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Figure SPM.5. Solid lines are multi-model global averages of surface warming (relative to 1980–1999) for the scenarios A2, A1B and B1, 
shown as continuations of the 20th century simulations. Shading denotes the ±1 standard deviation range of individual model annual 
averages. The orange line is for the experiment where concentrations were held constant at year 2000 values. The grey bars at right 
indicate the best estimate (solid line within each bar) and the likely range assessed for the six SRES marker scenarios. The assessment of 
the best estimate and likely ranges in the grey bars includes the AOGCMs in the left part of the fi gure, as well as results from a hierarchy 
of independent models and observational constraints.  {Figures 10.4 and 10.29}

MULTI-MODEL AVERAGES AND ASSESSED RANGES FOR SURFACE WARMING

15 TAR projections were made for 2100, whereas projections in this report are for 2090–2099. The TAR would have had similar ranges to those in Table SPM.3 if it had  
treated the uncertainties in the same way.

16 Decreases in pH correspond to increases in acidity of a solution. See Glossary for further details.
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Carbon cycle in ESMs 

•  In IPCC AR4 
–  OAGCM models driven by CO2 

concentra+on 
–  C4MIP models driven by CO2 

emissions 

•  General findings: 
–  Large uncertainty in CO2 projec+ons 
–  Adds uncertainty on climate 

projec+ons 
–  Posi+ve climate‐carbon cycle 

feedback leads to larger warming. 
•  BUT, no evalua+on of carbon cycle 

models at that +me 
•  Lots have been done since (e.g. Randerson et 

al. 2009, Cadule et al. 2010, Blyth et al. 2010, Roy et 
al. 2011. 

IPCC 2007 



Current on-going evaluation 
(presented here)  

•  Evaluation of state-of-the-art DGVMs offline 
historical simulations (TRENDY project) 

•  Evaluation of CMIP5 ESMs online historical 
simulations 

•  Process-oriented of climate-carbon cycle 
feedback 



TRENDY runs 

•  DGVMs forced by observed 1900‐2010 +me 
series of key forcings 
– Climate, atmospheric CO2 and land use change 

•  Analysis of land carbon and water fluxes 
(climatology and interannual variability, and 
trends) 



Evalua+on dataset 
•  Evalua+on against GPP‐ FUXNET gridded dataset (Jung 
et al., 2009, Beer et al., 2010) 

•  Upscaling of site‐level data, using  a neural network 
•  Training tree model 

variation between biomes and sites (3–5). In the
absence of direct observations, a combined GPP
of all terrestrial ecosystems of 120 Pg C year−1

was obtained (6) by doubling global biomass pro-
duction estimates (7) without an empirical basis of
spatially resolved biomass production and its rela-
tionship to GPP. A global terrestrial GPP of 100 to
150 Pg C year−1 is consistent with the observed
variation of 18OCO in the atmosphere (8, 9). How-
ever, the ability of 18OCO to constrain GPP de-

pends critically on the isotopic imbalance between
GPP and respiration, and large uncertainties re-
main associated with isotope fractionation pro-
cesses (10). The coupled uptake of carbonyl sulfide
and CO2 by plants (11, 12) could potentially be
used to further constrain terrestrial GPP by the
combination of atmospheric [COS] measurements
with an inversion of the atmospheric transport (13)
once the ratio of CO2 versus COS uptake, the ad-
ditional COS deposition to soils, and the COS
efflux from oceans is more precisely quantified.

As an alternative to directly constraining at-
mospheric data to estimate GPP, local informa-
tion can be built into a process-oriented biosphere
model, which is then applied globally. Knowl-
edge of radiative transfer within vegetation can-
opies and of leaf photosynthesis has been used to
represent GPP within process-oriented biosphere
models, which explicitly simulate the behavior of
the ecosystem as an interaction of the system com-
ponents (e.g., leafs, roots, and soil) in a reductionist
or mechanistic way. If these models are designed
to also simulate a changing state of the biosphere
(e.g., leaf area index and carbon pools), predictions
of ecosystem dynamics under changing environ-
mental conditions can be attempted (14). However,
these process-oriented models are complex com-
binations of scientific hypotheses; hence, their re-
sults depend on these embedded hypotheses. A
complementary approach is data-oriented or diag-
nostic modeling where general relationships be-
tween existing data sets are first inferred at site-level
and then applied globally by using global grids
of explanatory variables. Particularly when data-
adaptive machine learning approaches are em-
ployed (e.g., artificial neural networks), results

