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PRELIMINARY STATEMENTS
This report is related to the Task 2.3 of WP2. It relates a first step of documentation and definition of a
theoretical and methodological framework designed to analyze the mitigation trajectories of our two
regional case studies. In a second step (deliverable D2.5) we will present the results of the analyses
conducted though this framework
Some illustrations included in this report are extracted from scientific articles that we used. Their
origin is explicitly cited but no copyright authorization has been asked to the concerned journals. This
is why the diffusion level of this report is internal, reduced to the project partners.
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SHORT SUMMARY
The European Renewable Energy Directive adopted in 2009 focuses on achieving a 20%
share of renewable energy in the EU overall energy mix by 2020. A major part of renewable
energy production is related to climate, which we will call in this report “Climate Related
Energy” (CRE), and we focus mainly on wind- solar- and hydropower. The CRE production
systems are characterized by a large degree of intermittency and variability on both short and
long time scales due to the natural variability of climate variables. The main strategies to
handle the variability of CRE production include energy-storage, -transport, -diversity and information (smart grids). The three first strategies aim to smooth the intermittency and
variability of CRE production in time and space whereas the last strategy aims to provide a
more optimal interaction between energy production and demand, i.e. to smooth the residual
load (the difference between demand and production).
The working hypothesis of this report is that the sensitivity of CRE production to the spacetime dependence between energy sources is a controlling factor of the success of increasing
the CRE share in electricity production and distribution systems. In that respect, it is essential
to understand:
i)

the degree of success of mitigation policies in terms of reduction of CO2 emissions,
through the analysis of CRE production reliability, resilience and vulnerability in both
present and future climate contexts (Task 2.3A) and,

ii)

the effect of climate projection uncertainties on the above success analysis results
(Task 2.3B).

Based on this working hypothesis we define in this report a framework to assess the impact
and risk related to the mitigation scenarios that will be produced in our two case studies under
present and future climate. The proposed probabilistic framework make use of ensembles of
CRE production scenarios and of a set of criteria sensitive to daily and exceptional situations.
The proposed framework takes advantage of the multiplicity of climate scenarios and CRE
production variability to quantify uncertainty using a Bayesian approach.
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1. Introduction
The European Renewable Energy Directive adopted in 2009 focuses on achieving a 20%
share of renewable energy in the EU overall energy mix by 2020. A major part of renewable
energy production is related to climate, which we will call in this report “Climate Related
Energy” (CRE), and we focus mainly on wind- solar- and hydropower. The CRE production
systems are characterized by a large degree of intermittency and variability on both short and
long time scales due to the natural variability of climate variables. The main strategies to
handle the variability of CRE production include energy-storage, -transport, -diversity and information (smart grids). The three first strategies aim to smooth the intermittency and
variability of CRE production in time and space whereas the last strategy aims to provide a
more optimal interaction between energy production and demand, i.e. to smooth the residual
load (the difference between demand and production).
The working hypothesis of this report is that the sensitivity of CRE production to the spacetime dependence between energy sources is a controlling factor of the success of increasing
the CRE share in electricity production and distribution systems. A first simple indicator of
CRE mitigation effect on the absolute emission level is the fuel emission equivalent to the
total CRE production, avoiding the complex disentangling of the partial effect of the existing
hydropower production. This choice is not entirely correct in term of absolute assessment of
the emission but will provide a reliable assessment of the evolution of effect under a changed
climate and in comparing various mitigation policies. Richer mitigation indicators involving
monetary assessment beyond this physically based first attempt will be explored in
coordination with WP5 and WP7.
In that respect, it is essential to understand:
i)

the degree of success of mitigation policies, through the analysis of CRE production
reliability, resilience and vulnerability in both present and future climate contexts
(Task 2.3A) and,

ii)

the effect of climate projection uncertainties on the above success analysis results
(Task 2.3B).

Based on this working hypothesis we define in this report a framework to assess the impact
and risk related to the mitigation scenarios that will be produced in our two case studies under
present and future climate. The proposed probabilistic framework makes use of ensembles of
CRE production scenarios and of a set of criteria sensitive to daily and exceptional situations.
Report D2.4
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The proposed framework takes advantage of the multiplicity of climate scenarios and CRE
production variability to quantify uncertainty using a Bayesian approach.
The report—and the framework for assessing impact and risk in CRE—and is organized
along the two main points mentioned above. The next section will therefore focus on the part
of the framework dedicated to analyzing the reliability, resilience and vulnerability of CRE
production. The second part of the report will focus on presenting ways for taking account of
uncertainty in CRE sources, thus describing the second part of the framework. The last
section will discuss how to articulate these two methodologies for providing the most relevant
information on future CRE production and thus on future climate mitigation potential from
using CRE energies instead of fossil energies.
Finally, the notion of “exceptional situations” is given a specific look. In addition to the
careful characterization and examination of the extremes situations contained in the data used
and hopefully reproduced by the developed models that are by definition present in the
scenarios, we tried to collect in the literature descriptions of “flips” or “tipping points” that
occurred from system modifications that by definition are out of reach of the modeling tools
we use. This collection is presented in the Annex 1. The goal of such a collection is to open
new possible investigation lines beyond the present study. The Annex 2 proposes program
codes allowing computing CRE production reliability, resilience and vulnerability discussed
in Section 2.

2. Quantifying CRE production system performance
This section focuses on the reliability, resilience and vulnerability concept that could be
applied to measure CRE production system performance. The next three sub-sections develop
examples related to water management issues before introducing their application to CRE
production.

