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Abstract: Rice as an important food crop in the world, so the rapid and accurate acquisition of its growth status and yield
information is of great significance to ensure the safety of cultivated land resources and food security. In this study, the enhanced
spatial and temporal adaptive reflection fusion model (ESTARFM) was used to predict the key growth data of rice, and the eddy

covariance-light use efficiency (EC-LUE) model was used to invert rice above-ground biomass. The accuracy of the two models

was verified, respectively. The results showed that the
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of above-ground biomass of rice was 0.630 (P<0.001). The spatial resolution and time resolution of the EC-LUE model-driven

data are the key factors that constrain the accuracy of inversion results.
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Fig.1 Schematic diagram of sampling points in the study area
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