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1. WHY DO WE WANT TO DO THIS?
2. WHAT WE CAN DO...
3. HOW WE ACTUALLY DO THIS...

4. WHAT ARE WE THINKING ABOUT NEXT?



Huge unceriainties in future land carbon flux

VoLume 19

Climate-Carbon Cycle Feedback Analysis: Results from the C*MIP
Model Intercomparison

JOURNAL OF CLIMATE

2006

15 JuLy 2006

P. FRIEDLINGSTEIN,* P. Cox,® R. BETTs,® L. Bopp,> W. vON BLOH,® V. BROVKIN,® P. CADULE,®
S. DONEY,! M. EBY,® I. FUNG," G. BALA,! J. JOHN," C. JONES,® F. Joos; T. KATO,X M. KAWAMIYA,*
W. KNORR,' K. LINDSAY,™ H. D. MATTHEWS,®" T. RADDATZ,° P. RAYNER,® C. REICK,® E. ROECKNER,?
K.-G. SCHNITZLER,” R. SCHNUR,? K. STRASSMANN,] A. J. WEAVER,® C. YOSHIKAWA,X AND N. ZENG?
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Future uncertainties have not been reduced

VoLumE 19 JOURNAL OF CLIMATE 15 JuLy 2006 15 JANUARY 2014 FRIEDLINGSTEIN ET AL. 511

2006

Climate-Carbon Cycle Feedback Analysis: Results from the C*MIP
Model Intercomparison

SPECIAL

C4MIP

COLLECTION,

2014

Uncertainties in CMIP5 Climate Projections due to Carbon Cycle Feedbacks

a b < a a a . PIERRE FRIEDLINGSTEIN,* MALTE MEINSHAUSEN,” VIVEK K. ARORA," CHRIS D. JONES,®
P. FRIEDLINGSTEIN,? P. Cox,” R. BETTs,® L. Bopp,* W. VON BLOH,® V. BROVKIN,® P. CADULE, ALESSANDRO ANAV,* SPENCER K. LIDDICOAT,® AND RETO KNUTTI®

S. DONEY,! M. EBY,® I. FUNG," G. BALA,! J. JOHN," C. JONES,® F. Joos; T. KATO,X M. KAWAMIYA,*
W. KNORR,' K. LINDSAY,™ H. D. MATTHEWS &% T. RADDATZ,° P. RAYNER," C. REICK,® E. ROECKNER,?
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Sources of uncertainty (& their cure)

Model Structure DEVELOPMENT

Model Parameters PARAMETERIZATION

Initial Conditions
Spin Up + (STATE) DATAASSIMILATION
Climate forcing




Consirain the future by consiraining the present
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Atmospheric CO, bias by 2005 (ppm) Friedlingstein et al., 2014

FIG. 3. Relationship between model bias in simulating present-day (2005) atmospheric CO,,
6 and the difference between 2100 simulated CO, and baseline estimate from MAGICC6 RINCAR JA\ e universiy
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Particularly important over shorter tfimescales

Scientific Method

lterative near-term ecological forecasting: Needs,
opportunities, and challenges

Michael C. Dietze®", Andrew Fox®, Lindsay M. Beck-Joh <, Julio L. B t¢, Mevin B. Hooten®s,
Catherine S. Jarnevich", Timothy H. Keitt', Melissa A. Kennef, Christine M. Laneyk, Laurel G. Larsen',
Henry W. Loescher®™, Claire K. Lunch¥, Bryan C. Pijanowski", James T. Randerson®, Emily K. Read®,
Andrew T. Tredennick®", Rodrigo Vargas®, Kathleen C. Weathers', and Ethan P. White""""

L PNAS

Assess &
Evaluate
Model
Assessment o Adaptive )
9,
Y 7 Decioon Management Generate
) E < Cycle Alternatives
o |
o |2 Iterative
s Forecast &
4 A Integrate Info,
Cyde Assess Trade-offs
Hypotheses