2.1. Concepts of reliability, resilience and vulnerability (RRV)
The question of whether a system operates in a satisfactory way is of high importance for
engineers and planners (see McMahon et al. 2007 for a brief history of reservoir storage–yield
analysis).
In water resource management, one of the most frequently task for hydrologist is to evaluate
the performance of a reservoir under current conditions or different reservoir operations
policies (e.g. Klemeš 1967, Xu et al. 1998) and, more recently, to examine its behavior in
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terms of sustainability of under climate change scenarios (e.g. Ajami et al. 2008, Asefa et al.
2014, Fowler et al. 2003, Raje and Mujumdar 2010, Vogel et al. 1999). Numerous published
works related to this issue refer to three concepts: Reliability, Resilience, and Vulnerability
(RVV). Reliability characterizes the frequency of failures (here as the percentage of time that
the water supply system can provide a contracted demand), Resilience the speed of recovery
from a failure and Vulnerability the severity of failures, respectively.
Reliability criteria are probably the most used performance measures for water supply system
designing (particularly to determine capacity regarding the target water demand). Reliability
has been developed in the COMPLEX report D2.2 (Engeland et al. 2013): “Reliability is
linked to the probability that a system will correctly deliver services as expected by users (or,
complementarily, to the probability of failure)”. Thus Reliability can be interpreted as the
opposite of the probability of failure.
Resilience was first introduced by Holling (1973) in ecology to measure the capacity of an
ecosystem to face changes and to persist after stress. This definition has been extended since
then (see Brand and Jax 2007 for a recent review) to achieve sustainability. Matalas and
Fiering (1977) were among the first to suggest an application of Resilience to reservoir
management issues.
Vulnerability defined by Hashimoto et al. (1982) refers to “the likely magnitude of a failure,
if one occurs”.
Recent works attempt to combine the RRV criteria proposed in the literature to provide a
global measure of sustainability (Jain 2010, Loucks 1997, Sandoval-Solis et al. 2011, Xu et
al. 1998).
The definition of a failure event is the key-main point to be addressed before applying the
RRV concept. Variables with available records characterizing the system have to be identified
first and failure is expressed objectively in terms of critical thresholds (constant or varying
with time). Maity et al. (2013) applied the RVV concept to agricultures issues: a failure is
considered when the soil moisture is below the permanent wilting point, which is the minimal
value required for plants not to wilt. Rodak et al. (2013) adapted RVV criteria to assess human
health risk caused by the contamination of groundwater resources: a failure arises when the
level of risk for individuals is considered unacceptable (i.e. higher than a prescribed
threshold). In the context of reservoirs management, a failure occurs when the water supply
system is unable to meet a given water demand.
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In the following, the literature review is focused on water management issues and cited
references are mainly related to reservoir performance assessment. Thus we assume that:
•

the system is characterized by the time series of water actually released x(t), t=1,…,Ntot
where Ntot is the total number of time steps;

•

a failure is observed when x(t) < C(t) where C(t) represents the target water demand at
time t;

•

NF is the total number of continuous sequences of failures and each shortfall i, i=1…,NF is
characterized by its duration dur and the cumulated deficit D derived from x and C;

•

at each time step t, a system state variable Z is defined with Z(t)= 1 if the system is in a
satisfactory state and Z(t)=0 otherwise;

•

at coarser time step d, Zd(i)=1 if one failure is observed within the ith time interval [(i-1)d;
id], Zd(i)=0 otherwise.

The variables involved in RVV definition are shown on an example in Figure 1.

Figure 1. Time series of interest for an application of RVV concept.
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2.2. Definition of RVV metrics
Various performance measures to characterize RRV have been introduced (see Jain 2010 for a
recent review ). Hashimoto et al. (1982) introduced numerical measures for RRV which are by
far the most widely used for water management issues. A list of possible definitions for RVV
criteria is given as follows.

Definition

Equation

Probability of the system to be /
proportion of the time in a satisfactory
state at different temporal resolution
(time based resilience, also occurrence
reliability)

Reference
(Hashimoto
al. 1982)

et

(steady state Reliability)

(d= 1 month and d=1 year are
commonly adopted) where Ntot,d is the total number of
intervals
(Kjeldsen
and
Rosbjerg 2004)

Proportion of released water to the
total water demand (volumetric
resilience,
also
quantity
based
reliability)

Definition

Equation

Reference

Conditional probability to migrate
from a state of failure observed at t to a
satisfactory state at the following time
step t+1. This definition corresponds to
the inverse of the average failure
duration (Jinno 1995)

(Hashimoto et
al.
1982,
McMahon et al.
2006)

Maximal duration of failure event

(Moy
1986)

Inverse of the maximal duration of
failure event to make this criterion
comparable to the definition suggested
by Hashimoto et al. (1982)

(Kjeldsen
and
Rosbjerg 2004)

Inverse of the pth quantile of the
empirical
cumulative
distribution
function Fdur of dur

(Kjeldsen
and
Rosbjerg 2004)

Ratio of the minimum release (in the
case of a constant target demand DF
and a minimum release Rmin constant
for each failure event)

(McMahon et al.
2006)

Standardized net inflow m also named
standardized inflow or drift

(Hazen 1914)
(Sudler 1927)
(Hurst 1951)
(Perrens
and
Howell 1972)
(Pegram 1980)
(Vogel
and
Bolognese 1994)

where Cv and µ are the coefficient of variation of the annual
inflow and the mean annual inflow, respectively
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Definition

Equation

Reference

Metric of the likely magnitude of a
failure event

(Hashimoto
al., 1982)

et

where h(j) is the most severe outcome of the jth failure event
and f(h(j)) is the cumulated probability related to h(j)
Mean of the NF cumulated deficits

(Kjeldsen
and
Rosbjerg, 2004)

Maximum of the NF cumulated deficits

(Moy
1986)

Inverse of the pth quantile of the
empirical
cumulative
distribution
function FD of D

(Kjeldsen
and
Rosbjerg, 2004)

Standardized mean cumulated deficit
(in the case of a constant target demand
DF)

(McMahon
al., 2006)

Conditional mean deficit

(ASCE, 1998)
(Vogel et al.,
1999)

Ratio of the maximum shortage to the
target demand (in the case of a constant
target demand DF and a maximum
shortage S constant for each failure
event)

(McMahon
al., 2007)

et

al.,

et

et

Analytical expressions for both Reliability and Resilience can be derived for reservoirs fed by
AR(1) normal and log-normal annual inflows (Stedinger et al. 1983, Vogel and Bolognese
1994, Vogel et al. 1999). Annual Resilience and Reliability indices are functions of the
standardized net inflow m and of the lag-one correlation of the inflows and characterize the
probability in a given year that the stated demand will be delivered and the probability that the
stated demand will be delivered in a year following a failure, respectively.
The use of the dimensionless index m was advocated by Vogel and Bolognese (1994)
although m is not directly related to the main characteristics of the water supply system
(McMahon et al. 2006). Vogel and Bolognese (1994) argued that reservoirs with low values
of m may demonstrate more difficulties in recovering from a failure than reservoirs with high
values characterized by small demand or small variation coefficient.

