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What	
  is	
  data	
  assimila7on	
  (DA)?	
  

Ø  Also referred to as “Model-Data Fusion” (MDF)… 

Ø  Data assimilation comprises of a set of statistical techniques aimed at 
integrating models (prior knowledge of a system) and observations (new 
information) to improve model predictions and to obtain an estimate of the 
distribution of the model prediction (i.e. the uncertainty) 

Ø  Based on Bayes’ Theorem à update the prior probability of a hypothesis 
given new observations or evidence  

Ø  Basis of DA à the process of combining data with prior knowledge of the 
variables of a physical system to obtain an improved estimate of the 
variables.  

 
P(model, given the data) α P(model) x P(observations given the model)  
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What	
  is	
  data	
  assimila7on	
  (DA)?	
  
Ø  Can optimise model state variables, initial conditions or parameters 

Ø  Here we’re talking about parameter (and initial condition) optimisation 

Ø  Describe the misfit between the observations and the model simulations, 
accounting for the uncertainty in both 

 
Ø  Try to MINIMIZE the misfit 

y = ax 

y

x

Let’s take 
the simplest 
case… 

Try to estimate 
parameter ‘a’ 
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Data	
  assimila7on	
  for	
  Dummies!	
  



ORCHIDEE DEV Meeting, IPSL, Paris. Natasha MacBean (LSCE) , 25/03/2014 !

Simplest	
  case!	
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‘a’ parameter value 
4       3   2         1             0.5             0.3        0.2 

Misfit Function  (Cost function) 



ORCHIDEE DEV Meeting, IPSL, Paris. Natasha MacBean (LSCE) , 25/03/2014 !

Simplest	
  case!	
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‘a’ parameter value 
4       3   2         1             0.5             0.3        0.2 

We want to find the MINIMUM of 
the misfit function… 
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Not	
  so	
  simple	
  case!	
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‘a’ parameter value 
4       3   2         1             0.5             0.3        0.2 

Ø We want to find the MINIMUM of the misfit function… 

Ø BUT! Your misfit function may look like this…!! 
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Not	
  so	
  simple	
  case!	
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‘a’ parameter value 
4       3   2         1             0.5             0.3        0.2 

Ø We want to find the MINIMUM of the misfit function… 

Ø BUT! Your misfit function may look like this…!! 

Ø How do we find the minimum numerically? 

Not as easy to find 
the minimum now! 
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Finding	
  the	
  minimum…	
  
M
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‘a’ parameter value 
4       3   2         1             0.5             0.3        0.2 

Ø  “Gradient-descent” methods 
Ø Describe a “cost function”: 

J(x) = ½(H.x-y)TR-1(H.x-y) + ½(x-xb)TB-1(x-xb) 
 
 Misfit between obs. and 

model (with given 
parameter value) 

Misfit between 
parameter value and 

its prior 
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Finding	
  the	
  minimum…	
  
M
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a 
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‘a’ parameter value 
4       3   2         1             0.5             0.3        0.2 

Ø  “Gradient-descent” methods 
 
Ø Calculate the first derivative of the cost function in order 

to calculate the gradient… 
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Finding	
  the	
  minimum…	
  
M
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‘a’ parameter value 
4       3   2         1             0.5             0.3        0.2 

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

Ø Search parameter space… 
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Finding	
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‘a’ parameter value 
4       3   2         1             0.5             0.3        0.2 

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

 
Ø  Search parameter space… 
 
Ø  At each iteration calculate the misfit and accept or reject parameter 
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Finding	
  the	
  minimum…	
  
Ø  “Global search” methods (Genetic algorithm, Metropolis Hastings 

MCMC) 
 
Ø  Search parameter space… 
 
Ø  At each iteration calculate the misfit and accept or reject parameter 

(DE-MCZS ) (ter Braak and Vrugt, 2008), was used to sample from the joint prior parameter prob-
ability distribution. Firstly the general Metropolis Hastings MCMC algorithm is described, and
following this the DE-MCZS sampler in Section 3.6.2.

