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PRELIMINARY STATEMENTS
This report is related to the Task 2.3B of WP2. It describes methodological frameworks to quantify the
uncertainty in climate projections by means of multimodel ensembles, including an application to the
climate variables used by the COMPLEX WP2 case studies.
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SHORT SUMMARY
The two case studies carried out within COMPLEX WP2 will study scenarios for increasing the share
of Climate Related Energies (CRE, mostly wind-, solar- and hydropower) in the energy mix. This
requires studying the space-time properties of the climate variables that govern CRE, and the
evolution of these properties in the next decades. To achieve this, a modeling chain is set up, starting
with large-scale climate projections from general circulation models (GCM), that are then driven
through downscaling models, hydrological models and energy production models.
In recent years, the climate modeling community has put a lot of effort into releasing the outputs of
multimodel experiments for use by the wider scientific community. In such experiments, several
structurally distinct GCMs are run using the same observed forcings (for the historical period) or the
same projected forcings (for the future period). This multiplicity of GCM outputs is an opportunity to
explore the uncertainty associated to climate modeling. In a similar vein, the other layers of the
modeling chain can also generally produce multiple outputs. For instance, some downscaling methods
can generate many realizations of downscaled time series associated with the same large-scale time
series. It is also a common practice to use several distinct hydrologic models to transform these
downscaled time series into streamflow or other hydrologic variables.
The objective of this report is to describe the methodological frameworks we use in order to take
advantage of multimodel experiments for uncertainty quantification. More precisely, this report
describes two distinct ways of using multimodel ensembles for uncertainty quantification:
1. Exploring the variability of multimodel outputs and evaluating where this variability comes
from (GCMs, downscaling, hydrologic models, etc.). This is achieved by means of Analysis of
Variance (ANOVA) approaches.
2. Weighting models according to their ability to reproduce the observed climate. Such weights
can be used to combine the outputs of several models in a way that rewards good-performing
models and discards poorly-performing ones.
Several case studies are presented to illustrate both approaches, ranging from simple synthetic
experiments to realistic impact studies. The latter includes an application to the context of WP2 case
studies.
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1

Introduction

Increasing the share of renewable energies in the overall energy mix has become a central
objective in Europe and elsewhere, and is considered as an important driver of climate change
mitigation policies (amongst many other drivers, including reduction in demand, energy
efficiency and conservation, carbon sinks, etc., see IPCC, 2007c). Climate Related Energies
(CRE, mostly wind-, solar- and hydropower) will play a key role in this evolution. However,
CRE production faces many challenges, due for a major part to the complex nature of the
governing climate variables. Indeed, these variables are highly variable (in both space and
time), can be intermittent and cofluctuate in complex ways. Consequently, it is important to
understand the space-time covariations of climate variables governing CRE production, and to
model the evolution of these covariations in the next decades. In turn, this will allow deriving
realistic scenarios of evolution for CRE production systems, whose success is not only
measured in terms of mitigation, but also in terms of reliability, resilience and vulnerability.
To achieve this, the strategy adopted by COMPLEX WP2 is to set up a modeling chain
describing the whole CRE system, from large-scale driving climate variables to energy
production systems. Schematically, this modeling chain is made of the following components:
1. Large-scale climate projections from general circulation models (GCM);
2. Downscaling models that transfer large-scale climate information at a smaller scale
relevant for energy production;
3. Hydrological models transforming forcing variables such as temperature, wind,
precipitation into streamflow fluctuations;
4. Energy production models.
This modeling chain will produce times series of energy production associated with scenarios
of evolution for CRE. Comparing the production time series with demand time series will
allow computing metrics quantifying the reliability, resilience and vulnerability (RRV)
associated with each scenario (for more details, see COMPLEX report D2.4, Sauquet et al.,
2013)(François, 2013).
Each component of the modeling chain is affected by uncertainties that cascade down the
chain and result in an overall projection uncertainty. Accounting for this uncertainty is
important as it may strongly affect RRV metrics and any decision based on them. A possible
approach to account for this uncertainty is to use multimodel ensembles. For instance, outputs
from several structurally distinct GCMs, run with the same forcings, are available (Taylor et
al., 2011). Similarly, some downscaling methods can generate many realizations of
downscaled time series associated with the same large-scale time series. It is also a common
practice to use several distinct hydrologic models to transform these downscaled time series
into streamflow or other hydrologic variables.
The objective of this report is to describe the methodological frameworks we use in order to
take advantage of multimodel experiments for uncertainty quantification. It is organized as
follows. We start by a general description of the modeling chain used to describe CRE and the
context of multimodel ensembles (section 2). We then describe approaches to assess the
contribution of each component of the modelling chain to the variability of multimodel
outputs (section 3), based on Analysis of Variance (ANOVA). Sections 4 and 5 are devoted to
procedures for computing performance-based weights: the former presents a preliminary
procedure and its application to two case studies, while the latter presents an improvement of
this procedure to account for observation uncertainty, with an application to the WP2 case
studies. Finally, section 6 draws conclusions and discusses perspectives.
1
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2

General Setup

2.1 Modelling chain for future Climate Related Energies
Assessing future CRE potential requires setting up a modelling chain within the framework
commonly adopted for more than a decade for “top-down” change impact and adaptation
studies (Wilby and Dessai, 2010). Taking the example of future hydropower potential
assessment, such a framework—also called “scenario-led”—starts from setting up a trajectory
of external forcings (e.g. greenhouse gas emissions scenarios) for a future period, running a
Atmosphere-Ocean General Circulation Model (GCM) under these forcings, applying a
downscaling method to get climate projections with relevant spatial and temporal scales over
the river basin considered, running a hydrological model to build streamflow projections and
then derive corresponding hydropower potential. The different steps of this modelling
framework are briefly discussed further in the next paragraphs.
The first step corresponds to the trajectory of external forcings, i.e. greenhouse gas emissions
pathways. Such pathways used to be designed as socio-economic emissions scenarios,
through a family tree known as SRESs (Special Report on Emissions Scenarios (Nakicenovic
et al., 2000)). SRES scenarios, like the so-called A2, B2 and A1B, have been widely used as
forcings for climate experiments informing the third and fourth IPCC Assessment Reports
(IPCC, 2001; IPCC, 2007b). Representative Concentration Pathways (RCPs, Moss et al.,
2010; van Vuuren et al., 2011) have been recently developed for informing the IPCC fifth
assessment report. On the contrary to socio-economic SRES that have to be interpreted first in
terms of physical forcings, RCPs consist in trajectories of radiative forcings directly usable by
global climate models.
The second step consists in building global climate projections by forcings a GCM with a
SRES or a RCP. A “climate projection” is the response of the climate system to emission or
concentration scenarios of greenhouse gases and aerosols, or radiative forcing scenarios, often
based upon simulations by climate models.” (IPCC, 2007a, p. 943). As such, a climate
projection is a climate prediction conditional to a given emissions scenario. Climate
projections include transient gridded meteorological data over the whole Earth.
Such global climate projections have however a spatial resolution too coarse for directly
deriving the variables relevant for assessing CRE potential, and a downscaling step has
therefore to be performed. A detailed description of this downscaling step has been given in a
previous report (Hingray et al., 2013). Two different types of downscaling can be identified:
dynamical downscaling, which makes use of Regional Climate Models (RCMs) and statistical
downscaling, using empirical statistical downscaling methods (ESDMs) (Fowler et al., 2007;
Maraun et al., 2010).
In contrast to wind and solar power potential, an additional step has to be performed for
deriving hydropower potential, by using hydrological models that convert meteorological
fluctuations into streamflow fluctuations.

2.2 Multimodel Multimember Ensembles
In order to represent the structural uncertainty involved at each level of the modelling chain,
the approach commonly adopted is to consider a set of different model structures. At the
global climate level, this approach led to the development of large Multi Model Ensembles
(MMEs) like CMIP3 (Meehl et al., 2007) or CMIP5 (Taylor et al., 2011) that informed the
last two IPCC assessment reports. A similar approach has been widely used at the regional-tolocal climate level, with several international intercomparison projects involving different
RCMs, like ENSEMBLES (P. and Mitchell, 2009) or more recently CORDEX (Giorgi et al.,
2
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2009). For specific regional case studies, sets of different ESDMs have also been widely used
(see e.g. Lafaysse et al., 2014), or combined sets of RCMs and ESDMs (see e.g. Piazza et al.,
2013). Using more than one hydrological model structure has also been common practice (see
e.g. Hingray et al. 2013; Chauveau et al., 2013; Sauquet et al. 2014). Considering a given set
of alternative model structures has been called “ensemble of opportunity” by Tebaldi et al.
(2007) in the context of global climate modelling.
In addition to ensembles of structurally distinct models, even more experiments also produce
several members for a single given model structure. This is done in particular at the global
climate level. Indeed, climate research recently acknowledged the importance of natural
variability in the assessment of global future climate, at least for short time scales (Cox and
Stephenson, 2007; Hawkins and Sutton, 2009; Hawkins and Sutton, 2011). This variability
stems from the chaotic nature of the global climate system, and it is usually dealt with by
considering slightly different initial conditions when running a given GCM. The different
climate experiments produced with the GCM, the so-called runs or members, highlight
different trajectories of future climate variables. The dispersion between them defines the
“internal variability” of the GCM, assumed to correspond to the natural unforced climate
variability (Giorgi, 2005; Stainforth et al., 2007). Much emphasis has been recently made
specifically on internal variability in assessing future climate, with some studies
demonstrating the need for large ensembles of GCM members (Daron and Stainforth, 2013;
Deser et al., 2012b). Internal variability does not only apply for GCMs. It also applies for
downscaling models, traducing the usually large variability of local scale meteorological
situations resulting from a same large scale configuration. Local scale internal variability can
also be studied with the multiple members potentially downscaled from the outputs of a given
GCM run. Recent studies highlighted the importance of internal variability for both
continental (Deser et al., 2012a; Deser et al., 2014) and local (Hingray and Saïd, 2014;
Lafaysse et al., 2014) features.

2.3 Using Multimodel MultiMember Ensembles
for uncertainty quantification
The availability of multimodel multimember ensembles (MME) is an opportunity to explore
the uncertainty affecting climate projections, and further down the modeling chain,
projections for CRE production. The objective of this report is to describe methodological
frameworks aimed at quantifying the uncertainty in projections based on MMEs. More
precisely, two families of approaches will be considered:
1. Assessing the components of the modeling chain that create the most variability in
MME outputs. This is based on ANOVA approaches.
2. Weighting MME outputs according to their performance in reproducing the observed
climate.
Note the fundamental difference between these two approaches: the former aims at
quantitatively describing MME outputs, but does not directly use observed data. By contrast,
the latter directly uses the observations to reward the best-performing models. Using an
analogy with Bayesian statistics, one could consider that approach 1 is a tool to explore prior
uncertainty, because it does not directly use the information contained in observed data.
Conversely, approach 2 explores posterior uncertainty, because it uses the observations to
reward the best-performing models.
Another difference is in the handling of the MME outputs. In order to assess the contribution
of each component of the modeling chain to the total MME variability, approach 1 will use all
available ensembles together (i.e., multiple GCMs + multiple downscaling methods +
3
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multiple hydrological models). Conversely, there exist several options to apply a weighting
procedure (approach 2). Weights can be computed at the level of GCMs. Alternatively, it is
also possible to consider the chain (GCM + downscaling model + hydrological model (HM))
as a single meta-model and apply the weighting procedure to its outputs. In the context of
COMPLEX case studies, we decided to apply the weighting procedure to GCM outputs (i.e.
the input variables of the downscaling procedure), and then to propagate the weights down the
modelling chain.