2.3. Choice of RVV estimators for risk assessments
Since numerous definitions for the RVV criteria are available, several studies have examined
the statistical properties of the different indices by stochastic simulations to facilitate the
selection of few relevant criteria (Jain 2010, Jain and Bhunya 2008, Kjeldsen and Rosbjerg
2004, Kundzewicz and Kindler 1995, McMahon et al. 2006).
Report D2.4
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Behaviour of the RVV criteria: For a given storage capacity, the resilience is expected to
monotonically decrease as water demand increases whereas vulnerability is expected to
increase. Kjeldsen and Rosbjerg (2004) shown that this behavior is not fully respected with
indices based on mean values of failure duration and cumulated deficit volume (Res1 and
Vul2). The results are consistent with other works (Jain 2010, Kundzewicz and Kindler 1995,
Srinivasan et al. 1999): the use of sample estimates based on maximum value (Vul3 and Res3)
should be preferred.
Overlap of the RVV criteria: Kjeldsen and Rosbjerg (2004) explored the redundancy within
RRV criteria and the robustness of the sample estimates using synthetically generated data.
They concluded that a record length of 1000 years is used is required to ensure convergence
of the sample estimates. They suggest abandoning either resilience or vulnerability because of
high correlation within these two indices. The correlation coefficients between Reliability and
the inverse of the Resilience (1/Res1, 1/Res3, 1/Res4) are negative. These findings are in line
with Vogel et al. (1999). McMahon et al. (2006) found Res1 and Vul5 complementary and
finally advocate the use of the dimensionless Vulnerability ratio.
Sensitivity of the RVV criteria: Changes in RVV criteria have been examined against changes
in both storage capacity and water demand. McMahon et al. (2006) found that Resilience and
Vulnerability criteria decrease as inflow variability increases. For a given draft, Resilience
was found to increase with reservoir size. However both Vul3 and Res3 are not be very
sensitive to changes in storage capacity when the ration of the water demand to the mean
annual inflow is high (Jain 2010). Resilience is more sensitive to changes in operation policies
than Reliability in most cases considered by Jain and Bhunya (2008).

2.4. An adaptation of RVV criteria to estimate the performance of the CRE
production systems
This section has focused on applications of the reliability, resilience and vulnerability concept
to water management issues. The literature review shows that RVV criteria based on mean
estimators may not be relevant and the number of RVV criteria could be reduced from three
to two because of correlation within the metrics.
The next steps will consist of applying RVV criteria to CRE context. At this stage there is no
obvious theoretical background, which could not allow an adaptation of the concept to CRE
issues. Indeed all the criteria defined in the table of section 2.2 are empirical statistics derived
from a set of time series and free from statistical assumption on the variables.
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The first steps involve defining the variables of interest and what is a failure. As first guess,
we may suggest the time series of CRE production and a percentage of unsatisfied energy
demand (see Raje and Mujumdar (2010) for an example on hydroelectricity production). To
go further, the relevant time step for the analysis will be discussed (from hourly to annual
time step). Changes in RVV metrics have been already examined under perturbed climates
(e.g. Fowler et al. (2003)). A predictive distribution of RVV criteria can be derived from the
outputs of a multimodel ensemble. At each climate projection a specific set of RVV values
can be associated.

3. Quantifying uncertainty in multimodel climate projections
In this section, we review the approaches used in the climate literature to analyze outputs
from an ensemble of climate projections, and use them to derive probabilistic projections that
allows some quantification of projection uncertainty. The section is organized in three parts.
We first provide a general overview of the modeling chain used in impact studies and discuss
the sources of uncertainty that are encountered along this chain. We also discuss the use of
ensembles as a way to explore this uncertainty. In a second step, we review methods used to
analyze the variability of model outputs in an ensemble. Lastly, we focus on the evaluation of
model performance, based on comparing the observed and simulated climates. This is a
central topic in the context of multimodel ensembles, since performance metrics can be used
to favor or downweight some models and develop probabilistic projections.

