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Objectives

» lllustrate the potential of multi-data C Cycle
assimilation systems

» Stress the risks of model parameters
optimizations...

» Using examples for the Land C cycle



Outline

» Current limitations of « standard » atmospheric flux
Inversions

» Multi-data streams assimilation: Basis for model
parameters optimization (CCDAS)

» Potential of several land data streams
» Fluxnet data
» Satellite vegetation indexes
» Biomass measurements

» Join multi-data assimilation
» Limitations & Prospects



@ 5% Atmospheric CO2 inversions....

LSCE

» Top-down approach :
=» Estimated fluxes account for all surface processes

» Verifiable by independent groups

» Several implementations applied so far...



Atmospheric inversions

LSCEa Lsce_an_v2.1 Grid-cell | Philippe Peylin 1996-2004 | MM 76 Yes
(96x72)

LSCEv Lsce_var_v1.0 Grid-cell | Frederic 1988-2008 | Raw 128 Yes
(96x72) Chevallier

CCAM C13_CCAM_LAW 146 Rachel Law 1992-2008 | MM 73 CO,, 7C13 | No

MATCH | C13_MATCH_Rayner | 116 Peter Rayner 1992-2008 | MM 73 CO,, 7C13 | No

CTrUS Carbontracker_US 156 Andy Jacobson 2000-2008 | Raw 94 Yes

Wouter Peters

CTrEU Carbontracker EU 156 Wouter Peters 2000-2008 | Raw 117 Yes

JENA Jena_s96 v3.3 Grid-cell C. Roedenbeck 1996-2008 | Raw 53 Yes
(72x48)

RIGC Rigc_Patra 64 Prabir Patra 1993-2007 | MM 74 Yes

JMA JMA 2010 2% K. Yamada 1985-2008 | MM 146 Yes

TrC TRCOM_mean 22 Kevin Gurney 1995-2008 | MM 103 No

NICAM | Nicam_Niwa 40 Yosuke Niwa 1988-2007 | MM 94 Yes




Flux (PgC/yr)

Atmospheric inversions:
Long term mean
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Atmospheric inversions:
Long term mean
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LSCE

Flux (PgC/yr)

Atmospheric inversions:
Long term mean
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Dynamic global vegetation models

= DGVM models used in Trendy intercomparison

Model Name Abbreviation Spatial Land Full River Fire Source
resolution Surface Nitrogen Export simulation
Model Cycle Flux
Community Land Qleson et gl 2010;
CLM&CN 0.59x0.59 Yes Yes No Yes
Model 4CN Lawrence et al., 2011
Exendetal, 1997; Levy et
Hyland HYL 3.759%2.5¢ No No No No
al., 2004
Lund-Potsdam-
LP]) 0.59%0.5¢° No No No Yes Sitch et al., 2003
Jena
LPJ-GUESS LP)-GUESS 0.5°x0.5¢° No No No Yes Smith ct al., 2001
Zachle& Friend, 2010;
ORCHIDEE-CN OCN 3.759%2.5¢° Yes Yes No No
Zachle etal., 2010
ORCHIDEE ORC 0.5+x0.5¢ Yes No No No Krinner et al., 2005
Sheffield-DGVM SDGVM 3.759%2.5¢° No No Yes Yes Woodward ct al., 1995
TRIFFID TRI 3.759%2.5° Yes No No No Cox, 2001
VEGAS VEGAS 2.5%%x2.5¢ No No Zeng ctal,, 2005

Sitch et al. GBC-Discussion
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Q" How to move forward ?

