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Intro to DART

A flexible suite of software tools to accelerate
Earth system research using ensemble Kalman filters

Educational Resource

User community:

* 50+ Universities

* 100+ other sites

* 1500+ registered users

Open Source. DART team & community members develop:

* Model interfaces (e.g. CLM5, WRF-Hydro, Noah (MP))
* Observation forward operators
* Assimilation algorithms:
e.g. EnKF, RHF, Quantile Conserving (Anderson; ISDA June 2022)
* Adaptive Inflation

Contributions are reviewed, streamlined and tested
before merging in public DART
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CAM-DART (Atmospheric DA)

RADIOSONDE_U_WIND_COMPONENT, 41096 obs, 2016-09-01-00000 AIRS_TEMPERATURE, 19663 obs, 2016-09-01-00000

(Kevin Raeder et al., 2021)

CESM (Atmosphere, Land,
Ice, River)

Yrs: 2011-2020

Observations: > 300,000 obs
per 6 hour time step

e Radiosondes: Surface
balloon launches

 ACARS: NA aircraft
e AIRS: IR Soundings

e CDW: Cloud Drift Winds
(satellites)

e GPS Refractivity:
occultation

Product: CAMG6 Reanalysis




CLM-DART Methodology

e Bayesian Approach

Posterior ~ Prior - Observation Likelihood
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Soil Moisture observations (CLM-DART)

CLM: CLMA4.5 free run (no observations) Correlation w/ ERAS5 Near Surface Soil Moisture

CLM-DART: CLMA4.5 + ECV-CCI observations CLM CLM-DART

* CLM-DART fills in gaps from ECV-
CCl retrievals and improves surface
correlation with ERA5 benchmark

product
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Soil Moisture - CDF matching

CDF matching re-scales data products to
match the bias and variability of the open-
loop model
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Reichle & Koster 2004 (GRL)

The CLM-DART soil moisture
product using the standard ECV-
CCl product shows stronger
correlations and reduced RMSD
compared to ERA5Land
benchmark

Suggests CDF matched soil
moisture product loses
information, and inflation helps
account for model error & bias

CLM open loop
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Testing Filter/Inflation Algorithms

Normalized Information Contribution

Soil Moisture Perfect Model Experiment Applied to Mean Absolute Bias
0.6 1 EnKF RHF I El I Rl
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« NASA Catchment land surface model 3%
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Snow observations (CLM-DART)

(CLM4_DART) - CLM4

Observation:

MODIS
Snow
Cover

Fraction

Zhang et al., (2014)

C j—
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Observation:

MODIS SCF
GRACE TWS

Zhao and Yang (2018)

* Implications for albedo, surface energy
balance, soil moisture, carbon cycle 8



Layer Repartitioning for Snow/Ice

Standard
Approach

Snow (SWE)
Observations
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Challenge: Monitoring Terrestrial Carbon Cycle

Carbon stocks vulnerable to climate change, drastic

> Bottom-Up Modeling
change to landscape and ecosystem functioning

Weather/Climate

1

Land Surface

Western US: Fire, Drought, Disturbance

Model (CLM)

|

Land carbon exchange

Top-Down Modeling

Arctic-Boreal: Greening/Browning, Permafrost Thaw Atmospheric CO,

1

Atm. Transport

Model

1

Land carbon exchange




Improving simulated leaf area and biomass

Western US

Arctic-Boreal ABQ_VE

(CLM5_DART) — CLM5 CLM5 — (CLM5_DART)
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Yrs: 2006-2010
**LAl obs assimilated only

N T N — W5
. AGB <« I 1.2 AGB
(kecm?) “ow T BT (kgem?)
Yrs: 1998-2010 (Raczka et al., 2021)

Yrs: 2011-2019, (X. Huo et al., in prep)

30 % reduction 30 & 70 % reduction 26 % reduction

Assimilating LAl and biomass observations reduces CLM5 simulated
values

How does this impact component carbon fluxes and net carbon
exchange?
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Impact of leaf/biomass on carbon/water cycle

Western US Arctic-Boreal CLM5

/ __~CLM5_DART
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Hydrology Cycle Software:

Evapotranspiration .
Latent Heat Bias and RMSE

Sensible Heat .
Snow Water Equivalent (Collier et al., 2018)

ER <=
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* Assimilating leaf/biomass brings most simulated
carbon and water cycling in closer agreement
with benchmarks

* What about net carbon exchange?
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Impact of leaf/biomass on carbon/water cycle

Western US

NEP = GPP-ER é
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* Simulating NEP, soil carbon
and SWE (snow) is more
challenging.
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CLM5
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s

Arctic-Boreal

Ecosystem and Carbon Cycle

Aboveground Biomass

Biomass

Gross Primary Productivity

Leaf Area Index

ILAMB:

Net Ecosystem Exchange

Ecosystem Respiration

Bias and RMSE

Soil Carbon

Hydrology Cycle (Collier et al., 2018)

Evapotranspiration

Latent Heat

Sensible Heat

Snow Water Equivalent

Terrestrial Water Storage Anomaly

Relative Scale

Worse Value  Better Value

Missing Data or Error

Additional Data Streams:

Soil Moisture, Snow (SWE)

Soil Carbon data (ER)

EC flux tower (GPP, ER, NEE)
Solar-Induced-Fluorescence (SIF-GPP)
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Current and Future Work

Combine remote biomass, hydrology & Develop bias-corrected CAM reanalysis to
emerging observations to constrain land leverage site-based observations
surface processes (tower fluxes, SIF etc.)

Land-Atmosphere
CO,, water
exchange, SIF

[ 71 W

Solar Induced

“ Fluorescence
AR

LeafArea_) \\__ ——
“ ) i\_ .
n— ))) == [Snow

. . T
Soil Moisture Sail maisture, Carbon, Temp

14




DART Tutorials

MATLAB

DART LAB

An introduction to Data Assimilation using MATLAB
DART_LAB is a MATLAB®-based tutorial to demonstrate the
principles of ensemble data assimilation. The DART_LAB
tutorial begins at a more introductory level than the
materials in the tutorial directory, and includes hands-on
exercises. ...

Fortran

The DART tutorial

The DART Tutorial is intended to aid in the understanding of
ensemble data assimilation theory and consists of step-by-
step concepts and companion exercises with DART. ...

Fortran

WRF-DART tutorial

Overview The WRF-DART tutorial steps through a WRF-
DART experiment. The experiment covers the continental
United States and uses a 50 member ensemble initialized
from NCEP's Global Forecast System (GFS) initial
conditions at 2017/04/27 00:00 UTC. ...

Fortran

CLM5-DART Tutorial

The CLMS5-DART tutorial provides a detailed description of
the download, setup, executation and diagnostic steps
required for a simple global assimilation run using CLMS. It
is intended to be performed after the completion of the
more general DART tutorial which covers the fundamental
concepts of the Ensemble Kalman Filter used within DART.

https://dart.ucar.edu/tutorials/ 15



For more information:

Data
Assimilation

Kcscarch
Tcstbed

Thank You !

Questions ?

P o We would like to acknowledge high-performance computing support from Cheyenne
( IS L y X o (doi:10.5065/D6RX99HX) provided by NCAR's Computational and Information Systems Laboratory,
Computatlonal&lnformatlon systems Lab  sponsored by the National Science Foundation.
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