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Abstract

Grassland is an important land resources and material wealth in our country. It is an important
raw material base for the development of a variety of industrial economy, and an important feed
source for livestock production. The state has effectively improved the grassland ecosystem and
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people’s livelihood through the policy of “returning grazing land to grassland”, but it still needs to
find a reasonable grazing land management policy to maximize the productivity of each region
and maintain the long-term sustainability of social ecology. In this paper, a model was established
to predict the soil moisture of grassland at different depths in 2022 and 2023 under the condition
that the grazing strategy remained unchanged. A soil moisture prediction model was established
through data mining technology, and the model was verified. First, the mapping relationship be-
tween soil moisture and various factors was established. The Elman neural network model and
regression equation were used to predict the physical factors affecting soil moisture, and the ac-
curacy between the two was compared. Finally, the BP neural network prediction model was used
to solve the soil moisture. It is of great practical significance for formulating grazing strategy and
monitoring soil moisture in grassland.
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Table 2. Variable name
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Figure 1. Combined data trend
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Figure 2. Three layer BP neural network structure diagram
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Figure 3. BP neural network algorithm flow chart
3. BP M B A RIZE
169
~~ 200 cmiBE(HE{E)

168 F N . ===-200 cm}ﬂﬁ(ﬁﬂ]ﬁ)

167} el

166 | N\
g 165 \
M \i
= 100 .
L. ——10 cmiBE(HELH)
H 40 cmiB B (B {E) /

—— 100 cmiB EE(HEE)
80F - 10 cmiBEE(FAMIE) /
- - 40 cmi B (FIE) /
100 cmiE B (FIR{E) /
40+ /\
20
M——_-_-—-"/H‘

2012 2014 2016 2018 2020 2022
i

Figure 4. Fitting graph of neural network training set and test set
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Figure 5. BP neural network training results
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Table 3. Relative error between predicted value and actual value of BP neural network
52 3. BP ML FUNMES LIRMEREXIRE

10 cm 2% (kg/m?) 40 cm 7% (kg/m?) 100 cm 7% (kg/m?) 200 cm /% (kg/m?)
0.010219 0.012502 0.013279 0.000332
0.003101 0.002532 0.003207 0.000083
0.006123 0.001199 0.011136 0.000201
0.006535 0.006466 0.017914 0.000444
0.010005 0.008547 0.011010 0.000585

REE 0.002681 0.002778 0.010810 0.000404
0.000871 0.000419 0.000333 0.000063
0.003034 0.000660 0.005495 0.000098
0.010304 0.010880 0.014083 0.000467
0.000479 0.002081 0.000244 0.000065
0.000534 0.000655 0.000375 0.000005
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Table 4. Sample data segmentation method
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Figure 6. Test results and residual graph of Elman neural network training data

[ 6. Elman 02 P& 2R BRI G R SR = E

I 6 WA AT VR M BUIME S A L P58 G, R DUG H A 5] b 3530 R 17 F3 0 4 A
SE 2 B AR R ZE R R /N, 45 E AT 1R% Elman #2028 R TR, BE i i, 7T %645 Elman Fi28 i £ 155 7Y
AR g 5 - SBE3 FBE () A B DR 2 TR AL Xt 2022 £E T 2023 4EAS [ B %1 f R A 3R AT T

I FINAS 3 2022, 2023 AN IS ZIR SR (DL 3828 K &A1) Ik 5 B

3.4. 454 BP 1 Elman #4& MEIE R + %8 B RO 7

TSR RIS X IS 14 5 ) - SR B R ) PR DR R S 3N Matlab H ) Elman A4 [ 28 B i db AT
2022 A1 2023 4 (52N SRR L AN ER AR I TN, FRREIE Elman 22 X 2 A5 0 45 21 (K 2l 3
\ Matlab H11f) BP #1228 45 A58 pxsf 2022 4R 2023 4F -4 FE R T, B4 45 SR T 434055 6 FivR o

DOI: 10.12677/m0s.2023.121053 579 e RSE TR


https://doi.org/10.12677/mos.2023.121053

NG, REFRR

Table 5. Weather values at different times in 2022 and 2023 (taking soil evaporation as an example)
2 5.2022, 2023 EARRMRIXRSEALIEZR L = HHG)

F4 A TEEREWM)
1 0.41
2 0.28
3 5.58
2022
4 10.54
12 1.28
1 0.97
2 0.66
3 2.08
2023
4 10.65
12 0.78
Table 6. Prediction results of soil moisture at different depths in 2022 and 2023
% 6.2022 .\ 2023 FARIRE LRI E UM R
#4 Bf 10 cm i@ (kg/m?) 40 cm &% (kg/m?) 100 cm & & (kg/m?) 200 cm & (kg/m?)
04 13.29 4413 66.99 166.53
05 12.57 34.22 35.56 167.37
06 18.30 53.03 68.72 166.09
07 20.04 59.55 86.04 167.06
2022 08 16.46 56.81 44.28 170.57
09 12.64 29.16 45.15 167.80
10 13.40 40.56 59.05 167.11
11 13.49 28.27 57.18 166.03
12 14.38 36.40 45.55 166.77
01 9.77 34.72 36.92 168.70
02 8.35 30.08 49.94 167.86
03 12.60 40.00 74.01 166.78
04 12.98 42.12 46.33 168.81
05 13.80 40.16 57.36 166.34
06 16.40 44.93 54.55 167.38
2023
07 22.18 42.96 16.89 167.27
08 20.84 46.62 67.31 166.04
09 21.06 53.81 59.74 164.75
10 14.79 48.24 80.87 165.63
11 15.17 43.30 43.43 166.67
12 13.24 45.62 102.86 163.30
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