3

Partitioning uncertainty sources
in a multimodel multimember ensemble of climate projections

3.1 The challenge of partitioning model uncertainty and internal variability
Estimating the total uncertainty of projections from an ensemble of climate projections and
estimating the contribution of each particular uncertainty source require an appropriate
statistical framework. This issue is given a great attention for the recent years. This actually is
intended to help evaluating the significance of estimated changes or at least their value for
eventual planning purposes. This is besides intended to highlight the most important
uncertainty sources and next to estimate the potential to narrow the total uncertainty (Hawkins
and Sutton, 2011, 2009). This is also expected to give some insight on how a given modeling
chain react to a given emission scenario (Yip et al., 2011).
Various methods to quantify and partition the total uncertainty into its different sources have
been proposed. Most of them are based on empirical statistical analysis or more formal
Analysis of Variance (ANOVA) framework of projections obtained for a particular
multimodel model ensemble of opportunity (Hawkins and Sutton, 2009; Hingray et al., 2007;
Raisanen, 2001; Yip et al., 2011). Model uncertainty is classically explored via multi-model
experiments (Chen et al., 2011; Lafaysse et al., 2014). It corresponds to the dispersion
between the different climate responses, i.e. the different noise-free signals, obtained
respectively for the different modelling chains.
Internal variability of a given modeling chain can be estimated from the time variability of the
deviations from the climate response of the chain over a long time period for a stationary
(Raisanen, 2001) or non-stationnary climate (Hawkins and Sutton, 2009; Hingray and Saïd,
2014). It can also be estimated for by the use of several members of the same chain (Sansom
et al., 2013; Yip et al., 2011). With this latter method, a major difficulty arises because of the
limited number of members that are classically available, until now, for most modeling
chains. This is especially the case for GCM experiments, for which runs are rarely more
numerous than 2 or 3.
When a large number of members is available for a given modelling chain, the climate
response of the chain for the considered prediction lead time can be estimated from the multimember mean of projections. Besides, the internal variability of the chain can be estimated
from the inter-member variance of projections.
When only a small number of member is available, the climate response of the chain and the
noise due to its internal variability can actually be difficult if not impossible to separate,
especially when the internal variability is non-negligible compared to the climate response. In
such a case, the multi-member mean obtained for a particular prediction lead time is likely to
be a poor estimate of the climate response of the chain. This is likely to lead, in turn, to a
significantly biased estimate of model uncertainty. Similarly, the inter-member variance of
the chain is likely to give a significantly biased estimate of internal variability of the chain.
4
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This is likely to lead, in turn, to a significantly biased estimate of total uncertainty and
significance of changes.
As a direct consequence of a small number of members, internal variability, model
uncertainty and total uncertainty may also vary from one prediction lead time to the other,
depending on the prediction values obtained for each lead time. Non negligible temporal
variations in GCM internal variability and other uncertainty components were for instance
obtained over the next century by (Yip et al., 2011) from regional warming projections from
21 future climate experiments with 2 runs each. Such temporal variations are expected to be
much greater for other variables that present a non-negligible internal variability such as
precipitation. There is however obviously no reasons for abrupt changes in the different
uncertainty sources in a transient climate.
Another reason for concern is that the total variance of the multi-model multi-member
experiment sample of opportunity can even be smaller than the internal variability of the
models. In some previous works, model uncertainty is sometimes derived from the residual of
the sample variance and the internal variability estimated in a preliminary step from auxiliary
datasets, but, when the total variance of the multi-model multi-run experiment sample is
smaller than internal variability, this results in a negative estimate of model uncertainty,
which is of course not satisfying. This problem was for instance reported by (Raisanen, 2001)
and (Hingray et al., 2007).
In this context, the content of this section is twofold:
•

We first explore the effect of the number of members on the estimates of uncertainty
components in a synthetic ensemble of opportunity that accounts for two single
sources of uncertainty: model uncertainty and internal variability. We discuss the
results for different values of internal variability with respect to model uncertainty.
• We next present the QEANOVA statistical framework which allows partitioning the
different components of model uncertainty and internal variability in classical MME
of climate projections. The estimation is quite robust even in case of a small number
of members. It is based on the quasi-ergodic assumption for transient climate
simulations.

3.2 The effect of the number of members on uncertainty estimates
3.2.1

2-ways ANOVA for partitioning model uncertainty and internal variability

As mentioned above, ANOVA techniques are frequently used to partition uncertainty
components. This however usually requires extracting a sub-set of the total ensemble of
climate experiments such as the same number of replicates is available for each modeling
chain (Li et al., 2012; Yip et al., 2011). Having equal numbers of replicates per modeling
chain means that the ANOVA decomposition of variability is actually straightforward,
conversely to the case of real unbalanced datasets (Déqué et al., 2007). To allow for
considering a large number of modeling chains, subsets therefore usually rely on a very small
number of replicates (e.g. 2 runs for Yip et al. (2011), 3 runs in Li et al. (2012) and in Déqué
et al. (2007)).
In this section, we develop a synthetic experiment to show the effect of the number of
members on the estimates of uncertainty components from a synthetic MME of projections.
Let us consider the hypothetical ensemble of opportunity where Nr different members are
available for each of M different modeling chains. A modeling chain refers for instance to a
given GCM and the members to the different runs for each GCM. A modeling chain could
also refer to a given GCM/SDM combination or to a given GCM/SDM/MH model
5
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combination. Members would respectively refer to the different stochastic generations
obtained with the different runs for each GCM/SDM combination (e.g. Hingray and Said,
2014) or for each GCM/SDM/MH combination (e.g. Lafaysse et al., 2014).
Note X (m, n, t ) the simulations output for each future period t of the change variable for the
nth member of modeling chain m. We assume that these outputs can be written as:

X (m, n, t ) = µ (t ) + α (m, t ) + η (m, n, t )

(1)

Where µ (t ) is the grand-ensemble mean climate response of all predictions at prediction lead
time t; α (m, t ) is the mean deviation of the climate response of modeling chain m from the
grand-ensemble mean µ (t ) ; η (m, n, t ) is the deviation of the nth experiment of chain m from
the climate response of the chain.
The climate response of a given chain is defined by µ (t ) + α (m, t ) . The dispersion between
the climate responses of the different modeling chains defines the model uncertainty (the
modelling chain uncertainty). For each modelling chain, the dispersion between the members
of the chain defines the internal variability of the chain. For the hypothetical data set, the
model uncertainty and the internal variability components can be estimated via a classical
ANOVA framework.
Internal variability is estimated via the multi-chain mean of the inter-member variance of
X (m, n, t ) :

σˆη2 (t ) =

1 2
1
σˆη ,m (t ) =
M
M

1 Nr
2
( X (m, n, t ) − X (m, •, t ) )
∑
∑
m =1 ( N − 1) n =1
M

(2)

Where σˆη2,m (t ) is the inter-member variance of X (m, n, t ) for modeling chain m and where

X (m, •, t ) =

1 N
∑ X (m, n, t )
N n =1

(3)

is the multi-member mean of the N members for modeling chain m (the symbol • indicates
averaging over the particular index). When a large number of members is available for chain
m, X (m, •, t ) is expected to be a good estimate of the climate response α (m, t ) of the chain.
Similarly, the model uncertainty component is estimated with the inter-chain variance of
X (m, •, t ) :

σˆα2 (t ) =

1 M
2
( X (m, •, t ) − X (•, •, t ) )
∑
M − 1 m=1

(4)

Where

X (•, •, t ) = µˆ (t ) =

1
M

M

∑ X (m, •, t )

(5)

m =1

is the grand-ensemble mean.
Assuming that both α (m, t ) and η (m, n, t ) components of variance are independent random
variables, the total uncertainty of the change variable X for future lead time t, can be estimated
from the following sum of variances:

σˆT2 (t ) = σˆα2 (t ) + σˆη2 (t )
6
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Note that the sum α (m, t ) + η (m, n, t ) in equation 1 can always be estimated for each member
of each model experiment for each prediction lead time, but it may be actually impossible to
have a robust estimate of α (m, t ) and η (m, n, t ) separately. This is of course the case when
only one run is available for a given chain. This is also likely the case when a small number of
runs is available, especially if internal variability is not negligible when compared to the
climate response of the chain. Depending on the size of the dataset and especially of the
number of available members, depending on the importance of internal variability, the
estimates of total uncertainty and of uncertainty components obtained respectively from
equations 6, 2 and 4 are in turn likely to be biased.
3.2.2

Synthetic simulation experiment

We tested the effect of the number of members on the estimates of the model and internal
variability component in a synthetic simulation experiment. We assume that the simulations
outputs X (m, n, t ) for a given future period t of the change variable is of the form of equation
1 where the mean climate response is fixed to a constant µ (t ) = µ and where α (m, t ) and

η (m, n, t ) are two independent random normal variables with α (m, t ) = α (m) ∼ N (0, σ a2 ) and
η (m, n, t ) = η (n) ∼ N (0, σ n2 ) .
For the sake of clarity and simplicity, a unique number of GCM was considered for all of
these simulations (M=5). The climate responses of these M GCMs were estimated such as
they are uniformly distributed over the cumulated distribution function of the corresponding
normal variable.
By construction, the variance of X (m, n, t ) = X (m, n) is σ T2 = σ α2 + ση2 .
Let us consider a given statistical characteristic θ of the ensemble of opportunity, e.g. the
grand ensemble mean response, the total uncertainty of projections, the model uncertainty and
internal variability components of total uncertainty.
This simple model allows us to estimate the ratio R(θΝ) between the theoretical value for the
parameter θ in the synthetic dataset (i.e. µ , σ α2 , ση2 , σ T2 ) and its estimated counterpart θˆN
obtained when Nr members are available for each model m (respectively µˆ , σˆα2 , σˆη2 , σˆT2 ).
For different combinations of parameters ( µ , σ α2 , ση2 ) and for different numbers of available
members Nr, we constructed a set of M*Nr projections of X (m, n) according to equation 1
and subsequently estimated for the resulting dataset the mean signal µ from equation 5, the
variance components σ α2 , σ n2 from equations (2, 4, 6) and total variance σ T2 from equation 6.
We conducted 10000 bootstrap samples, for each combination of parameters and member
numbers. Subsequently, we estimated for each parameter θ, the mean E[R(θΝ)] and the
standard deviation SD[R(θΝ)] of the ratio R(θΝ) obtained for the 10000 stochastic generation
samples. The closer to one the mean ratio is, the smaller the mean bias of the 10000 samples
and the closer the mean estimate and the expected value of the parameter. The closer to zero
the standard deviation is, the smaller is the probability that, for a given sample, the ratio R(θΝ)
diverges from its mean value and, in case of an unbiased mean estimate of the ratio, the
smaller the probability that the estimated and the expected value of the parameter are
significantly different.

7
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3.2.3

Results: variance components and total variance

Figure 1 presents results for different variance parameters as a function of Nr , the number of
members, and as a function of Fn, the fraction of total variance explained by internal
variability. Note that results are here independent on the mean signal value µ.
For each parameter, the mean bias is not zero. It is low to very low when the number of
members is larger than 15-20 but it can be significant for small values of Nr.
•

•

•

For the internal variability component σ n2 , the mean bias is logically independent on
Fn. The mean ratio is always smaller than 1, it can be as low as 0.8 when only two
members are available. However, its SD is large meaning that a large underestimation
of internal variability is as likely as a large overestimation.
For the model uncertainty component σ m2 , the mean ratio is always greater than 1 with
very large values obtained for small Nr values when internal variability is the main
contribution of total variance (up to 3 when Nr <3 and Fn >80%). The SD values are
larger for R (σ m2 ) than for R (σ n2 ) highlighting again than the direction of bias obtained
for a given dataset is uncertain.
For total variance σ T2 , the signature obtained in the (Fn, Nr) domain is a combination
of the signatures obtained for σ n2 and σ m2 but the bias is expected to be much lower in
this case. The mean ratio is much closer to 1 and its standard deviation is up to 50%
smaller than that of individual variance components. The potential error is however
likely to be non-negligible.

The error that can be potentially done for a small number of members is therefore significant
for total uncertainty but more noticeably for model uncertainty and internal variability,
preventing from a relevant identification of the main source of uncertainty.
These attribution errors obviously propagate in the full uncertainty analysis. They can lead for
instance to drastically wrong estimates of the significativity of changes (not shown, Hingray
et al. in preparation).
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Figure 1: Mean value (left) and standard deviation (right) of the ratio R(θ) between the
estimated and expected value of the different variance components in the synthetic ANOVA
experiment ( σ n2 : variance of internal variability, σ m2 : model uncertainty, σ T2 : total variance). The
closer to one the mean ratio is, the smaller the mean bias of the 2000 samples. The closer to zero the
standard deviation is, the smaller is the probability that, for a given sample, the ratio R(θΝ) diverges
from its expected value. Estimated ratios based from 10000 stochastic generations from equation 1.

