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Approaches to implementing CLM
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Overview of CLM-DART assimilation steps (biomass example)
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Arctic Ecosystems: Assimilating biomass has cascade effect
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LAl (m? m™2)

Arctic Ecosystems: Enhance forecasting skill with parameter updates

* Global CLM simulation, w/ leaf area observations
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* Model ‘state’ updates reduce initial condition
error, but some structural/parametric model
error remain

* The simulated LAl extended forecast (starting at
yr 2006) returns to the free simulation
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Sub-Saharan East Africa: Verifying forest restoration practices
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Constraining hydrologic cycle: Soil moisture observations
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Constraining hydrologic cycle: Soil moisture observations

CLM Soil Moisture Bias (m3/m3)
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Snow dependent systems: SWE observations (Western US)

* Snow and soil moisture is a strong * CLM underestimates snow water
limitation upon carbon uptake equivalent (SWE), motivating snow and
soil moisture DA

Summer (1998-2011) CLM simulated SWE

50%0 | I m O! St‘u re‘ I im Illtatl on (O_E) |OW | | m |tat|0 N Obs SWE Apr 2004-2010 average 450 Freerun SWE Apr 2004-2010 average 450
s H 500 ‘ ‘ ‘ 500 ‘ ‘ ‘ ‘ ‘

| & k 09 - 400 ™ 400
45N - FE0.75 45 350 45 350

] 0.6 300 300
40N — 0.45 40 250 T 40 250 7

1 200 € 200 £
35N : 5 oy e 10 B N 150

1 =3 : 7 0.15 N

] m i . .. . U N 100 e 100
30N — i o high limitation * SNODAS ‘3\5\ w 0 CLM5 -

‘ ‘ ‘ N ‘\\ ) ) ) S\ JA “\ ) )
130W 120W row 100W 20 235 240 245 250 255 260 230 235 240 245 250 255 260
GPP (g€ m? mth?) high carbon

50N - \\/1 n 1 n n | n n

== uptake
i o Snow (SWE)
40N Observations Snow Layer + &

] = o i= 2
35N - - § DART Z o =

] TR Repartitioning -

|
30N — SN low carbon Algorithm o
130W 120W 110W 100W upta ke
@ mu Raczka et al., (2021)
UNIVERSITY
OF UTAH



Solar Induced Fluorescence (SIF)

* SIF observations can capture both elevational and seasonal variation on
carbon uptake across complex terrain (Sierra Nevada Mountains)
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Land-atmosphere interactions: Seasonal Forecasting

LAl (m2m™2), (obs — free run) Latent Heat (W m™), (ERAS — free run)
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the land surface
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Incorporating site level data into CLM-DART
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Conclusions

Leaf area and biomass observations improves the model
state, with downstream effects on carbon, water and
energy fluxes

Water limitation can be addressed with snow and soil
moisture observations, but presents methodological
challenges

Solar induced fluorescence shows promise to inform all
limiting factors for carbon uptake (GPP)

Addressing Other Challenges:

State augmentation approach can be applied to fields for
ensemble DA parameter estimation

New Quantile Conserving Filter (QCEFF) in DART addresses
non-linear and non-gaussian applications for updating
bounded quantities
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For more information:
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https://dart.ucar.edu/
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Coupling CLM to DART: Generating ensemble spread

* To generate ensemble spread in the CLM-DART simulations, we use
an ensemble met forcing product (CAM6-DART Reanalysis

i Ensemble, 80 members). * Density of observation
(X

in time/space reduce

RADIOSONDE_U_WIND_COMPONENT, 41096 obs, 2016-09-01-00000  AIRS_TEMPERATURE, 19663 obs, 2016-09-01-00000 ‘ CAMG6 model biases

Observations: > 300,000 obs per
6 hour time step (yrs 2011-2021)

e« Radiosondes: Surface balloon
launches

 ACARS: aircraft

e AIRS: IR Soundings

* CDW: Cloud Drift Winds
(satellites)

* GPS Refractivity: atmospheric
density

e S-SR Py

(Kevin Raeder et al., 2021) 15



Challenge: Addressing Observation and Model biases

Remotely sensed land surface products are subject to systematic biases :
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