Inputs,
Parameters

Scenarios

Sources of
uncertainty

Initial
condition

Model
uncertainty

Scenario
uncertainty

EARTH SYSTEMS

Climate, ecosystems, and planetary
futures: The challenge to predict life
in Earth system models

Gordon B. Bonan'* and Scott C. Doney>*

Initialization

l Earth system model
Climate
feedbacks
Internal
variability

Initial value problem
Subseasonal to seasonal forecast
(2 weeks - 12 months)

Decadal prediction
(1-30years)

\ Ecosystem
/ impacts

Earth system projection
(30 - 100+ years)
Boundary value problem
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What is Data Assimilation?

DATA
+ Often high quality, relevant data

+ Clear uncertainties
- Limited spatial extent
- Limited temporal span

WINCAR A Yhversiny



What is Data Assimilation?

BJAYPAN MODELS
+ Often high quality, relevant data + Extrapolation and forecasts

+ Clear uncertainties + Provide system understanding
- Limited spatial extent - Subjective simplifications
- Limited temporal span - Uncertainties difficult to quantify

RINCAR A\ e dnversiry



What is Data Assimilation?

DATA MODELS
+ Often high quality, relevant data + Extrapolation and forecasts
+ Clear uncertainties + Provide system understanding
- Limited spatial extent - Subjective simplifications
- Limited temporal span - Uncertainties difficult to quantify

DATA ASSIMILATION
Systematic combination of data and models, taking into
account the uncertainty in both

10 RINCAR A\ Ynvers



What is Data Assimilation?

11

DATA MODELS
+ Often high quality, relevant data + Extrapolation and forecasts
+ Clear uncertainties + Provide system understanding
- Limited spatial extent - Subjective simplifications
- Limited temporal span - Uncertainties difficult to quantify

DATA ASSIMILATION

Systematic combination of data and models, taking into
account the uncertainty in both

ANALYSIS
+ Spatially complete
+ Consistent with observations
+ Quantified uncertainties
+ More accurate forecasts

RNCAR

A THE UNIVERSITY
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Data availability increasing rapidly

Deep Model
Backcasting Backcasting building
‘ T N — < dlsssssssssssnnnnnns Forecasﬁng ’ Modeling
Historical Activities
forecasting
A A Timeli
ca. 18005 1937 1970 2001 2018 zoso R
start of the era start of era of start of era of Clark Current Decades into
of naturalist & aerial data satellite data et al. paper the Future
survey data
Land cover data: aerial & satellite

Human social and built

environmer -
Hydrological (stream gage)

Meteorological

Data
Breeding bird census (IBAs, BBS) % o
Availability
Fluxnet (CO2 and water N
P——— and Relative
Passive camera and audio sensors Volume

Observatories (NEON, TERN, LTER)

eDNA

12 PNAS 2018; published ahead of print January 30, 2018, hitps://doi.org/10.1073/pnas. 1710231115 BINCAR JA\ e university



Remote Sensing Observations are key

13

ECOSTRESS

Studying Plant Water
Use and Stress

]
M GLOBAL ECOSYSTEM
DYNAMICS INVESTIGATION

RNCAR A

THE UNIVERSITY
OF ARIZONA



CLM-DART

Data
Assimilation

Restart
Files
Initial
Conditions
History
Files

CAM/WRF
DATMs

ALPINE FORECASTS DENONSTRATED

AIMING FOR BETTER PREDICTION Anderson et al';
The Data Assimilation Research Testbed 2009

Research
Testbed

DART [—>  Restar
Files
DART
formatted
Observations

Oper. C

RINCAR A\ (nversiy
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WHAT WE CAN DO...