3.3 A call for a more robust statistical framework
3.3.1

The QEANOVA framework for MME with long transient climate projections

The results presented in the previous section show that a very erroneous estimate of all
quantities of interest is likely to be obtained from ensemble with a small number of members,
especially when internal variability is non-negligible when compared to model uncertainty.
This is in line with results of Northrop (2013) who pointed out the fact that results can depend
strongly on the particular dataset chosen, so relying on a single dataset may be misleading.
One first challenge for a robust estimate of climate projections and associated uncertainties is
therefore to have the possibility to use all available experiments and replicates for the impact
study under consideration. The very unbalanced configuration makes it however not
straightforward.
9
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For the recent years however, long time series are available for the large majority of GCM
experiments and in turn for a large number of modeling chains. GCM experiments from the
ENSEMBLE-Stream2 European research project cover for instance the 140 years of the preindustrial period (1860-2000) and the 100 years of the next century (Johns et al., 2011). This
gives a major opportunity to significantly improve the estimation of internal variability and
model uncertainty components, of total uncertainty and in turn significance of changes.
We proposed in this context a simple statistical approach (QEANOVA), mainly an analysis of
variance (ANOVA), based on the quasi-ergodic assumption for transient climate projections
(Hingray and Saïd, 2014).
It was developed for rather complex MME of projections with unbalanced numbers of
members between modelling chains and with modelling chains composed from a cascade of
different models (GCM/SDM/Impact model). In such a case, partitioning uncertainty sources
consists also 1) to partition the different components of model uncertainty, relative to the
different kinds of models and 2) to partition, when relevant, the different components of
internal variability. When climate projections are obtained with different GCM/SDM chains
for instance, model uncertainty arises from GCM uncertainty and from SDM uncertainty;
internal variability has a large scale and local scale component, mainly produced by the GCM
and the SDM respectively. In such a configuration, the QEANOVA approach allows to
partition the different components of model uncertainty and the different components of
internal variability.
We summarize first the main principles and analysis steps of the QEANOVA approach in the
following. We give next an illustration of its application for hydroclimatic projections
obtained within the RIWER2030 research project (Hingray and Saïd, 2014; Lafaysse et al.
2014). They were obtained for different modelling chains composed of different GCMs and
SDMs.
The framework is rather versatile and can be easily adapted to other datasets. It is currently
being adapted for COMPLEX projections. Results for COMPELX projections are not
available sofar as long control simulations are still being processed at this time.

3.3.2

Theoretical framework

The Quasi-Ergodic ANOVA (QEANOVA) framework is based on the quasi-ergodic
assumptions for climate simulation in transient climate. Ergodicity applies to a dynamic
system for which any sequence of events will pass through all the values accessible to the
system, provided the duration of this sequence is sufficiently long. Under the ergodic
assumption, the statistics are expected to be invariant whether calculated over the ensemble of
events for a given time or over time for a given sequence of events.
The QEANOVA framework considers that if the climate response of a particular simulation
chain varies over the period, this variation should be gradual and smooth, the higher
frequency variations of the time series being due to internal variability alone. It assumes also
that the internal variability remains constant over the period for temperature or that it varies as
a linear function of the mean effect of the simulation chain for the other variables, for which
relative instead of absolute changes are studied. These assumptions correspond to the quasiergodic assumption for climate simulation in a transient climate (Figure 2).
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Figure 2. Schematic illustration of the Quasi-Ergodic assumption for transient climate
projections. Time series members, climate responses and internal variability for two modeling chains
over a control+transient simulation period (adapted from Hingray and Said, 2014).

In this context, partitioning model uncertainty and internal variability components for any
projection lead time then simply consists in extracting the noise-free signal (NFS) from the
time series of each simulation chain.
The NFS provides an estimate of the climate change response of the chain and of its possible
evolution with time (see modelling chain A, Figure 3). The climate change responses of all
chains from the MME of projections can then be used to estimate the components of model
uncertainty associated with the different models of the chains (see dispersion between
modelling chains A and B, Figure 3). A classical n-ways ANOVA analysis is applied for this.
For the dataset considered in the present case, components of model uncertainty are
uncertainty associated with GCMs and SDMs. A 2 ways ANOVA analysis is therefore used
for this estimation. It also allows estimating the uncertainty associated to the GCM-dependent
deviations of each SDM. In the present case, these deviations combine the effects of
systematic interaction between GCMs and SDMs plus the effects of random residuals. This
component is thus refered to as the residual / model interaction component of model
uncertainty.
In a second step, the residuals from the NFS are used to estimate the internal variability
associated to each modelling chain. For the dataset considered in the present case, a large
number of members is available for each chain (100*k where k is the number of GCM runs
available for the chain). Simulations additionally cover a period as long as 240 years. This
large dataset allows partitioning of both large and small scale components of internal
variability.
The method can take benefit of all data and simulations experiments available for the target
region, notwithstanding on the number of runs available for instance for each GCM. All
members can actually be used to estimate the climate response of each modelling chain and
its internal variability (see modelling chain B, Figure 3). The large number of data potentially
used makes the estimation of the climate change response and the internal variability of the
chains relatively robust even if internal variability is significant compared to the inter-chain
dispersion of the climate change responses.
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Finally, the total uncertainty variance for the ensemble of opportunity is simply the sum of the
different uncertainty components obtained in the previous steps: components of model
uncertainty + components of internal variability. For the dataset considered in the present
case, the total uncertainty variance for projection lead time t is given by the sum of the
following variance components:

T (t ) = G(t ) + S (t ) + E (t ) + LSIV (t ) + SSIV (t )

(7)

where G(t), S(t), E(t), LSIV(t) and SSIV(t) correspond respectively to the GCM uncertainty,
SDM uncertainty, residual / model interaction uncertainty and large and small scale internal
variability. The multichain mean µ (t ) of all climate change responses at t and the total
variance characterize the magnitude and total uncertainty of the change variable X.
Note that the total uncertainty given by the total variance above is the potential uncertainty
that would be obtained from a large number of members (runs+replicates) for the considered
set of GCM/SDM chains. It may be significantly different from the total variance that would
be estimated directly from the considered ensemble of opportunity (Hingray and Saïd, 2013b).
The different steps of the QE-ANOVA framework are summarized in Figure 3 for the dataset
considered in the present case. A similar flow chart would be obtained for other datasets
configurations.
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Figure 3. Schematic flow diagram of the Quasi-Ergodic ANOVA (QE-ANOVA) framework
applied for partitioning model uncertainty components (GCM uncertainty G(t), SDM uncertainty
(D), Residual-GCM/SDM interaction R(t)) and internal variability components (large scale (LSIV),
small scale (SSIV)). (adapted from Hingray and Said, 2014).
NFS(g,s,t) is the Noise-Free Signal for GCM/SDM chain g-s and prediction lead time t;
η(g,s,r,k,t) is the random deviation from the climate response of GCM/SDM chain g-s due to internal
variability obtained for the run r of GCM g and for the replicate k of SDM s.
µ(t) is the grand ensemble mean climate response for projection lead time t, α(g,t) is the mean effect
of GCM g, β(s,t) is the mean effect of SDM s, γ(g,s,t) is the residual GCM/SDM interaction term for
GCM g and SDM s.
δ(g,s,r,t) and ε(g,s,r,k,t) are respectively the large scale and the small scale component of the deviation
η(g,s,r,k,t).

3.3.3

Illustration for the RIWER2030 projections

We illustrate the method by applying it to projections of the change in 20-year means of
precipitation and temperature obtained from the MME of opportunity derived within the
RIWER2030 research project (Hingray et al. 2013, Lafaysse et al. 2014). The MME is
extracted from an original ensemble of daily time series simulated for the years 1860--2099.
13
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Projections were obtained for the Upper Durance River catchment, a 3850 km2 wide drainage
basin located in the southern French Alps. They come from 6 multivariate SDMs forced by
the outputs of 11 climate simulations. The simulations correspond to 5 GCMs, an ensemble of
3 runs being available for 3 GCMs. They were obtained from the STREAM2 experiment
conducted within the ENSEMBLE European project under 20CM3 historical forcing (with
constant solar and volcanic forcing) for the 1860-2000 historical period and SRES-A1B
emission scenario for the 2000--2100 future period (Johns et al., 2011). The particular GCMs
used for the analysis were chosen on the basis of data availability.
For each GCM/SDM chain, an ensemble of 100scenarios is available, resulting from the
stochastic generation process associated with each SDM (Lafaysse et al. 2014). This gives a
total of 6600 times series of multivariate meteorological scenarios for 1860--2099. Figure 4
shows time series of 20-year mean temperatures and precipitation for selected GCM/SDM
configurations and members.
The uncertainty analysis is carried out on future to reference control period changes X,
expressed in terms of absolute changes for temperatures and in terms of relative changes for
precipitation:

X = MT (t ) − MT (c)

(8)

X = MP(t ) / MP(c) − 1

(9)

where MT and MP are the 20-yr interannual mean values Y of the raw meteorological
projections, where t refers to a given future or past 20-yr period centred on year t and where c
refers to the 20-yr reference control period centred on year c. In the present work, the
reference control period is the 1980-1999 period. The choice to work on change variables
rather than on raw projections follows the choice made for most impact studies. More
confidence is actually usually given to changes variables assumed to allow for partially
coping with biases in simulation models (e.g. GCMs, SDMs).
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Figure 4. 20-year running mean of annual temperature (right) and precipitation (left) versus
time over the period 1860-2100. Bottom: 100 scenarios (gray lines) obtained from the DMIEH5C1/DSCLIM-10 modeling chain (the bottom red, green and top red curves correspond respectively to
5th percentile, median and 95th percentile; the blue curve corresponds to one scenario randomly
selected from the set of 100). Middle and top: Multi-generation mean of the 100 scenarios obtained
with DSCLIM-10 when forced by each of the 11 GCM experiments (top) or with all SDMs forced by
the DMIEH5C-1 GCM experiment (middle) (extracted from Hingray et Saïd, 2014).
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Figure 5. Top: Grand-ensemble mean climate change response µ(t) and total uncertainty in 20yr mean temperature and precipitation projections for the Upper Durance River Catchment as
a function of projection lead time (reference period 1980-1999). The total colored area covered by
all uncertainty components corresponds to µ(t)+/- 1.645\rac(T(t)) where T(t) is the total uncertainty
variance. Bottom: contribution of each uncertainty source to total variance. The time axis gives
the midpoint of the averaging future period. Uncertainty components are shown in dark blue for GCM
uncertainty, green for SDM uncertainty, cyan for Residuals/Model Interaction (R/MI), red for large
scale internal variability (LSIV) and yellow for small scale internal variability (SSIV) of the
GCM/SDM chains. For each model uncertainty and internal variability component, the vertical extent
of the corresponding area is proportional to the fraction of total uncertainty explained by the
component. This fraction is obtained from the ratio (standard deviation of uncertainty
component)/(standard deviation of total uncertainty). (extracted from Hingray and Saïd, 2014).

The top panels of Figure 5 present the mean climate change response µ(t) and the limits of the
uncertainty interval µ (t ) ± 1.645 T (t ) . The size of each colored zone is a function of the
fraction of total uncertainty explained by each uncertainty component. For both variables,
total uncertainty increases with lead time. The main contribution for this increase is that of
model uncertainty, because both components of internal variability are constant or roughly
constant over the whole period.
The bottom panels of Figure 5 present the relative contributions of the different model
uncertainty and internal variability components to the total uncertainty variance. For the first
3 decades, the combined contribution of small scale and large scale internal variability is
clearly predominant for both variables. For the first decade, it even represents nearly all the
total uncertainty (e.g. more than 80% for temperature and more than 95% for precipitation
and discharge). It then decreases with lead time as model uncertainty increases. For
temperature, it drops sharply to less than 10% at the end of the century, becoming negligible
compared to model uncertainty. For precipitation, it is still roughly 50% of total uncertainty in
16
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2090. Conversely to temperature, the contribution of small scale internal variability to total
internal variability is far from negligible for precipitation (roughly 30%).

3.4 Some recommendations and perspectives
The QEANOVA framework allows for a simple partition of uncertainty sources even in rather
complex MME of opportunity.
Results obtained for the RIWER2030 projections have important implications. They are likely
to also be valid for other MME of projections such as those being processed within
COMPLEX. As already suggested by numerous works, neglecting model uncertainty
associated to downscaling models is expected to lead to erroneous climate change estimates.
Depending on the studied variable, the same is likely to apply when internal variability is
ignored.
For precipitation, the major impact of the large scale component of internal variability is well
established (e.g. Hawkins and Sutton, 2011). It is however often disregarded. The same
applies for the small scale component of internal variability, associated to downscaling
models. Its impact on climate projections is however likely to be non-negligible as
highlighted in the present study for precipitation projections.
Multimodel (GCMs and Downscaling Models) experiments became a standard in Climate
change impact studies. Another standard should be to rely on multimember experiments.
Impact studies based on single members of SDMs or RCMs experiments (or small ensembles)
are likely to be not more relevant than those based on single runs of available GCMs (or small
ensembles). When they are intended to provide information for climate change adaptation,
they may lead to poor decisions. A relevant strategy would be, in the present case, to adapt to
internal variability of precipitation.
A noticeable strength of the QEANOVA framework is that is uses long transient climate
simulations. The partition of uncertainty sources is therefore expected to be rather robust as
shown by Hingray and Said (2014). This is major advantage when compared to more classical
frameworks focusing on some single prediction lead time, as highlighted from the simulation
experiment in section 3.2.
The more members we can rely on for each modelling chain, the more robust the estimates of
uncertainty components are obviously expected to be. The robustness of uncertainty
component estimates obviously depends however on the possibility to achieve a robust
estimate of each modeling chain climate response. A potentially critical problem is therefore
the potential errors associated to the identification of the climate response of each modeling
chain. Even when a simple trend analytical function is retained for the identification, the
dependence of the trend to the data sample may be high and it could be therefore difficult to
identify the true climate change response of the modeling chain. This problem is of course
expected as soon as internal variability is high compared to the climate response of the chain.
For a number of impact studies, the relevance and significance of the climate responses
identified from available MM2E of climate projections are therefore expected to be rather
problematic. For this critical identification issue, robust methods and clear consensual
guidelines would be highly welcomed from the climate research community.
Further methodological developments are also required to complement the QE-ANOVA
framework. They should allow for a thorough analysis and quantification of the different
errors sources liable to impact uncertainty estimates.
Last but not least, the QEANOVA framework gives the same importance to all modelling
chain on the principle: one chain, one climate response, one voice. This principle is obviously
not optimal. More confidence could be given to the climate responses estimated for models
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with large number of members. Different weights could be also applied to the different chains
based on the level of confidence one expect from each chain. Performance weighting based on
the skill of each chain in reproducing past climate variations is introduced in the next section.
The possibility to integrate such weighting procedure in the uncertainty analysis described
above would be a challenging extension to our works.