Strong Need to :
« Combine the information from several data streams
» Attribute the net carbon flux variations to key processes

Atmos. Data
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&E Outline

» Current limitations of « standard » atmospheric flux
Inversions

» Multi-data streams assimilation: Basis for model
parameters optimization (CCDAS)

» Potential of several land data streams
» Fluxnet data
» Satellite vegetation indexes
» Biomass measurements

» Join multi-data assimilation
» Limitations & Prospects



E Needs for a Carbon Cycle Data
LSCE Assimilation System

Large uncertainty from land to
predict global C-balance (C4MIP)
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Needs for a Carbon Cycle Data
Assimilation System

Large uncertainty from land to

predict global C-balance (C4MIP) Atm.
Data streams data
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Needs for a Carbon Cycle Data
Assimilation System

Large uncertainty from land to

predict global C-balance (C4MIP) Atm.

= Data streams data
2 | b) Terrestrial modeals: COp and Climate
o |-
6 phif. f century = remote
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Improve:
Opt|m|zed > Process understanding

» Uncertainty estimates
ecosyStem models » C land budget estimates

= reduce the Spread ? > Future climate predictions



Structure of a global “CCDAS”

Forcing data

Meteo. data
Prior param.
calibration

g system o
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Q; Structure of a global “CCDAS”

LSCE

Assimilation data Forcing data

Meteo. data
Prior param.
calibration

Satellite
data

Atmos.
Conc.

Flux
Tower

Forest & Soil
C inventories

Ocean pCO2
data




Q Structure of a global “CCDAS”

LSCE

Assimilation data Forcing data

Meteo. data
Prior param.
calibration

Satellite
data

Atmos.
Conc.

Flux
Tower

Forest & Soil
C inventories

Optimized model parameters
=» Carbone fluxes & pools
(values & uncertainties)

Ocean pCO2
data




Q)

LSCE

Structure of a global “CCDAS”

Assimilation data

Satellite R, 78
data KN ¥
¥ o P
Atmos. | - 7/’ }\\X\
Conc. \ ¥
P
Flux @ .\;: v
'?z A
Tower M? 'y N
200
A
Forest & Soil : -\,{\f‘;\\‘i’a
C inventories W

Ocean pCO2
data

Forcing data

Meteo. data
Prior param.
calibration

system -

Validation data

CO, vertical
Profiles

Forest & Soil
C stock change

Satellite data

Optimized model parameters
=» Carbone fluxes & pools
(values & uncertainties)




LSCE

Land CCDAS components

Soil C
invent.

Forest C
invent.

Flux
Towers

Satellite
NDVI

Atmos.
Conc.

Improve initial soil C pools

Improve allocation & mortality

[
©
CE> & ¥4 > Local constraint (small footprint)
CIEJ . » Short term C-flux variations
= !  (Photosynthesis, Respiration)
>
8 Ex : fAPAR
. e
Iﬂ Optimize S
Phenology Xk

Overall flux scaling

Transport model

Simultaneous optimization

(CCDAS)



Q' Formalism...

LSCE

Baye’s theorem: p(x|y) =

Assuming Gaussian Error statistics
Minimize the cost function J(x) to obtain the mean of p(x|y)

Jx)=(x—-x)'B ' (x—x,)+ (Hx —y)'R™(Hx — y)

x: state vector ;

xb: mean prior value of state vector

y: observation vector ;

H: linear observation operator

B / R: Background / Observation error covariance matrix



Q'\ Formalism...

LSCE

Jx)=(x—-x)'B'(x—x)+ (Hx —y)'R™(Hx — y|

K = (HT".R'.H + B-')"' HT.R"
K = BH'(HBH" + R)™*
Xq = Xp + K(y — be)

A =B - KHB

« Analytical solution
- Need to linearize the model H(x)
- Sensitivities (H) from tangent linear or Adjoint

« Variational solution
- Adapted to large size problems ST () = BB o) o BEHTREY B )
- Error estimation more difficult ! A = 97" (x)"!

 Monte Carlo approaches
- Used mostly for site-level studies
- Required time usually prohibitive with “complex model”
- No limitations wrt LINEARITY & parameter PDF



LSCE

! /

/ / S e . .
/- / /" e i o -:
/.. / VAR g > .-/.'/ e

L /i - Z :
Misfit Function (Cost function)

T8

? y

=

g We want to find ‘

b the MINIMUM

% \\\\\ ”/,

(o] \\\ ”/

- |

‘a’ parameter value

0.2



Q Simplest case!