3.1. General Setup
Assessing the future of Climate Related Energies requires first to assess the evolution of
climate—and specifically this of CRE sources, i.e. radiation, wind, precipitation and others,
which will be called CRE potential in the following—and then cross-reference it with future
capacities of CRE production systems. This section will mainly deal with describing the
assessment of future climate and specifically CRE potential, focusing on associated
uncertainties. Additionally, it has to be noted that this section will only briefly mention future
CRE production, as its assessment is conditional on CRE production systems that are specific
to scenarios (1) about the future production equipment of case study areas and (2) about
global to local socio-economic scenarios that include energy demand. More information on
the relationships between energy sources (CRE potential) and CRE production can be found
in a previous report (Engeland et al. 2013).
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3.1.1. 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, 2007). 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 2007, 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
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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.
3.1.2. Types of uncertainty in projections of Climate Related Energies
The above section listed the main uncertainty types at each level of the modelling chain, and
the following paragraphs will detail them by providing a tentative classification into different
types. Four types of uncertainty and corresponding approaches to quantify them may indeed
be identified throughout the modelling chain (Collins 2007, Stainforth et al. 2007):
Socio-economic uncertainty
This type is only encountered in the first and last modelling steps, i.e. the description of
external forcings and the description of CRE production. The uncertainty related to the first
step is dealt with by considering various alternative possible emissions scenarios—SRESs or
RCPs—associated with different hypotheses about the global socio-economic characteristics.
A similar uncertainty type arises in the last step, where the evolution of CRE production
systems under changed climate and socio-economic conditions are concerned. The approach
commonly adopted is to consider alternative scenarios for the future structure and
management of CRE production systems (see e.g. Hendrickx and Sauquet 2013).
Structural uncertainty
The structural uncertainty relates to the imperfection in a model structure, be it a GCM, a
RCM, a ESDM or a hydrological model. Such imperfections may for example be a
consequence of missing representation of physical processes in global or regional climate
models (Oreskes et al. 1994, Smith 2002) or important missing predictors in statistical
methods (see e.g. Wetterhall et al. 2006). The approach commonly adopted at all levels of the
modelling chain 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. 2012) that informed the last two IPCC assessment
reports. A similar approach has been widely used at the regional-to-local climate level, with
several international intercomparison projects involving different RCMs, like ENSEMBLES
(van der Linden and Mitchell 2009) or more recently CORDEX (Giorgi et al. 2009). For
specific regional case studies, sets of different ESDMs have also been widely used (see e.g.
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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.,
Chauveau et al. 2013). 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.
Such a set-up for dealing with structural uncertainty raises many methodological questions
that will be addressed further in the sections below.
Parametric uncertainty
Parametric uncertainty relates to the choice of different parameter sets for a given model
structure. This type of uncertainty has been explored for GCMs through the development of
“Perturbed Physics Ensembles” (PPEs)—also called “Perturbed Parameter Ensembles” or
“Single Model Ensembles” (SMEs). Thanks to the increase in computational power, a number
of global climate PPEs could be made available, from the pioneering climateprediction.net
initiative (Stainforth et al. 2005) up to the more recent ones (see e.g. Harris et al. 2013,
Murphy et al. 2007, Murphy et al. 2004, Shiogama et al. 2012).
Natural variability
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, 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 GCMs. Different possible realizations of weather giving slightly possible
realizations of climate are thus produced for assessing the “internal variability” associated
with a specific GCM (Giorgi 2005, Stainforth et al. 2007). Much emphasis has been recently
made specifically on natural variability in assessing future climate, with some studies
demonstrating the need for large ensembles of GCM realizations (Daron and Stainforth 2013,
Deser et al. 2012b). Recent studies highlighted the importance of natural/internal variability
for both continental (Deser et al. 2012a, Deser et al. 2014) and local (Hingray and Saïd 2014,
Lafaysse et al. 2014) features.
3.1.3. Nature of uncertainty in projections of Climate Related Energies
Various classifications of the nature of uncertainty in the context of environmental modelling
have been proposed over the years, without a consensus on clear partitions (Refsgaard et al.
2007, van der Keur et al. 2008, Walker et al. 2003). We will here follow the typology
proposed recently by Refsgaard et al. (2013) in the context of climate change adaptation:
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Ambiguity
As recalled by Refsgaard et al. (2013), “ambiguity results from multiple ways of results from
the presence of multiple ways of understanding or interpreting a system.” In the CRE
production modelling chain context, it is mainly related to uncertainty linked with socioeconomic choices still to be made, either on global greenhouse gas emissions or regional to
local adaptation decisions. Some examples of the latter would be the decision to build new
CRE production systems (e.g. hydropower reservoir or wind farm) or the implementation of
new rules in operational management strategies of CRE systems. Such uncertainty is hardly
reducible, as it originates from human decisions that will be made on highly complex
grounds.
Aleatory
Aleatory uncertainty, also called ontological uncertainty, is “the uncertainty due to inherent
variability, which is especially applicable in human and natural systems and concerning
social, economic, and technological developments” (Walker et al. 2003). In the CRE
production modelling chain, it may appear at all steps, but more prominently maybe when
global and regional climate are computed. Indeed, at these specific steps, it relates to natural
climate variability that has been proved recently to be important in future climate assessment
(see corresponding paragraph above). It may also be considered when future natural forcings
are concerned, by including statistical uncertainty related to future natural forcings (solar and
volcanic activity) on top of the scenario-based greenhouse gas external forcings (see Stott and
Kettleborough 2002 for an attempt ). One important feature of such uncertainty is that it can
be quantified, but is stochastic and irreducible (Refsgaard et al. 2013).
Epistemic
Epistemic uncertainty is “the uncertainty due to the imperfection of our knowledge” (Walker
et al. 2003). As such, it is related to all modelling efforts along the CRE production modelling
chain where models of physical (natural or anthropogenic) systems are concerned, and to the
imperfections of such models compared to reality (Oreskes et al. 1994). Such imperfections
may arise from the structure of the model (structural uncertainty described above) or from its
parameters (parameter uncertainty). As pointed out by Refsgaard et al. (2013), it is critically
“reducible by gaining more knowledge via research, data collection and modelling”.
Consequently, the remainder of this chapter will focus on this epistemic uncertainty.
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Table 1 recalls all uncertainty types and nature described in the above paragraphs for all steps
of the modelling chain. It also includes the approach commonly used to deal with such
uncertainties by the climate research community. It highlights that the focus of this chapter
will be on epistemic uncertainty at the global climate modelling step. Reasons for addressing
this specific step are given in the section below.

Table 1. Identification of uncertainty type, nature and approach commonly adopted for
different levels of the CRE modelling chain. Shaded cells identify cases not encountered
in climate change impact and adaptation studies. The squared tick corresponds to the
structural and parametric uncertainty (of epistemic nature) in global climate modelling
which are specifically studied in the remainder of this chapter.
Type
SocioStructural
Parametric
Natural
economic
Nature

Ambiguity

variability
Epistemic

Epistemic/

Aleatory

Aleatory
Approach

Multi-

Multi-models Multi-

scenarios
External forcings

Level

parameters



Multirealizations


Global climate







Regional climate







CRE potential













CRE production



3.1.4. Cascade of uncertainty
The concept of "cascade of uncertainty" can be traced back to Mitchell and Hulme (1999). It
illustrates the transmission of the uncertainty over the different steps of the modelling chain
that leads to climate change impacts in the commonly used top-down approach (Foley 2010,
Giorgi 2005, Jones 2000). Figure 2 shows a schematic illustration of the cascade of
uncertainty. It also illustrates schematically what would be the breadth of uncertainty in one
specific case where only uncertainty in global climate is taken into account. In this cascade of
uncertainty, multimodel outputs obtained at one step of the modeling chain are used as inputs
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to models on the next step. The breadth of results therefore naturally increases by considering
all possible combinations.