are much less contingent on theoretical assump-
tions and can be considered as data benchmarks
for process models. However, being essentially a
statistical approach, the diagnostic models do lack
the capacity of extrapolating to completely differ-
ent conditions and hinge on the availability of suf-
ficient data. With the advent of a global network of
ecosystem-level observations of CO2 biosphere-
atmosphere exchange (15) (www.fluxdata.org) and
the development of new diagnostic modeling
approaches, a data-oriented global estimation of
GPP has become feasible. In this study, we estimate
terrestrial GPP and its spatial details by diagnostic
models and compare spatial correlationswith climate
variables to results from process-oriented models.

The diagnostic modeling comprises two steps,
the parametrization of GPP in relation to explan-
atory variables at sites and the application of the
model by using gridded information about these
explanatory variables. For the first step, GPP was
estimated by partitioning continuousmeasurements
of net ecosystem exchange (NEE) into GPP and
ecosystem respiration at flux tower sites (16). Two
flux partitioning methods were considered using
night-time or day-time NEE (16). Such site-level
GPP data was then used to calibrate five highly
diverse diagnostic models, which relate GPP to
meteorology, vegetation type, or remote sensing
indices at daily, monthly, or annual time scales
(16). Two of these approaches are machine learn-
ing techniques: a model tree ensemble (MTE) (17)
and an artificial neural network (ANN) (18). The
Köppen-Geiger cross Biome (KGB) approach is
a look-up table of mean GPP per ecoregion. GPP
ofwhole river catchment areas is estimated by the
water use efficiency approach (WUE) (19, 20),
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Fig. 1. (A) Distributions
of global GPP (Pg C year−1)
for the five data-driven ap-
proaches that are most
constrained by data, their
combined global GPP dis-
tribution, and the GPP
distribution by the Miami
model. Shown are the me-
dian (red horizontal lines),
the quartiles (blue boxes),
and the 2.5 and 97.5 per-
centiles (vertical black lines),
indicating the 95% con-
fidence interval. MTE is
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either driven by fAPAR only (MTE1) or by both fAPAR and climate data (MTE2) (16). (B)
Spatial details of the median annual GPP (gC/m2/a) from the spatially explicit approaches
MTE1, MTE2, ANN, LUE, and KGB. (C) Latitudinal pattern (0.5° bands) of annual GPP. The
gray area represents the range of the diagnostic models MTE1, MTE2, ANN, LUE, and KGB.
The red area represents the range of process model results (LPJ-DGVM, LPJmL, ORCHIDEE,
CLM-CN, and SDGVM). The thick lines represent the medians of both ranges. The dashed
black line shows the result for northern extratropical regions from an independent diagnostic
model. In this approach, we combined gridded information about the seasonal NEE am-
plitude based on atmospheric CO2 data and an inversion of atmospheric CO2 transport with
empirical relationships between annual GPP and the seasonal amplitude of NEE derived at
flux tower sites.
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 M. Jung et al.: Towards global empirical upscaling of FLUXNET 2003

Fig. 1. Conceptual diagram of a model tree structure from TRIAL.

X variables denote explanatory variables. Letters “f” and “i” within

the split nodes indicate if the split node is a final split node (two

leaf children only) or an interior split node (> two leaf children).

The split along the categorical variable (X6) is specific for TRIAL

which allows moving several categories into left and right children

(see supplementary material for details).

share a common strategy (see Vens and Blockeel, 2006 for a

review): First, an overly large tree is grown based on recur-

sive partitioning, then the tree is pruned back. Differences

among TDIMT algorithms are mainly related to (1) the cost

function that is used to find the best split location for a vari-

able Xi , (2) the search algorithm to find the best split along

a split variable Xi , and (3) the model in the leaves. Since

model tree induction methods are computationally expensive

attention is given to keep computation time reasonable. The

next sections provide a brief outline of the functioning of

TRIAL. An illustration with pseudo-code is given as sup-

plementary material, http://www.biogeosciences.net/6/2001/

2009/bg-6-2001-2009-supplement.pdf.