3.6.1 MCMC and the Metropolis-Hastings algorithm

In MCMC, a parameter value is accepted or rejected in a model calibration or data assimilation
sense by comparing how well a model output, using a given parameter value(s), is able to produce
(match) the observed data. This information is contained in the likelihood function as we’ll see
below. The acceptance of only certain parameter values leads to convergence on the posterior
distribution of the parameters. Figure 3.7 shows a schematic diagram of the Bayesian inversion.

Figure 3.7: A schematic of the Bayesian inversion.

Markov Chain Monte Carlo simulation o↵ers a way to systematically sample the parameter
space of the prior distribution. The prior distribution of the parameters, (P(✓)), describes the
knowledge of the distribution of the parameters values prior to the calibration. In this thesis, the
prior of each parameter is taken from the literature of all possible values for that parameter, or is set
to the physical limits of the parameter. The prior predictive uncertainty of the model outputs can
be determined by random sampling of the parameters from the prior distribution. The posterior
distribution of the parameters P(f(✓)|D) is the joint probability distribution of the parameters of
the model after calibration. The posterior probability distribution function will be referred to as
PPDF from here on.

At each iteration of the Markov Chain a new parameter value is proposed. This “candidate”
value or values can be generated by taking a small step from the existing value. The small step
can be chosen from a proposal distribution which depends on the current value and the covariance
matrix, (Gelman et al., 2004) or the proposed candidate can be drawn independently of the current
step from the proposal distribution. A chain is set up to take a random walk through the defined
parameter space. The step size and chain length should be su�cient to sample all of the param-
eter space. MCMC therefore allows for a complete sampling and characterisation of the PPDF,
whatever form that takes.

96
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Why	
  do	
  we	
  do	
  DA?	
  

Ø  Uncertain parameter values are one source of model error 
à we don’t know how big a source 

 
Ø  Want to optimise the parameter values 
 
Ø  Want to get a better estimation of the uncertainty on the 

model simulations 

Ø  Make predictions (C budget etc) 

Ø  Want to improve the models à DA can help us figure out 
where there might be important structural errors 

Ø  Want to improve the DA system à other data sources, 
remaining issues… 
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Why	
  do	
  we	
  do	
  DA?	
  

Data streams Atm. 
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 Large uncertainty from land to 
predict global C-balance (C4MIP) 

Improve: 
Ø Process understanding 
Ø Uncertainty estimates 
Ø  Future climate 

predictions 
 

Optimized 
ecosystem models 
è reduce the spread ? 

Data  
Assimilation 
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Op7misa7on	
  of	
  the	
  phenology	
  

Ø  Phenology	
  1st	
  order	
  control	
  
on	
  ecosystem	
  fluxes	
  

Ø  Incorrect	
  growing	
  season	
  
length	
  in	
  TBMs	
  in	
  
temperate/boreal	
  regions	
  

Ø  Can	
  this	
  be	
  improved	
  with	
  
parameter	
  op7misa7on?	
  

Ø  Poorer	
  understanding	
  and	
  
representa7on	
  of	
  leaf	
  
phenology	
  in	
  tropics	
  

Richardson	
  et	
  al.	
  (2012)	
  GCB	
  -­‐	
  NACP	
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have been described in the literature (e.g., Chuine,
2000; Hänninen & Kramer, 2007; Richardson & O’Keefe,
2009), but there is no consensus on which model works
best across species or across geographically distinct
populations of a given species.
Forecasts of budburst dates for future climate scenar-

ios are highly uncertain because the predicted response
to warming depends strongly on the underlying model
structure. Failure to incorporate photoperiodic control
and chilling requirements, as is the case for most of the
phenology submodels in the 14 models analyzed here,
will likely result in over-estimation of the response to
future warming (Körner & Basler, 2010). Even ignoring
the impact that such errors would have on other aspects
of biogeochemical cycling and climate system
feedbacks, it is obvious that such biases would only fur-
ther exaggerate the patterns for LAI and GEP reported
here.

