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Background and Motivation Hybrid Al Framework for Soil Moisture Modeling

* Agriculture accounts for ~80% of consumptive water use in the U.S. 1) Hybrid Uncertainty Quantification (UQ)
* Improving soll moisture retention reduces Irrigation demand and

associated energy consumption. v ML observer corrects systematic errors in the API baseline model.
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2) Physics-Informed Neural Networks (PINNSs)

Monitoring and Modeling Soil Moisture

*Soil moisture Is the water stored in the soil profile. N v PINN training rule integrates the APl model with Kansas Mesonet data.
* Accurate monitoring and modeling strengthen drought resilience. N
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» Statewide network of automated weather stations providing real-time « Hybrid Al achieved the highest predictive

meteorological data. oo accuracy.
* API leverages historical observations to support data-driven prediction Data-driven RF - * PINN provided the best overall
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2. Protect groundwater resources.

3. Improve drought resilience (aligned with
NIDIS)
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