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Comparison and research of grain productionforecasting with
methods of GM (1 ,N) gray system and BPNN
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Abstract Based on the project of National Grain Warning System, aiming at predicting the grain output of China, this
paper has compared and analyzed forecasting performances o three methods, namely step regression, BP neural net-
work and GM(1,N) gray system. According to the principle of calculable and having agricultural significance, we chose
twelve important effecting factors, and established respective forecasting model with the above three methods. Results
showed that the average error o the method of BPNN was 1.44 % and its average forecast error on five years could
reach 2. 89 %, which is better than the other two methods in performances. It can be used in the project of National
Grain Warning System. Fnally the paper lists feasible methods to optimize the BPNN farther.
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Tablel Threeforecasing moddsof seven factors, curve fitting result of independen sample from 1999 to 2003 t
1998 1999 2000 2001 2002 2003 I %
51229.5 50838.6 46217.5 45263.7 45705.8 43069.9
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92.5 119.6 760. 5 1771.3 1615.8 20.9 563. 39
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