLS

S. Chen . [30]
RBF
. Givens

2

Givens

RBF
RBF

RBF

;(2)

pi
Pt > P
d=Wg+ E,A®
.OLS
Givens s
Givens
RBF
RBF
7 [31]‘
RBF ,
RBF
pLS'?
RBF



278

26

2

y (k)= NNLy(R) v (k= 1)y (k= T+ 1), (k) u(k-

), Lu(k-m+1)] :
x(k+ 1) = f(x(k),ulk))
y(k) = h(x(k))

B (D) f Lk :
) (2) (3) [33]
, (Generic
Observability) , (Strong Observability). RBF
RBF
[34] [35] RBF
, RBF RM (Reciprocal M ultiquadric)
) pH )
RBF
(1) ,
(2) ,
(3) ,
(4) RBF
(5) ; RBF
6.2
., RBF .
[ 36] RBF , [37] RBF ,
38] (RBF ) , [ 39]
) Seborg [40] RBF
, pH [41] RBF
, Hopfield R ,
[42]  RBF
3 [37] [40]
6.2.1 RBF
300 M RBF

RBF . )



4 : RBF 279

[37] RBF : N
RBF : D mwn 7 ) ———
D Yp -
. ?_ +
6.2.2 RBF D
d
RBF 3

~

y(k) = Fl(}:(k—’\l), ,;(k—l\m),u(k— 0- 2, u(k-06-n)]+ wk-06- 1) +
52(y(k— ), ,y(k- m),u(k- 6- {2), ,u(bk= 8- n)]

M,

Fi[+ ]= an+ Zl(lil%" 9;(]5)— cill ), F2[ - 1= an+ Zlaizq{)” xA(k)— cill ) RBF

x(B) = [((h= 1), y(k- m).u(k- 6~ 2. .u(k- 8- n)]"

I = [(yA(Ak+ B+ 2) = s(k)]°+ Yulk) - wk- 1]
s(h) = oy(k+ 8 + (1- &)[r(k) - d(k)], 0< &< 1
r(k) cd(k)=y(k) = y(k) .

B

s(BYF>— FiF2+ Yulk= 1)

u(k) =

F5+ Y

qu anS D ’
RBF
7 RBF
7.1

) (1) )
. :(2) )
L RBF
RBF s , Hopfield

[44]

[ 45, 46] : :



280 26

7.2 RBF
» RBF

RBF , ARMA RBF

4 RBF ( 1 5 RBF ( 2)

RBF

) RBF

RBF

RBF . RBF
? ’ RBF

7.4 RBF



4 : RBF 281

[50] RBF (Fuzzy Inference System) ,
(1 RBF . [44]
) . RBF
, RBF . ,
RBF
(2) RBF
[51 53]
, BP (Premise Parameters) ,
( Consequent Parameters) - [54]
RBF )
RBF ,
7.5 RBF
[55] :
(1) (Perform Network Design Task):
(2) (Robustness in Learning) ;
(3) (Quickness in Learning);
(4) (Efficiency in Learning);
(5) (Generalization in Learning).
, RBF
, , [55]
g RBF ,
RBF
[56]
) RBF )
[56] , ;

1 Antsaklis P J. Neural Networks in Control Systems, Special Section on Neural Networks for Systems and Control.
IEEE Control System Magazine, 1990:3 5

2 MoodyJ, Darken C. Learning with Localized Receptive Fields. In Proc 1988 Connectionist Models Summer School, D
Touretzky, G Hinton, and T Sejnowski (Eds-), Carnegie Mellon University, Morgan Kaufmann Publishers, 1988

3 MoodyJ, Darken C. Fast Learning in Networks of Locallytuned Processing Units- Neural Computation, 1989, (1):



282 26

10

12

13

15

17
18

20

21

22

23
24

25

26

27

28

29

281 294

Kung S Y. Digital Neural Networks. PTR Prentice-Hall Inc, 1993:175 179

Piggio T, GirosiF. A Theory of Networks for Approximation and Learning. A I M emo No 1140, Artificial Intelligence

Laboratory, Massachusetts Institute of Technology, Cambridge Mass, 1989

Xu Lei, et al. On Radial Basis Function Nets and Kernel Regression: Statistical Consistency, Convergence Rates and