Examples using CTSM-DART
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LAl and Biomass - single instance
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LAl and Biomass — multi-instance
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LAl and Biomass — Observations

Bi-weekly, 0.5° Aggregated MODIS LAI Observations

Remote Sens. 2013, 5, 927-948; doi:10.3390/rs5020927

Remote Sensing
ISSN 2072-4292
www.mdpi.com/journal/remotesensing
Article

Global Data Sets of Vegetation Leaf Area Index (LAI)3g and
Fraction of Photosynthetically Active Radiation (FPAR)3g
Derived from Global Inventory Modeling and Mapping Studies
(GIMMS) Normalized Difference Vegetation Index (NDVI3g)
for the Period 1981 to 2011

Zaichun Zhu "**", Jian Bi "', Yaozhong Pan 2, Sangram Ganguly *, Alessandro Anav *,
Liang Xu !, Arindam Samanta 5, Shilong Piao 6’7, Ramakrishna R. Nemani *
and Ranga B. Myneni '

Annual, 0.25° Vegetation Optical Depth Biomass Observations

nature LETTERS

Recent reversal in loss of global
terrestrial biomass

Yi Y. Liu"?*, Albert I. J. M. van Dijk®*, Richard A. M. de Jeu®, Josep G. Canadell®, Matthew F. McCabe’,
Jason P. Evans' and Guojie Wang® HNCAR 7R THE UNIVERSITY

. OF ARIZONA



LAl and Biomass — observations
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LAl and Biomass — observations
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Ensemble forecast is updated by observations
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Ensemble forecast is updated by observations
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Normal is fitted to the prior/forecast ensemble...

LAI assimilation on 12/01/2005

Post Ens [
Post Mean [

Observation -

Prior Mean

Prior Ens + 4+ 4 o R e

Probability
N

LAI (m? m™?)

23 RINCAR A\ versr



...we have an observation with an uncertainty...

LAI assimilation on 12/01/2005

Post Ens [

Post Mean [

Observation - =

Prior Mean

Prior Ens + 4+ 4 o R e

Probability

LAI (m2 m™?)
24 RINCAR JA\ e inversiy



...use EAKF to calculate posterior/analysis

LAI assimilation on 12/01/2005

PostEns | oA A e R e+
Post Mean
Observation |- -
Prior Mean |-
Prior Ens - + 4+ A+ FoE R e+ A
4

Probability

LAI (m? m™?)
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50% reduction in LAl RMSE with assimilation

Using Adaptive Inflation

RMSE
(m? m-2)

Free 0.93
Assim 0.44

26 RINCAR A e



Observed and unobserved states
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Unobserved State variables are also updated

28
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More of the gory details can be found here...

29

Che
upt

ADVANCING
EARTHAND
r\\?\l SPACE SCIENCE

Journal of Advances in Modeling Earth Systems " h

RESEARCH ARTICLE  Evaluation of a Data Assimilation System for Land Surface
10.1029/2018MS001362 Models Using CLM4.5

Key Points: Andrew M. Fox' ', Timothy J. Hoar?' , Jeffrey L. Anderson?, Avelino F. Arellano®' ",

« Data assimilation was used to — . . . .
initialize biomass and leaf area inthe  William K. Smith™ (", Marcy E. Litvak® ', Natasha MacBean' |, David S. Schimel®, and

Community Land Model David J. P. Moore’
+ Adaptive inflation was needed to
give more weight to observations 'School of Natural Resources and the Environment, University of Arizona, Tucson, AZ, USA, *National Center for
due to substantial discrepancies Atmospheric Research, Boulder, CO, USA, *Hydrological and Atmospheric Sciences, University of Arizona, Tucson, AZ, USA,
DEIWSSN MOde: Forecast she “Department of Biology, University of New Mexico, Albuquergue, NM, USA, *Jet Propulsion Laboratory, Pasadena, CA, USA

observations
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Updates in LAl calculated every 15 days

Increment in LAl Jun 15 2010

]
’ oy THE UNIVERSITY
LAl increment (m? m™?) RNCAR . OF ARIZONA




Impact on Global LAI
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Change in mean annual global LAI

32

Mean Annual GIMMS LAI3g 2010
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Impact on Global GPP
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HOW WE ACTUALLY DO THIS...

