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Latent energy flux (LE), the exchange of energy between the land and atmosphere, is closely linked to
crop water use and is an essential metric for crop water management. Traditional process-based models
depend on vegetation parameters that change during the growing season. Data driven models using
proximal remote sensing data have the potential to address this but require careful predictor selection.
This study presents a comprehensive assessment of machine learning (ML) models to assess the utility
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Results

ML models using only three predictors (one meteorological and two proximal remote sensing) captured
81% of LE variability and offered the best trade-off between performance and complexity. A model
with four environmental predictors with two proximate remote sensing variables captured 88% of LE
variability. An ML model using one proximal remote sensing and one meteorological variable captured
77% of LE variability.

(a) The field observations used in this study. (b)
Variable combinations used to formulate the four
primary model categories evaluated for the

prediction of LE. (PAR = photosynthetically active
radiation, VPD = vapor pressure deficit, Ta=air temperature,
U=wind speed, NVDI = normalized difference vegetation

Significance/Impacts index, LST = land surface temperature)

These results demonstrate the power of proximal remote sensing and meteorological observations to estimate land-atmosphere water vapor exchange, providing a
solution in cases where more direct methods such as eddy covariance are not available.
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