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CLM-DART example w/ aboveground biomass (AGB)
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CLM-DART Applications: Carbon Monitoring

Normalized GPP & SIF (Southern Sierra)

Western US
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CLM-DART Applications: Hydrology, Drought

Improved Surface Soil Moisture Correlation w/ ERAS
across China using ESA-CCI obs.
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4 different sites

Py Py

D. Hagan et al,
(in prep)

* Drought monitoring system (India) using
observations (e.g. soil moisture, leaf area, TWS)

Methodology
Meteorological forcing Community Land Model
(ERAS, IMDAA, CAM) 5 (CLM5)
Updated Outputs (viz.,
SM, ET, Runoff)
Remotely Observations (viz., Data Assimilation (with Data
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LAl (m2 m™)

Limitations of updating model ‘states’ only

Global CLM LAl forecasts approach free run
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* Seasonal cycle of CLM simulated GPP for
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» ‘State’ updates resolve initial condition errors, but not model error.
‘Parameter’ updates can bring more resilient forecast improvement
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Parameter Estimation w/ Ensemble DA

Contents lists available at ScienceDirect
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Ocean parameter estimation: MARBL-MOM®6

Project
Goals:

Compare 1-D column

MOMG6/MARBL to data at

BATS, HOT, etc.

Estimate BGC
parameters (e.g.
nutrient uptake,
productivity, predation)
using the ensemble
Kalman filter

Evaluate parameters
for global simulations
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Land parameter estimation: SIF-MIP2

* Leveraging strong SIF-GPP relationship

to estimate photosynthetic parameters 1) Create SIF forward operator (leaf to canopy)
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Site Level PE Methods: Met Forcing

Example: Niwot Ridge (US-NR1)

Apply CAM6 ensemble to a site: A
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Site Level PE Methods: Flux Tower Network

* Partitioned fluxes allow for targeted

DART software (in development) queries: adjusted of related states/parameters
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Site Level PE Methods: Bounded Quantities

* What if the physical quantity or parameter being updated is bounded?
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Site Level PE Methods: Bounded Quantities

* What if the physical quantity or parameter being updated is bounded?
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CESM-DART state updates can be applied to the land
surface to improve forecasting skill related to carbon
cycling, hydrology, and seasonal atmospheric forecasting

Forecasting skill is limited when updating model states
only, updating parameters can bring additional
improvements

Site level parameter estimation work currently underway
for both ocean and land site level applications for CESM

New Quantile Conserving Filter in DART is promising to

address non-linear and non-gaussian applications within
parameter estimation
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CLM-DART Methodology

* Bayesian Approach
. . I, 2 0.4}
Posterior ~ Prior - Observation Likelihood =
©
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CLM-DART Applications: Seasonal Forecasting

Objective: Use CLM and
observations of LAI,
AGB, snow and soil
moisture to initialize
the land surface
(LDAS-SPREADS) for
seasonal atmospheric
forecasts

* Assimilation of
LAl observation
product (GLASS)
shifts LAl and
latent heat flux
distributions

* cesm2.2 vs.
cesm2.3

cnccC

LAl (m?m™), (obs — open loop) Latent Heat (W m2), (ERA5 — open loop)
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