Using CTSM-DART



Basic workflow for CTSM-DART

1) Set up and test a multi-instance case
(this has nothing to do with DA per se)

2) Prepare some observations

3) Customize the DART assimilation
script

4) Enable data assimilation in the case
5) Run the model...




1a. Set up mulli-instance case

36

DART has heavily documented setup scripts to
set up a multi-instance global case, where each
Instance uses a unique data atmosphere
(restart/parameter file)

/create_newcase --res ${resolution} \
--mach ${machine} \
--compset ${compset} \
--case ${caseroot} \
--project ${project} \
--run-unsupported \
--ninst ${num_instances} \
--multi-driver




1b. Set up multi-instance case

37

It then runs many ./xmlchange commands to
change PE layout, REFDATE, STARTDATE, etc.,

etc.
.Jcase.setup

Then it manipulates the many user_nl files to
point to incrementally numbered, unique
datm.stream files, parameter files and so on

.Jcase.setup




An aside...
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Multi-instance
capability is a really
cool way for carrying
out parameter
sensitivity analysis...

Here we looking at
annual GPP sensitivity
to key parameters in
C4 grass across 200
ensemble members
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2. Prepare some observations

39

DART has tools to convert many kinds of observations
from their raw formats (netCDF, BUFR,HDF,csv, etc.)

Its convenient to chunk the observations into ‘assimilation-
sized’ files and tag each with the CESM time of the
intended restart

If the model stops at midnight, the filenames could be
input_obs.2001-01-06-00000 and have all the
observations you want to assimilate at that midnight

The DART example scripts presume the observations
have been staged




3. Customize the DART scripts

40

CESMR2_O_DART_config script is quite simple and
heavily documented.

It lives in the CASEROOT directory and is run
interactively. It has 4 functions

1. Copies the DART executables to EXEDIR

Copies the DART run-time resources to RUNDIR

2.

3. Copies the DART scripts and namelist to
CASEROOT

4.

Uses xmlquery and xmlchange for additional
customizations




4. Enable the assimilation

41

CESMR2_O_DART config script then does the following
1. ./xmlchange DATA ASSIMILATION=TRUE

2. ./xmlchange DATA ASSIMILATION_SCRIPT =
${CASEROOT}/assimilate.csh

assimilate.csh contains information about observation file
locations, and controls execution of DART

The CESM run script is configured to invoke the DA script if
the model forecast was successful. Automatically. No
modifications.




5. Run...

42

And then
Jcase.submit

As far as the workflow for DA is
concerned, that’s it!

Then you can use the DART diagnostic
tools to determine how well the DA
system is working...




5. Run...

Initial
Conditions

Data
Alssimilation

Kcsearch
Te5tbe(‘l




5. Run...

Restart
Files
Initial
Conditions
History
Files

44

|
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5. Run...

45

Restart
Files
Initial
Conditions
History
Files

D.ﬂ’a
Asslml!aflon
Research
Te5tbe(‘l




5. Run...

Restart
Files
Initial
Conditions DART
History T
Files I
DART
formatted
CAM/WRF Observations
DATMs !
Obs. Obs. Obs.
Oper. A Oper. B Oper. C

Data
Alssimilation
Research
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5. Run...

47

Restart
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DART
History
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DART
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5. Run...

Restart
Files
Initial
Conditions DART >  Restart
Files
History T
Files I
DART
formatted
CAM/WRF Observations
DATMs - l; '&
Obs. Obs. Obs.

Data
Alssimilation
Research
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5. Run...

Restart
Files
Initial
Conditions DART >  Restart
Files
History T
Files I
DART
formatted
CAM/WRF Observations
DATMs - l; '&
Obs. Obs. Obs.

49
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5. Run...

