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Abstract A hybrid two-step second-order batch approach is presented for constructing and training
radial basis function (RBF) neural networks. Unlike other RBF neural network learning algorithms,
the proposed paradigm uses Newton’s method to train each set of network parameters, i. e. spread
parameters, mean vector parameters and weighted distance measure (DM) coefficients and output
weights parameters. For efficiently calculating the second-order equations of Newton’s method, all the
optimal parameters are found out using orthogonal least squares (OLS) with the multiply optimal
learning factors(MOLFs) for training mean vector parameters. The simulation results of the proposed
hybrid training algorithm on a real dataset are compared with those of the recursive least square based
RBF(RLS-RBF) and Levenberg-Marquardt method based RBF(LM-RBF) training algorithms. Also,
the analysis of the training performance for optimization of each set of parameters has been presented.
The experimental results show that the proposed hybrid optimal weighted DM training algorithm,
which is based on the optimization of the mean vectors, weighted DM coefficients and spread
parameters, has significant improvement on training convergence speed compared with that of RLS-
RBF and has very less computation cost compared with that of LM-RBF. It confirms that Newton’s

method solved by OLS is a significantly valuable method for training the RBF neural network.

Key words radial basis function (RBF) neural network; Hessian matrix; Newton’s method;
orthogonal least squares (OLS); weighted distance measure ( weighted DM); multiply optimal
learning factors (MOLFs)

B OE ORET RS MRS N F (weighted distance measure, weighted DM) A& 2% 84 #5 & #= 9 %
RBF (radial basis function) A 2 WM& @ F AR E F. L FE£7 3T DM 2% A%t ah L, XA
Newton x4 Al st 2@ R R0 B E A HMEa A R IE BN E R B AL B ARMEH# T T AL,

W tE B H:2014-04-27 ;18 B HH#3.2014-12-23
EEWH HEAARFAIEEHH (51473088) 5 IR A FHEK I H (2012GGE27069)



1478

HENMR SR E 2015, 52(7)

FAEAMAL T A2 A B OLS(orthogonal least squares) i & K Newton 36 5 #2240, @ LI HE, <
5 T Newton xEA SN S @ F A RBF M& N 4o %, m LLE T RAMKALIK DM 5
RLS-RBF (recursive least square RBF neural network) M &I 2k L ik e9 0 s Ao it LR A, P13 3 89
2R P A T AL A S A m A DM-RBF M & 45 F 5k 8 ik B b RLS-RBF M& D 4 E &k F 0. m
H A At LM-RBF (Levenberg-Marquardt RBF) 91| 4 & % # s 643 H & A, A m 38 OLS K &g

Newton % s #£4& RBF M % A4 A A & % 5 A ML,

K§H

HmEESES TPI83

1% 1) FE PR %X (radial basis function, RBF) [ 4%
JE— AP WEB 3 2T 4%, H TR AN AR B R
HRTHRE 1 2 00 AL A ST BF 1T RBF
W 28 iz o Ry 1 TR SR 22 oo A AR ) R B S 1A
45 E SRR AR 1) R R B G ) RBE 19 45 91l 5
FIERE S TE — D BB N R 4 b 0 A A B 2 o0&
LEPRALY . RBF M4 BLE 2 I H T 2448k, an
P R R DU kL B O A RS L BL R 2
WTE i U & PR BIL e R ASELT SR K A7 T R e
JF JEL ¢ B S R, RBE ) 4 #E HLAR N T L )
2 JH S TN 5 T LA TTIZ R

i RBE W26 0] 73 i = KA

D TR, % 28 R W 246 19 BT A S 508 2 Tl
JelbE s AT EIN Gk, X FIE O T » i T R0 28 RS R
R L R Ag PR 1226 8 RBE W 28 504 £ 70 g
F B 1A

2) PUNGRAR . A 4% 1 B 2 S U 8 ok
Ja K E— S R WU T A B HAREE A,
2R 2B X i 2 2 80R B/ ek kAT

3) SEAYIRTY. % 2T M 4 BT A 1S 5RTAL
A0 300 ok — el I 2 55 T A B B 2 > L 4 s SR
1248 7 — MR G A, BB GREREW
k-means 55K 5 E RBE /) 45 Y4 7] 5 LA & W B
27 >0 Ok S IR 2 3 a2 A AL s SR (13 ]
P HH TR B I R B R BT RBEF 00 2% 23 850 (44 (L [7)
i 5 S H0m i DL AUE.