LSCE

» “Gradient-descent” methods

» Calculate the first derivative of the cost function in order
to calculate the gradient...

Model-data “MISFIT”
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kLT —————

‘a’ parameter value



Q Simplest case!

LSCE

> “Global search” methods (Genetic algorithm, Metropolis Hastings
MCMC)

» Search parameter space...

» At each iteration calculate the misfit and accept or reject parameter

Model-data “MISFIT”
\
/

-
-~ -
~ -

-~ -

- -

- - -

-~ - -

T ————————

‘a’ parameter value



Q Simplest case!

LSCE

» We want to find the MINIMUM of the misfit function...

» BUT! Your misfit function may look like this...!!
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Q Ensemble versus
eyl Variational optimization method

Experiment with ORCHIDEE model:
» FluxNet sites: assimilation of daily NEE/LE with 20 parameters

» Create Pseudo-Data with randomly perturbed parameters
(within 50% of allowed range)

» 10 optimisations
= Variational scheme : 10 different first guest X
= Genetic Algorithm : 10 different experiments

» Compare J_, to J,; with ORCHIDEE standard param.

opt



(¢ Genetic vs Variational algorithm

LSCE
NORI\'/IALIZED COST FUNCTIONS
» One site: Hesse .
(Beach forest) o
20 parameters
NEE/LE daily ;1 year 015
0.05F : .
s [

.50%_BFGS 50% Ge
Variational = Genetic Algo.



(¢ Genetic vs Variational algorithm

LSCE
0s NORI\'/IALIZED COST FUNC'II'IONS
» One site: Hesse
(Beach forest) ool )
20 parameters
NEE/LE daily ;1 year 015

0.1F

(Sataren et al, in press)

0.05}f s

.SO%IBFGS 50% Ge
Variational = Genetic Algo.

» Multi-sites simultaneously (12 DBF):

4 % A Prior model
= 10 tests with g A 2 A 2 A o Posterior model
only variational 35 3 ‘%‘A 8 . L A e &
o 25 |4 % Ala % A A § 3 §
—RMSDatall 2 E [3] | [2 é" 'g" @-‘
. T 1 A
sites
0




Gr Exemple of sequential assimilation...

LSCE

Step 3

Ocean pCO2

“Variational” “Variational” Optim Optimized
Optim Optim J =+ pEm Fluxes

“Variational™ ‘
J = R 4 JRPAR W o

| LMDzmodel |

1

| Satellite NDVI | Tower fluxes Atmospheric ‘

(MODIS) (CO2, LE) co2

Step 1 Step 2 Step 4




Outline

» Current limitations of « standard » atmospheric flux
Inversions

» Multi-data streams assimilation: Basis for model
parameters optimization (CCDAS)

» Potential of several land data streams
= Satellite vegetation indexes
» Fluxnet data
= Biomass measurements

» Join multi-data assimilation
» Limitations & Prospects



' The ORCHIDEE ecosystem model

LSCE
° i Atmosphere mrerasrsrerarrsrererarannang . secesssesssscsssssssssscsee
Process driven i { Climatedata | §  LMDZ-GCM
model used for IPCC : «offline» £ : «on-line» ]
AR5 SImU|atI0nS precipitation, temperature, l T sensible and latent heat fluxes, CO, flux,
radiation, ... albedo, roughness, surface and soil temperature
* Energy / Water / By
Biosphere (oo .
IR CHIDED
Carbon balances )lzhgglogﬁ
STOMATE roughness, aibedo SECHIBA
* Global - Site level Carbon balance |« _|Energy balance

Nutrient balances | stomatal conductance, Water baIancc_e
soil temperature and Photosynthesis

13 PFT’s water profiles
LAI, NPP,
o i Vegetation type, biomass,
Pronostic phenOIOQy biomass litter, ... :
anthropogenic
Vegetation structure effects

%2 hourly time step

tprescribed: 30y c TP

* multiple C pools




Q’\ Satellite data to optimize phenology...