Restart
Files Restart
Initial
Conditions DART — R DART |— Restart
"Fies” T History T

Dafa
Asslml!aflon
Research
Te5tbe(‘l




5. Run...

Restart
Fies Fies e
it CLM DART —>
Conditions. Restart CLM DART =—>  Restart
Files Files CLM DART [—> retant CLM
4 i o
Files

1
PN

Data
Alssimilation

Kcsearch
Te5tbe(‘l
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5. Run...

CcLM
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The DART Tutorial & DART_LAB

The DART Tutorial is a step-by-step approach to ensemble DA. | DART_LAB is a set of PDF presentation files and a set of
Eaan ' fodf) Fitering For 2 One Variable System MATLAB® examples that comprise a fully self-contained
Section 2 [ndf) The DART Directory Tree introduction to Data Assimilation and the Ensemble DA
Section 3 [pdf] DART Runtime Control and Documentation Concepts_

Section 4 [pdf] How should observations of a state variable impact an unobserved Figure 1: run_lorenz_96
R . R . . R . . File Edit View Insert Tools Desktop Window Help »
Section 5 [pdf] Comprehensive Filtering Theory: Non-Identity Cbservations and tF NEdd h CL"BEA- 3 08 a
Section 6 [pdf] Cther Updates for An Observed Variable Assmf;::]z::: A= locaieatonl o2
Section 7 [pdf] Some Additional Low-Crder Models +) EAKF Model Forcing: 8 Inflation 141
" ) ) ) Start Auto R e O

Section 8 [pdf Dealing with Sampling Error RHF Ens. Size 20
Section 9 [pdf More on Dealing with Error; Inflation 25 Time =73 2 —True State

2 —E bl
Section 10 [pdf Regression and Nonlinear Effects 3 2 - Deerat
Section 11 [pdf] Creating DART Executables & l‘v

u i
Section 12 [pdf Adaptive Inflation %’
Section 13 [pdf Hierarchical Group Filters and Localization “
Section 14 [pdf Cbservation Quality Control % T, 0w ’
Prior Rank Histogram Posterior Rank Histogram
Section 15 [pdf] DART Experiments: Control and Design
Section 16 [pdf] Diagnostic Output >
Section 17 [pdf] Creating Observation Seguences %
w 240 300
Section 18 [pdf] Lost in Phase Space: The Challenge of Not Knowing the Truth 10 o
Section 19 [pdf] DART-Compliant Models and Making Models Compliant: Coming 5S¢ 5 o 5 @ 5 10 15 20"
Section 20 [pdf] Model Parameter Estimation fank rank
Section 21 [pdf] Cbservation Types and Cbserving System Design .
Section 22 [pdf] Parallel Algorithm Implementation: Coming Scon WWW- I maqe - uca r- ed U/DARe S/DART/
Section 23 [pdf] Location Module Design HIB d @ d
Section 24 Fixed Lag Smoocther (not available yet) E mal | - a rt u Ca r' e u
Section 25 [pdf] A Simple 1D Advection Model: Tracer Data Assimilation THE UNIVERSITY
Do HNCAR A . OF ARIZONA



http://www.image.ucar.edu/DAReS/DART/
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WHAT ARE WE THINKING ABOUT NEXT?

Future directions



Future Directions

55

1) Merging multiple types of RS
observations



Merging RS data and models - Carbon

Leverage existing
data constraints

Add novel
constraints

Calibration datasets and Data Assimilation Ensemble Data Products Production and Validation
e r \ e ~
GOME/GOSAT/OCO?2 , GrossPrimary ) | FLUXNET MTE
9 SIF Community | Productivity | FLUXNET15
4 : Land p 4
Multl—s:ensor Model Total Ecosystem } SRDBvV3.0 BondLamberty &

L VOD biomass L Respiration ) Thompson (2014)