4

Performance weighting of GCMs: a preliminary procedure

In the context of COMPLEX case studies, we decided to apply the weighting procedure to
GCM outputs (i.e. the input variables of the downscaling procedure), and then to propagate
the weights down the modelling chain, as illustrated in Figure 6. The target variable in Figure
6 may be an energy production variable, or one of the metrics used to characterize reliability,
resilience and vulnerability. The advantage of this option is that it allows isolating one
particular source of uncertainty (namely, uncertainty of large-scale climate projections).
Conversely, applying the weighting procedure after the whole modeling chain would not
allow evaluating where uncertainty comes from, so we decided to leave this option aside for
the time being.
In the following sections, we develop the theoretical framework of the weighting procedure,
illustrate its behavior with synthetic datasets and finally with datasets obtained from different
MMEs.

Figure 6. Schematic illustration of the usage of performance weights in a modeling chain for
impact studies.

4.1 Theory
4.1.1
Let

Notation: weathers and climates

(z )

(0)
t
t =1, NT

be an observed time series of the target variable Z . Z may be a scalar

variable (e.g. annual temperature averaged over some region), a multivariate variable (e.g.
annual temperature and precipitation averaged over some region), a spatial field (e.g. spatial
field of annual temperature), or even a multivariate spatial field (e.g. spatial fields of annual
temperature and precipitation). Moreover, let ( zt( i ,r ) )
18
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denote the time series simulated by
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the rth replication of the ith climate model (i = 1: N M , r = 1: N R( i ) ) for the same climate variable
Z . Note that the notation assumes that all time series are defined over the same time grid.
This is done to keep notation simple, but it is actually not a necessary assumption: each time
series could be defined on its own time grid without modifying the framework described
thereafter.

(

The time series zt( i ,r )

)

i =0:N M ,r =1:N R( i )
t =1:NT

represent the observed and simulated weathers. We make

the assumption that all time series are realizations from a unique distribution family D, but
whose parameters Y are specific to each climate model and to observations:

for i = 0 : N M , and for any r = 1: N R( i ) , ( zt( i ,r ) )

t =1, N T

~ D (Y ( i ) )

(10)

D (Y (i ) ) represents the climate as seen by the ith climate model (or the observed climate if
i = 0 ). Y (i ) are the parameters of the distribution D, that are unknown and therefore need to be

estimated. Since the distribution family is the same for all climate models (and observations),
the parameters Y (i ) fully characterize the climate of the ith climate model. Note that we use the
following definition: climate is the distribution of weather (not just its mean!). See also Leith
and Chandler (2010) and Chandler (2013) for a discussion on the assumption that all weathers
are realizations from a unique distribution family. Also note that for a given climate model,
all replications are assumed to be independent realizations from the same climate.
4.1.2

Likelihood of individual climate models (M-likelihoods)

The probability density function (pdf) associated with the distribution D(Y ) , and evaluated at
some values (u1 ,..., uNT ) , is noted f D (u1 ,..., uNT | Y ) . This pdf allows computing the likelihood
associated with each climate model (and with observations) as:

for i = 0 : N M , λ

(i )

(Y

(i )

( i , r =1: N R( i ) )
1: N T

|z

)=∏ f
N R( i )
r =1

D

( z1( i ,r ) ,..., z N( iT,r ) | Y ( i ) )

(11)

A first interest of computing this likelihood is that maximizing it yields an estimates of the
parameters Y (i ) for each climate model, i.e. an estimates of the climate seen by each model
(and by observations). We denote by Yˆ (i ) the maximum-likelihood estimates of the
parameters for the ith model, and λˆ ( i ) the corresponding maximum likelihood value.
The main task of the multimodel analysis is to hypothesize the pdf fD: indeed, the
performance weights will be a direct consequence of this hypothesis. It is the responsibility of
the Analyst to include in this pdf any aspect of the weather’s distribution that is felt important
for subsequent impact studies: interannual means and variances, but also possibly trends,
temporal or spatial dependences, inter-variable dependences, etc. We favor this likelihoodbased approach over a more heuristic derivation of performance weights (as in e.g.
Christensen et al., 2010) because it makes explicit all underlying statistical assumptions (that
are embodied in the pdf fD), and it allows using standard and well-developed tools for
estimation (maximum likelihood estimation).
As an illustration, consider the case of a univariate variable Z, e.g. the annual temperature
averaged over some region. One may assume that annual temperatures are independent
realizations from a Gaussian distribution with unknown mean µ and variance σ 2 . Climate is
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therefore fully characterized by the parameter vector Y = ( µ , σ 2 ) . The resulting pdf fD can be
written as:
NT

f D ( z1 ,..., z NT | Y ) = ∏ f N ( zt | µ , σ 2 )

(12)

t =1

where f N (u | µ , σ 2 ) is the Gaussian pdf with mean µ and variance σ 2 , and evaluated at
value u.
Annual temperatures have generally increased during the historical period (IPCC, 2013). One
may therefore wish to include some trend in the statistical model. The simplest way to achieve
this is to assume that annual temperatures are independent realizations from a Gaussian
distribution with mean µ0 + µ1t and variance σ 2 . Climate is now characterized by the
parameter vector Y = ( µ0 , µ1 , σ 2 ) . The resulting pdf fD can be written as:
NT

f D ( z1 ,..., z NT | Y ) = ∏ f N ( zt | µ0 + µ1t , σ 2 )

(13)

t =1

Now consider the case of a bivariate variable Z, e.g. the annual temperature and precipitation

averaged over some region ( Z = ( temp, precip ) ) . One may assume that annual temperatures

and precipitations are independent realizations from a bivariate Gaussian distribution with
unknown mean vector µ and covariance matrix Σ . The resulting pdf fD can be written as:
NT

f D ( z1 ,..., zNT | Y ) = ∏ f N 2 (tempt , precipt | µ, Σ )

(14)

t =1

where f N 2 (u, v | µ, Σ ) is the bivariate Gaussian pdf with mean µ and covariance Σ , and
evaluated at value (u,v).
These three simple examples show that the framework we propose here is not restricted to
simple climate characteristics such as the mean of some univariate variable. They
reemphasize that what is termed “climate” corresponds to a decision made by the Analyst: in
the trend example above, climate encompasses not only the mean of temperature but also the
temporal trend on this mean and the variance; in the bivariate example above, climate
encompasses not only the mean of temperature and precipitation, but also the covariance
between them (and consequently, the inter-variable dependence). These examples can be
extended to include in the term “climate” other weather characteristics that are considered
important (e.g. spatial or temporal dependences).
4.1.3

Likelihood of hypotheses on the correct climate model (H-likelihoods)

So far, the simulations of the climate models and the observations have been considered
separately. We now propose an approach to link the NM climate models with the observed
climate, through the following NM+1 hypotheses:
• H(0): all climates models are wrong
• For k = 1:NM, H(k): the kth climate model is correct
The notion of “correctness” is viewed as follows: a correct climate model is able to reproduce
the observed climate, or in other words, the weather simulated by a correct climate model is a
realization from the same distribution as the one that generated the observed weather. These
hypotheses can therefore be expressed is terms of climate parameters as follows (Figure 7):
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• H(0): ∀i = 1: N M , Y (i ) ≠ Y (0)
• H(k): Y ( k ) = Y (0)

Figure 7. Schematic illustration of the H(0) and H(k) hypotheses. Under the H(0) hypothesis, each
GCM-simulated series has a distribution distinct from that of observations. Under the H(k)
hypothesis, the series simulated by the kth GCM has the same distribution as that of
observations.

It is possible to associate a likelihood function with each of these hypotheses. To avoid
confusion with the likelihood of individual models introduced in preceding section 4.1.2, we
introduce the following terminology: the M-likelihood denotes the likelihood function
associated with each climate model ( λ ( i ) in equation (11)), while the H-likelihood denotes the
likelihood function associated with each hypothesis. Since the weathers simulated by each
climate model are mutually independent (and are independent of the observed weather), these
H-likelihoods can be written as follows:
H(0) H-likelihood:

L(0) (Y (0) ,...,Y ( N M ) | z (0) , z (1) ,..., z ( N M ) )
N M N R( i )

= ∏∏ f D ( z1( i ,r ) ,..., z N( iT,r ) | Y ( i ) )
i = 0 r =1

NM

= ∏ λ (i )
i =0
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H(k) H-likelihood:

L( k ) (Y (0) ,...,Y ( k −1) ,Y ( k +1) ,...,Y ( N M ) | z (0) ,..., z ( N M ) )
NR


=  f D ( z1(0) ,..., z N(0)T | Y (0) ) × ∏ f D ( z1( k ,r ) ,..., z N( kT,r ) | Y (0) )  ×


r =1


(k )

N R( i )

∏ ∏f

i =1: N M ,i ≠ k r =1

D

(16)

( z1( i ,r ) ,..., z N(iT,r ) | Y ( i ) )

NR


=  f D ( z1(0) ,..., z N(0)T | Y (0) ) × ∏ f D ( z1( k ,r ) ,..., z N( kT,r ) | Y (0) )  × ∏ λ ( i )


r =1

 i =1:N M ,i ≠k
(k )

Note that for k > 0, the number of unknown parameters under hypothesis H(k) is equal to
N M × NY (where N Y is the size of the parameter vector Y), while it is equal to ( N M + 1) × NY
under hypothesis H(0). It is possible to estimate these unknown parameters under each
hypothesis by maximizing these H-likelihoods. We use the shorthand notation Lˆ( i ) to denote
the maximized H-likelihoods.
Note that computational tricks exploiting the fact that the H-likelihoods in equations (15)-(16)
are factorized greatly simplify their maximization. Consider for instance the H(0) H-likelihood
of equation (15). Its maximum value can be written as:

Lˆ(0) =

Y

{

}

max( N M ) L(0) (Y (0) ,...,Y ( N M ) | z (0) , z (1) ,..., z ( N M ) )

(0)

,...,Y

N
 R

= ∏ max
f D ( z1( i ,r ) ,..., z N(iT,r ) | Y ( i ) ) 

∏
(i)
Y
i =0
 r =1

(i )

NM

(17)

NM

= ∏ λˆ ( i )
i =0

In other words, the H(0) maximum H-likelihood is simply equal to the product of the
maximum M-likelihoods of each individual model: computing it is therefore straightforward
once the parameters have been estimated for each individual model.
Similarly, the H(k) maximum H-likelihood can be written as:
Lˆ( k ) =

max

Y ( 0 ) ,...,Y ( k −1) ,Y ( k +1) ,...,Y ( N M

{L (Y
(k )

)

(0)

}

,..., Y ( k −1) ,Y ( k +1) ,...,Y ( N M ) | z (0) ,..., z ( N M ) )

NR


(0)
(0)
(0)
( k ,r )
( k ,r )
(0) 
= max
f
(
z
,...,
z
|
Y
)
×
f
(
z
,...,
z
|
Y
)

×
∏
D
1
N
D
1
N
T
T
Y ( 0)
r =1


(k )

(18)

N
 R

max
f D ( z1( i ,r ) ,..., z N( iT,r ) | Y ( i ) ) 

∏
∏
(i)
Y
i =1: N M ,i ≠ k
 r =1

(i)

NR


(0)
(0)
(0)
( k ,r )
( k ,r )
(0) 
(i )
= max
f
(
z
,...,
z
|
Y
)
×
f
(
z
,...,
z
|
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Computing the H(k) maximum H-likelihood therefore simply requires re-estimating the
parameters Y (0) based on both the observed weather and the weather simulated by the kth
climate model.
4.1.4

