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Abstract

Soil organic carbon is an important component of soil chemicals. A grey correlation model was Es-
tablished between organic carbon and chemicals, and conducting joint analysis with grazing inten-
sity. It is concluded that appropriate grazing can help improve the cycling of soil organic carbon.
Due to the large number of dimensions in the prediction data, A BP neural network model was se-
lected to predict effectively. PSO is used to optimize the parameters of the neural network model
and improve model accuracy. Finally a soil chemical substance prediction table was obtained.
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Figure 2. Schematic diagram of BP neural network structure
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Figure 3. Correlation bar chart
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Table 1. The results of the grey correlation model
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Figure 4. Regression curve of SOC and N
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Figure 5. Predictive values of soil organic carbon under MGI
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Figure 6. Predicted values of total nitrogen under MGI
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Table 2. Soil chemical composition prediction table
i 2. TIEUER S TN

WHRE el bwemm bwEam LRAW BN LERONE
G17 14.23 10.28 23.33 1.62 15.68
NG G19 15.46 6.81 21.72 1.83 13.12
G21 19.37 6.44 23.29 2.40 11.27
G6 15.78 6.64 21.78 1.95 11.95
LGI G12 13.86 10.70 23.89 1.73 14.63
G18 15.16 6.52 21.07 1.84 12.52
G8 14.07 6.22 19.31 1.87 11.90
MGl G1l1 14.00 8.51 21.95 147 16.80
G16 14.31 6.52 19.84 171 13.40
G9 15.62 4.66 20.96 1.96 9.99
HGI G13 13.45 10.57 24.02 1.62 16.18
G20 15.14 6.87 22.01 1.87 12.63
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