16 5 FA % % ® F K Vol. 16 No. 5
2007 10 Journal of Systems & Management Oct. 2007

: 1005-2542(2007) 05-0563-05

&R, FAR, FAM
(1. . 5290205 2. . 528000)

[ 1 & BRI AR AU 694F 2R 25T R — LA B ) P € AR 251 R 2 A AR i
FUA B 26T LER 9IRS B ATF 4914508 2 AT (AR S R R X F ik, f P 26 T 45 R R R AR 3
£ RN, AA AR E AR TN AR EAR S T A AR E R AR, A A RBER B
vk, 45 AR LB AL IR 1) AL, B B SR EE ARG AR P, BT LT AT 8Y T B iR £ RS A T ik Ae T
MR ik, Rk T 2 ST AR ARG HX R BHATT K19, 53R R, ik TAT, A
£t RN TAE IR

AP BR 2%, FRA; RAL
:TU 4

Neural Network Study on Random Problem

PAN Hua', LI Ben-gqiang', LEI Yuan-xin’
(1. Wuyi Univ., Jiangmen 529020, China; 2. Foshan Univ. , Foshan 528000, China)

[ Abstractl The study on artificial neural network dealing with random samples is a challenging problem.
For an artificial neural network model, the choice of the error of training and the evaluation of the predie-
ted results is concerned. To our knowledge, the error of training is mostly chosen by triat and-error. The
predicted results were often evaluated by using relative error method, and it is often regarded that the less
the relative error is, the better the predicting precision is. But these methods are no longer fitted for ram
dom training samples. T herefore, combined with the design of concrete mix proportion, by taking into
account the stochastic characteristic of training samples, a new method for determining training error and
evaluating predicted results of a neural network model was studied. Several formulas for random training
samples were provided. In the end, a practical example was given. Experimental results justify that the
method studied in this paper is useful, and its conclusion is close to engineering actualities. It has certain
practical significance.
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1 /
c/ F/ S/ G/ AD/ wi/ MPa mm mm
kg kg kg kg kg kg ( / ) ( / ) ( / )
1 265 135 824 1 006 8.8 170 51.0/51.3 22.0/22.2 59/58.3
2 265 170 870 979 7.4 185 52.2/53.2 23.5/21.8 60/61.9
3 265 180 857 28 7.56 170 54.6/60. 6 25.5/23.4 65/ 60. 4
4 370 135 701 1 009 8.59 185 61.5/58.2 23.0/22.1 62/62.8
5 370 170 760 930 9.18 170 73.1/69.9 24.5/24.2 63/62.7
6 370 170 804 871 11.8 185 67.5/68.9 25.5/24. 4 68/ 66. 8
7 420 180 734 896 16.8 170 70.2/73. 8 25.0/25.3 68/67.1
8 420 135 747 913 12.21 185 69.3/68.0 25.0/24. 1 66/ 66. 1
9 420 180 676 973 13 150 76.2/75.2 25.5/25.1 66/61.5
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