In general, neither prescribed nor prognostic schemes
did well in simulating site-level phenology and its
impact on LAI and GEP. However, this general pattern
obscures some notable differences in model structure
and performance, especially as related to the represen-
tation of environmental controls on photosynthesis and
why the models tend to do better at evergreen sites
than deciduous sites. Importantly, the LAI at evergreen
sites stays nearly constant with time whereas the decid-
uous sites lose (nearly) all their leaves each winter. The
timing of spring uptake at evergreen sites is controlled
primarily by temperature, whereas at deciduous sites
spring uptake is controlled by both temperature and
the production of new foliage. Correspondingly, there
are a variety of prognostic schemes for each of several
aspects of phenology; (1) the start of leaf onset for
deciduous species and removal of dormancy for ever-
greens, (2) the progress to full LAI in deciduous species
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Fig. 4 Bias in modeled gross ecosystem photosynthesis (GEP) for deciduous broadleaf (top) and evergreen needleleaf (bottom) forests.

Left panels show bias, by model (means and standard deviations across multiple years of data for n = 5 sites), as follows: ‘Total model

bias’ is (annual model GEP) ! (annual tower GEP); ‘Total model bias (scaled for GEPmax)’ re-scales the modeled GEP to account for

order-of-magnitude differences between model and tower GEPmax and then calculates the bias as (annual model GEPre-scaled) !
(annual tower GEP); ‘spring’ and ‘autumn’ model biases are calculated from model GEPre-scaled and tower GEP, with sums calculated

for the period during which either model GEP or tower GEP is in the ‘increasing GEP’ phase (0.2 " daily GEP/GEPmax " 0.8) in

spring or ‘decreasing GEP’ phase in autumn (0.8 # daily GEP/GEPmax # 0.2). The right panels show the frequency distribution of

these spring and autumn biases in re-scaled model GEP, across all models, sites, and years of data, for each forest type: models show a

strong and consistent bias in both spring and autumn in deciduous, but not evergreen, forests. The sign convention is that positive bias

means that modeled GEP > tower GEP.

© 2011 Blackwell Publishing Ltd, Global Change Biology, 18, 566–584
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mine the amount of foliage present and active in a canopy
(Table 2). The simplest approach is to prescribe a fixed sea-

sonal course of LAI. This approach encompasses the onset
and development of foliage and also the dynamics of leaf loss.
The original version of SiB (Sellers et al., 1986) used monthly
LAI values that were specific for each plant functional type. A

slightly more complicated approach to phenology is to pre-
scribe the presence and amount of foliage based on remote
sensing data. SiB2 (Sellers et al., 1996) used AVHRR data to

determine seasonal NDVI and then fPAR and LAI. In the
present analysis, BEPS relies on a global LAI dataset (Deng
et al., 2006) derived from SPOT4 VEGETATION images and

corrected for clumping via multi-angle POLDER observations
(Chen et al., 2005). ED2 is designed to operate with the MODIS

LAI product or other phenological drivers (Medvigy et al.,
2009). Because satellite data are sometimes not available (e.g.,
for prognostic runs), models that use remotely sensed pheno-
logical observations may use multi-year average LAI and

often maintain the flexibility of using other sources. The
results presented here for the SiB class of models (as well as
ISAM), for example, use a single average seasonal course of

LAI determined for each site.
Foliage onset and development in plants have long been

related to temperature thresholds and cumulative heat sums
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Fig. 1 The mean seasonal trajectory of observed and simulated leaf area index (LAI), for five deciduous broadleaf sites. The continuous

observed LAI is derived from gap fraction estimates based on above- and below-canopy measurements of photosynthetically active

radiation. Open circles show periodic LAI measurements made using an LAI-2000 plant canopy analyzer.
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Leaf	
  phenology	
  in	
  ORCHIDEE   	
  