Figure 2. Schematic illustration of the cascade of uncertainty. Dark grey represents an
example considering only uncertainty in global climate as discussed in the remainder of
this chapter.
3.1.5. Multi-model and multi-parameter ensembles
In line with the above considerations on uncertainty (nature and type), the following sections
will concentrate on describing and combining outputs from different model structure and/or
model parameter sets. Indeed, such reducible epistemic uncertainty is being the subject of an
increasing number of studies in global climate modelling, initiated by the IPCC through a
dedicated technical expert meeting (IPCC 2010). Even if a good practice guidance document
could be produced from this meeting (Knutti et al. 2010a), important methodological
developments are still required to make the best of the growing amount of information from
global climate models (Knutti et al. 2010b), for example to inform CRE production evolution.
The following sections will mainly focus on multimodel ensembles (MMEs), as opposed to
multi-parameter—perturbed parameter—ensembles (PPEs), as much efforts have been put on
MMEs over the last few years, resulting in large ensembles like CMIP5 (Taylor et al. 2012)
that is the main source of information for future climate projections in the contribution of the
IPCC Working Group I to the fifth assessment report. PPEs will however be touched upon in
section as a growing number of perturbed parameter experiments are being performed (see
e.g. Harris et al. 2013).
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3.2. Prior uncertainty: describing multimodel outputs
In this section, we discuss the approaches used in the literature to quantitatively describe
multimodel outputs. Importantly, the approaches considered in this section do not use
observations at all: they can therefore be considered as tools to explore prior uncertainty. The
word prior is used here by analogy with Bayesian statistics, where the prior information
denotes what is known before seeing the observed data. The subsequent section 3.3 will
discuss how this prior information can be combined with observations to derive a posterior
uncertainty – that may hopefully be smaller than prior uncertainty.
The approaches discussed in this section are divided into three families:
1. Analysis of variance approaches aim at quantifying the relative importance of several
sources of variability in the total variability of multimodel outputs;
2. Advanced statistical models have been developed to describe spatialized and/or
multivariate multimodel outputs;
3. Bayesian hierarchical approaches consider each model as one particular member of a
model population, and attempt to infer some properties of this population.
3.2.1. Analysis of variance
The analysis of variance (ANOVA, von Storch and Zwiers 1999) is being increasingly used to
disentangle different sources of uncertainty in common top-down climate impact studies.
Indeed, going through the cascade of uncertainty results in a set of results whose breadth is a
consequence of taking into account uncertainty at various modelling steps, through the use of
multimodel approaches at each of them. At the global to regional climate level, Hawkins and
Sutton (2009, 2011) initially proposed a method for partitioning uncertainty in the CMIP3
climate projections ensemble dataset (Meehl et al. 2007). They distinguished between
“scenario uncertainty” (variability due to different emissions scenarios), “model uncertainty”
(variability due to different GCMs), and “natural variability” (sampling uncertainty due to the
consideration of finite time slices in a non-stationary climate). Yip et al. (2011) showed that
similar results could be obtained through a simple ANOVA framework. Northrop (2013) and
Yip et al. (2013) extended this work by additionally considering various combinations of
several runs from each GCMs, differing only in initial conditions. Sansom et al. (2013)
recently proposed a suite of alternative ANOVA frameworks for analysing global climate
projection ensembles.
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ANOVA frameworks are being increasingly used also for disentangling sources of
uncertainty in local climate projections by considering structural uncertainty in modelling
both the global and the local climate (see e.g. Déqué et al. 2007, Déqué et al. 2012, Hingray et
al. 2007, Lafaysse et al. 2014, Vidal and Wade 2008). The complexity of ANOVA
frameworks increase when trying to include diverse uncertainty types—and specifically
considering joinly structural uncertainty and natural variability at both spatial scales—and
advanced studies are under way for dealing with such set-ups (Hingray and Saïd 2014).
Results from hydrological impact studies have also been analysed with ANOVA frameworks,
taking also into account uncertainty in the hydrological modelling step (Bosshard et al. 2013,
Christierson et al. 2012, Habets et al. 2013). Finger et al. (2012) went one step further by
studying three different uncertainty sources (global plus local climate structural uncertainty,
hydrological parameter uncertainty and glacier modelling uncertainty) in hydropower
production over a specific catchment in the Swiss Alps.
3.2.2. Advanced statistical models
Earlier uses of multimodel outputs focused on scalar, heavily-aggregated climate variables,
such as regionally-averaged interannual temperatures (Giorgi and Mearns 2002, Tebaldi et al.
2004, Tebaldi et al. 2005). The output of one given climate model is therefore summarized
into a single number, e.g. the interannual winter temperature in Northern Europe. Such a
simple description of the climate system has important limitations, in particular for impact
studies that generally require a much finer description of spatio-temporal variability.
Moreover, the treatment of dependent variables (e.g. temperature and precipitation) requires
moving beyond the univariate treatment of a scalar variable, calling for multivariate statistical
models describing vector variables.
In this quest for a finer description of multimodel outputs, Tebaldi and Sansó (2009) extended
their univariate statistical model (Tebaldi et al. 2005) in two directions. Firstly, they replaced
interannual values by a time series of decadal means. This is an important step for variables
having experienced significant trends during the historical period (typically, temperature).
Indeed, using interannual values only allows assessing how climate models represent
historical averages, while the use of decadal means allows assessing how climate models
represent historical trends. The second extension in Tebaldi and Sansó (2009) is the
consideration of both temperature and precipitation in a bivariate statistical model (hence
accounting for temperature-precipitation dependence). This is also a key development in the
context of impact studies. Indeed, impact studies generally use as inputs a set of
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interdependent variables projected by a climate model. In a separate paper, Smith et al. (2009)
also extended the univariate statistical model of Tebaldi et al. (2005) to account for spatial
dependences between regions: a multivariate statistical model is used to describe the
projections of one given variable (e.g. interannual temperature) across several regions. It is
interesting to note that the extensions described in Tebaldi and Sansó (2009) and Smith et al.
(2009) correspond to the basic ingredients needed in the context of the COMPLEX project:
the consideration of several inter-dependent climate variables, that vary across a wide
spectrum of space and time scales.
While achieving significant advances, the statistical models proposed in these papers remain
limited to quite low-dimensional settings. For instance, in the multivariate “spatial” model of
Smith et al. (2009), the climate variable is still averaged over large sub-continental regions,
with only 22 regions covering the whole globe. A true spatial treatment of climate model
outputs, using the raw spatial fields projected on a grid comprising tens of thousands of
gridpoints, cannot be achieved with such a statistical model. Subsequent publications have
therefore focused on developing more flexible statistical models that could be used in higherdimensional settings. The main progresses have probably been achieved in terms of spatial
modeling. Several authors have imported modern tools from the field of geostatistics to
describe multimodel outputs for one given climate variable. Such tools include spherical
harmonics decompositions (Furrer et al. 2007), kernel mixing approaches (Bhat et al. 2011),
Markov random fields (Sain et al. 2011) and spatial random effects modeling (Kang and
Cressie 2011, 2013, Kang et al. 2012). In the case of several spatially distributed variables,
Sexton et al. (2012), Sexton and Murphy (2012) and Harris et al. (2013) used a singular value
decomposition to summarize the spatially-distributed projection of 12 climate variables
(including several pressure levels and several seasons, representing more than 175,000
values!) into six eigenvectors representing ~70% of the total variance. It is interesting to note
that most approaches mentioned above use some form of dimensionality reduction technique.
This allows transforming a very high-dimensional statistical problem into a more tractable
small-dimensional problem that preserves the main patterns present in the climate model
outputs.
3.2.3. A Hierarchical view of multimodel ensembles
The use of outputs from several climate models naturally lends itself to a hierarchical
description. This means that several modeling layers can be successively used to facilitate the
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construction of a general statistical model describing the multimodel data. Schematically,
these modeling layers can be described as follows (see also Figure 3):
•

Layer 1: statistical model describing the output of each climate model.