(" GRACEtotal \ 7 J s NeEEy | USFS Forest Inventory

| waterstorage L Productivity } Fr)zr()eé;c)Structures (Luyssaert et

J a
- EnKF/EnKS  omcaber ) | NASA Hyspiri lidar
MODIS/VIIRS
LAVFAPAR CLM DART L Losses ) Global Forest Change V1.2

N - ~ CMS: Houghton-02
Tested at the site level using P ~ g

e NASA & ground based observa- Current Carbon CMS: Land Biomass Products

Prototype tions and provides constrained Stock LandSat
_ ECOSTRESS & GEDI estimates of carbon flux & stor- ~ ~ ial
P age with associated uncertainty | (* Net Biome h USFS Aerial Surveys
CMS products derived from the model ensem- Productivity } iLamb
Science Team Co-ord ble spread which includes the N J
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Merging RS data and models - Water
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Calibration datasets and Data Assimilation

Leverage NASA EQOS data constraints
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Future Directions
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2) Working with new observations



New observations from the ISS
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Combining all ISS obs reduces error the most
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3) Moving from data products to “raw
observations”



ECOSTRESS Level-3 Evapotranspiration ATBD

62
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Figure 4. Conceptual diagram describing computation of L-3(ALEXI_ET) evapotranspiration.

RNCAR A

THE UNIVERSITY
. OF ARIZONA



Future Directions
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Merging multiple types of RS
observations

Working with new observations

Moving from data products to “raw
observations”

Treating observations as PFT-specific
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From grid cell “average” observations to PFT-specific .




From grid cell “average” observations to PFT-specific .




Future Directions
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Merging multiple types of RS
observations

Working with new observations

Moving from data products to “raw
observations”
Treating observations as PFT-specific
“Parameter” estimation

(Often more like special state variables...)
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Parameter estimation with EAKF

(@AGU,PUBLICATIONS m A

Available online at www.sciencedirect.com
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Journal of Geophysical Research: Biogeosciences g5 er Kesources
ELSEVIER Advances in Water Resources 28 (2005) 135-147 -
RESEARCH ARTICLE  Estimation of Community Land Model parameters s omomdimaes
10:1002/20151G003297 for an improved assessment of net carbon
Key Points: fluxes at European sites Dual state—parameter estimation of hydrological models
- The CLM parameters, estimated .
separately forfour plant functional Hanna Post'* (), Jasper A. Vrugt®** (3, Andrew Fox® (), Harry Vereecken®* (, and using ensemble Kalman filter
types, correlated with initial o 23
carbon-nitrogen pools
\ s ) Hamid Moradkhani ®*, Soroosh Sorooshian ?, Hoshin V. Gupta ®, Paul R. Houser ©

JOURNAL OF ADVANCES IN MODELING EARTH SYSTEMS, VOL. 5, 58-70, doi:10.1029/2012MS000167, 2013

MCMC

Parameter estimation using data assimilation in an atmospheric MONTHLY WEATHER REVIEW VOLUME 143
general circulation model: From a perfect toward the real world

Sebastian Schirber,! Daniel Klocke,? Robert Pincus,’ Johannes Quaas,*
and Jeffrey L. Anderson®

Cnesktor Parameter Estimation Using Ensemble-Based Data Assimilation in the
AGU 100 EARTHAND — Presence of Model Error
SPACE SCIENCE
JUAN Ru1Zz
Journal Of Advances in MOdellng Earth sy5tems [f Centro de Investigaciones del Mar y la Atmésfera (CIMA/CONICET-UBA), DCAO/FCEyN-Universidad de Buenos
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10-1002/2017MS001222 Using Ensemble Data Assimilation

Key Points: Shan Li'2 (), Shaoqing Zhang3 (), Zhengyu Liu® ), Lv LuS, Jiang Zhu?, Xuefeng Zhang?,

The ensemble data assimilation Xinrong Wu?, Ming Zhao® (©), Gabriel A. Vecchi?, Rong-Hua Zhang*1° (), and Xiaopei Lin34
method can potentially be used to
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