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Climate-carbon Feedback

	
  
55	
  %	
  	
  of	
  CO2	
  emissions	
  are	
  absorbed	
  by	
  sinks	
  :	
  	
  
	
  

	
   	
  29	
  %	
  by	
  land	
  
	
  

	
   	
  26	
  %	
  by	
  oceans	
  
	
  

	
   	
  =>	
  limit	
  global	
  warming	
  

BUT	
  sinks	
  efficiencies	
  vary	
  with	
  
changes	
  in	
  environment	
  

(temperature)	
  

CARBON-­‐CLIMATE	
  FEEDBACK	
  
AR5	
  –Cha

p6.	
  IPCC,2
013	
  



Nemo - Pisces
Ocean Circulation and biogeochemical Models
Madec et al., 2002 – Aumont and Bopp, 2006

ORCHIDEE
Land Surface Model
Krinner et al,  2005

LMDZ
Atmospheric Model
Hourdin et al., 2007

+ 

Coupled Model  : an essential tool to assess climate-carbon feedback 

+ 

Example : IPSL-CM5A-LR

IdenZficaZon	
  and	
  understanding	
  of	
  feedbacks	
  independently	
  to	
  each	
  
other	
  during	
  different	
  period	
  (past,	
  present,	
  futur)	
  



Climate-carbon feedback assessment : Method
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IPSL−CM5A−LR
CanESM2
MPI−ESM−LR
NorESM1−ME
CESM1−BGC
HadGEM2−ES
CNRM−ESM1

Responses of land and ocean sinks to atmospheric carbon emissions

UNC	
  :	
  Biogeochemical	
  effects	
   COU	
  :	
  Climate	
  +	
  biogeochemical	
  effect	
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U
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U
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Importante	
  uncertainZes	
  related	
  to	
  the	
  land	
  carbon	
  cycle	
  modelling	
  (e.g.	
  :	
  IPCC,	
  2013	
  ;	
  Friedlingstein	
  et	
  al.,	
  2014)	
  =>	
  Emerging	
  constraint	
  
(e.g.	
  Hall	
  and	
  Qu,	
  2006	
  and	
  Wenzel	
  et	
  al,	
  2014)	
  



Essential Climate Variables

50 ECVs defined by GCOS / 13 provided by CCI



Essential Climate Variables

50 ECVs defined by GCOS / 13 provided by CCI

land	
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Essential Climate Variables

50 ECVs defined by GCOS / 13 provided by CCI
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  Soil	
  moisture	
  presents	
  the	
  longest	
  
Zme	
  series	
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In	
  agreement	
  with	
  
Loew	
  et	
  al.,	
  2013	
  

SpaZal	
  coverage	
  
depending	
  on	
  the	
  
temporal	
  
aggregaZon.	
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  obs	
  min	
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  49	
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  =	
  >	
  36	
  %	
  



IPSL-­‐CM5A-­‐LR	
  (amip	
  run	
  –	
  1980-­‐2009	
  )	
  	
  

Correlations between SM and climate variables in IPSL model  

Soil mois ture -temperature

Soil mois ture -precipitation
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R	
  =	
  0.49	
  

R	
  =	
  -­‐0.23	
  

The	
  hojest,	
  the	
  driest	
  
With	
  high	
  seasonal	
  contrasts	
  =>	
  

especially	
  true	
  during	
  spring	
  in	
  the	
  
northern	
  hemisphere	
  

PosiZve	
  correlaZon	
  between	
  
precipitaZon	
  and	
  soil	
  

moisture	
  

In	
  models,	
  soil	
  moisture	
  sums	
  
up	
  climate	
  informaZon	
  about	
  
temperature	
  and	
  precipitaiton	
  



Correlations between GPP and SM in IPSL model  

Photosynthesis	
  
Pumps	
  water	
  

Water	
  stress	
  =>	
  
No	
  Photosynthesis,	
  occurs	
  when	
  
soil	
  moisture	
  increases.	
  

