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Objectives 

Ø  Application of Data – Assimilation 
techniques for land carbon cycle modeling 

Ø  Investigate the information content of  

 various observation streams 

Ø  Which method is best appropriated ? 

 (Variational, Monte-carlo)  



Outline 

Ø Context : Challenge with the C cycle 

Ø Use of Flux-data to optimize land surface models 

Ø Results of the model optimizations 

Ø Performance of Variational vs Monte-Carlo ensemble 

optimizations 

Ø Summary 



Fate of Anthropogenic CO2 Emissions (2000-2008) 

Le Quéré et al. 2009, Nature-geoscience; Canadell et al. 2007, PNAS, updated 
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Needs for a Carbon Cycle Data 
Assimilation System 

 Large uncertainty from land to 
predict global C-balance (C4MIP) 
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 Large uncertainty from land to 
predict global C-balance (C4MIP) 

Optimized 
ecosystem models 

è reduce the spread ? 

Data streams 

Data  
Assimilation 
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The ORCHIDEE ecosystem model 

LMDZ-GCM 
«on-line» 

anthropogenic 
effects 

STOMATE SECHIBA 
Energy balance 
Water balance 

Photosynthesis 

Carbon balance 
Nutrient balances 

 

phenology, 
roughness, albedo 

stomatal conductance,  
soil temperature and  

water profiles 

precipitation, temperature, 
 radiation, ... 

sensible and latent heat fluxes, CO2 flux,  
albedo, roughness, surface and soil temperature 

NPP, 
biomass, 
litter, ...  

Biosphere 

Atmosphere 

daily ½ h 

ye
ar

ly
 Vegetation structure 

LAI,  
Vegetation type, 
biomass 

prescribed Dynamic (LPJ)‏ 

Climate data 
« off line » 

•  Process driven 
model used for IPCC 
AR5 simulations 

•  Energy / Water /  

  Carbon balances 

•  Global - Site level 

•  13 PFT’s  

•  Pronostic phenology 

•  ½ hourly time step 

•  multiple C pools 



Governing processes & parameters  
to optimize 



Biogeophysical equations are  
non linear with “many” thresholds 

Ø  Example of the leaf phenology 
 
Ø  Tree Leaf onset based on a threshold  
   (sum of growing degree days) 



Op#mizer	
  BFGS	
  
J(X)	
  and	
  dJ(X)/X	
  

flux	
  tower	
  	
  
measurements	
  

PFT	
  composi#on	
  
ecosystem	
  parameters	
  	
  
ini#al	
  condi#ons	
  

parameters	
  
(X)‏	
   ≠	



J(X)‏	
  
M(X)‏	
  

Yflux	
  

satellite	
  
fAPAR	
  

YfAPAR	
  

J(X)‏	
  J(X)‏	
  

climate	
   NEE,	
  LE,	
  (H)	
  

Optimization implementation.. 
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§  Iterative minimization using either: 
      -  Variational approach (with Tangent Linear model for DJ/dx) 
      -  Monte Carlo approach 

biomass	
  data	
  



Genetic Algorithm set up.. 

Ø Mating rate = 80% ; Mutation rate = 20% 
Ø Selection of population by elitism; 40 iterations 

At each iteration: 
N chromosomes 
(17 param each)  Parents 

Children 

or 

Reproduction 
“roulette wheel” 

(using J)  

Mutation: “random 
perturbation” of  

1 parameter 

New population 
(N chomosomes) 

Selection 



Assimilation of FluxNet data  

Ø  Ex: Beech forest : Hesse site (France) 

Ø  Assimilation of daily NEE / Latent Heat 

Ø  28 parameters 

Ø  period : 2001 – 2004 
Ø  optimisation for each year separately   
Ø  optimisation for the whole period 

Question: ability of the model to represent 
year to year flux variations ? 



Hesse site : Model – data fit (2 yrs) 

2002 2003 

2002 2003 

Data 
Prior:    41 
2002:    22 
2003:    19  
All yrs: 13 

RMSE 
(x100) 

Data 
Prior:    21 
2002:    13 
2003:    10  
All yrs:  9 

RMSE 



Ensemble vs Variational optimization 

Ø  Create Pseudo-Data with randomly perturbed 
parameters (within allowed range) 
 

Ø  Cost function (J) with no prior term 
 

Ø  10 members  
§  Variational scheme: 10 different first guest X 
§ Genetic Algo. : 10 different experiments 

 
Ø  Use Jref with ORCHIDEE standard param. 



Genetic Algo. vs Variational : 
performance of the algorithm 

BFGS GA
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Ø Random perturbation over 100% of the parameter 
range allowed variation 

J / Jref 

Varitional Genetic Algo. 



Genetic Algo. vs Variational : 
performance of the algorithm 

Ø Random perturbation over 50% of the parameter 
range allowed variation 

J / Jref 

Varitional Genetic Algo. 
50% BFGS 50% GA
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Test with 4 yr vs 1 yr of data 

BFGS GA 4Y BFGS 4Y GA
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Varitional Genetic Algo. 