Toie 2 U 25 i J2 58 A I 2 B A 22 1Y) RBF %)
HKORAMINGRE FTER M 2= d 0
EUY L — B O R O K. 280 1 e 8 T 1
WA S R SR NI B KL A Tz R R B
T B (gradient descent) 2% k. JR4E — [ ik L
T A RS [ JEE  EAE LE T i A B {0 3 25 X
RO iR Y [B) A DR G E A SR A f. 5 Newton %
AR —FRFNFE LI EF Bkt Levenberg-
Marquardt (LMD 30 4 Fb— B 5 32— ik B

126y A KAt 2 W 2% ; Hesslan 48 1% ; Newton 5% 5 E R 52D = ek W& R B b R F 5T BT

A S RO B T AR A R T
TN [R) . RO, B A RS BB B (steepest
descent) — B J7 ¥ A1 — By Newton % W) 5 15 il K i
PR 24 FOR Ak 1) B 1 B A T R SRR

TEVIZRBEA Ty L BR 17 #84r RBF M 45 2k 1] &
FUNRBE A, fnad ) A K 87 B RBE (generalized
growing and pruning RBF, GGAP-RBF) [ £,
RZH RBE W 2% 27 ] Jk R HIb b A0, Sy 1
25 10 2% RS AT SE I Y P e A B )R R
JUHRCH BTV AR AT AL G2 R AL RBE W) 4% 53 5 5o
W22 AR R T BB A AR M X R Bk
7 AR A T 4R 2% vh il g BT A RN S B OR ] — b R
F 1IE &2 % /N — 3 (orthogonal least squares, OLS)
RS AL OLS X 42 % 52 W 28 0 AT T AR e 607 45
W S AR AR, O T DRI AR O A B O R AR
WRPIZALRE ) PSR T — Fh RS T ) 4R
TEFE AN B 1F W Ak O ¥ 0 0F W) Ak AT ) 4R
(regularized subset selection, RFS) 3k,

WX RBF W 2 Il 25553 iy i s A AR 2,
FEFEE NI T RBF M40 2 S Bk,
A HEY B SE T RBF W 4% 1) B 2% ) Bk
RBF % 4% 1) 72 ] 1) 3850075 4 b 5% Ak Sy i B SR 36 1
B sz B8 AT RS 1 RGP RICR. IS 48 itk RBEF [
2K 18 Wig S R R A PR AT S — S AR A ke i i) R

BER b ) R, A SCAR T 04 S Il e A% ¢
RBF [ 45 1) 25 ¥ Ko AH G 00 852 4 3k L 9K Ja X% ge il
G HEAT T IR R A B4R T AT
Newton % ] RBE R 2% — B Il 2R 550325 . O o K=
S B E Tk 4H Bk A RUE.

1 RBF [0 & 25 44 [@ i
ARATFATHG 1 S5 41 RBF [ 4% () — 26 4l iR 75

S HEEM R G T IA RBF il 2355 vk A2 70 1 — 8k
[] L.



2% WS T Newton B I ZRA% 1) I bR 20pf 22 ) 2% 1 S0 T 52

1479

1.1 &% RBF £ F4RiE
AN — etk AT E AL 58 3 JR 2% RBF W
LRV BRI 1 TR

Woi(1,1)

Woi (M, N+1)
Hidden
Layer Layer Layer

Unsupervised
Input Linear Layer

Supervised
Linear Layer Output

Fig. 1 Topology of a fully connected RBF neural
network.
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different parameters of RBF neural network.
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