Weights based on information criteria

Having defined H-likelihood functions for each competing hypothesis, it becomes possible to
use standard statistical procedures to define weights associated with each hypothesis. A
general description of such a framework is given by Buckland et al. (1997). In-depth
discussions can also be found in Hjort and Claeskens (2003), Burnham and Anderson (2004),
Posada and Buckley (2004), Wagenmakers and Farrell (2004), Heikkinen et al. (2006), Butler
et al. (2009) and Wenger et al. (2013).
The computation of weights is based on information criteria that take the following form:
IC ( k ) = − 2 log( Lˆ( k ) ) + π ( n , p ( k ) )

(19)

The criterion IC(k) measures the relevance of the kth hypothesis given the data, with small
values denoting more relevant hypotheses. The term − 2 log( Lˆ( k ) ) is termed the deviance and
is a measure of goodness-of-fit. The term π (n, p ( k ) ) is a penalty term depending on the
sample size n and the number of inferred parameters under the kth hypothesis p ( k ) , and whose
aim is to avoid favoring over-parameterized models. We will consider two particular choices
for this term, that lead to the widely used Akaike Information Criterion (AIC) and the
Bayesian Information Criterion (BIC):
AIC ( k ) = − 2 log( Lˆ( k ) ) + 2 p ( k )
BIC ( k ) = − 2 log( Lˆ( k ) ) + p ( k ) log( n )

(20)

A standard choice for computing weights associated with each hypothesis is then:

for k = 0 : N M , wk =

exp(− IC ( k ) / 2)
NM

∑ exp(− IC

(i )

/ 2)

(21)

i =0

It is interesting to discuss the distinct roles played by the hypothesis H(0) and the other
hypotheses H(k) in this weighting context. Indeed, the weight assigned to each hypothesis H(k)
can be propagated forward in the modeling chain of impact study. However, this is not
possible for hypothesis H(0), since this hypothesis states that none of the climate model is
correct. In practice, the H(0) weight can therefore only be used as an indication of the ability of
the set of climate models to describe the observed climate. However, since it cannot be used
further in the modeling chain, it is necessary to compute a second set of relative weights that
exclude hypothesis H(0) as follows:

for k = 1: N M , wɶ k =

exp(− IC ( k ) / 2)
NM

∑ exp(− IC

(i )

/ 2)

(22)

i =1

Note that the number of inferred parameters is exactly the same for all hypotheses H(k) (k > 0).
Consequently, the penalty terms π (n, p ( k ) ) cancel out in equation (22), so that the relative
weights wɶ k are identical with both information criteria AIC and BIC.
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4.2 Case study 1: Synthetic experiment
This preliminary weighting procedure is first evaluated by means of a synthetic case study.
4.2.1

Data generation

The observed weather is simulated from a Gaussian distribution with mean µ0 = 14 and
standard deviation σ 0 = 1 , with sample size N. Four simulated weather series are then
generated (with sample size N) from the following models:
• Model M1 is the correct model: M 1 = N ( µ0 , σ 02 )
• Model M2 has an incorrect standard deviation: M 2 = N ( µ0 , (σ 0 + ε ) 2 )
• Model M3 has an incorrect mean: M 3 = N ( µ0 + ε , σ 02 )
• Model M4 has incorrect mean and standard deviation: M 4 = N ( µ0 + ε , (σ 0 + ε ) 2 )
In addition, in order to vary the number of wrong candidate models in the multimodel
ensemble, Nrep series are replicated from each of the models M2 – M4.
4.2.2

Statistical model

We assume that each simulated series are iid realizations from a Gaussian distribution with
unknown parameter vector Y = ( µ, σ ) . More formally, this corresponds to assuming the
following pdf fD:
NT

f D ( z1 ,..., z NT | Y ) = ∏ f N ( zt | µ , σ 2 )

(23)

t =1

Note that in this synthetic case study, there is no misspecification of the statistical model: the
assumed model corresponds exactly to the model that generated the data.
4.2.3

Results

The weights defined in equation (21) are then computed over 100 simulated datasets, for all
possible combinations of the following:
•

N = 20, 40, 60,80,100

•

ε = 0.25σ 0 ,0.5σ 0 ,0.75σ 0 , σ 0

•

N rep = 1, 2, 4

Figure 8 shows the weights obtained with ε = 0.75σ 0 and N rep = 1 . Results are qualitatively
similar for AIC and BIC: when the true model is not included in the multimodel ensemble
(first row), the H(0) weight increases with sample size and approaches one for large samples.
When the true model is included in the multimodel ensemble (second row), the H(1) weight
increases with sample size. Differences can be observed between BIC and AIC: with BIC,
H(1) weight tends to one while the H(0) weight tends to zero for large samples. However, with
AIC, those weights do not tend to one and zero, but rather seem to stabilize at values around
0.8 and 0.2. This indicates that the AIC weights always leave open the possibility that all
models are wrong, even in the presence of the true model and large sample sizes. This is a
well-known property of the AIC, known as non-consistency (see e.g. Burnham and Anderson,
2004; Wagenmakers and Farrell, 2004).
BIC
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AIC

Figure 8. Weights based on BIC (top) and AIC (bottom), obtained with ε = 0.75σ 0 , N rep = 1 ,
and over 100 simulated datasets.

Figure 9 illustrates the ability to detect model correctness, and yields the following
observations:
• For both BIC and AIC, the ability to detect model correctness increases with sample size
(N) and with the amount of wrongness in competing models ( ε ).
• The ability to detect model correctness decreases when the number of wrong models in the
multimodel ensemble increases (blue boxplots are smaller than green and red boxplots).
• The H(1) weight converges to one for large sample size and/or large errors ε with BIC but
not with AIC.
BIC
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AIC

Figure 9. Ability to detect correctness: weights assigned to the correct model with BIC (top) and
AIC (bottom).

Figure 10 illustrates the ability to detect model wrongness, and yields the following
observations:
• When all models are indeed wrong (first rows), the ability to detect model wrongness
increases with sample size (N) and with the amount of wrongness in competing models ( ε
) for both AIC and BIC.
• When the correct model is included in the multimodel ensemble (second rows), the H(0)
weight remains very close to zero for all sample sizes and errors with BIC, but it stabilizes
at values close to 0.2 with AIC.
BIC
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AIC

Figure 10. Ability to detect wrongness: weights assigned to the hypothesis “all models are
wrong” with BIC (top) and AIC (bottom).

Overall, the results of this synthetic case study suggest that the weighting procedure behaves
as intuitively expected.

4.3 Case study 2: Atmospheric variables used as inputs of a modeling chain
We now apply the weighting procedure to a real-life case study, which gets closer to the case
studies that will be carried out within the COMPLEX project. The context is that of a typical
modeling chain used for an impact study: GCM outputs are downscaled using the d2gen
method (Hingray et al., 2013; Mezghani and Hingray, 2009); the outputs of the downscaling
procedure are then used as inputs of additional models (e.g. hydrologic models). We apply the
weighting procedure to some of the atmospheric variables that are used as inputs of the
downscaling procedure.
4.3.1

Data

The data used in this case study are described in details by Mezghani and Hingray (2009).
Three atmospheric variables are used: sea level pressure (slp), specific humidity (shum) and
700 hPa upper air temperature (airt). These variables are spatially averaged over a region
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encompassing the upper Durance River. Observed and simulated values are restricted to the
period 01/01/1959 – 31/12/2000. Daily observed values are extracted from the NCEP-NCAR
reanalysis. Daily simulated values are extracted from 4 GCMs, some of them being run over
several replications, yielding 11 runs (see Table 1). For each GCM run, the simulated values
are available in two versions: raw and bias-corrected (a classical percentile mapping
correction method is applied, where the correction function is identified from observations
and simulations obtained for the 1981-2000 period).
Table 1. GCM ensemble used in this case study.

Model number

GCM

Replications

1

CNCM33

1

2

EH5C

6

3

EGMAM2

1

4

IPCM4v2

3

The analyses carried out in this case study are based on time series of seasonally-averaged
values for each of the three variables slp, shum and airt. The weather data can therefore be

written as trivariate times series ( zs(i,t) )

i = 0:4
s =1:4,t =1:42

, where z = (slp, shum, airt ) , i denotes the GCM

(0 for observations), s denotes the season (1=DJF, 2=MAM, 3=JJA, 4=SON) and t denotes
the year (42 years between 1959 and 2000). These data are summarized as boxplots
(developed over the 42 years) in Figure 11 for raw GCM outputs and in Figure 12 for biascorrected GCM outputs. The former figure shows large differences between the observed and
simulated climates. Unsurprisingly, the latter figure shows a much better agreement after bias
correction.
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Figure 11. Boxplots of weather data for raw GCM outputs.

Figure 12. Boxplots of weather data for bias-corrected GCM outputs.

4.3.2

Statistical Models

The absolute and relative weights associated with each GCM are computed following four
approaches. These approaches are sorted by increasing complexity.

Approach 1: single-variable, single season approach.
In a first step, we consider each season/variable combination separately. For instance,
consider the time series of winter sea level pressure

( slp )

( i ) i = 0,4
1,t t =1,42

. The following model is

assumed:

∀i = 0 : 4, ( slp1,(it) )

~ N ( µ (i ) , σ (i ) )

iid
t =1:42

(24)

Approach 1 simply aims at assessing the ability of GCMs to reproduce the mean and variance
for one given variable/season combination. It will yield a set of weights for each
variable/season combination.

Approach 2: single-variable, seasonal approach.
We now consider all four seasons together for one given variable. For instance, consider the
time series of seasonal sea level pressure ( slp1,(it) , slp2,(i t) , slp3,( it) , slp4,(i t) )

i = 0,4
t =1,42

. The following model

is assumed:

∀i = 0 : 4, ( slp1,( it) , slp2,(i t) , slp3,(it) , slp4,( it) )

29

~ N ( µ(i ) , Σ (i ) )

iid
t =1,42

(25)

COMPLEX – Quantifying uncertainty in climate projections using multimodel ensembles

(

)

(i )
(i )
(i )
(i )
(i )
where µ = µ1 , µ2 , µ3 , µ4 are the four seasonal means, and Σ ( i ) is assumed to be a 4*4

(

( i )2
(i )2
(i )2
( i )2
diagonal matrix, with diagonal terms σ1 , σ 2 ,σ 3 , σ 4

)

representing the four seasonal

variances. Note that we assume here that the slp values are independent from one season to
the next, which may require further checking. Compared to approach 1, this second approach
is more ambitious because it aims at assessing the ability of GCMs to reproduce the seasonal
signal (for both means and variances). Approach 2 will yield a set of weights for each
variable.

Approach 3: trivariate single-season approach.
We now consider all three variables together for one given season. For instance, consider the
time series of winter variables ( slp1,(it) , shum1,( it) , airt1,(it) )

∀i = 0 : 4, ( slp1,(it) , shum1,(it) , airt1,( it) )

(

(i )
(i )
(i )
(i )
where µ = µslp , µshum , µairt

)

i = 0,4
t =1,42

. The following model is assumed:

~ N ( µ (i ) , Σ (i ) )

iid
t =1,42

(26)

are the means of each three variables, and Σ ( i ) is the 3*3

covariance matrix between them. Note that we now use a full covariance matrix: this third
approach therefore aims at assessing the ability of GCMs to reproduce not only the marginal
distribution of each variable, but also the inter-variable dependences. Approach 3 will yield a
set of weights for each season.

Approach 4: trivariate seasonal approach.
The last approach merges approaches 2 and 3 by considering all three variables and all four
seasons together. Recalling the notation z = (slp, shum, airt ) , the following model is assumed:

∀i = 0 : 4, ( z1,(it) , z2,(i t) , z3,(it) , z4,(i t) )

~ N ( µ (i ) , Σ ( i ) )

iid
t =1,42

(27)

where µ(i ) is a vector of size 12 (3 variables * 4 seasons) representing the means of each
variable for each season, and Σ ( i ) is a 12*12 covariance matrix. The covariance matrix is
assumed bloc-diagonal, with diagonal blocs representing inter-variable dependence for each
season, and zero values outside of these blocks implying that the values are assumed
independent from one season to the next. Schematically:

Σ (i )

 Σ s(=i )1

0
=
 0

 0

0
Σ s(=i )2

0
0

0
0

Σ s(=i )3
0

0 

0 
0 

Σ s(=i )4 

(28)

This last approach is the most ambitious, since it aims at assessing the ability of GCMs to
reproduce both seasonal variations and inter-variable dependences. Approach 3 will yield a
single set of weights, which may be further propagated down the modeling chain of impact
studies.