2.1.1 General principle

In contrast to other model tree algorithms TRIAL allows to

specify whether the explanatory variables X are (1) only split

variables (Xsplit), (2) only regression variables (Xreg), or (3)

both. The model in the leaf nodes are multiple linear re-

gressions. The central cost function of TRIAL that is mini-

mized is the Schwarz criterion (Schwarz, 1978), also known

as Bayesian Information Criterion (BIC):

BIC = log(MSE)×n+log(n)×p (1)

where MSE is the mean squared error based on 10-fold

cross-validations, n the number of samples, and p the number

of parameters (in our case including intercepts). The cross-

validation operates in the leaves of the tree and thus provides

an assessment of the robustness of the multiple linear regres-

sions with selected regression variables (see below). The

MSE of the tree is calculated by adding up the sum of squared

Fig. 2. Map of FLUXNET stations with the number of site-months

that passed the quality control (n=3530, 178 sites). The colour

gives the number of site months; the colour scale is truncated at

24 months.

errors (SSE) from the cross-validation of all leaves and then

dividing by the total number of data points.

BIC contains a strong penalty for the complexity of the

model which ensures parsimony. In combination with the

MSE estimate from cross-validations, TRIAL is featured by

strong overfitting avoidance. Although there is debate in the

literature if the less penalizing Akaike’s Information Crite-

rion (AIC, Akaike, 1974) or BIC should be used for model

selection (see Burnham and Anderson, 2004 and references

therein) we favour simplicity of the model and chose BIC.

The BIC criterion is used to stop the growth of a tree, to

identify the node that should be split, as well as to select

the predictor variables of the multiple regressions in the leaf

nodes. Instead of a pruning phase after tree growth TRIAL

employs pre-pruning by controlling which current leaf node

is further partitioned to yield the largest information gain for

the entire model tree and stops if further splitting results in

an increase of BIC of the tree. Thus TRIAL is not based

on truly recursive partitioning but evaluates each time which

leaf node should be split. In practise this is facilitated by cal-

culating BIC of the full new model tree for each possible leaf

node that could be split and choosing the leaf where BIC of

the new model tree is smallest (see also pseudo code in the

supplementary material).

The key question of model tree algorithms is how the best

split is found for a given node. Since an exhaustive test

of all possible splits is often computationally impractical,

a smart subset of possible splits is evaluated by computing

multiple linear regressions for the left and right child for

each tested split location. Subsequently, the location where

the joint error of the model in the right and left child is

minimal is chosen as the best split of a node. The search

for the best spilt of a node is necessarily different for con-

tinuous and categorical variables and the next two sections

describe the individual strategies in more detail. We refer

the interested reader also to the pseudo code in the sup-

plementary material, http://www.biogeosciences.net/6/2001/

2009/bg-6-2001-2009-supplement.pdf.

www.biogeosciences.net/6/2001/2009/ Biogeosciences, 6, 2001–2013, 2009

Site level actual data  Upscaled gridded dataset product 

To be used with cau+on 
Jung et al., 2009 



Offline evalua+on of DGVMS Figure 1.  
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(c) Temperate NH (22.5oN - 47.5oN)
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(a) Global
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(b) Boreal NH (47.5oN - 90oN)
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(d) Tropical (22.5oS - 22.5oN)
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(e) Temperate SH (47.5oS - 22.5oS)
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CMIP5 Protocol 

•  Historical runs (C‐driven) 

 

 5 

removed from the hindcasts,  3) a hypothetical volcanic eruption imposed in one of the 

predictions of future climate, 4) different initialization methodologies, and 5) the option 

of performing high resolution time slice experiments with specified SSTs for certain 

decades in the future with a particular focus on 2026-2035.  These time-slice 

experiments would also be appropriate for models that include computationally 

expensive atmospheric chemistry treatments.  For models not used to do the long-term 

experiments, a relatively short “control” run and 1% per year CO2 increase experiment 

are called for, and there is also the possibility of an atmospheric chemistry/pollutant 

experiment. 