ONSET	
   SENESCENCE	
  
Cri7cal	
  leaf	
  age	
  

+	
  
	
  Temperate/Boreal	
  

Deciduous	
  

C3	
  and	
  C4	
  grasses	
  

Tropical	
  raingreen	
  

Temperature	
  
threshold	
  

Temperature-­‐related	
  
threshold	
  

(GDD+NCD,	
  NGD)	
  

Temperature	
  
threshold	
  

+	
  
Moisture	
  threshold	
  

Temperature-­‐related	
  
threshold	
  (GDD)	
  

+	
  
Moisture-­‐related	
  

threshold	
  

Moisture-­‐related	
  
threshold	
  (7me	
  since	
  
moisture	
  minimum)	
  

Moisture	
  
threshold	
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Carbon	
  Cycle	
  Data	
  Assimila7on	
  System	
  (CCDAS)	
  

Ø  4	
  –	
  6	
  parameters	
  per	
  PFT	
  

Ø  15	
  random	
  grid	
  points	
  with	
  available	
  obs.	
  

Ø  PFT	
  vegeta7on	
  cover	
  >	
  0.6	
  

Ø  Mul7-­‐site	
  and	
  single-­‐site	
  op7m.	
  

Ø  4D	
  varia7onal	
  +	
  finite	
  difference	
  approach	
  

Cri7cal	
  leaf	
  age	
  

Rate	
  of	
  leaf	
  fall	
  

For	
  
grasses	
  

Temperature	
  or	
  
moisture	
  threshold	
  
for	
  senescence	
  

Frac7on	
  of	
  
carbohydrate	
  
reserve	
  used	
  
for	
  leaf	
  
growth	
  

Scalar	
  of	
  temperature	
  threshold	
  	
  and/or	
  
7me	
  since	
  moisture	
  minimum	
  

Op?mised	
  parameters	
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NDVI	
  from	
  satellite	
  reflectance	
  data	
  

Ø  MODIS	
  collec7on	
  5	
  5km	
  surface	
  reflectance	
  data	
  (2000-­‐2008)	
  

Ø  Corrected	
  for	
  direc7onal	
  effects	
  (Vermote	
  et	
  al.,	
  2009)	
  

Ø  Averaged	
  at	
  model	
  grid	
  scale,	
  interpolated	
  to	
  daily	
  7meseries	
  

Ø  Model	
  LAI	
  to	
  fAPAR	
  using	
  simple	
  Beer-­‐Lambert	
  Law	
  

Ø  Normalise	
  MODIS	
  NDVI	
  /	
  modelled	
  fAPAR	
  à	
  assump7on	
  of	
  linear	
  

rela7onship	
  (5	
  –	
  95th	
  percen7le)	
  

Figure 9. Interannual and seasonal variations of MODIS, GLOBCARBON, ECOCLIMAP,
CYCLOPES, and CCRS (only over Canadian sites) LAI over some BELMANIP sites during the
2001–2003 period. Triangle (circle) represent ground LAI measurement corrected (not corrected) for
clumping.
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Garrigues	
  et	
  al.	
  
(2008)	
  JGR	
  

Deciduous	
  broadleaf	
  forest	
   Grassland	
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Temperate	
  and	
  boreal	
  deciduous	
  forest	
  
Example:	
  Boreal	
  broadleaved	
  deciduous	
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Temperate	
  and	
  boreal	
  deciduous	
  forest	
  
Example:	
  Boreal	
  broadleaved	
  deciduous	
  

Ø Reduc7on	
  in	
  GSL	
  à	
  earlier	
  end	
  of	
  growing	
  season	
  

Ø Mul7-­‐site	
  does	
  similarly	
  well	
  as	
  single-­‐site	
  



ORCHIDEE DEV Meeting, IPSL, Paris. Natasha MacBean (LSCE) , 25/03/2014 !

