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Development and Regional Application of a Machine Learning-Based

Evaporation Estimation Model Using Reanalysis Climate Data
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Abstract

Evaporation is a fundamental component of the hydrological cycle and plays a critical role
in irrigation management and water resource planning. However, the limited spatial coverage
and discontinuity of Class A pan evaporation observations across Taiwan severely constrain
the applicability of conventional spatial interpolation techniques, particularly in ungauged
regions. To overcome this limitation, the present study proposes a station-independent
evaporation estimation framework that leverages high-resolution reanalysis climate data from
the Taiwan Climate Change Projection Information and Adaptation Knowledge Platform
(TCCIP), specifically the Taiwan ReAnalysis Downscaling dataset (TReAD). The core
modeling approach is based on the eXtreme Gradient Boosting (XGBoost) algorithm,
incorporating a suite of meteorological variables—including solar radiation, wind speed,
temperature, relative humidity, atmospheric pressure, and precipitation—alongside temporal
descriptors. A Leave-One-Station-Out Cross-Validation (LOSOCV) strategy is adopted to
emulate ungauged conditions by iteratively reserving each station for testing while using the
remaining stations for model training. The model is trained and validated using observational
data from 23 Central Weather Administration (CWA) stations distributed across northern,
central, southern, and eastern Taiwan, with detailed evaluation conducted at three
representative sites: Taipei, Chiayi, and Taitung. The model yields mean absolute errors (MAE)
of 0.86, 0.77, and 0.95 mm/day and coefficients of efficiency (CE) of 0.95, 0.85, and 0.81 for
the respective sites, underscoring its robust spatial generalization capacity and predictive
stability. These results demonstrate the viability of reanalysis datasets as reliable surrogates for
in-situ observations and affirm the practical utility of the proposed model for evaporation
estimation in data-sparse or ungauged regions, with significant implications for enhancing the
precision and operational efficiency of irrigation scheduling and water resource management.

Keywords: Evaporation estimation > Reanalysis climate data > Machine learning > Spatial
generalization > Cross-validation
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