 

Turning to the CMIP5 long-term experiments, Fig. 3 shows the set of core experiments 

that include AMIP runs, a coupled control run and at least one 20
th

 century experiment 

with all forcings (also referred to here as an “historical” run).  There are two projection 

simulations forced with specified concentrations consistent with a high emissions 

scenario (RCP8.5) and a medium mitigation scenario (RCP4.5).  For AOGCMs that have 

been coupled to a carbon cycle model (subsequently referred to as earth system models 

or ESMs), there are control, 20
th

 century simulations, and a future simulation with the 

high scenario (RCP8.5) driven by emissions. 

 

 

 

Figure 3: Schematic summary of CMIP5 long-term experiments.   Green font indicates 

simulations that will be performed only by models with carbon cycle representation. 



ESMs* involved (so far) 

   CanESM2 
   HadGEM2-ES 
   IPSL-CM5 
   BCC 
   INMCM4 
   NorESM-1 

* = with carbon cycle 



Historical runs evalua+on 

•  LAI 
–  annual mean and seasonal cycle 
–  evaluated against MODIS LAI 

•  GPP 
–  annual mean and seasonal cycle 
–  “evaluated” against gridded FluxNET product 

•  C uptake 
–  decadal mean and IAV 
–  Evaluated against atmospheric inversions 

•  and more can be done… 



LAI seasonal cycle 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Long‐term trend 
Global land and ocean sink 

IPCC AR4 
1990’s average 

0.9 to 4.3 

2.2 ± 0.4 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IPCC 2007 

Process oriented evalua+on 
an example from Climate Science 

•  In models, snow cover dynamic 
in the short‐term (seasonal)  is 
correlated to dynamic in the 
long‐term (climate change)  

•  Short‐term changes are being 
observed 

•  Long‐term changes can be 
inferred. 

•  Could we do something similar 
for climate‐carbon feedback? 



The climate‐carbon cycle problem 

•  Carbon cycle uncertainty is 
primarily due to uncertainty 
in the land carbon cycle 

•  and in par+cular to 
uncertainty in the land 
carbon cycle response to 
climate change 

IPCC 2007 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Amount of carbon loss in 2100 by tropical lands per unit of warming 

 Where is the truth ? 

   Can we constrain this quan+ty with current observa+ons ? 



  The growth‐rate of atmospheric CO2 varies 
significantly from year‐to‐year 

Observa+onal constrains 

Anthropogenic
CO2 emissions 

Atmospheric 

CO2 increase 

Pg
C/
yr
 

1960 2010 1970 1990 2000 1980 
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Time (y) 
LeQuéré et al. , 2009 



 These varia+ons are driven by climate variability 
especially ENSO. 

Observa+onal constrains 

CO2 growth rate 

rises during El Nino 
falls during La Nina 



Constraints from Observed 
Interannual Variability 

Global CO2 Growth‐rate  Mean Temperature 30oN‐30oS 



Constraints from Observed 
Interannual Variability 



 Can we use this observed interannual variability in the 
CO2 growth‐rate as a constraint on the sensi+vity of 
tropical land carbon to climate change ? 

Observa+onal constrains 



(MPI  Model) 

Try to Decompose the 
 Land Carbon Sink into ‐ 

CO2 

T 



RelaWonship between 
Interannual Variability in Tropical 

Land Carbon Sink and 
Temperature (1960‐2010) 

(MPI Model) 

Best linear fit to detrended T  



 Es+mate of the C4MIP models sensi+vity of the CO2 
growth‐rate to interannual variability in tropical 
temperatures (ϒIAV). 

Observa+onal constrains 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 The tropical “γLT” across the C4MIP GCMs is linearly‐
related to the sensi+vity of the CO2 growth‐rate to 
interannual variability in tropical temperatures (ϒIAV). 

Observa+onal constrains 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Conclusions 

 Online and offline benchmarking can be used now for carbon 
cycle component 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ESMs 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Conclusions 

 Online and offline benchmarking SHOULD be used now for carbon 
cycle component of ESMs 

  This is not trivial as many observa+ons have known (unknown ?) 
limita+ons 

 Models show significant correla+on between CO2‐T rela+onship on 
interannual and on  long‐term (climate change) +me‐scales 

  The observed  CO2 record suggests a real‐world rela+vely weak 
sensi+vity of tropical land carbon to climate change.  

           That’s good news  ! 