•

Layer 2: statistical model describing the population of climate models.

Figure 3. Schematic representation of a hierarchical approach applied to a climate
multimodel ensemble.
Leith and Chandler (2010) and Chandler (2013) described a detailed implementation of such
a hierarchical framework. Each climate model Mi simulates a time series for the target
variable(s), ( Z it )t =1, N : this time series is the weather simulated by the climate model Mi. In
T

the simplest situation, this time series represents a scalar quantity and is therefore univariate
(e.g. time series of annual global temperature). In more complex situations, ( Z it )t =1, N may
T

represent a spatially distributed variable (e.g. time series of the annual temperature field), or
even several spatially distributed variables (e.g. time series of the annual temperature and
precipitation fields): in such cases, the weather time series is multivariate.
The first layer of a hierarchical statistical model then assumes a probability distribution p
from which the weather is drawn, or in other words, make a probabilistic assumption on the
climate from which this weather is a particular realization. This can be formalized as follows:
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Layer 1: weather ~ climate
(1)

For each climate model M i ,i =1:N M , ( Z it )t =1, N ~ p (Yi )
T

where the symbol ‘~’ means “is a realization from”, and Yi are the parameters of the
distribution p, or in other words, the climate as seen by model Mi. As a simple illustration of
equation (1), ( Z it )t =1, N could represent the annual time series of global temperature simulated
T

by the climate model Mi. A possible probabilistic assumption would be to assume that p is a
Gaussian distribution, with mean and standard deviation parameters Yi = ( µi , σ i ) .
This simple equation calls for several important comments. The first comment relates to the
definition of climate: according to equation (1), climate is defined as being the full
distribution of weather, as opposed to the mean of weather. This is an important distinction
because many studies in the climate literature have focused on means: this is indeed one
possible characterization of the distribution of weather, but other characteristics are also
important. In the simple illustration above where ( Z it )t =1, N represents the annual time series
T

of global temperature, the climate is characterized by two parameters: the mean and the
standard deviation. In more complex situations where

( Zit )t =1, N

could represent several
T

spatially-distributed and interdependent climate variables, the climate can be characterized by
many other characteristics, e.g. scale/shape parameters, autocorrelations, cross-correlations,
trends, covariate effects, teleconnections, variogram parameters, etc.
The second comment relates to an important assumption made in equation (1): simulations
from all climate models are assumed to be realizations from the same distribution family,
although the parameters are climate-model-specific. This is mostly a tractability assumption:
for instance the time series ( Z it )t =1, N may be assumed to be Gaussian for all climate models,
T

so that the differences between climate models are entirely characterized by the differences in
parameters Yi.
In the second layer of the hierarchical approach, the parameters Yi (i.e. the climate as seen by
climate model Mi) are assumed to be realizations from a parent distribution representing the
population of all possible climate models. More precisely, this second layer can be formalized
as follows:
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Layer 2: population of climate models

(Y ,..., Y ) ~ N (Ψ , Σ )
iid

1

(2)

NM

The general idea behind equation (2) is to consider the climate models at our disposal as
random draws from a meta-population of climate models, and to infer some properties of this
meta-population (termed an “hyperdistribution” in the context of hierarchical modeling): the
mean Ψ and the covariance matrix Σ (termed “hyperparameters”). In order to illustrate the
meaning of these hyperparameters, consider the simple case where climate is represented by a
bivariate vector Y = ( µ , σ ) , representing the mean and standard deviation of some univariate
time series (e.g. annual global temperatures). The hypermean Ψ represents the average
climate seen in the population of climate models for each component of Y = ( µ , σ ) . The
covariance matrix Σ encompasses two types of information. Firstly, the diagonal terms
quantifies the variability between climate models in the representation of each component of
the climate vector Y = ( µ , σ ) . The off-diagonal terms of Σ represent potential covariances
between the components of the climate vector Y = ( µ , σ ) . For instance, it may be that climate
models yielding large values of µ also tend to yield large values of σ , leading to some
degree of correlation between the components µ and σ .
Note that equation (2) make the assumption that climate models are independent draws from
the meta-population. This assumption is questionable, because distinct climate models may
share various components (e.g., pieces of code, representation of a physical process, tuning
strategy, parameterization etc.). Care is therefore needed in the selection of climate models
forming the ensemble, and exhaustively using all freely available climate models is not
necessarily an optimal strategy. As an illustration, two versions of a climate model differing
in a single component (e.g. 2 different spatial resolutions) are certainly not independent draws
from the meta-population. A thorough discussion of the similarity between climate models
and the resulting model genealogy can be found in (Jun et al. 2008a, Jun et al. 2008b, Knutti
et al. 2009, Knutti et al. 2013, Masson and Knutti 2011). To provide an order of magnitude,
the behavior of 25 climate models in the CMIP3 multimodel ensemble (Meehl et al. 2007) is
similar to a set of 5-10 independent climate models.
There are several advantages in wrapping multimodel ensembles into such a hierarchical
statistical framework. Firstly, it enables using modern and efficient estimation methods, e.g.
Bayesian/MCMC or maximum likelihood approaches, to infer all unknown quantities and
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(importantly) the related uncertainties. In particular, it is possible to estimate together the
climate seen by each model

(Yi )i =1:N

and the properties of the meta-population
M

(hyperparameters Ψ and Σ ). As a consequence, the treatment of sampling uncertainty (i.e.
the uncertainty linked with the estimation of climate Yi based on short 30-year periods) is
naturally built-in in the hierarchical approach. Moreover, the strength of this hierarchical
framework lies in its generality: there is no restriction on the distribution assumed in equation
(1). In particular, the advanced statistical models described in previous section 3.2.2 may be
used, so that the climate vector Y may encompass components describing space-time
dependences, cross-dependences, etc. Lastly, this hierarchical framework is at the core of a
general strategy to combine outputs from several climate models based on their performance
(see subsequent section 3.3)