4.3.3

Results: Raw GCM outputs

The weighting procedure described in section 4.1.4 is first applied to the raw GCM outputs,
with the four approaches described in section 4.3.2 above. We stick to the BIC for the
computation of weights. Figure 13 shows the weights obtained with the first approach for all
12 combinations of seasons and variables. Both absolute and relative weights are provided.
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Remind that absolute weights leave open the possibility that no model is correct (H(0)
hypothesis), while relative weights reject it and therefore assume that at least one of the
models is correct.
Figure 13 suggests that model 3 is performing best for variables slp and shum. Note however
that for winter slp, the H(0) hypothesis has a weight of about 0.7, and that for autumn shum,
model 2 outperforms model 3. Regarding variable airt, models 1 and 2 tend to perform best.
However, the H(0) hypothesis has a near-one weight for autumn airt, suggesting that no GCM
correctly reproduces this variable.

Figure 13. Raw GCM outputs: absolute and relative weights derived with the single-variable,
single-season approach.

The second approach considers all fours seasons together for each variable. Figure 14 shows
that model 3 is identified as the single correct model for variables slp and shum. Conversely,
the hypothesis that all models are wrong gets a weight close to one for variable airt. For this
variable, a relative weight of nearly one is attributed to model 1, suggesting that it is markedly
better than other models (or rather markedly less bad…).
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Figure 14. Raw GCM outputs: absolute and relative weights derived with the single-variable,
seasonal approach.

The third approach considers all three variables together for each season. Figure 15 reveals
clear-cut results: the hypothesis that no model is correct gets a near-one weight for all
seasons. This result can be understood by considering Figure 13, which suggests that no
model gets a non-zero weight for all three variables. In other words, although some models
provide a reasonable description of some variables, no model provides a reasonable
description of all three variables together. In terms of relative weights, model 3 clearly
appears as the least bad option. Unsurprisingly, those clear-cut results propagate to the fourth
approach, which consider all variables and all seasons together (Figure 16).

Figure 15. Raw GCM outputs: absolute and relative weights derived with the trivariate single32
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season approach.

Figure 16. Raw GCM outputs: absolute and relative weights derived with the trivariate seasonal
approach.

4.3.4

Results: Bias-corrected GCM outputs

We now apply the weighting procedure to the bias-corrected GCM outputs. We stress
however that this application is highly questionable, if not simply incorrect. Indeed, biascorrection is effectively a form of calibration, and as such it requires some ‘tuning’
parameters (even if such parameters are not necessarily made explicit, as in quantile-quantile
bias correction approaches). Consequently, the term p(k) in the computation of AIC/BIC in
equation (20) is incorrect if such additional parameters are not taken into account. This is not
to mention other possible objections to bias correction from a more fundamental standpoint
(is a bias-corrected physical model still physical?). Consequently, the exercise below should
be taken with caution – our objective is just to observe how the weighting procedure would
behave if a set of very good GCMs were available.
Figure 17 shows the weights obtained with the first approach for all 12 combinations of
seasons and variables. Weights are quite evenly distributed amongst the four models, which is
not really surprising: bias-correction makes all models look good! However, it is interesting to
note that the H(0) hypothesis still has a rather high weight for summer slp.
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Figure 17. Bias-corrected GCM outputs: absolute and relative weights derived with the singlevariable, single-season approach.

Results are quite different with approach 2, which aims at assessing the ability to reproduce
the observed seasonal signal (in both mean and variance). Figure 18 indeed suggests that
model 1 clearly outperforms its opponents for slp and shum, with model 4 being another
sensible candidate for airt. The reasons for this concentration of weights around model 1 are
unclear at this stage. Another interesting observation from Figure 18 is that the H(0)
hypothesis has now a near-zero weight for all variables.

Figure 18. Bias-corrected GCM outputs: absolute and relative weights derived with the single34
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variable seasonal approach.

The third approach considers all three variables together for each season. Figure 19 suggests
that this approach concentrates weights around one or two models: model 2 is favored for
winter, model 1 for summer and fall, while models 1 and 3 are both acceptable candidates for
spring. Again, the H(0) hypothesis has a near-zero weight for all seasons.
The particularity of this third approach is that it considers inter-variable dependences, which
may at least partly explain the tendency to concentrate weights around one or two models.
Indeed, consider Figure 20, which shows the scatterplots of shum vs. airt during winter for all
four models and for observations. Observations suggest that these two variables are
uncorrelated (ρ = 0.03), but GCMs have a tendency to produce positively correlated variables.
Amongst the four GCMs, the second one produces the smallest correlation, which may partly
explain why it receives the highest weight during winter (see Figure 19). Note that this
deficiency of GCMs cannot be corrected by bias-correction (since it is applied independently
on each variable), but cannot be blamed on it either: indeed, the right hand side of Figure 20
shows that the positive shum - airt correlation is already present in raw GCM outputs.

Figure 19. Bias-corrected GCM outputs: absolute and relative weights derived with the
trivariate single-season approach.

Bias-corrected GCM outputs

Raw GCM outputs
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Figure 20. Scatterplots of shum vs. airt during season 1. Red points denote the GCM outputs,
black dots denote the observations. Correlation between observed shum / airt (in black) is equal
to 0.03. Left : corrected data, Right : uncorrected data.

Finally, the fourth approach, which considers all variables and all seasons together, identifies
model 1 as the single best-performing model (Figure 21). This result seems to confirm a
general tendency to concentrate weights around a single model (or possibly on the H(0)
hypothesis) when the statistical model becomes more complex, i.e. when the assessment of
model performance is based on an increasing number of characteristics of the
observed/simulated climates.

Figure 21. Bias-corrected GCM outputs: absolute and relative weights derived with the
trivariate seasonal approach.
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4.4 Discussion on the preliminary weighting procedure
The first synthetic case study (section 4.2) illustrated the internal consistency of the proposed
weighting procedure: in an ideal situation where there is no model misspecification, the
procedure is able to make correct decisions (either detect the correct model or recognize that
all models are wrong) with increasing frequency when the sample size increases. However,
the results of the second real-life case study (section 4.3) raise much more questions. In
particular, the tendency to concentrate weights around a single model or around the H(0)
hypothesis is a serious problem. Indeed, the basic idea we wish to apply in the COMPLEX
case studies is to develop a distribution by weighting the outputs over several model – but if a
single model takes all the weight, such a distribution might be degenerate. Moreover, the fact
that the H(0) hypothesis often gets a near-one weight raises many interrogations: what should
we do in such a case? Is it acceptable to move forward with relative weights? In other words,
does it really make sense to favor a model that is very bad, but still not as bad as its neighbor?
It is tempting to blame the problematic behaviors described above on the poor performance of
GCMs. Figure 11 suggests that they indeed perform quite poorly, with large departures from
the observed climate being evident. However, the fact that weights keep concentrating around
a single model even after bias-correction suggests that something may also be wrong in the
weighting procedure. The missing ingredient might be the uncertainty in the observed
climate: indeed, a “good” GCM should be able to reproduce the true climate rather than the
observed one. We have somehow implicitly assumed so far that observed and true climates
were equal, which might be unduly optimistic given that the observations are actually
reanalyzes, and are therefore affected by non-negligible uncertainties. The following section
presents an improved weighting procedure that formally accounts for observation uncertainty.

5

Performance weighting of GCMs: accounting for observation
uncertainty

5.1 Theory
5.1.1

Weathers and climates

The notation remains similar to the one used in section 4 to describe the preliminary
weighting procedure: ( zt( i ,r ) )

t =1: N T

denotes the weather simulated by the rth replication of the ith

climate model (i = 0 : N M , r = 1: N R( i ) ) , with the index i=0 being used to denote observations.
We make the assumption that all time series are realizations from a unique distribution family
D, whose parameters Y are specific to each climate model and to observations:
for i = 0 : N M , and for any r = 1: N R( i ) , ( zt( i ,r ) )

t =1, N T

~ D (Y ( i ) )

(29)

However, we now introduce the parameter vector Yɶ (0) , which represent the true climate. We
have so far implicitly assumed perfect observations, so that Y ( 0) = Yɶ (0) . In order to formally
account for observation uncertainty, we now abandon this assumption by introducing a vector
of observation errors as follows:
Y (0 ) = Yɶ ( 0) + ε , ε ~ N ( 0 , Σ )

(30)

Equation (30) assumes that the parameter vector characterizing the observed climate is equal
to the parameter vector characterizing the true climate plus a vector of observation errors. It is
further assumed that these observation errors are a realization from a multivariate Gaussian
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distribution, with mean zero and known covariance matrix Σ . This set of additional
assumptions call for several comments:
1. The assumption that observation errors are realizations from a Gaussian distribution is
a default assumption. Assuming any other distribution is perfectly feasible and would
not induce additional difficulties.
2. The strongest assumption is that the covariance matrix Σ is known. This assumption
is necessary because the inference would be ill-posed with an unknown Σ (nonidentifiability issue). The challenge is therefore to specify this covariance matrix
before applying the weighting procedure. Several options are possible:
a. Use an expert guess: for instance, one could specify the diagonal terms of the
matrix Σ so that they correspond to a 10% standard error for each component
of the parameter vector, and fix non-diagonal terms to zero in the absence of
any information on the dependence between errors.
b. Use several reanalyzes product, and analyze the differences between their
climates to estimate the covariance matrix Σ . While this approach has been
used in the past (e.g. Sexton and Murphy, 2012; Sexton et al., 2012), it is
unsatisfying at least conceptually, because differences between reanalysis
products are not the same thing as the uncertainty of one given reanalysis.
c. Some reanalyzes now propose several replications (see e.g. NOAA 20CR,
Compo et al., 2011). In this case, it becomes possible to estimate the climate
associated with each replication, and to use the variability of those climates to
estimate the covariance matrix Σ . This is in principle the most satisfying
option (provided that the replications realistically represent uncertainty).

5.1.2

Likelihood of individual climate models (M-likelihoods)

The M-likelihood of each climate model remains unchanged compared to the preliminary
procedure, i.e.:

for i = 1: N M , λ

(i )

(Y

(i )

( i ,r =1:N R( i ) )
1:NT

|z

)=∏ f
N R( i )
r =1

D

( z1( i ,r ) ,..., z N( iT,r ) | Y ( i ) )

(31)

However, having introduced observation errors changes the M-likelihood for observations.
Indeed, these errors are unknown (only their distribution is assumed known), so that they need
to be included in the list of unknown quantities. The corresponding likelihood (also termed a
hierarchical likelihood, see Lee and Nelder, 1996) can be written as:

λ (0) (Yɶ (0) , ε | z1:(0)N ) = f D ( z1(0) ,..., zN(0) | Yɶ (0) + ε) × f N (ε | 0, Σ )
T

T

(32)

The second term in equation (32) acts as a constraint on the range of observation errors ε . If a
“small” covariance matrix is specified, the values of ε will be forced to remain close to zero,
and the true climate Yɶ (0) will therefore be close to the observed climate Y (0) . Conversely,
observed and true climates may markedly differ with a larger covariance matrix.

5.1.3

Likelihood of hypotheses on the correct climate model (H-likelihoods)

As previously, we consider the following NM+1 hypotheses:
• H(0): all climates models are wrong
• For k = 1:NM, H(k): the kth climate model is correct
“Correctness” is now understood as the ability of the climate model to reproduce the true
climate (and not the observed one!), which can be expressed is terms of climate parameters as
follows (Figure 22):
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• H(0): ∀i = 1: N M , Y ( i ) ≠ Yɶ (0)
• H(k): Y ( k ) = Yɶ (0)

Figure 22. Schematic illustration of the H(0) and H(k) hypotheses. Under the H(0) hypothesis, each
GCM-simulated series has a distribution distinct from that of the true climate. Under the H(k)
hypothesis, the series simulated by the kth GCM has the same distribution as that of the true
climate. In both cases, the observed climate differs from the true climate due to observation
errors ε .