Europe	
  and	
  North	
  America	
  highlight	
  
DIFFERENT	
  VEGETATION	
  MECHANISMS	
  

Spring	
  

Summer	
  

Coupling	
  between	
  vegetaZon	
  and	
  soil	
  moisture	
  _	
  can	
  this	
  relaZon	
  be	
  observed?	
  
amip	
  simulaZon	
  –	
  mean	
  over	
  1980-­‐2009	
  

REurope	
  =	
  -­‐0.36	
  

REurope	
  =	
  0.34	
  	
  



Comparison of  soil moisture in IPSL-CM5A-LR and CCI-Soil Moisture

IPSL-­‐CM5A-­‐LR	
  –	
  amip	
  simulaZon	
  	
  

CCI	
  –	
  Soil	
  Moisture	
  

Mean	
  over	
  1980-­‐2009	
  

m3/m3	
  

The	
  model	
  is	
  a	
  lot	
  drier	
  
than	
  the	
  observaZons	
  

BUT	
  	
  
Soil	
  moisture	
  is	
  not	
  given	
  
at	
  the	
  same	
  scale	
  :	
  10cm	
  

vs	
  2-­‐5cm	
  
	
  
	
  

Need	
  for	
  normalizaZon!	
  	
  
(Reichle	
  et	
  al.,	
  2004)	
  

Differences	
  in	
  mean	
  
water	
  content	
  but	
  also	
  

in	
  dynamics	
  	
  
	
  

	
  SM	
  global	
  =	
  
0.21	
  m3/m3	
  

SM	
  global	
  =	
  
0.10	
  m3/m3	
  



OBSERVATIONS AMIP IPSL SIMULATION
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Comparison with observed correlations between GPP (Jung et al. 2014) and CCI -Soil Moisture

MAM

JJA
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No	
  significant	
  correlaZons	
  in	
  
the	
  observaZons	
  :	
  
	
  
•  Are	
  there	
  other	
  processes	
  

not	
  taken	
  into	
  account	
  in	
  
the	
  IPSL	
  model?	
  

•  Is	
  data	
  coverage	
  not	
  
sufficient	
  	
  during	
  these	
  
seasons?	
  



parameters no. 1 to 13). Correspondingly, the reduction in NPP from
prior (annualmeanof 89 PgCyr-1) to posterior (48 PgCyr-1) is even larger
than for the ‘CO2’ assimilation experiment (55 PgCyr-1, Fig. 6, middle
column, bottom panel). In this case, the optimised NPP distribution,
however, has a clear maximum in the tropics, whereas the optimised
version against CO2 only had seen a large reduction in NPP mainly in
tropical climates, leading to similar NPP levels between tropics and
mid latitudes. The reason is that for the ‘CO2-SMOS' experiment, we
do not find the large reduction in the parameter fautleaf, which leads
to a disadvantage in NPP for the tropics (Fig. 5, parameter no. 27). NEP
after assimilating both CO2 and SMOS has a very different spatial struc-
ture than for the CO2 assimilation alone: in this case, the tropics are the
dominant sink and the northern middle latitudes a source but a much
smaller one than in the ‘CO2’ assimilation experiment. No grid cells in
the tropics are found to be large CO2 sources (Fig. 6, right column, bot-
tom panel).

In CCDAS, any errors in the terrestrial model will inevitably be prop-
agated onto the posterior parameters and consequently also onto simu-
lated posterior flux fields. Therefore the posterior model results have to
be carefully validated.We compare the simulated atmospheric CO2 con-
centrations against the observations from independent flask measure-
ment stations. In Fig. 7 we show exemplary results for the two
stations Alert, Canada, and Izaña, Tenerife. We obtain similar improve-
ments for some 15 stations worldwide (see Supplementary Informa-
tion). The simulated and measured CO2 concentrations agree very well
within their uncertainty bounds. The RMSE between simulated and ob-
served atmospheric CO2 concentrations for both ‘CO2’ and ‘CO2-SMOS'
experiments are 1.1 ppm at Alert and 0.9 ppm at Izaña (the ‘prior’ ex-
periment yields 5.1 ppm and 5.5 ppm, respectively). Atmospheric CO2

observations are arguably the most accurate and precise observations
of the global carbon cycle and, hence, the preferable (even though com-
putationally most expensive) way to validate surface fluxes. Validating
the grid-scale carbon fluxes against in-situ eddy-covariance flux obser-
vations is problematic because of the very small footprint of the flux
measurements of the order of a few hundred metres — much smaller
than the grid spacing of any global land surfacemodel. Global-scale car-
bon flux estimates derived from eddy covariance observations through
upscaling procedures (e. g. Jung et al. (2011)) replace the mechanistic
process formulations incorporated in terrestrialmodels by statistical re-
lationships when extrapolating from the site scale to continental/global

scales. Due to such a statistical upscaling, these data sets cannot strictly
be considered observations, and, together with the associated large un-
certainty a comparison at large scales with such upscaled product is not
deemed useful.