Receptive Field Size. Neural Networks, 1994, 7(4):609 628

Chen S, Grant P M, Cowan CF N. Orthogonal Least Squares Algorithm for Training Multioutput Radial Basis Func-

tion Networks. IEE Proceedings¥, 1992, 139(6):378 384

Broomhead D S, Lowe D. Multivariable Functional Interpolation and Adaptive Networks. Complex Systems, 1988,

(2):321 323

Powell M J D. Radial Basis Functions for M ultivariable Interpolation: A Review. In JC Mason & M G Cox(Eds.) Al-

gorithms for Approximation, Oxford: Clarendon Press

Wieland A, Leighten R- Geometric Analysis of Neural Network Capacity- In Proc IEEE Ist ICN, 1987,(1):385 392

Irie B, Miyake S. Capacity of Threedayered Perceptrons. In Proc IEEE ICNN, 1988, (1):641 648

Carroll S M, Dtckinsong B W. Construction of Neural Nets Using Random Transform. In Proc ICNN, 1989, (1):183
192

Funahashi K. On the Approximate Realization of Continuous Mappings by Neural Networks. Neural Networks, 1989,

(2):183 192

Mhaskar HN, Micchelli C A. Approximation by Superposition of Sigmoidal and Radial Functions. Advances on Ap—

plied M athematics, 1992, 13:350 373

Cybenko G. Approximation by Superpositions of a Sigmoidal Function. Mathematics of Control, Signals and Systems,

1989, 2(4):303 314

Ito Y. Representation of Functions by Superpositions of a Step of Sigmoidal Function and T heir Applications to Neural

Network Theory. Neural Networks, 1991, 4:385 194

Hornik K. Approximation Capabilities of Multilayer Feedforward Networks. Neural Networks, 1991, 4:251 257

Chen T, ChenH, LiuR W. Approximation Capacity in C(R") by Multilayer Feedforward Networks and Related Prob—

lems. IEEE Trans on Neural Networks, 1995, 6( 1)

Chen T, ChenH, LiuR W. A Constructive Proof of Cybenko’s Approximation T heorem and Its Extensions, Comput—

ing Science and Statistics. Lepuge and Page (Eds.) In Proc 22nd Symp Interface, East Lansing, Michigan, 1990: 163
168

Moshe Leshno, et al- Multilayer Feedforward Networks with a Nonpolynomial Activation Function Can Approximate

Any Function. Neural Networks, 1993, 6: 861 867

Hornik K. Some New Results on Neural Network Approximation. Neural Networks, 1993, 6: 1069 1072

Chen Tian Ping. Chen Hong- Approximation T heory Capability to Functions of Several Variables, Nonlinear Function—

als, and Operators by Radial Basis Functional Neural Networks. IEEE Trans on Neural Networks, 1995, 6(4):904

910

Lippmann R P. Pattern Classification Using Neural Networks. IEEE Commun Mag. 1989, 27:47 64

J Park, Sandberg I W. Universal Approximation Using Radial Basis Function Networks. Neural Computation, 1991,

3:246 257

Park J, Sandberg I W. Approximation and Radial Basis Function Networks. Neural Computation, 1993, 5

Girosi F, Poggio T. Networks and the Best Approximation Property. Biological Cybernetics, 1990, 63:169 176

Jonathan Wray, Gray G R Green. Neural Networks, Approximation Theory and Finite Precision Computation. Neural

Networks. 1995, 8(1):31 37

Tyler Holcomb, M anfred Morari. Local Training for Radial Basis Function Networds: Towards Solving the Hidden U-

nit Problem. American Control Conference, 1991: 2331 2335

ChenS, Cowan C F N, Grant P M. Orthogonal Least Squares Learning Algorithm for Radial Basis Function Networks.



