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Uncertainties in land - climate interactions

map: mean land-atmosphere coupling 
strength simulated by 12 GCMs

Koster et al. (2004)

Red bars:  poor agreement of 12 state-of-
the-art GCMs for three key regions
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Problem: hydrologic cycle of current LSM’s

LSMs: complex set of mechanistic processes

• little agreement of seasonal H, W, and C fluxes

• missing water cycle processes in LSMs?
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Improving empirical 
parameters in a 

phenology model by use 
of satellite observations
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Problem: realism of phenology models
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• Why care? CC impacts on C&W cycle (IPCC AR5)

• current models work well for temperate forests

• poor performance for drought deciduous veggie
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• seasonal & internnual variability

• global monitoring, 25+ years

• gaps from atmospheric disturbances

• diagnostic: no information about future

Observations: satellite phenology
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Stöckli & Vidale (2004)
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Use of Data Assimilation (EnKF)

Method: minimize observation-model difference

• A: model prognostic states + uncertainties

• D: satellite observations + uncertainties

• analyze ensembles of A+D and come up with a 

new set of model states+parameters which 

better fit observations

A = (ψ1,ψ2, ...,ψN ) ∈ "n×N

D = (d1, d2, ..., dN ) ∈ "m×N

Aa = Af + K(D−HAf )

ψ = f(x, u, θ)

Ensemble Kalman Filter (Evensen 2003) x : states (LAI, FPAR)
u : forcings (T,Rg, vpd)
θ : parameters (Tmin, ...)
A : states+parameters
D : measurements
H : measurement operator
K : Kalman gain
N : no. ensembles (2000)
n : no. states (12)
m : no. observations (49)



Joint state+parameter estimation

• empirical parameters constrained (sometimes!)

• proper treatment of MODIS uncertainties (QA!)

9

ANALYSIS
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1. Result: predict seasonal phenology
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Predictive
FPAR

Temperate deciduous forest:

• spring: temperature; autumn: light
Drought deciduous: light + moisture

• vpd seems good surrogate for soil moisture

Predictive
LAI



2. Result: predict interannual phenology

Comparison to “statistical plant” by T. Rutishauser

• model trained with only 7 years of satellite data

• interannual-decadal variability reproduced
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R=0.60
R=0.73

Stöckli et al. , JGR-BGC (submitted)



Next step: a global model of phenology

Global forward prediction of LAI using the GSI 
phenology model with standard parameters

• response to radiation, temperature, moisture

• not yet very realistic everywhere ...
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Getting there: regional data assimilation
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Detecting regional phenological variability 

• subgrid-scale vegetation + topography

• aim: parameter set by vegetation type (pft)

• applicability: NWP + climate models
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Conclusions

Finding missing processes (e.g. Hydrology)

• priority!

Constraining parameters (e.g. Phenology)

• data assimilation overcomes deficiencies of 
“messy” (satellite) data

• create a prognostic model which inherits 
statistics of diagnostic satellite data

• predictive power with realism of observations

Q&A: Reto Stöckli (stockli@atmos.colostate.edu)