LSCE

» Used initially to “manually” adjust model phenology

» Recent formal studies with a complete statistical approach:
v Stockli et al. 2008, 2011 ; Knorr et al. 2010

» Only the temporal variations are robust across products...

Harvard, USA, Lat=42.53, Lon=-72.17 Larzac, France, Lat=43.94, Lon=3.12

(BT

5 e . CYCLOPES
4 - o\ A7 --ECOCLIMAP
<3 | \ GLOBCARBON

Y, vy \_ ! \ .-CCRS

O ~2001 Dy 2 o'(rj‘é'm' ~72003 D 0 ~"""2001 Dy 2002 DJ 2003 D Garrigues et al.

mont mon (2008) JGR

Deciduous broadleaf forest Grassland



Q MODIS NDVI to optimize phenology...

LSCE
Critical leaf age
» 4 — 6 parameters | 4.
per PFT : ~N Rate of leaf fall
_ Fraction of !
» 15 random grid carbohydrate |
points with reserve used |
available obs. for leaf \
growth .
» PFT vegetation
cover > 0.6 Temperature or
Scalar of temperature threshold and/or moisture
time since moisture minimum threshold for
senescence -
o o ] Ex: Temperate deciduous broadleaf forest
multi-sites optimization o i S

&
single-site optimizations

PFTA6 = temperote brood—leaved summergreen



\:

) Example: Boreal deciduous forest

LSCE
sim RMSE R — NDVI ——  prior — posterior SS — posterior MS
prior 0.215  0.82
ss posterior  0.096  0.95
ms posterior 0.103  0.94
1.0
T~
z = 0.8
= 206
g =
Zo 5 0.4
z 0.2
0.0
0.8
0.7

NDVI/fAPAR
coo
=

Lol
O = W

W o=

LAI (PFT 08)
ro

(S




Example: Boreal deciduous forest

sim RMSE R — NDVI ——  prior —— posterior SS —— posterior MS
prior 0.215  0.82
ss posterior  0.096  0.95
ms posterior 0,103 0.94

o

o0
T

=
I T

Normalised

NDVI/fAPAR
e e e
[=>]

Q]
T

D~
T T

| > Reduction in GSL = earlier end of growing season | -

NDVI/fAPAR
ceoocooo

w O =W =W
I I I I

— » Multi-site does similarly well as single-site

=

w

S

LAI (PFT 08)

[e—y

o

1 1 L
q’\\\\\\ ‘1\\\\\ .1\\\\'1 _1\\\\'3’ ,l\\\\)‘ .1\\\\'3 _1\\\\b
Date



LSCE
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Normalised NDVI/FAPAR

Mean seasonal cycle

I—Nll\'l mmm FAPAR prior == = FAPAR post S5 = FAPAR post MS l

I mm NDVI ses FAPAR prior = = FAPAR post S5 =m FAPAR post MS ]

1.0

0.0

o

[ '-'-"“’ ............ S SR S -
| | 1 1 1
"\\0‘ ‘.\\5\ ‘\x\ & A ey ™
Date

Normalised NDVI/FAPAR

1.0

0.8

0.6

0.0

ys® e R o 5e® o
Date

I—Nll\'l wow FAPAR prior ™ = FAPAR post 55 e FAPAR post MS ]

[—.\'ll\'l wam FAPAR prior = = FAPAR post 55 == FAPAR post -.|~]

1.0

0.8

0.6

N I I I I

L BONS e ......... .. .‘,.....:5...._‘. . ........ -

Normalised NDVI/FAPAR

' | | | |
1.0 ! ! ! K

0o F------- e s e A -

yov et s W aeV



FLY
o\"‘

! )\

1.0
0.8

0.6




k’ Evaluation of the new model parameters
LSCE

New ORCHIDEE global simulation with
optimized parameters for 4 PFTs out of 12

Global correlations between satellite NDVI
and modeled fAPAR time-series:
=» significant improvement..