: RBF 283

31

32

33

34

36

37

38
39

40

41
42

43
44
45
46
47
48
49
50

51

52

53

54

55

56

IEEE Trans on Neural Networks, 1991,2(2):302 309
Chen S, Billings S A, Grant P M. Recursive Hybrid Algorithm for Nonlinear System Identification Using Radial Basis
Function Networks. Int J Control, 1992, 55(5): 1051 1070
Monica Bianchini, et al. Learning without Local Minima in Radial Basis Function Networks. IEEE Trans on Neural
Networks, 1995, 6(3):749 755
Qin S J, McAvoy T J. Nonlinear PLS M odeling U sing Neural Networks- Computer & Chemical Engineering, 16(4):
379
Asriel U Levin, Kumpati S Narendra. Recursive Identification Using Feedforward Neural Networks. Int J Control,
1995, 61(3):533 547
Suni Elanayar VT, Yung C Shin. Radial Basis Function Neural Network for Approximation and Estimation of Nonlin—
ear Stochastic Dynamic Systems. IEEE Trans on Neural Networks, 1994, 5(4):584 603
M artin Pottmann, Dale Seborg. Identification of Nonlinear Process Using Reciprocal Multiquadric Functions. J Proc
Cont, 192, 2(4):189 203
Sanner R M, et al. Gaussian Networks for Direct Adaptive Control. IEEE Trans on Neural Networks, 1992, 3: 837
863
Pottmann M, Seborg D E. A Nonlinear Predictive Strategy Using Radial Basis Function Networks. Preprints of the I—-
FAC Symposium DYCORD, College Park, MD, 1992: 309 314
Hunt K J, Sburburo D. Neural Networks for Nonlinear Internal Model Control. IEE ProcD, 1991, 138:431 438
Nahas E, Henson M A, Seborg D E. A Nonlinear Internal Model Control Sirategy for Neural Network Models. Comp
Chem Eng, 1992, 16: 1059 1057
Martin Pottmanm, Dale E Seborg. A Radial Basis Function Control Strategy and Its Application to apH Neutralization
Process. The Second European Control Conference ECC’93, Groningen, the Netherlands, 1993

, 1995
Parisini T, Zoppoli R. Radial Basis Functions and Multilayer Feedforward Neural Networks for Optimal Control of

Nonlinear Stochastic Systems. International Joint Conference on Neural Networks, 1993: 1853 1858

,1993

, . ) L1995, 12( 1)

, . ) ,1995, 12(2): 147 153
, . . ,1995,10(2): 465 469

Joseph B C, Brosillow C B. Inference Control of Process. AIChE], 1978, 24(3)
McA voy T J. Contemplative Stance for Chemical Process. Automatica, 1992, 28(2):441 442

R . . R , 1993: 324 329
Roger J S, Sun C T. Functional E quivalence between Radial Basis Function Networks and Fuzzy Inference Systems.
IEEE Trans on Neural Networks, 1995, 4(1):156 158
Roger J S. Fuzzy M odeling U sing Generalized Neural Networks and Kalman Filter Algorithm. In Proc Ninth National
Conf Artificial Intelligence, 1991: 762 767
Roger J S. Rule Extraction U sing Generalized Neural Networks. In Proc 4th IFSA World Congress, 1991
Roger JS. ANFIS: Adaptivenetwork -based Fuzzy Inference Systems. IEEE Trans on System, Man, Cybern, 1991
Ronald R Yager. M odeling and Formulating Fuzzy Knowledge Basis Using Neural Networks. Neural Networks, 1994,
7(8):1273 1283
Asim Roy, et al- An Algorithm to Generate Radial Basis Function (RBF) dike Nets for Classification Problems. Neural
Networks, 1995, 8(2):179 201
Huang Sunan, Shao Huihe. Application of Pattern Recognition to Ethylene Production Optimization. Eng Applic Artif
Intell, 1994, 7(3):329 333



284 26

THE THEORY OF RBF NEURAL NETWORK AND ITS
APPLICATION IN CONTROL

WANG Xudong SHAO Huihe
(Institute of A utomation, Shanghai Jiao Tong University —200030)

Abstract T his paper first surveys the structure, types, approximation theory, and training methods of
the RBF neural network, then analyzes the advantages and problems. At the same time, some typical appli-
cations in control have been discussed. At last the new trends of the applications in control are pointed out.

Key words RBF neural networks, universal approximation, best approximation, predictive control, in—

ternal model control, soft sensor, optimization of operation
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