This induces the following H-likelihoods:

H(0) likelihood:
L(0) (Yɶ (0) , ε ,Y (1) ,...,Y ( N M ) | z (0) , z (1) ,..., z ( N M ) )
= f D ( z ,..., z
(0)
1

(0)
NT

N M N R( i )

| Yɶ (0) + ε ) × f N ( ε | 0 , Σ ) × ∏∏ f D ( z1( i ,r ) ,..., z N( iT,r ) | Y (i ) )
i =1 r =1

NM

= ∏ λ (i)
i =0

39

(33)

COMPLEX – Quantifying uncertainty in climate projections using multimodel ensembles

H(k) likelihood:

L( k ) (Yɶ (0) , ε ,Y (1) ,...,Y ( k −1) ,Y ( k +1) ,...,Y ( N M ) | z (0) ,..., z ( N M ) ) =
NR


(0)
(0)
(0)
( k ,r )
( k ,r )
(0)
 f D ( z1 ,..., z NT | Yɶ + ε ) × f N ( ε | 0 , Σ ) × ∏ f D ( z1 ,..., z NT | Yɶ )  ×
r =1


(k )

N R( i )

∏ ∏f

i =1: N M ,i ≠ k r =1

D

(34)

( z1( i ,r ) ,..., z N( iT,r ) | Y ( i ) )

NR


=  f D ( z1(0) ,..., z N(0)T | Yɶ (0) + ε ) × f N ( ε | 0 , Σ ) × ∏ f D ( z1( k ,r ) ,..., z N( kT,r ) | Yɶ (0) )  ×


r =1


(k )

∏

λ (i )

i =1: N M ,i ≠ k

These H-likelihoods can be maximized with similar computation tricks as described in section
4.1.3, yielding the maximized H-likelihoods Lˆ( i ) .
Equation (34) describing the H-likelihood for hypothesis H(k) is worth further comments. The
red squares show the existing link between the distribution of observations z (0) and the
distribution of simulations z ( k ) . However, these distributions are not equal (unlike in the
preliminary procedure of section 4), and are allowed to differ by a constrained amount ε , the
constraint being exerted by the term in the green square. As a simple illustration, consider the
case of a parameter vector Y with a single component (e.g. the mean of weather), and assume
the observations have mean Y (0) = 1 and the simulations have mean Y ( k ) = 2 . If the variance
of observation errors is large (say Σ = 3² ), then the difference Y (0) − Y ( k ) = −1 is
comparatively small. It will therefore be possible to fit both the observed and the simulated
weather data with a “small” error term ε , that won’t be penalized by the term in the green
square. Conversely, if the variance of observation errors is small (say Σ = 0.1² ), then the
difference Y (0) − Y ( k ) is comparatively very large. In this case, the error term ε needed to
adequately fit both the observed and the simulated weather data will be heavily penalized by
the term in the green square, yielding a rather low H-likelihood value.
5.1.4

Weights based on information criteria

The computation of weights remains identical to that presented in section 4.1.4. The only
change is for the number of inferred parameters p ( k ) , which is now equal to ( N M + 1) N Y for
k>0 and to ( N M + 2) NY for k=0.

5.2 Application to COMPLEX WP2 Case studies
5.2.1

Short description of the WP2 case studies

Both case studies carried out in COMPLEX aim at modeling climate-related energies in the
next century. This will be achieved using the following modeling chain:
1. GCM-simulated realizations from future climates using the CMIP-5 multi-model
experiment (Taylor et al., 2011) (for RCP 4.5 and RCP 8.5 emission scenarios);
2. Downscaling of GCM outputs to relevant variables, namely solar radiation, wind,
temperature, precipitation, using the Analogue approach (Lafaysse et al. 2014);
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3. Streamflow simulation using regional hydrological models (François et al. 2014);
4. Simulation of wind/solar energies and hydropower production using simplified energy
production models (François et al., 2014).
The main differences between the case studies are the following:
1. The location, and therefore the climate: one case study is in Mid-Norway, the other
one is in Northern Italy;
2. The major climate-related energy sources: the Norwegian case study will mostly focus
on hydropower and wind energy, while the Italian case study will mostly focus on
hydropower and solar energy.
As in the previous case study of section 4.3, we decided to apply the weighting procedure to
the GCM output variables that will be used as inputs of the downscaling procedure.
5.2.2

Data

The downscaling procedure is planned to use geopotential heights and sea-level pressure as
input variables. Moreover, the downscaling procedure should be adapted to each case study
by using specific spatial domains to perform the analogy approach.
In order to simplify the setup for this first application of the weighting procedure, we decided
to restrict to the following dataset:
1. We only use the Sea Level Pressure (SLP) variable.
2. We use a unique spatial domain over the North-Atlantic area (70W-65E, 6N-85N)
Observed daily SLP values are taken from the NCEP-NCAR reanalysis (Kalnay et al., 1996),
for the period 01/01/1950-31/12/2004, yielding 20,455 time steps. With a 2.5° spatial
resolution, the daily fields comprise 55*32 (lon*lat) = 1760 gridcells.
Simulated daily SLP data are taken from 6 GCMs, with several replications available for
some of them, as displayed in Table 2. The same period 01/01/1950-31/12/2004 is used. Since
each GCM has its own spatial grid, all simulated data are interpolated to the grid of
observations (using bilinear interpolation). GCMs also use different calendars: some of them
use the standard Gregorian calendar, while others use a 365-day calendar (without leap years)
or even a 360-day calendar (12 months of 30 days each). This is actually not problematic for
the analysis that will be described subsequently, and we therefore kept the simulated data in
their original calendar.
Table 2. GCM ensemble used in this case study.
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5.2.3

Model number

GCM

Replications

Calendar

0 (observations)

NCEP-NCAR

1

Gregorian

1

CMCC-CMS

1

Gregorian

2

FGOALS-g2

2

365 days

3

HadGEM2-CC

1

360 days

4

IPSL-CM5A-MR

3

365 days

5

MIROC5

5

365 days

6

MPI-ESM-MR

1

Gregorian

Data pre-processing

With the notation used in this report, the raw observed data ( zt* )

t =1, N T

comprise NT = 20,455

samples from a 1760-dimensional variable Z* (the number of grid cells). This is a very high
dimensional setup that generates both statistical and computational challenges. The approach
adopted here to address these challenges is to apply a dimensionality reduction method to
move from the original 1760-dimensional variable Z* to a ND-dimensional variable Z, with
ND << 1760. To achieve this, the original data are projected into a set of ND basis functions.
There are several options to choose these basis functions: for instance, Furrer et al. (2007)
used a combination of spherical harmonics basis functions and indicator basis functions (e.g.
land/ocean mask) to describe spatial outputs of GCMs. In this case study the basis functions
are chosen as: (i) the mean interannual field z* ; (ii) the first few components of a Principal
Component Analysis (PCA) applied to the centered daily data zt* − z *
.

(

)

t =1, N T

Figure 23 shows the ND=9 selected basis functions (BF), including the first eight components
of the PCA, accounting for about 75% of the total variance. BF0 is the mean annual field and
highlights the Azores and Greenland highs, and the Icelandic low. BF1 is the first principal
components and can be interpreted as a North Atlantic Oscillation (NAO) pattern. Subsequent
BFs display other spatial patterns explaining a decreasing fraction of the total variance, and
tending to represent spatial patterns decreasing in scale.
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Figure 23. Basis functions used to project the original data into a low-dimensional subspace. BF0
is the interannual mean of observed SLP, BF1-8 are the first eight components of a PCA applied
to daily SLP anomalies. Percentages in brackets give the percentage of explained variance in the
PCA.

Having defined such a new basis, it is possible to project any dataset defined in the original
1760-dimensional space into this reduced 9-dimensional space. Let X* represent such a
dataset in matrix form (n rows and 1760 columns). Moreover, let B represent the 1760*ND
matrix whose columns are the ND basis functions. The n*ND matrix of projected data X can be
computed as:

X = X * B( BT B) −1

(35)

Note the dimensionality reduction: the original dataset X* comprises n samples of a 1760dimensional variable, while the projected dataset reduces to n samples of a 9-dimensional
variable.
Figure 24 shows the projection of the original daily observed SLP dataset ( X * = ( zt* )

t =1, N T

)

into the reduced 9-dimensional basis. In this case study, we will propose a statistical model
for this projected 9-dimensional dataset, rather than the whole original SLP dataset. Several
features can already be observed in these time series, in particular a pronounced seasonality in
mean (e.g. BF3) and sometimes in variance (e.g. BF7).
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Figure 24. Data projected into the reduced 9-dimensional basis (excerpt from the first 4 years).
Each time series represents the coordinates of the original data into the new basis function.

The GCM-simulated data can also be projected into this 9-dimensional basis. Figure 25 shows
the coordinate of projected simulated data with respect to the basis function BF3. At first
glance, all GCMs seem to adequately reproduce the characteristics of projected observed data
(black lines) for this particular basis function, in particular in terms of seasonality.
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Figure 25. Projection of simulated data into the basis function BF3 (excerpt from the first 4
years). The projection of observed data is shown as a black line repeated in all panels. Within
each panel, other colors represent replications from the same GCM.

The idea of studying the projected dataset rather than the original one is only relevant if the
information lost in the projection is limited. One possibility to assess this is to attempt to
reconstruct the original dataset from the projected one. Let X be the n*ND matrix of projected
data (using equation (35)), a reconstructed n*1760 dataset X̂ can be computed as:

Xˆ = XBT

(36)

Figure 26 illustrates this reconstruction for two time steps in winter and summer. In both
cases, the reconstructed SLP fields are very similar to the observed ones: this suggests that the
9 selected basis functions are sufficient to capture the most relevant information contained in
the original daily SLP dataset.
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Figure 26. Comparison between the observed SLP field (left) and the SLP field reconstructed
using 9 basis functions (right), for two days in winter (top) and summer (bottom).

5.2.4

Statistical Model

As discussed previously in section 4.1.2, choosing a statistical model to describe the weather
data is the most important step of the whole procedure. Indeed, it defines what is termed
“climate”, and the weights are a direct consequence of this choice.
In this case study, the weather data are the time series partly shown in Figure 24 (for
observations) and Figure 25 (for simulations). We will focus on the following characteristics:
1. The seasonality in the mean and the variance, which is apparent for most time series
(see Figure 24).
2. The long-term trend in the mean: the presence of a trend is not obvious for most time
series, except the one related to BF0 (see Figure 27).
3. The autocorrelation: it is quite strong for all time series (see Figure 28)
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Figure 27. Projection of observed data into the basis function BF0 (whole period). The red line is
a loess smoother (smoothing parameter 0.3).

Figure 28. Empirical autocorrelation functions for observed weather data.

47

COMPLEX – Quantifying uncertainty in climate projections using multimodel ensembles
Let ( zt )t =1, N = ( z1,t ,..., z9,t )t =1, N denote the 9-dimensional weather time series (either observed
T

T

or simulated). To account for the characteristics described above, the following statistical
model is assumed:

For any i=1:9,

zi ,t − µi ,t

σ i ,t

= ε i ,t , where:

(a)

ε i ,t = ρ iε i ,t −1 + δ i ,t , δ i ,t ~ N ( 0,1 − ρi2 )

(b)

µi ,t = S ( t; γi( µ ) ) + L ( t; λi )

(c)

σ i ,t = S ( t; γi(σ ) )

(d)

∀i ≠ j, δ i ,t and δ j ,t are independent

(e)

(37)

For the ith time series zi ,t , equation (37)a defines the standardized residuals ε i ,t that are then
assumed in equation (37)b to be realizations from an autoregressive AR(1) process, with lag-1
autocorrelation parameter ρ i < 1 . The standardized residuals are obtained by subtracting to
the data a time-varying mean, and dividing by a time-varying standard deviation. The
temporal variability for the mean comprises two components (equation (37)c): a seasonal
component S ( t; γi( µ ) ) , parameterized by the vector γi( µ ) , and a long-term trend component
L ( t; λi ) , parameterized by the vector λi (the precise definitions of functions S and L are given

below). For the standard deviation, only the seasonal component σ i ,t = S ( t; γi(σ ) ) is used
(equation (37)d). Lastly, equation (37)e assumes that the innovations of the AR(1) model are
mutually independent between the 9 components of the weather time series.
The function used to represent seasonality is illustrated in Figure 29. For a given number of
seasons Nseason, the function is parameterized by a parameter vector γ of size Nseason giving the
value of the function at the center of each season. A simple linear interpolation is then used
between those points.
To represent a long-term trend, we use an approach based on Legendre polynomials (e.g.
Deng et al., 1994). The Legendre family defines an orthogonal polynomial basis which can be
useful to represent smooth functions. As an illustration, Figure 30 shows the first five
Legendre polynomials (shifted to the interval [0;1]), and a smooth long-term trend obtained
by a simple linear combination of them. The long-term trend function L ( t ; λ ) is therefore
defined as a linear combination of the first NL Legendre polynomials, with coefficients given
in the parameter vector λ . The use of Legendre polynomials was favored for the following
reasons:
1. Figure 27 suggests that the long-term trend may not be linear, therefore requiring a
flexible approach to represent smooth trends.
2. The orthogonality of Legendre polynomials makes the inference better behaved than a
more naïve approach simply attempting to estimate a 5-degree polynomial.
After some tedious probability algebra (see also Evin et al. (2013) for a similar derivation),
the M-likelihood function associated with this statistical model can be written as:
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(µ )
(σ )
λ ( ρ1:9 , γ1:9
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Figure 29. Seasonality function S ( t; γ ) in a 4-season setup, with parameters γ = (γ 1 , γ 2 , γ 3 , γ 4 ) .
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Figure 30. Illustration of the use of Legendre polynomials to model a long-term trend. The thin
lines represent the first 5 polynomials, the thick line is a long-term trend obtained by the linear
combination 0.4 × LP1-0.3 × LP2+0.2 × LP3-0.03 × LP4-0.13 × LP5 .

