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Abstract

This paper focuses on the Xilingol Grassland in Inner Mongolia as a representative research area.
In response to the need for precise predictions of soil moisture within grassland ecosystem
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management, we propose a regression hybrid model that integrates time series analysis with BP
neural network methods. The objective is to achieve dynamic predictions of soil moisture at various
depths. Utilizing long-term observed datasets of soil moisture, evaporation, and precipitation from
2012 to 2021, this study employs a three-stage modeling approach: (1) A single-hidden layer BP
neural network model is constructed, using evaporation and precipitation as input variables to di-
rectly output predicted values of soil moisture at different depths; (2) The X11 model is applied to
decompose the time series data of soil moisture at each depth into seasonal components, trend com-
ponents, and random components. Subsequently, the Holt-Winters three-parameter exponential
smoothing method is employed to establish the time series prediction model; (3) The prediction
results from both individual models are integrated through an optimal weighted fusion strategy to
construct the final regression hybrid model. The verification results indicate that this hybrid model
significantly outperforms individual models in terms of predictive accuracy (MSE = 70.07; R2 =
0.93). It effectively captures both vertical distribution characteristics and seasonal dynamic change
patterns of soil moisture. This provides a robust scientific foundation and technical support for pre-
cise management practices in grassland ecosystems as well as optimal allocation strategies for wa-
ter resources.
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Figure 1. Prediction process of soil moisture at different depths
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Figure 2. Time series prediction process
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Figure 3. BP neural network structure
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Table 1. Prediction results of soil moisture at different depths in 2022 and 2023
12022 5\ 2023 FAERE TIRTE BTN R

IR tEpan
G VERY:) - : : :
10 cm VR /E (kg/m?) 40 cm {B/F (kg/m?) 100 cm VB (kg/m?) 200 cm Y& /E (kg/m?)

47 15.35 49.21 75.69 165.67
5H 17.14 51.96 94.14 166.10
6 H 18.67 53.98 92.99 166.06
7H 20.69 62.04 97.46 166.02

2022 8 H 19.68 58.61 100.67 165.96
9H 18.62 54.13 80.51 166.09
10 A 16.94 51.55 81.52 165.41
11 H 14.34 48.73 76.90 165.62
12 A 13.56 49.65 79.16 165.55
1H 13.23 49.00 76.74 165.71
2 H 12.75 48.98 76.03 165.72
3H 13.35 47.96 72.19 165.87
4 H 15.69 50.31 75.73 165.68
5H 17.14 51.96 94.15 166.10
6 H 18.67 53.98 92.99 166.06

2023
TH 20.69 62.04 97.46 166.02
8 H 19.68 58.61 100.67 165.96
9H 18.75 56.48 82.94 165.99
10 A 17.26 52.70 81.52 165.47
11 A 14.39 48.68 76.78 165.63
12 H 13.57 49.67 79.16 165.55

A A 252 LA AN TSR B T el 2 P 2 B, T 0 8 3R P ) AR Aka 35 (14 4)
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Figure 4. Comparison of soil moisture prediction at different depths by three models
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Table 2. Evaluation indicators for the predicted and true values of soil moisture
2. DIEEETUNES ESERNITNIER

itk it MSE R2

] 8] 7 371 85.32 0.876
BP £ M 4% 92.47 0.842

[ HRA 70.07 0.931
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ARSI AR A I IR PP AR AT BP0 R 2 AR TR ) PN 25 58, TR Rl ) [ V1 e 5 R 2R I 2240
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