We further validate surface soil moisture simulation results against
independent data from the active ASCAT instrument. We use the same
L3 TU Wien ASCAT soil moisture product, version 5.5 (Naeimi et al.,
2009), aswe have used for the TCA uncertainty estimation. Assimilating
atmospheric CO2 concentrations does not deteriorate the simulation of
soil moisture when compared to the SMOS observations (Fig. 4), but
also when compared against the ASCAT data (Fig. 8). The RMSE aver-
aged over all grid cells and days between the simulated and observed
surface soil moisture of 2.2 mm for the ‘CO2’ experiment is in fact the
same as for the ‘prior’ experiment. However, the simultaneous assimila-
tion of CO2 and surface soil moisture does improve the fit against the in-
dependent ASCAT data as shown in Fig. 8 and the RMSE is slightly
reduced to a value of 2.1 mm for the ‘CO2-SMOS' experiment.

The International Soil Moisture Network (ISMN) provides in situ
samples of soil moisture. It is particularly dense over the United
States. For further corroborating our results we compare the simulated
soilmoisture for the grid cell shown in Fig. 9with all in situ observations
within this grid cell. As the ISMN does not provide driving data to run
the model for the sites, we use the model output at grid scale and plot
against observations by all sites within this grid cell. Note that this com-
parison is carried out in volumetric units. Thereforemodel soil moisture
below thewilting point are not simulated and therefore treated asmiss-
ing values. Also note that the heterogeneous distribution and therefore
questions of representativeness of the ISMN stations makes it challeng-
ing to derive a value for the whole grid cell. Therefore we show just the
reported values along with the prior and optimised model simulation.
Duplicate stations report more than one soil moisture time series. Fig.
10 shows that the combined SMOS and CO2 assimilation considerably
moves the posterior simulation towards the observations compared to
the CO2 only assimilation.

Fig. 11 shows the uncertainty reduction relative to the prior calculat-
ed according to (σ0-σpost)/σ0 for NEP and NPP at the continental scale
for both ‘CO2’ and ‘CO2-SMOS' assimilation experiments. For both ex-
periments, NEP uncertainty reductions are higher than for NPP, consis-
tent with the fact that atmospheric CO2 is directly influenced by NEP.
For the ‘CO2’ assimilation experiment the relative uncertainty reduction

Fig. 11. Uncertainty reduction relative to prior ((σ0-σpost)/σ0) for NEP and NPP over six regions for experiments ‘CO2’ (red bars) and ‘CO2-SMOS' (blue bars). (For interpretation of the
references to colour in this figure legend, the reader is referred to the web version of this article.)
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The added value of Soil Moisture data

Uncertainty reduction relative to prior for NEP and NPP over six 
regions for experiments ‘CO2’ (red) and ‘CO2-SMOS’ (blue). 
Scholze et al., 2016.

The relative uncertainty reduction for NEP for the 
‘CO2-SMOS’ assimilation experiment is high for all 
six regions and also for all regions higher than for 
the ‘CO2’ assimilation experiment. The SMOS soil 
moisture observations act here as an additional 
constraint on the net carbon fluxes even in regions 
which are not sampled by the CO2 observations. 
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Conclusions

Soil moisture data

•  High potential for soil moisture data to constrain  carbon cycle  
⇒  tight coupling between vegetation and climate. 

•   Temporal and spatial aggregation must be careful done.

Comparison with the IPSL model

The IPSL model is a lot drier than the observations but comparison can be 
done with normalized data.

Performances should be improved in CMIP6 because of a new hydrological 
scheme in the soil. 

Perspectives

•  Identify a relationship between model performances and sensitivity of 
the carbon sinks to soil moisture

•  Use of CO2 CCI as cross-evaluation and additional constraint
•  ….
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