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Abstract

As a large country of grain cultivation, it is very important to study the problem of grain yield pre-
diction in China. Although our country’s grain production is increasing steadily every year, the
factors affecting the change of grain production still exist, such as: grain planting area, effective ir-
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rigation area, affected area, fertilizer application amount and number of employees, etc., which
have extremely complex nonlinear relationship. To improve the prediction accuracy of grain yield,
the BP neural network and GRNN (generalized regression neural network) were compared, and
the neural network model, learning method and network structure were analyzed according to
the five factors affecting the prediction of grain yield. By optimizing the parameters of the network,
the prediction model of grain yield is established to accurately predict grain yield. This paper es-
tablishes a simulation model of BP neural network and GRNN based on the statistics of the Nation-
al Bureau of Statistics 1995~2019. The prediction results show that compared with the BP neural
network, the GRNN prediction accuracy is higher, the speed is faster, and the model is more stable,
which can be well used in the prediction of grain production.
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Figure 1. BP neural network architecture
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Figure 2. GRNN neural network structure
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Table 1. Model test set for grain production prediction

= 1. RRFETNREINRE

Xi X X Xy X; Y
2015 118,962.81 65,872.64 21,770 6022.6 27,035.25 66,060.27
2016 119,230.06 67,140.62 26,221 5984.41 27,036.25 66,043.51
2017 117,989.06 67,815.57 18,478 5859.41 27,037.25 66,160.72
2018 117,038.21 68,271.64 20,814 5653.42 27,038.25 65,789.22
2019 118,164.75 64,544.53 18,068 572535 27,039.25 66,384
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Figure 3. BP neural network training sample results
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Figure 4. GRNN training sample results
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Figure 5. Comparison of BP and GRNN test sample results
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