Mean correlation value prior | posterior
PFT 6: temperate broad-leaved summergreen 0.70 0.73
PFT 8: boreal broad-leaved summergreen 0.72 0.86
PFT 9: boreal needeleaf summergreen 0.39 0.89
PFT 10: C3 grass 0.46 0.56

Maignan et al. 2012



- :
=~ Results from Stockli et al. 2011
LSCE
, 'Mo[gaq Mgnrqe S}atq Fo!'est_ s ' BOREAS NSA OBS '

« Assimilate MODIS 5° PSR

LAI or FAPAR o -2

z Z

« Calibrate a specific T ol

Phenology model

* Use different nb ¢
of regions in the ) b)
optimization :
13
- =5
= compare at few s :
sites with in situ ; i
observations. g g9
g, gl ”
T 1 1 .' ' ‘ -l .
0 el s
JFM A M J J A S OND JOF M A M J J A S O ND
2003 2003

c) d)



Q) Outline

LSCE

» Current limitations of « standard » atmospheric flux
Inversions

» Multi-data streams assimilation: Basis for model
parameters optimization (CCDAS)

» Potential of several land data streams
» Satellite vegetation indexes
» Fluxnet data
» Biomass measurements

» Join multi-data assimilation
» Limitations & Prospects



Assimilation of Flux data

=» Half hourly measurements of :
- NEE

- LE & SH

>
>

4 uscee : FLUXNET
Re—— Ocicber 2011, 547 Sies

N




MODEL (Wang et al., 2001)
l DATA) (Braswell et al., 2005)

(Knorr and Kattge, 2005)
(Santaren et al., 2007)
(Wang et al., 2007)
(Williams et al., 2009)
(Carvalhais et al., 2010)
(Verbeeck et al., 2011)

v




MODEL (Wang et al., 2001)
l DATA) (Braswell et al., 2005)

(Knorr and Kattge, 2005)

(Santaren et al., 2007)
(Wang et al., 2007) MODEL SATA
(Williams et al., 2009) DATA)

(Carvalhais et al., 2010)
(Verbeeck et al., 2011)

w

(Medvigy et al., 2009; Verbeeck et al., 2011)




(Wang et al., 2001)
DATA) (Braswell et al., 2005)
(Knorr and Kattge, 2005)

(Santaren et al., 2007)
(Wang et al., 2007) MODEL SATA
(Williams et al., 2009) DATA)

(Carvalhais et al., 2010)
(Verbeeck et al., 2011)

A ———

4
Multi-site optimization (Medvigy et al., 2009; Verbeeck et al., 2011) J

=> Starting....
=>» Kuppel et al. 2012 (ORCHIDEE)
=» Groendijk et al. 2011 (simple model)




o, Assimilation of Flux data

LSCE

Ex: temperate Deciduous Broadleaf Forest
use 12 sites with > 70 % DBF coverage

g S}

UK-Han

* Obs type : NEE & Latent heat
* Resolution : daily data

* period : 3 to 4 years per site
Kuppel et al. 2012



Optimized model parameters : 21 per PFTs

LSCE
Name Description Associated processes Genericity
V- Maximum carboxylation rate Photosynthesis PFT
G, ope Slope of assimilation m stomatic conductance Photosynthesis PFT
CTmin® Topt Offset for minimum/optimal photosynthesis Photosynthesis PFT
temperature

SLA Specific leaf area (LAI per dry matter content) Photosynthesis, Respiration PFT
K heno crit Multiplicative factor for growing season start threshold Phenology PFT