Natural	
  C3	
  grass	
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Mean	
  seasonal	
  cycle	
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Mean	
  seasonal	
  cycle	
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Posterior	
  parameters	
  

o  Decrease	
  in	
  frac7on	
  of	
  	
  
carbohydrate	
  reserve	
  for	
  
leaf	
  growth	
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Posterior	
  parameters	
  

o  Scalar	
  on	
  GDD	
  /	
  NGD	
  leaf	
  
onset	
  threshold	
  –	
  not	
  
strong	
  constraint	
  

o  Decrease	
  in	
  frac7on	
  of	
  	
  
carbohydrate	
  reserve	
  for	
  
leaf	
  growth	
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Posterior	
  parameters	
  

o  Scalar	
  on	
  GDD	
  /	
  NGD	
  leaf	
  
onset	
  threshold	
  –	
  not	
  
strong	
  constraint	
  

o  Decrease	
  in	
  frac7on	
  of	
  	
  
carbohydrate	
  reserve	
  for	
  
leaf	
  growth	
  

ONSET	
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N
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C
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B
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o  Minimum	
  7me	
  since	
  
moisture	
  minimum	
  –	
  no	
  
constraint	
  for	
  C3	
  grasses	
  



ORCHIDEE DEV Meeting, IPSL, Paris. Natasha MacBean (LSCE) , 25/03/2014 !

Posterior	
  parameters	
  

o  Increase	
  in	
  temperature	
  
threshold	
  for	
  senescence	
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Posterior	
  parameters	
  

o  Increase	
  in	
  temperature	
  
threshold	
  for	
  senescence	
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o  Some	
  decrease	
  in	
  cri7cal	
  
leaf	
  age	
  for	
  senescence	
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Posterior	
  parameters	
  

o  Increase	
  in	
  temperature	
  
threshold	
  for	
  senescence	
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o  Some	
  decrease	
  in	
  cri7cal	
  
leaf	
  age	
  for	
  senescence	
  

o  Some	
  decrease	
  in	
  the	
  
rate	
  of	
  leaf	
  fall	
  in	
  autumn	
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Posterior	
  parameters	
  

o  Increase	
  in	
  temperature	
  
threshold	
  for	
  senescence	
  

SENESCENCE	
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o  Some	
  decrease	
  in	
  cri7cal	
  
leaf	
  age	
  for	
  senescence	
  

o  Some	
  decrease	
  in	
  the	
  
rate	
  of	
  leaf	
  fall	
  in	
  autumn	
  

o  Increase	
  in	
  the	
  moisture	
  
threshold	
  for	
  senescence	
  
for	
  C3	
  grasses	
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Posterior	
  parameters	
  

o  Are	
  these	
  values	
  realis7c?	
  

o  Do	
  we	
  really	
  get	
  an	
  idea	
  of	
  
which	
  processes	
  are	
  
missing?	
  

	
  
	
  
o  Edge-­‐higng	
  parameters?	
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Discussion	
  points…	
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Posterior	
  parameters	
  –	
  covariance	
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Tropical	
  raingreen	
  forest 	
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Natural	
  C4 grass	
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Spa7al	
  and	
  temporal	
  valida7on	
  

PFT	
  
Mean	
  

uncertainty	
  
reduc7on	
  (%)	
  

Prior	
  
Correla7on	
  

Posterior	
  
Correla7on	
  

TeBD	
   19	
   0.9	
   0.93	
  
BoBs	
   13	
   0.59	
   0.65	
  
BoNS	
   62	
   0.25	
   0.88	
  
NatC3	
   24	
   0.63	
   0.74	
  

Ø  Spa7al	
  valida7on	
  
Ø  Extra	
  15	
  grid	
  points	
  per	
  PFT	
  
Ø  2000	
  –	
  2008	
  

Ø Mul7-­‐site	
  posterior	
  parameter	
  used	
  for	
  valida7on	
  

Ø  Temporal	
  valida7on	
  
Ø Original	
  15	
  op7misa7on	
  grid	
  pts	
  
Ø  Extra	
  2	
  years	
  2009	
  –	
  2010	
  

PFT	
  
Mean	
  

uncertainty	
  
reduc7on	
  (%)	
  

