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9. [(04] [-11] 100 Xy :
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Z=sin(x)+y>. 9)
K-Means ,OLA,PLS PCA RBFN ,
OLA,PLS PCA 1. 1 2.
Tablel The modeling effects of RBFNs based on K-Means algorithm and OLA
1 K-Means OLA RBFN
Number of K-Means OLA
radial bases Average relative error Average relative error Average relative error Average relative error
of self-test (%) of prediction (%) of self-test (%) of prediction (%)
8 123.70 68.83 82.96 18.94
12 103.05 58.18 17.00 9.67
20 16.10 22.19 4.90 5.60
, K-Means , , )
Table2 The modeling effects of PLS and PCA based RBFNs
2 PLS PCA RBFN
Average relative error of Average relative error of Average relative error of Average relative error of

Number of SRB self-test with PLS (%) prediction with PLS (%)  self-test with PCA (%)

prediction with PCA (%)

8 7.13 6.29 7.40 6.57
12 3.59 4.94 8.01 5.86
18 0.33 0.2 0.4 2.04
24 0.05 0.2 0.15 0.87
PLS PLS
PCA s PCA
1 2 , K-Means RBFN , (
PLS PCA ) RBFN OLA RBFN.
RBFN
2 , , PLS PCA
PLS PCA , PLS GAs ,
3.2 2
PRBFN Y ,
, GAs
1. PRBFN 8,
, ( : ,
" ” , 113 ” ) .
o’ :
( ), o’ ( ).
(10) dz,. (11) o
2 P
i = Mem{ el x ) | a0
Low=d2 /p and Up=d2,  p. (11)
' P ( , p=20 ).
“ " (M-Width)
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GAs , M-Width (11) )
3. , “ " N=15, £ =2.6017, ¢ =0.4546
4.96%, “ " aizzl . "
6°=1.2620 , 6.96% “ " 4.96%.
“ " o =1.2620 " (1.1639,0.5410
0.7692)

Table 3 The effects of various determination methods for radial basis width
3

Width determination method Average relative error of self-test (%)

Average relative error of prediction (%)
2
a =1
(based on the same width ) 7.13 6.29
N=15 £=2.6017 2=0.4546
(based on the different widths ) 4.96 8.36
2. 1%, : (8) ,
k =13, N =9, ¢ =2.1130 a =0.1973, 0.83% 1.22%.
, 13 1%, PRBFN
. (8) PRBFN
3.3 3
(12) May . v 29 1, 100
(v=29, 0.1). , 100 99 , 70
, 29
pneN:p+V'p'(1_ p) (12)
(€] PRBFN 2, 4 “ " X y
(2 5%, 6 "
N =35, ¢ =0.0870 « =0.3189 ,PRBFN 3.98%
2.77%.

Table4 The effects various determination methods for radial basis width

4
Width determination method Average relative error of self-test Average relative error of prediction
% =0.0067
(based on the same width ) 17.85 15.68
N=6 x« = 0.0972 « =0.3214
(based on the different widths ) 13.08 10.90
, 1 PLS RBFN , 2 3
, GAs
) PRBFN , RBEN
RBFN , PLS RBFN )
PRBFN. PRBFN

(1) PLS
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RBFN Structure Deter mination Strategy Based on PLS and GAs*
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Abstract: In view of the drawbacks of the conventional structure determination strategies for RBFN (radial
basis function network), a RBFN structure determination strategy based on PLS (partial least squares) and Gas
(genetic algorithms), and a more effective determination method for radial basis width are proposed in this paper. In
this structure determination strategy, PL S avoids the local optima occurring in the process of calculating radial basis
with K-Means algorithm and makes the synthesized radial bases more representative than the radial basis got by
orthogonal algorithm. Furthermore the proposed determination method for radial basis width and GAs guarantee the
substantial improvement and optimization on the networks performance and structure. Finaly, the experiments
demonstrate the superiority, the reliability, and the effectiveness of the proposed RBFN structure determination

strategy based on PLS and GAs, and the proposed determination method for radial basis width.

Key words: radial basis function network; cluster; orthogonal algorithm; partial least square; genetic algorithm
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