3.3. Posterior uncertainty: performance-based model combinations
The preceding section 3.2 was focusing on the description of multimodel outputs
independently from any existing observation. This was conceptually equivalent to considering
that all models have the same value, and that the variability of the multimodel outputs
represents the uncertainty in multimodel projections. Because this variability does not take
into account the ability of the climate models to reproduce the historical climate, we used the
naming “prior uncertainty”
The current section discusses methods to move from this “prior uncertainty” to the “posterior
uncertainty”, which uses observed data to constrain the predictions made by an ensemble of
climate models. The general idea is to reward “good” climate models and to downweight
“poor” ones. Of course, a key question is to define what is meant by “good” and “poor”. This
general strategy is effectively a form of calibration, acting on a discrete set of climate models
rather than on a continuous parameter space.
This sections starts by reviewing the main paradigms existing in the climate literature to guide
the derivation of performance metrics and multimodel combination strategies. In a second
step, the treatment of multimodel ensembles (MME) is split into two cases: (i) the use of
empirical performance metrics to assign weights to each model; (ii) the use of explicit
statistical models to perform multimodel combination. The treatment of perturbed parameter
ensembles (PPE) is reviewed in a separate section, since MME and PPE have quite distinct
objectives.
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3.3.1. Paradigms
3.3.2. Multimodel ensembles: performance-based weights

Evaluating the ability of climate models to reproduce the historical climate has been a
constant preoccupation for the climate community (see e.g. all IPCC assessment reports). The
idea of using performance metrics as weights to favor “good” climate models has therefore
naturally emerged as multimodel outputs became easily accessible. The general setup can be
described as follows: assume an ensemble of climate models ( M i )i =1:N
are defined as a set of NM values

( wi )i =1:N

is available. Weights
M

, all comprised between zero and one, and
M

summing up to one. In many cases, a positive performance metric is applied to each model
output, yielding values

( fi )i =1:N

. Weights are then simply derived by the following
M

NM

standardization: wi = f i / ∑ f j .
j =1

The initial motivation for using weights has been to compute a weighted multimodel mean,
which is hoped to have better performance than a standard multimodel mean (with all weights
equal to 1/ NM). Many studies therefore focused on comparing the performance of weighted
vs. unweighted multimodel mean (e.g. Christensen et al. 2010, Coppola et al. 2010, Räisänen
et al. 2010, Sánchez et al. 2009). However, this is a somewhat restrictive use of weights: they
are used to derive a deterministic prediction (the weighted mean) from a set of NM
deterministic predictions (given by each individual model). This approach does not yield a
direct quantification of uncertainty. An alternative is to use the weights to derive a predictive
distribution (e.g. Räisänen and Ylhäisi 2012), which requires moving beyond the multimodel
mean to also assess the multimodel variance, and possibly higher-moment characteristics of
the multimodel ensemble. The derivation of such a predictive distribution may require doing
an additional assumption on the nature of the distribution of the multimodel outputs (e.g.
assuming a Gaussian distribution similarly as in equation (2)), but the benefit is that a
quantification of uncertainty becomes available.
One of the more widely used approaches for computing weights is the reliability ensemble
averaging (REA) method proposed by Giorgi and Mearns (2002). It is based on the following
performance measure:
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nB

 ε 
 ε 
fi = 
×

 B 
 D 
 i 
 i 

nD

(3)

In this equation, Bi measures the “bias” of the ith climate model, i.e. the difference between
the observed and the simulated climate variable (e.g. interannual temperature T). Di measures
the “distance” of the ith climate model to the multimodel average (note that in Giorgi and

Mearns’ paper, this distance is computed in terms of ∆T=Tfuture-Thistorical). ε is a value
representing the “natural variability” of T, i.e. the estimation uncertainty induced by
estimating an interannual value with a relatively short period (30 years in Giorgi and Mearns’
paper). Lastly, the values nB and nD can be used to weight the relative importance of the bias
and distance criteria. Setting both values to one will give an equal importance to the two
criteria. The distance criterion has been quite widely criticized in the literature (e.g. Tebaldi
and Knutti 2007, Tebaldi et al. 2005), on the basis that agreement with the majority is not
necessarily a sign of good performance. Moreover, discarding “outlier” models is risky, since
it may artificially and unduly decrease uncertainty. This criterion has therefore been
abandoned in the upgraded REA approach proposed by Xu et al. (2010).
If one discards the “distance” term in equation (3), the weighting strategy in the REA
approach is only based on the “bias” criterion, i.e. on a comparison between observed and
simulated interannual means. Such a performance metric may be too gross to meaningfully
assess the performance of climate models. For instance, one may argue that a good climate
model should not only properly reproduce the mean of a variable, but also its variability, or its
extreme behavior. Similarly, the ability to respect the dependence between several variables
may be judged important. Alternatively, one may be interested in the spatial patterns or the
temporal dynamics of some variable.
In order to move beyond the sole bias criterion to evaluate model performance, a large
number of performance metrics have been proposed in the literature. A first logical step is to
move beyond the sole mean to characterize the distribution of observed and simulated
weathers. This may involve higher-order moment characteristics such as variability
parameters (e.g. Coppola et al. 2010, Kent et al. 2013) or shape/asymmetry parameters
(Brekke et al. 2008). Christensen et al. (2010) and Liu et al. (2013) also used observed and
simulated trends as a basis for performance quantification. The study by Brekke et al. (2008)
provides a nice illustration of the diversity of the statistics that can be used to build
performance metrics: mean, variance, skewness, seasonality phase/amplitude, maxima, trends
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and inter-variable correlations were all used to quantify the ability of climate models to
reproduce the observed climate. Lastly, Johnson et al. (2011) quantified the skill of climate
models in simulating persistence across multiple time scales, ranging from interannual to
decadal, using wavelet-based metrics. We note that the evaluation of the temporal
characteristics governing the dynamics of hydroclimatic variables is quite rare in the
literature.
An alternative to the extraction of particular statistics from observed and simulated weather
time series is to directly compare their entire distribution. This has been implemented by e.g.