Prior	
  
Correla7on	
  

Posterior	
  
Correla7on	
  

TeBD	
   18	
   0.91	
   0.93	
  
BoBs	
   28	
   0.55	
   0.72	
  
BoNS	
   47	
   0.16	
   0.85	
  
NatC3	
   24	
   0.6	
   0.75	
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Global	
  MODIS	
  NDVI	
  evalua7on	
  

 
Median correlation value prior post1 post2 

PFT 6 temperate broad-leaved 
summergreen 0.88 0.89 0.91 

PFT 8 boreal broad-leaved summergreen 0.54 0.53 0.57 
PFT 9 boreal needeleaf summergreen 0.36 0.91 0.91 
PFT 10 C3 grass 0.53 0.59 0.59 
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FluxNet	
  evalua7on	
  -­‐	
  TeBS	
   France	
  (Hesse)	
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FluxNet	
  evalua7on	
  -­‐	
  TeBD	
   France	
  (Hesse)	
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FluxNet	
  evalua7on	
  
TeBS: 

 - GPP à 10% mean reduction in RMSE 
 - NEE à -1%  
 - LE    à 4%  
 - GSL mean bias (obs – model):  -4   à   -6 

 
BoBS: 

 - GPP à 5% reduction in RMSE 
 - NEE à 5%  
 - LE    à 4%  
 - GSL bias (obs – model):  9   à   46 

 
 
NatC3: 

 - GPP à -5% mean reduction in RMSE 
 - NEE à -3%  
 - LE    à -4%  
 - GSL mean bias (obs – model):  -29   à   -4 
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Impact	
  on	
  phenology	
  metrics	
  

Ø  CCGCRV	
  curve	
  fit	
  (Thoning	
  et	
  al.,	
  1989)	
  à	
  Fit	
  and	
  de-­‐trend	
  the	
  signal	
  
Ø  Start	
  of	
  Season	
  (SOS)	
  and	
  End	
  of	
  Season	
  (EOS)	
  when	
  de-­‐trended	
  cycle	
  

crosses	
  “zero	
  line”	
  
Ø  Growing	
  Season	
  Length	
  (GSL)	
  =	
  EOS	
  –	
  SOS	
  	
  

SOS EOS 
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Impact	
  on	
  phenology	
  metrics	
  -­‐	
  SOS	
  
Bias (obs – model) 

Correlations (btw model and obs) 
of inter-annual anomalies in SOS 

Stdev of inter-annual 
anomalies in SOS 

TeBS BoNS BoBS NatC3 
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Impact	
  on	
  phenology	
  metrics	
  -­‐	
  EOS	
  
Bias (obs – model) 

Stdev of inter-annual 
anomalies in EOS 

Correlations (btw model and obs) 
of inter-annual anomalies in EOS 

TeBS BoNS BoBS NatC3 
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Impact	
  of	
  Δ	
  GSL	
  on	
  net	
  C	
  fluxes	
  

Ø  PFT	
  6	
  :	
  ~10gCm-­‐2	
  /	
  day	
  
Ø  PFT	
  8	
  :	
  ~2.5gCm-­‐2	
  /	
  day	
  

Ø  PFT	
  9	
  :	
  ~10gCm-­‐2	
  /	
  day	
  

Ø  PFT	
  10	
  :	
  ~4gCm-­‐2	
  /	
  day	
  

TeBS BoNS BoBS NatC3 



ORCHIDEE DEV Meeting, IPSL, Paris. Natasha MacBean (LSCE) , 25/03/2014 !

