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Abstract : Physically-based models represent detailed surface/subsurface transfer, but the required spatial information does not allow their operational use.

» |n situ data on pesticides in a catchment are usually rare and not continuous in time and space.

» Satellite images well describe data in space, but only water related, and at limited time frequency.

The ADIMAP project aims to exploit these 3 types of information (model,in situ data, images) with data assimilation methods adapted to image data, in order
to improve pesticide fluxes simulation and estimates of hydrological parameters. This poster discusses the proposed methodology as well as the available study
site data and modeling components.

DA for pesticide transfer modeling
CATHY-Pesticide Hydrological model Twin experiments

Modeling pesticide transfer in a watershed is

particularly complex Simulation of virtual temporal series of

surface water images with CATHY

Coupled surface/subsurface flow and transport [1-7]

» Richards eq. for variably saturated porous media : »very high heterogeneity of the system
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Hypothesis: Deterministic Ensemble Kalman filter

Assimilating hydrological variables will improve the

The Morcille study site (Beaujolais) o | _ |
pesticide tluxes simulations and the input parameters
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estimates.
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»small watershed (8.8km?)

»70% of vineyard

» high risk of pesticide contamination
» steep slopes > 25%

» permeable sandy soils

» Monte Carlo-based approximation of the
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Kalman filter for the forecast step (x,
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and the analysis step (x;

» State augmentation to update the model

. . . . . parameters
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' . » Focusing on the observations operator description, and
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. istances definition in the scheme - T
— Need to better parametrize CATHY »no need for expensive MC estimation, as

spatialized hydrodynamic characteristics long as the adjoint model coded.
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