CT senescence Offset for temperature threshold for senescence Phenology PFT
LAL,.x Maximum LAT per PFT Photosynthesis, Phenology, Energy PFT

balance
Laeecrit Average critical age for leaves Phenology PFT
Kizi happy LAI threshold to stop carbohydrate use Photosynthesis, Phenology PFT
Hum,,,, Root profile Photosynthesis, Water stress PFT
Dpu,, Total depth of soil water pool Water stress, Energy balance Global
Q10 Temperature dependence of heterotrophic respiration ~ Heterotrophic respiration Global
Kic Multiplicative factor of initial carbon pools Heterotrophic respiration Site
by, ¢g Hunudity dependence of heterotrophic respiration Heterotrophic respiration Global
MR;. MR, Offset and first-degree coefficient for temperature Maintenance respiration PFT
dependence of maintenance respiration

GRypac Fraction of biomass allocated to growth respiration Growth respiration PFT
Z0,yerheight Characteristic rugosity length Energy balance Global
K lbedo ves Multiplying factor for surface albedo Energy balance Global




LSCE

NEE (gC/m#/d)

NEE (gC/m*/d)

Model — FluxNet data fit : ex. for 3 sites

— Prior 2.07816

— Muilti 1.32310

— Single 1.16143

~ Prior 2.18619  — Multi 1.66425 — Single 1.56354

DE: Hain

-------------------

2003.0

2003.5

— Prior 2.43694

2004.0

— Multi 1.83956

2004.5

— Single 1.66803

2003.0

2003.5

2004.0

200 2006.0

2006.2 2006.4 2006.6 2006.8 2007.0

NEE (gC/m2/d)

Data

Prior

Single-site posterior
Multi-site posterior

Kuppel et al. 2012



Q, Model — FluxNet data fit : ex. for 3 sites

LSECE
Pnor207816 — Multl 1 32310 — Slngle1 16143 Prior 2.18619 — Mult| 1. 66425 — Slng|e1 56354
GOE’V’E\ / "’k /ﬂ JE«\J\\ FR: Font
€
°“f « Existence of a mean set of parameters
F that significantly improves the fit ;
2003.0 6.8 2007.0

P » Single-site experiments highlight

4
, model deficiencies..
T 0
E
O 2 ;
= ) Prior
= US: Hat Single-site posterior
-6
Multi-site posterior
-8 | |
2003.0 2003.5 2004.0 Kuppel et al. 2012




Parameters errors
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@ Assimilation of FluxNet data for all PFTs

LSCE

Localisation of all sites used in the Oprimization

© Tropical evergreen broadleaf A Boreal evergreen needleleaf

ATemperate evergreen needleleaf  [yBoreal deciduous broadleaf
] Temperate evergreen broadleaf © C3 grasslands

© Temperate deciduous broadleaf

= Between 60 and 80 sites depending on the tests
= NEE & LE : Correction for the Energy budget



@)

N

LSCE

Results for all Plant Functional Types...

o -
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GPP
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@ Evaluation against atmospheric CO2

LSCE

Mean seasonal cycle at
ground-based observatories ROTIDEF

+ Fossil
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1) Impact of Flux data assimilation on fAPAR (20 params)

NEE (gC/m’/day) _

=>No improvement
on fAPAR

RMSE=1.30]  °2f RMSE= 0.20
_ RMSE=0.57 RMSE= 0.22

Fontainebleau site




1) Impact of Flux data assimilation on fAPAR (20 params)

NEE (gC/m’/day) _

=>No improvement
on fAPAR

RMSE=1.30]  °2f RMSE= 0.20
_ RMSE=0.57 RMSE= 0.22

Fontainebleau site

2) Impact of fAPAR data assimilation on fluxes (4/75 params)

Obs prior postfAin situ

MR NEE (qC/m®/day) & fAPAR in situ S fAPARSPOT ,
o . .
= =>» Degrade
0.8 41 08
5 o fluxes
© |
O | 0.6 q 06f
o)
O o ] odf -» Need to use
= RMSE=1.30 -
£ | WL o normalized
=1. 25 RMSE=0.207 °2f ]
o RMSE=1.71] RMSE=0.12 RMSE=0.11
w | , o RMSE=0.13] RMSE=0.08 fAPAR.
0 100 200 300 o 100 200 . "o 100 200 300