1 year of data 4 year of data 



Cross section of J at “True” 
parameters (used for pseudo-data) 
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Comparative performances with more 
site-observations ? 

Ø  How does the minimization performance 
 change with more site-data in J ? 

Ø  11 sites for a given Plant Functional Type 
 Use observed daily measurements (NEE, LE) 

 

Ø First test only with Variational scheme 
(9 optimization with 9 random first guest) 

 



Model – FluxNet data fit : ex. for 3 sites 

Data   
Prior   
Single-site posterior   
Multi-site posterior 

DE: Hain 

FR: Font 

US: Ha1 

NEE (gC/m2/d) 

Kuppel et al. 2012 



Results for 9 Variational optimizations 
NEE
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Ø  Thresholds and non linearities  
complicate the optimization  
è Need ensemble variational optim. 

Ø Observation error matrix difficult to  
assess (i.e., model error)  

Ø Need robust scheme easy to  implement 
Ø Variational methods based on Adjoint  

model are difficult to maintain… 
è GA is promizing.. 

Ø Expert in DA are welcome in the C-cycle community… 

Conclusions… 

è Data Assimilation is  promising to 
improve simulations of the C cycle  



 
 
 

Carbon data assimilation  
system 

Meteo. data 
Prior param.  
calibration 

Optimized model parameters  
è Carbone fluxes & pools  

(values & uncertainties) 

Satellite  
data 

Atmos.  
Conc. 

Fossil fuel & 
Biomass bur 

fluxes 

Flux  
Tower 

Assimilation data  

Forest & Soil  
C inventories 

Forcing data 

Ocean flux 
   Model

Structure of a global “CCDAS” 

Ocean pCO2 
data 

Validation data 

CO2 vertical  
Profiles 

Forest & Soil 
C stock change 

Satellite data 



Assimilation of Multi-site flux data  

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

•  Obs type : NEE & Latent heat 
•  Resolution : daily data 
•  period : 3 to 4 years per site  

Kuppel et al. 2012 



Assimilation of Biomass measurements 
(ex: Site level ; Beech Forest ; France)  

(25 flux related params) 

Measurement 
 
Prior model 
GPPRMSE = 2.1 
TERRMSE = 2.1 
QleRMSE = 24 
 
Posterior model 
GPPRMSE = 1.6 
TERRMSE = 1.4 
QleRMSE = 13 

FluxNet data (daily) 
&Yearly Biomass  

increments  

Thum et al. 2012 



Summary: Potential of a CCDAS.. 

è  Promizing approach to account for multi-data streams 

è  Helps to identify model deficiencies !  
  

è  Relative Error characterization bw data stream  
 becomes crucial for a proper assimilation 

è  Anticipated data streams to become crucial: 
 - soil-C observations… 
 - data from Ecosystem Manipulative Experiments 

 
è  Ongoing large community effort :  

 - GeoCarbon EU-project (5 land CCDAS) 
   - Existing inter-comparison of Model-Data fusion exercise 

 



Limitations of a CCDAS… 

è Strongly rely on a given model structure 

è Missing processes in the ecosystem model might lead to  
-  Wrong parameter estimates  
-  Poor model predictability (Strong biases) 

è Non-linearities might complicate the parameter optimization 
   
è Need to : 

-  keep independent data for model output validation 
-  Keep classical Atmospheric inversion  



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

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

•   Variational solution  
    - Adapted to large size problems 
    - Error estimation more difficult 

K = (HT.R-1.H + B-1)-1  HT.R-1 

Formalism… 



J F M A M J J A S O N D

−8

−6

−4

−2

0

2

 NEE 2001

 N
EE

 (g
C

/m
2 /d

ay
)

J F M A M J J A S O N D
−8

−6

−4

−2

0

2

 NEE 2002

 N
EE

 (g
C

/m
2 /d

ay
)

J F M A M J J A S O N D
−8

−6

−4

−2

0

2

 NEE 2003

 N
EE

 (g
C

/m
2 /d

ay
)

J F M A M J J A S O N D

−8

−6

−4

−2

0

2

 N
EE

 (g
C

/m
2 /d

ay
)

 NEE 2004

 

 

PRIOR ORC2001 ORC2002 ORC2003 ORC2004 ORCALL DATA



RMSE for NEE
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è RMSE reduce by  
 - 30% for NEE 
 - 15 % for LE 

Model-data fit for NEE (RMSE) 

Prior   Single-site posterior    
Multi-site posterior 

Kuppel et al. 2012 



è Agreement  
betw all sites  

è Need to  
improve model !  

Water stress function  
(slope) 

Maximum  
photosynthetic capacity 

Retrieved parameter values 

Black: Multi-site 
 
Colors: Single-site 

Kuppel et al. 2012 


