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Improved Informer Model for Alfalfa Soil Moisture Prediction

WANG Jing,LIU Rui® , YANG Song-tao,GE Yong—qi
(School of Information Engineering ,Ningxia University, Yinchuan 750021 , China)

Abstract ; Accurate prediction of alfalfa soil moisture is crucial for improving water resource utilization and reducing smart agriculture in-
vestment costs. In view of the issues of short prediction cycle,low accuracy,and insufficient spatio—temporal prediction in traditional soil
moisture prediction methods,we propose a Spatio—Temporal prediction method called FFT - ST - Informer that integrates Fast Fourier
Transform. Firstly,an independent spatio—temporal embedding layer is added to the traditional Informer model to capture the complex
spatio — temporal correlations between variables. Then, based on the correlation analysis between soil moisture conditions and
environmental factors, rainfall and irrigation volume are selected as key environmental factors. The FFT is utilized to extract the
frequency domain characteristics of data sequences with prior knowledge of a certain period, which are then incorporated into the model.
In addition, the ProbSparse self—attention mechanism in this model can effectively extract important contextual information from spatio—
temporal data. The FFT-ST-Informer model uses meteorological and soil data collected from the self—drained Yellow River irrigation
area in Ningxia as input. Experimental results show that the performance of the FFT-ST-Informer model is significantly better than that
of traditional models, with improvements of 56.9% ,64.4% ,and 0. 12% in terms of mean absolute error (MAE) ,root mean square error
(RMSE) ,and coefficient of determination ( R?) evaluation metrics compared to the LSTM model.
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