Days Days



LSCE

= Fontainebleau (Oak forest) : RMSE_poste / RMSE_prior

prior and Fluxes fAPAR in situ fAPAR SPOT

Model
improvement

Model
degradation

Prior Flux fA Flu+fA fA

Flu: Assimilation of only fluxnet data
fA: Assimilation of only fAPAR data

Flu+fA: Assimilation of both data

Flu+fA

. NEE
. LE

B fAPAR
GPP




Q) Outline

LSCE

» Current limitations of « standard » atmospheric flux
Inversions

» Multi-data streams assimilation: Basis for model
parameters optimization (CCDAS)

» Potential of several land data streams
» Satellite vegetation indexes
» Fluxnet data
= Biomass measurements

» Join multi-data assimilation
» Limitations & Prospects



G\‘j Assimilation of Biomass measurements
LSCE (ex: Site level ; Beech Forest ; France)

Above ground biomass (Hesse site) : Prior model output

15 '

1o} 1 Wrong input

i D : and / or
5:_ _ Wrong mortality

1998 2000 2002 2004 20086

Aboyeground biomoss (kg m-2)

Measurement
Model: Steady state

Model: Realistic age
Thum et al. 2012



e ; Hesse site:
Z\To Spock AMSE = 117701 — Assimilation of
s P ' ' “ Flux data &
8 o Yearly Biomass incr.

(25 flux related params)

Measurement

180 é- I gi?'ﬁ_prior. RMSE = | 31.4047 | | _é Prior mOdel

sim_post, RMSE = i 13.4191

GPP =25
TERRMSE = 2.7
QlermseE = 31

dmge R iﬂiif?ig E Posterior model
e — GPPrmse = 1.1

= TERRMSE= 1.8
Qlermse = 13
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G) Impact on futur run: 1965-2100:
LSCE aboveground biomass

Above ground biomass (Hesse site)

25 ]
“ ot Default
€ 5ql
o Ul parameter
2 values
g o
£
rg =
D B . .
» ar Optimized
3 parameter
g 6f values
3 T Obs period

ol /Z . . N .

1950 2000 2050 2100

Year

Thum et al. 2012



@ Using radar retrievals of forest biomass data
LSCE Over tropical woodlands

ALOS PALSAR

Biomass change
from 2007 to 2010

Biome demography
is critical for
African woodlands

Biomass change
201072007 (%)

200%

100%

Courtesy of o
Mathew Williams et al.

0 5 10 N
I

Kilometers A




G* Using radar retrievals of forest biomass data
LSCE Over tropical woodlands

ALOS PALSAR

F e

AC, =a,NPP-t C,—PFC,

Biomass change (AC,,) is determined by growth
(NPP), tree lifespan (t,) and by the probability (P)
and intensity (F) of disturbance

¢) Sanctuary d) Remote Park
0.035 0.03
Fire protected Undisturbed
. 0.025
>
8 0.025 002 2007
Q v . . .
S oo 2010 =>» Assimilation scheme
£ oms e to determine parameters
0.01 ool Pand F
0.005 0.005
0 0 Courtesy of
0 20 40 60 80 0 20 40 60 80

Aboveground biomass (tC/ha) Mathew Williams et al.



&E Outline

» Current limitations of « standard » atmospheric flux
Inversions

» Multi-data streams assimilation: Basis for model
parameters optimization (CCDAS)

» Potential of several land data streams
= Fluxnet data
» Satellite vegetation indexes
» Biomass measurements

» Assimilation of Atm. CO2
» Join multi-data assimilation
» Limitations & Prospects
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LSCE

First CCDAS with Atmospheric CO2 :
Rayner et al. 2005

* Optimizing 57 paramerters of BETHY
« Using TM2 transport model with 41 stations

Flux IAV North / Tropic partition

flux GtC/y
(<) -
|

'
[
B S o o ———

2/ Global

Tropic
1980 1985 1990 1995 2000
year

Figure 11. Global (solid line), tropical (20°S—20°N)
(dotted line), and northern extratropical (20°N-90°N)
(dashed line) anomalies in flux to the atmosphere from
the optimized model.

