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Abstract

With the intensification of global climate change and the increasing demand for food security, the
transformation of agricultural production towards precision and intelligence has become an inevi-
table trend. Soil temperature and humidity, as key environmental variables that directly affect crop
growth, water resource utilization, and greenhouse gas emissions, require precise prediction to
support the implementation of smart agricultural management decisions. However, the precise pre-
diction of soil temperature and humidity faces challenges such as multi-factor coupling, strong non-
linearity, and significant spatial heterogeneity. To improve the prediction accuracy and support ir-
rigation optimization, yield estimation, and disaster warning, this paper focuses on the application
of deep learning technology in soil environment prediction, integrates intelligent optimization al-
gorithms to conduct in-depth research on the prediction method of soil temperature and humidity,
and addresses the problems of traditional long short-term memory networks’ reliance on empirical
settings for hyperparameters and limited model performance by proposing an LSTM hyperparam-
eter adaptive tuning method based on improved particle swarm optimization algorithm (OPT-PSO-
LSTM). First, a dedicated dataset for Northeast China, containing multiple source features such as
meteorology, time, and soil properties, is constructed and standardized. Secondly, using the global
optimization ability of the particle swarm algorithm, with the goal of minimizing the loss in the val-
idation set, the key hyperparameters of LSTM are automatically searched and optimized. Experi-
mental results show that this method performs exceptionally well in terms of optimization effi-
ciency and effectiveness. Specifically, OPT-PSO-LSTM achieves the best validation loss of 0.1638,
significantly outperforming grid search (0.1704), random search (0.1741), genetic algorithm
(0.1646), and particle swarm algorithm (0.1693). Its convergence process is also fast and stable.
The optimized model achieves reliable performance on the test set, with a soil temperature predic-
tion RZ of 0.8304 and a soil humidity prediction R? of 0.7565, effectively improving the prediction
accuracy and laying an adaptive parameter foundation for building a robust predictive model ap-
plicable to regional agricultural meteorology.
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Figure 1. Algorithm flow chart
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Figure 2. 2020 soil data analysis chart
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Figure 3. Soil temperature-humidity autocorrelation plot
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Figure 4. Monthly average change chart
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Table 1. Ablation experience summary table
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Table 2. Comparative experimental statistical results chart
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Figure 5. Comparative experimental visualization results diagram
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