5.2.5

Results: estimation of the statistical model for observed data

Before applying the weighting procedure, we start by estimating the statistical model of
equation (37) to the observed weather time series, in order to verify that it provides an
acceptable description of the data and that its main assumptions (normality, independence
between components, etc.) are realistic. We use a setup with Nseason=12 seasons and NL=5
Legendre polynomials. The likelihood function of equation (38) is maximized using a quasiNewton optimizer (Kavetski et al., 2006). Note that because we are assuming independence
between the 9 components of the weather time series, it is possible to optimize each
component independently – and the global maximum likelihood value can be retrieved by
simply multiplying the maximum likelihoods of each component. This numerical trick is
beneficial in terms on computation time. As an order of magnitude, optimizing one
component for one given time series takes a few minutes on a standard laptop (2.7 GHz
CPU). This mean about one hour for optimizing one component for all GCMs+observations
(computing time is higher for GCMs with replications).
Figure 31 shows the whole observed time series, together with the estimated time-varying
mean. It allows evaluating the existence of a long-term trend in the mean. As already
observed in Figure 27, the time series related to BF0 shows an apparent trend, which seems
well-reproduced by the estimated time-varying mean. One may also discern a slight trend for
the time series related to BF1. Other time series, however, do not show any discernable longterm trend. Consequently, we will modify the statistical model for the weighting procedure by
removing the trend component for basis functions BF2-BF8.
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Figure 31. Estimation of the long-term trend component. Black lines = projected data, red lines
= estimated mean µi ,t .

A zoom on the first four years of data allows visualizing much more clearly the seasonality in
the time series (Figure 32). All times series show a quite strong seasonality in both the mean
and the variance. For all time series, the variability tends to be minimal during springsummer.

Figure 32. Estimation of the seasonality components. Black line = projected data (excerpt from
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the first 4 years), solid red line = estimated mean µi ,t , dashed red line = 95% prediction interval

µi ,t ± 2σ i ,t .
The statistical model of equation (37) assumes that the standardized residuals ε i ,t are
realizations from a Gaussian AR(1) process. A possibility to appraise this assumption is to
compute the innovations δ i ,t = ε i ,t − ρˆiε i ,t −1 , and to verify that they are approximately Gaussian
and independent. Figure 33 assesses the normality of innovations by means of a Gaussian qqplot: overall, the agreement is acceptable, although some time series show a slightly heavier
tail than the Gaussian distribution (e.g. BF2 and BF6). Figure 34 assesses the independence of
the innovations by plotting their autocorrelation functions. Note that for all time series, the
estimated lag-1 coefficient ρˆ i , quantifying the autocorrelation of the standardized residuals,
was estimated at values around 0.8. Figure 34 shows that after accounting for this large order1 autocorrelation, the innovations are much less autocorrelated. However, there remains some
degree of autocorrelation in the innovations, with lag-1 coefficients in the range 0.2-0.5. This
suggests that a more complex model (e.g. an ARMA(p,q) model) might be appropriate.
However, we decided to stick to the AR(1) model for the time being, because preliminary
attempts suggest that jointly estimating time-varying mean/standard deviation and a more
complex autocorrelation structure like an ARMA(p,q) leads to numerical problems, probably
due to a poorly-behaved likelihood function.
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Figure 33. Evaluation of the normality assumption: Gaussian qq-plot of the standardized
2
innovations δ i ,t / 1 − ρi .

Figure 34. Evaluation of the AR(1) assumption: autocorrelation function of the innovations δ i ,t .

The last assumption of the model in equation (37) is that the innovations are mutually
independent between the 9 components of the weather time series. This is evaluated using the
scatterplot matrix of Figure 35. Overall, this seems to be a reasonable assumption, with most
correlation coefficients being close to zero. The main exception is for the innovations related
to BF0, which are slightly positively correlated with the innovations of BF6 and BF7, and
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slightly negatively correlated with the innovations of BF3 and BF8. It might therefore be of
interest to introduce cross-correlation coefficients between the BF0 innovations and other
innovations. However, given that these correlations remain moderate, we will stick to the
assumption of mutual independence for the time being.

Figure 35. Scatterplot matrix of standardized innovations.

5.2.6

Results: application of the weighting procedure

We start by applying the preliminary weighting procedure of section 4, i.e. we assume that the
observed climate is equal to the true climate. Figure 36 shows the computed weights for each
of the 9 components individually, and for all 9 components together. As in the previous case
study of section 4.3, we observe that the weights tend to degenerate in the sense that a single
model (or the H(0) hypothesis) takes all the weight. For the first component, the H(0)
hypothesis has a weight equal to one. This could be due to the fact that none of the 6 GCMs is
able to reproduce the long-term trend present in the observations (see Figure 31). For other
components, one GCM generally takes most of the weight, but the winning GCM varies from
one component to the next. GCM 6 (MPI-ESM-MR) is the most frequent winner (components
2, 5, 7 and 9), followed by GCM 3 (HadGEM2-CC, components 4 and 6) and GCM 1
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(CMCC-CMS, components 3 and 8). Other GCMs (GCM2 FGOALS-g2, GCM4 IPSLCM5A-MR and GCM5 MIROC5) have smaller and often negligible weights. Note that they
correspond to the three GCMs that have replications – but it is unclear at this stage whether or
not this is just a coincidence. Finally, when all 9 components are considered together, GCM 3
(HadGEM2-CC) has a near-one weight.

Figure 36. Weights associated with each hypothesis when observation errors are ignored.

We now abandon the assumption that the observed climate is equal to the true climate and
introduce observations errors as described in section 5.1. We therefore need to specify the
covariance matrix Σ of equation (30). In this case study, we will not attempt to specify a
realistic covariance matrix based on the analysis of the uncertainties in NCEP-NCAR
observations. Instead, the main objective is to assess the sensitivity of the weights to the
covariance matrix Σ . To perform this sensitivity analysis, we will specify a first baseline
covariance matrix Σ0 corresponding to small observation uncertainty. We will then compute
the weights corresponding to the covariance matrix τ 2 Σ0 for a range of increasing τ values
mimicking increasing observation uncertainty.
To specify the baseline matrix Σ0 , we first assume a diagonal matrix, implying independent
errors for different climate parameters (this is a disputable assumption further discussed in
section 5.3). The diagonal terms ( Σ0 ) k ,k are then specified as follows:
•

[only for BF0 and BF1 time series] For the 5 parameters corresponding to the
2
Legendre polynomials coefficients, ( Σ ) = 0.05 × sdev λˆ ,..., λˆ
, where λˆ ,..., λˆ
0 k ,k

•

•

(

1

5

))

are the Legendre polynomials coefficients estimated in section 5.2.5.
For the 12 parameters corresponding to the seasonality in

( Σ0 )k ,k = ( 0.05 × sdev (γˆ

(µ)
1

•

(

,..., γˆ

(µ)
12

))

(

the

1

5

)

mean,

2

.

For the 12 parameters corresponding to the seasonality in the standard deviation,

( Σ0 )k ,k = ( 0.05 × sdev (γˆ1(σ ) ,..., γˆ12(σ ) ) )

2

.

For the lag-1 autocorrelation, ( Σ0 ) k ,k = ( 0.01 × ρˆ ) .
2
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Figure 37 illustrates the specification of observation uncertainty for the first component BF0.
The top row corresponds to the baseline matrix Σ0 and shows that it indeed corresponds to
very small observation uncertainty. The bottom row correspond to a multiplicative factor
τ = 20 , and mimics a larger observation uncertainty.

Figure 37. Illustration of the specification of observation uncertainty for the first component
BF0. Solid lines represent the estimated parameters (see section 5.2.5), dashed lines correspond
to one standard error. Top = small observation uncertainty, corresponding to the baseline
matrix Σ0 ; bottom = larger observation uncertainty, corresponding to (202 )Σ0 .

Figure 38 shows the results of this sensitivity analysis for values of τ ranging from 1 to 80,
and with weights computed based on the BIC criterion. The first striking observation is that
observation uncertainty does play a central role in the computation of weights. When
observation uncertainty is small, a single model generally takes all the weight. With
increasing observation uncertainty, the weights tend to be more evenly distributed amongst
models, and one can even speculate that all weights tend to become equal for very large
observation uncertainty.
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Accounting for observation uncertainty also strongly affects the weight affected to the H(0)
hypothesis that all models are wrong: for the BF0 time series, H(0) has a weight equal to one
for very small observation uncertainty, but this weight quickly drops to zero when accounting
for observation uncertainty. A similar behavior can be observed when the weights are based
on the AIC criterion (which tends to give more weight to the H(0) hypothesis, see Figure 39).

Figure 38. Evolution of the weights (computed from the BIC) as a function of the multiplicative
factor τ , for all 9 components individually and for all components together.

Figure 39. Evolution of the weights (computed from the AIC) as a function of the multiplicative
factor τ , for all 9 components individually and for all components together.

Finally, the weights for all components together are less evenly distributed than for each
component individually, and GCM3 (HadGEM2-CC) has the highest weight for all values of
τ . This can be explained by the fact that GCM3 is the only GCM that never fails on any
component. Other GCMs have a small weight on at least one component, which penalizes
them when all components are considered together. Note that the first component BF0 has an
important leverage on these overall weights, as illustrated in Figure 40.
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Figure 40. Leverage of the first component BF0 in the computation of the overall weights
(based on BIC). Left: overall weights computed with all components; right: overall weights
computed with all components except BF0.

5.3 Discussion on the weighting procedure
The case study developed in the previous section illustrated how to apply the weighting
procedure of section 5.1 to a rather high-dimensional dataset. The use of PCA as a
dimensionality reduction tool proved useful to efficiently summarize the key properties of
SLP over the North Atlantic domain using only a few components. Note that this is by no
means the only option, and other approaches may also be trialled to parsimoniously describe
the SLP data. For instance, a more “geometric” approach would be to use “shape variables”
that describe the shape of daily SLP fields (e.g. object-based approaches (Davis et al., 2006);
connectivity-shape-dispersiveness approach (AghaKouchak et al., 2011), etc.). Alternatively,
one could apply a clustering algorithm to the SLP data to assign each day to a particular
“weather type”, and use some Markov chain model to describe the succession of weather
types.
The main lesson learnt from this case study is undoubtedly the key role played by observation
uncertainty in the assignment of performance weights to competing GCMs. Roughly
speaking, the weights move from “weight =1 for a single model” to “same weights for all
models” with increasing observation uncertainty. Reality may actually be more complex than
this, because correlations between observations errors, that were ignored in the sensitivity
analysis of section 5.2.6, could play an important role as well. The assumption that
observation errors are uncorrelated is probably not realistic in general. For instance, in the
case study of the previous section, errors affecting parameters of the seasonal signals are
likely correlated for nearby months. Consequently, the specification of a realistic covariance
matrix Σ , reliably representing the uncertainty in the observed climate, should be considered
as an essential step in the assessment of GCMs’ performance.

6

Discussion and Conclusions

This report described several methodological frameworks to quantify the uncertainty in
hydroclimatic projections based on multimodel ensembles. Two distinct approaches were
considered: (1) ANOVA approaches that describe the variability of multimodel outputs and
assess its main contributors; (2) weighting procedures based on the performance of models to
reproduce the observed climate. Both frameworks are now properly set up and are ready for
application to the WP2 case studies.
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The application of ANOVA to the multimodel chain used in WP2 case studies will be
possible once the modeling chain is run for the selected projection scenarios. This work is
currently in progress and the outcome of this analysis will be described in future reports.
The application of the weighting procedure to the WP2 case studies has been partly described
in this report. However, additional analyses will be performed and described in future reports.
Such analyses include the following:
•

•

•

7

Geopotential heights will be considered, in addition to the SLP variable used in
section 5.2. This should not create any additional difficulty: we will simply apply PCA
to the augmented dataset comprising 2*1760 columns (for geopotential and SLP
fields), the rest of the procedure remaining unchanged.
A strategy to specify observation uncertainty needs to be defined and implemented.
The option currently favored is to use several reanalysis (NCEP-NCAR, Kalnay et al.,
1996; ERA40, Uppala et al., 2005), and several replications from the same reanalysis
when available (NOAA 20CR, Compo et al., 2011; ERA20C, Dee et al., 2014). The
variability in the climates estimated from these various reanalyzes will be used to
specify the covariance matrix of observation errors.
The case study of section 5.2 uses a unique spatial domain, covering the whole North
Atlantic area. The rationale behind this choice is that a “good” GCM should be able to
reproduce the climate at a large scale, not just for a couple of gridcells relevant to each
case study. However, we will evaluate how the weights evolve with the size of the
spatial domain used to judge model performance. In particular, we will compare the
weights obtained with the large North Atlantic domain with those obtained for two
smaller spatial domains used by the downscaling procedure for each case study (Italia
and Norway).
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