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Abstract: The key to construct a radial basis function(RBF) network is to select reasonable hidden center vectors, RBF
width and hidden node number. In order to design a RBF network with parsimonious structure and good generalization, a
new two-level learning hierarchy for designing RBF networks is proposed. At the lower level in this method, a parsimonious
RBF model is constructed by an integrated algorithm (ROLS+D-opt) which combines regularized orthogonal least squares
(ROLS) with D-optimality experimental design (D-opt). At the upper level, particle swarm optimization (PSO) is used
to search the optimal combination of three important learning parameters, i.e., the RBF width, the regularized parameter
and D-optimality weight parameter, which influence the network’s generalization ability. Simulation results show the

effectiveness of the proposed method.
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Fig. 1  Architecture of the two-level learning method
of the RBF networks
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Fig.2 Training samples and curve of the function y(z)
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Table 1 Comparison of different D-opt weight for scalar function modeling
X g I 2R AR ZEMSE X T AR AR ZEMSE [SRPSU VT Vs
D-opti &% 5

OLS+D-opt ROLS+D-opt OLS+D-opt ROLS+D-opt OLS+D-opt ROLS+D-opt
1x103 0.2859 0.3230 0.1193 0.0348 19 12
1x1072 0.2906 0.3242 0.0971 0.0352 14 9
1x107t 0.3103 0.3220 0.0674 0.0365 9 8
1x 10° 0.3161 0.3213 0.0587 0.0418 8 8

A2 3 ikIRITRBFRM &M At ks R
Table 2 Performance comparison of RBF network
designed with 3 methods

ez WARZE B R

Ji5(Bopt = 0.0127) EAL FREAH [F] BT AUE (Y i 2
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R B AD-B AR B BETE S, 9N T 1] AR R
WU RE FE AR, B T B [ T S .

110()]18;?)-?5; giizg 8:(1);451: B 4.2  BREPRERIHE IR (Identification of fuel furnace
A5k 0.3287 0.0271 9 modeling)
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Fig. 3 The function approximation curve of RBF network

designed with two-level learning method

TAMEAopt = 0.0842, popy, = 1.01154H [ S %L
WAE R, THSEROLSEL(B = 0)TEMIA SCHI L7 2]

2)]T, SR AT ER S AR 5 A 2 Ay (k) Ry (k).
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Table 3 Comparison of different D-opt weight for fuel furnace modeling

X UIZRAE AL TR ZMSE XA AL IR ZMSE R PR RIS
D-optBl %13
OLS+D-opt ROLS+D-opt OLS+D-opt ROLS+D-opt OLS+D-opt ROLS+D-opt
1x107% * 0.0244 * 0.2127 51 18
1x 1073 0.0129 0.0243 0.2773 0.2096 23 16
1x 1072 0.0174 0.0253 0.2879 0.2231 15 15
1x 1071 0.0218 0.1315 0.3246 0.4494 13 11

w3rp 7 FORWIH RO AT 5, SO
R, SRIBUBEATTEE.

PSSO ik hX, pFIB=A S5, S5, p
B3 2 X 1H] 43 550 b1 x 1078,1], [5,15], [1 x
1078, 1), B AR KL 7 2 N=20, vPaxig fF B
KLCOF REE = 0.4; SRl 20/0 L, 735t
FEF [Nopt, Popt Bopt] = [1 x 1076,11.1560, 0.0248],
JIT0T I 1) 35 P R B fope = 0.1803.

Ut AR SCRE A A, KAWL R T 3R Tk
W IFRBFM 25 1] — 26 = B L GEXS L. fEOLS+D-
optFIROLS+D-opt5i ik H, ZHIEHp = 5.0, 8 =
1 x 10~3; ROLS+D-opt5 % 1E A6 & % i DL 3y
JriksE 2 e NER P HERE Y, OLS+D-opt 774k
BARXT I SRAE 1) 24 2R 22 ds /s, AR e BT s vk 1 1Y)
a2, HIRR SR 2 Ik, 5OLS+D-
opt 7 ¥ EFROLS+D-opt J7 VA LU, A SCP 2 2% > T
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Table 4 Performance comparison of fuel furnace

modeling designed with different methods

SHoJRE O MRRIRZE BT
OLS+D-opt 0.0126 0.7027 37
ROLS+D-opt  0.0230 0.9963 26
ARICTTk 0.0209 0.1803 14
=y
1
0 50 100 150 200 250 300
k
65 T T T T
60l -~ RBEAL AL
_ — S .
X 55 °]
~
50 E
45 1 1 1 |
0 50 100 150 200 250 300
k

4 JRBERP SN (2 20) 5 RBF TN (R 28 L %
Fig. 4 The curves of fuel furnace practical output (solid) and
RBF network prediction (dashed)

5 45 (Conclusion)
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