Summary	
  of	
  phenology	
  op7misa7on	
  

Ø  Improved	
  fit	
  to	
  satellite	
  NDVI	
  for	
  temperate	
  and	
  boreal	
  deciduous	
  
forest	
  and	
  grass	
  (C3)	
  aIer	
  op7misa7on	
  

Ø  Reduc7on	
  in	
  GSL	
  à	
  earlier	
  senescence	
  è	
  reduc7on	
  in	
  annGPP	
  

Ø  Improved	
  fit	
  to	
  SOS.	
  EOS	
  harder	
  to	
  represent,	
  despite	
  main	
  
improvement	
  in	
  autumn	
  

Ø  Need	
  for	
  beper	
  understanding	
  of	
  PFTs	
  where	
  phenology	
  driven	
  
by	
  moisture	
  condi7ons	
  (tropical	
  regions)	
  

Ø  Need	
  to	
  analyse	
  impact	
  on	
  hydrology	
  and	
  energy	
  budgets	
  

Ø  Move	
  towards	
  more	
  PFTs	
  or	
  more	
  generalised	
  phenology	
  model?	
  



ORCHIDEE DEV Meeting, IPSL, Paris. Natasha MacBean (LSCE) , 25/03/2014 !

Further	
  ques7ons	
  

Ø Ques7ons	
  of	
  scale?	
  	
  

Ø  Satellite	
  versus	
  in-­‐situ	
  data?	
  

Ø Op7mising	
  mixed	
  pixels?	
  

Ø Normalising	
  the	
  data?	
  

Ø Other	
  data	
  streams?	
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Fluxnet	
  mul7-­‐site	
  op7misa7ons	
  
Introduction Method Error diagnostics Optimization: temperate DBF Optimization: 7 natural PFTs Conclusions

Optimization set-up

Tropical evergreen broadleaf
Temperate evergreen needleleaf
Temperate evergreen broadleaf
Temperate deciduous broadleaf

Boreal evergreen needleleaf
Boreal deciduous broadleaf
C3 grasslands

Parameter Genericity
Vcmax,opt
cT,min/opt/max
Lage,crit, fstressh PFT
Gs,slope PFT
LAIMAX, SLA PFT
LAIinit Site
Klai,alloc PFT
Kphenocrit, csenes PFT
MRa, MRb, GRfrac PFT
Q10, HRb, HRc
Zdecomp PFT
KsoilC Site
Kalbedo,veg PFT

Changes from previous optimization study

• Revised parameter set
• �b = f (minpar ,maxpar )

• Energy-balance-corrected LE flux data
• �obs

prior = RMS (y,H(xb))

• Gap-filling uncertainty taken into account

Ø  Work done by Sylvain Kuppel during his PhD 
Ø  Figures taken from his soutenance presentation 
Ø  Refs: Kuppel et al. (2012) BG; Kuppel et al. (2014 - sub)  
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Fluxnet	
  mul7-­‐site	
  op7misa7ons	
  
Introduction Method Error diagnostics Optimization: temperate DBF Optimization: 7 natural PFTs Conclusions

Model-data fit: NEE
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• Average improvement at seasonal and annual time scales

• Consistency between MS and SS approaches
• Convergence issues in some cases
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Fluxnet	
  mul7-­‐site	
  op7misa7ons	
  

Introduction Method Error diagnostics Optimization: temperate DBF Optimization: 7 natural PFTs Conclusions

Average seasonal cycle
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Improvement	
  at	
  different	
  7me	
  scales	
  

Introduction Method Error diagnostics Optimization: temperate DBF Optimization: 7 natural PFTs Conclusions

Model-data fit: RMSD at different time scales
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• Largest improvement of NEE at yearly time scale
• Similar performances between single-site (SS) and multi-site (MS)
• Small improvement of interannual flux variability
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Parameter	
  correla7ons	
  
TeNE TrBE 
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Parameter	
  correla7ons	
  

TeBD TeBE 
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Parameter	
  correla7ons	
  

