Data Assimilation with the Ensemble Kalman Filter using Integrated Subsurface Flow Models
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Motivation and Aim Methodoloc
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» Integrated subsurface flow: vadose zone and groundwater — 2D groundwater flow
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» Which observations should be used?

» How should they be used? ™ estimated by the model
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» Updating the deep vadose zone along with the groundwater gave best estimates ol ) ~ SN | .
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» Groundwater recharge predictions improved after parameters were updated by DA

RMSE,, Increases _ _ _
Improved recharge estimates, when DA Is turned off

> For root zone soil moisture estimates

» knowledge of soll layering matters
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» assimilating observations from both compartments is beneficial




