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Mahendragarh (MAH) 35 mm Loamy sand @q%%gzgg}b@’;@z@:nggg‘cjbgg’\mgg‘%:&g?&\g&\,}b&,’kg%@,2&9\%@0%0\,‘239\9%&0%&2&%@’5 surrogate models. Test set included entire dataset of the other "
Bhilwara (BHIL) 17 mm Sandy loam Harvesting vear district as all of it was unseen domain for transferred model. » A hybrid approach to develop a parsimonious tree-based ML model that can predict
Fig. 3. Time series plots showing observed and calibrated ACOSP model wheat yields with good accuracy with feature contributions was shown.
StUdy periOd: 26 seasons, 1997-98 to 2022-23 Whgat yield values from 1998 to 2023 for (a) Mahendragarh and (b) * Yield Surrogate can be combined with irrigation Surrogate model to create a local
Data source: Bhilwara RF level decision support system to provide yield as well as irrigation water estimates for
Min. and max. temperature, India Meteorological Department Table 1. PSO-based calibration performance metrics for AquaCrop-OSPy MAH BHIL 0.927 0.106 different irrigation strategies.
Rainfall (IMD) model BHIL MAH 0.81 017 « Faster simulations are critical enabler of scenario-based optimizations which allows
Observed crop yield data  Minisiry of Agriculture & Farmers District | RMSE (tha) |NRMSE (%)| R? | Pearson's correlation (r) XGBoost stakeholders to take data-driven decisions.
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