BoBD BoNE 
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Importance	
  of	
  mul7ple	
  data	
  streams	
  

obs 
prior 
post fA in situ 
post fA_ext in situ 
post fAPAR SPOT 
post fAPAR 
MERIS 

à Also consider in-situ versus 
satellite fAPAR data 
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Importance	
  of	
  mul7ple	
  data	
  streams	
  

obs 
prior 
post fA in situ 
post fA_ext in situ 
post fAPAR SPOT 
post fAPAR 
MERIS 

à Also consider in-situ versus 
satellite fAPAR data 

“This suggests the model does not find the CO2 and fAPAR 
observations consistent. So rather than optimize parameters of the 
model, we have falsified some element of its structure.  
 
Far from seeing this as a disappointment I would argue it is an 
exemplary application of data assimilation.  
 
Note that if we had not carried out the parameter optimization we 
could never have distinguished between parametric and structural 
errors in the model.” 
 
Rayner P. (2010), The Current State of Carbon Cycle Data Assimilation, 
Current Opinion in Environmental Sustainability, 2, 289-296 
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Importance	
  of	
  mul7ple	
  data	
  streams	
  

fA Flu+fA Prior Flu fA Flu+fA fA Flu+fA 

NEE 
LE 
fAPAR 
GPP 

Ratio between the posterior RMSE of fit and the prior RMSE, 
between the model simulations and the different observations: 
-  assimilations performed with only flux data (Flu),  
-  only fAPAR data (fA) 
-  combination of the two datastream (Flu+fA).  
 
Values < 1 (> 1) indicates model improvement (degradation). 
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DA	
  Intercomparison	
  study	
  –	
  Fluxes	
  	
  

NEE at Hesse, France 
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DA	
  Intercomparison	
  study	
  –	
  aboveground	
  biomass	
  
model: NMAE/r model: NMAE/r 

model: NMAE/r model: NMAE/r 
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DA	
  Intercomparison	
  study	
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DA	
  Intercomparison	
  study	
  –	
  model	
  spread	
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Summary	
  

Ø  DA	
  SHOULD	
  NOT	
  JUST	
  BE	
  A	
  BLACK	
  BOX	
  TOOL…	
  

Ø  Ques7ons	
  of	
  scale?	
  	
  

Ø  Op7mising	
  mixed	
  pixels?	
  

Ø  Generality	
  of	
  posterior	
  parameters	
  /	
  parameter	
  
correla7ons	
  

Ø  Model	
  physics	
  not	
  accounted	
  for?	
  

Ø  Do	
  we	
  have	
  the	
  right	
  things	
  for	
  the	
  wrong	
  reasons?	
  

Ø  Importance	
  of	
  mul7ple	
  data	
  streams	
  

Ø  Interannual	
  variability,	
  par77oning	
  of	
  fluxes	
  etc	
  

Ø  STILL	
  WORK	
  TO	
  BE	
  DONE…	
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Sensi7vity	
  of	
  fAPAR	
  –	
  BoBS	
  
fAPAR

Yearly
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Rsol_cste
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Residence_time
Dpu_cste
Frac_growthresp
Maint_resp_slope_c
Maint_resp_c
Hcrit_litter
Z_decomp
KsoilC
Moistcont_min
Moistcont_c
Moistcont_b
Moistcont_a
Q10
So_capa_wet
So_capa_dry
Kalbedo_veg
Kalbedo_soil
Z0_over_height
LAI_init
Clumping
Thetaleaf
Tau_leafinit
Klaihappy
Leafagecrit
SLA
LAI_MAX
Senescence_temp_c
Kpheno_crit
Tphoto_max_c
Tphoto_min_c
Tphoto_opt_c
Gsslope
Humcste
Fstressh
Vcmax_opt
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Sensi7vity	
  of	
  fAPAR	
  –	
  Natural	
  C3	
  
fAPAR

Yearly
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Humcste
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Vcmax_opt


