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Framework

« MACSUR task L2.4 Grassland model intercomparison, G. Bellocchi.
 Phase 1: Blind runs (end in January 2014)

 Phase 2 : Calibrated runs (on-going) : how to calibrate ?

— Calibration of a grassland model (CARAIB) by a Bayesian method
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The grassland model : CARAIB
Hzo‘lflco2
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Runoff l T AET
SOIL Allocation - Growth - Respiration Cutting
WATER (by reducing
Metabolic LAl or biomass
l Fine roots - leaves to a certain level)
Deep drainage Grazing
t (by removing
- =7 a daily quantity
Improved Bucket Heterotrophic respiration of biomass)
Model (IBM) Litter il
(Hubert et al. 1998) structural - metabolic carbon
Plant species parameters: Biologic Affinity Group for European grasslands
Parameters slightly adapted for European conditions (e.g. water stress)

« See talk of Louis Francois on Wednesday 3rd April
* Focused on grassland
 New management functions for grassland: cut & grazing

Reference website: http://www.umcchb.ulg.ac.be/Sci/m_car_e.html
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http://www.umccb.ulg.ac.be/Sci/m_car_e.html
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« Semi-natural grasslands : grazed (Laqueuille) or cut (other%?

« Eddy-covariance sites : flux measurements available : GPP, RECO, ET, ...
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The algorithm : DREAM _ZS

 Inverse problem:  Optimal parameters=argmin(Observations— Modeled ( parameters))

« DREAM _ZS: a Markov-Chain Monte-Carlo sampler

« Ideal for sampling a large number of parameters

« Multiple-chain : deal with local minima and correlation between parameters.
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The algorithm : DREAM _ZS

. Inverse problem:  Optimal parameters =argmin(Observations— Modeled ( parameters )

« 12 parameters were sampled using 3 measurements variables from Eddy
covariance: RECO, GPP, ET

« A multi-objective cost function (CF) was used : CF = f(RECO, Uggco, GPP, Ugpp, ET,
Uer)

* Uncertainties on measurement U were considered as follow (homoscedastic):

Meas. variables U

RECO 1.5 gC m?day!

GPP 3 gC m2day*

ET 1 gC m?day™*
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Results : parameter samplings

Posterior distributions of 9 parameters, Oensingen
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Results : parameter samplings

Specific leaf area (SLA) [m2/gC]

Oensingen
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Results : parameter samplings

Specific leaf area [m?3/gC]

Oensingen Grillenburg
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Results : parameter samplings

Specific leaf area (SLA) [m2/gC]

« SLAIn CARAIB : effective SLA for a plant functional type !

« Actually, SLA is variable between leaves and along the season
 SLA s known to depend on aridity (-) and intensification (+)
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Results : modeling improvement

Oensingen, blind run
Measured VS modeled gross primary productivity (GPP), blind runs, Oensingen
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Results : modeling improvement

Oensingen, after calibration (1000's of model outputs)

Measured VS modeled gross primary productivity (GPP), after calibration, Oensingen
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Conclusion

Bayesian sampling with DREAM _ZS .
e ODbtain a uncertainty assessment on model parameters

e Obtain an interval on model output due to parameters
uncertainties

* Assess model sensitivity to its parameters

Future work :
 Interact with other modelers teams and intercompare...
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Thanks for your attention
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Results : modeling improvement

Grillenburg, blind run:

Measured VS modeled gross primary productivity (GPP), blind run, Grillenburg
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Results : modeling improvement

Grillenburg, after calibration (1000's of modeled GPP):
Measured VS modeled gross primary productivity (GPP), after calibration, Grillenburg
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Results : Error In measurements

Homoscedastic :

Heteroscedastic :
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Measured VS modeled gross primary productivity (GPP), after calibration, Grillenburg
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Measured VS modeled gross primary productivity (GPP) after calibration, Grillenburg
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The algorithm : DREAM _ZS

. Inverse problem:  Optimal parameters =argmin(Observations— Modeled ( parameters )
« 12 parameters were sampled using 3 measurements variables: RECO, GPP, ET

« A multi-objective cost function (CF) was used : CF = f(RECO, Uggco, GPP, Ugpp, ET,
UET)

 Uncertainties on measurement U were considered as homoscedastic or
heteroscedastic (i.e., constant or variable):

- HOMOSCEDASTIC: u=U,
- HETEROSCEDASTIC: U:ﬂ+iﬁ*){
2 2X

Where U, is a user-defined uncertainty for each variable X:
X U,

RECO 1.59gC m?day?
GPP 3 gC m?day!
ET 1 gC m? day*
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