Flux IAV NPP / Resp partition

flux GtC/y
o

|
-
RS RRARASRRRRESRER
i

2 NEP Resp

1980 1985 1990 1995 2000
year

Figure 12. Global anomalies in negative NEP (solid line),
negative NPP (dotted line), and fast respiration (dashed line)
on interannual timescales. See text for details of time
filtering.



\®) LSCE-CCDAS : Assimiation of Atm. CO2 data

LSCE
MODIS FluNet Atmospheric
NDVI NEE / LE CO2
4 phenology 4+ (=15~ 20 Initial soil C = 50 params
params params per PF.TS + 3 params per PFTs
per PFTs (photosynthesis, (from previous set)

respiration)

—_—

40 params ~ 100 params ~ 80 params
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(& Assimilation of atmospheric [CO,] data

LSCE
Optimization of the CO2 trend
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= Brior Loa Signal decomposition:
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Q Assimilation of atmospheric [CO,] data {’

LSCE

0.9940

=» Primary constraint on:

0.9936

40.9932

—40.9928

- Soil initial carbon pools..

lue

10.9924 'S

< 0.9920

0.9916

120°W60°W 0° _60°E 120°F

0.9912

=» But significant error correlations
btw parameters




(‘, Multi-data simultaneous Assimilation

LSCE

» Very few emerging studies...

» Results with BETHY ecosystem model
+ TM2 transport model

v" Assimilation of Atm CO2 and satellite fAPAR
(Scholze et al. 2007)

» Preliminary results with ORCHIDEE + LMDz

v MODIS-NDVI + FIuxNET + Atm CO2
v 3 years



(©  Join Assimilation: “BETHY” CCDAS

LSCE

Atm. CO, at Mauna Loa

380 T T P — S
modelled ]
observed

375]

CO, [ppmv]

\ Predicted atm. CO,

Rayner et al., 2005; Scholze et al., 2007



(© Join Assimilation: “BETHY” CCDAS

LSCE
Atm. CO, at Mauna Loa B
380 [T a .
modelled b T | . :
observed I gy i : -
_ 375 e t \ ] g -
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Rayner et al., 2005; Scholze et al., 2007



(©) Join Assimilation: “BETHY” CCDAS

LSCE

Atm. CO, at Mauna Loa
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LSCE

Join Assimilation: “BETHY” CCDAS

- Regional means diagnostics
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LSCE CCDAS - Join assimilation :
[CO2] & other data streams

T R | R
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()

Outline

» Current limitations of « standard » atmospheric flux
Inversions

» Multi-data streams assimilation: Basis for model
parameters optimization (CCDAS)

» Potential of several land data streams
» Fluxnet data
» Satellite vegetation indexes
» Biomass measurements

» Join multi-data assimilation
» Limitations & Prospects



\\ Summary: Potential of a CCDAS..

LSCE

=» Promizing approach to account for multi-data streams
= Helps to identify model deficiencies !

=» Relative Error characterization bw data stream
becomes crucial for a proper assimilation

=» Anticipated data streams to become crucial:
- s0il-C observations...
- data from Ecosystem Manipulative Experiments

=» Ongoing large community effort :
- GeoCarbon EU-project (5 land CCDAS)
- Existing inter-comparison of Model-Data fusion exercise



Q’; Limitations of a CCDAS...

LSCE

=» Strongly rely on a given model structure

=>» Missing processes in the ecosystem model might lead to
- Wrong parameter estimates
- Poor model predictability (Strong biases)

=» Non-linearities might complicate the parameter optimization

= Need to :
- keep independent data for model output validation
- Keep classical Atmospheric inversion