Perkins et al. (2007), Maxino et al. (2008), Brands et al. (2011) or Errasti et al. (2011).
Brands et al. (2013) also studied the role of the uncertainty in reanalysis data in such
performance metrics. Considering full distributions is of particular interest for studying
hydroclimate extremes, since it allows using extreme-specific statistical models focusing on
the tails of the distribution (Perkins et al. 2013, Wang et al. 2013b).
Another family of performance metrics is based on the description of specific modes of
climate variability that are known to explain a large part of hydroclimatic variability at the
regional scale. In the Pacific Island region, Irving et al. (2011) quantified the ability of
climate models to describe climate modes of variability such as the South Pacific
Convergence Zone (SPCZ), the Intertropical Convergence Zone (ITCZ), the West Pacific
Monsoon or the El Niño Southern Oscillation (ENSO). Similar approaches were applied to
the Indian Ocean Dipole (IOD, Cai et al. 2011). Wang et al. (2013a) focused on the AsianAustralian monsoon and derived performance metrics based on a singular value
decomposition of observed and simulated fields coupled with the computation of pattern
correlations. Some authors even went a step further by assessing the ability of climate models
to reproduce teleconnections between several modes of climate variability (e.g. Annamalai et
al. 2007 for the teleconnection South Asian Summer Monsoon vs. ENSO, Kent et al. 2013 for
correlations between the Australian sub-tropical ridge and annual rainfall in South East
Australia).
The current strategy emerging from the recent literature seems to avoid relying on a single
performance metric to judge model performance, but instead to construct “global metrics” that
combine contrasted metrics. As an illustration, if f i (1) ,..., fi ( k ) denote k metrics computed for

the ith climate model, a global metric can be derived as f i = ∏ ( f i ( j ) ) , where the nj’s can be
k

nj

j =1
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used to vary the relative importance of each individual metric (see e.g. Christensen et al.
2010, Coppola et al. 2010, Sánchez et al. 2009, Xu et al. 2010).
3.3.3. Multimodel ensembles: explicit probabilistic models

The performance metrics described in the preceding section have been derived in a heuristic
way, based on: (i) a judgment on the important hydroclimatic variables on which performance
should be assessed; (ii) the choice of a metric quantifying the performance. Point (i) is a
necessary subjective choice, mostly based on the expertise of the scientist, and may vary
depending on the objective of the study, the geographical location, etc. However, the
statistical foundation behind the derivation of the performance metric in point (ii) is in general
unclear: these metrics are in most cases defined empirically, with no explicit reference to an
underlying statistical model. This calls for the development of such explicit statistical models,
which would have the following advantages:
1. Statistical assumptions are made explicitly, and their relevance can therefore be
discussed in an easier way. For instance, we will see subsequently that the particular
performance metric chosen in the REA method (equation (3)) corresponds to a
particular statistical model that exposes specific assumptions that would otherwise
remain implicit.
2. It is easier to generalize or modify the statistical model if some assumptions appear
unrealistic;
3. It opens the possibility to use a wide spectrum of well-established statistical
frameworks such as Bayesian or maximum-likelihood estimation, MCMC sampling,
etc.;
4. It enables a more complete treatment of uncertainties: in particular the so-called
“natural variability” corresponds in many studies to sampling variability (estimation
errors). Within an explicit statistical model, it could be rigorously quantified and
separated from the variability induced by the imperfection of the climate models
(model errors).
This motivates the development of explicit statistical models to perform the task of combining
multimodel outputs.

Tebaldi et al.’s model
One of the first statistically-based frameworks for multimodel combination was proposed by

Tebaldi et al. (2004, 2005). In these papers, the authors uncovered the statistical model

Report D2.4

25 / 66

December 2013

Framework for impact and risk assessment in climate-related energies
“hidden” behind the REA method, and illustrated how some restricting assumptions could be
relaxed.

Tebaldi et al.’s statistical model comprises three components, describing: (i) the climate
observed during the historical period, noted Y ( o ) ; (ii) the climate simulated by climate models
during the historical period, noted (Yi ( h ) )
during the future period, noted (Yi ( f ) )

i =1: N M

i =1: N M

; (iii) the climate simulated by climate models

. The variable Y is a scalar variable in this model,

for instance an interannual temperature or precipitation.
The first component states that the observed climate Y ( o ) is a realization from a Gaussian
distribution centered at the true (but unknown) historical climate Y% ( h ) and with known
standard deviation λ0−1 :

Component 1: observed climate
Y ( o ) ~ N (Y% ( h ) , λ0−1 )

(4)

Equation (4) represents a standard “measurement equation”, where Y ( o ) is considered as a
“noisy” observation of the target quantity Y% ( h ) . The “noise” is measured by the standard
deviation λ0−1 , which can be interpreted as a standard error, and which plays the same role as
what is termed the “natural variability” in the REA method (ε in equation (3)). It actually
corresponds to the sampling uncertainty in estimating e.g. an interannual mean temperature
based on 30 realizations of annual temperatures. It is assumed to be known, and can indeed be
estimated a priori using standard statistical methods. Also note that equation (4) implies that

Y ( o ) is an unbiased observation of the true climate Y% ( h ) .
The second component of Tebaldi et al.’s statistical model, which describes the climate
simulated by the ith climate model during the historical period, can be written as follows:

Component 2: simulated climate, historical period
Yi ( h ) ~ N (Y% ( h ) , λi−1 )
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Equation (5) is very similar to previous equation (4). However, because equation (5) applies
to a climate model output, as opposed to an observation in equation (4), the interpretation of
the various terms of the equation is quite different. In particular, the following comments can
be made:
•

While the standard deviation λ0−1 solely represented sampling error in equation (4), the
standard deviation λi−1 now represents both sampling error and model error, due to the
imperfection of the climate model. For this reason, λi−1 is considered as unknown in
equation (5);

•

Equation (5) makes the strong assumption that the simulated climate is a realization from
a distribution centered on the true climate: this corresponds to a “truth-centered” paradigm
(see section 3.3.1).

A graphical representation of the assumptions made by these first two components is given in
Figure 4.
The third and last component of Tebaldi et al.’s statistical model describes the future climate
simulated by the ith climate model and can be written as follows:

Component 3: simulated climate, future period
Yi ( f ) ~ N (Y% ( f ) , (θλi ) −1 )

(6)

Yi ( f ) and Yi ( h ) are independent
where Y% ( f ) is the true (but unknown) future climate. Several important comments can be
made:
• Equation (6) assumes that the future simulations remain “truth-centered”;
•

The standard deviation is now assumed to be (θλi ) −1 , which means that model errors
could differ between the historical and future periods by a factor of θ −1 . However, since
this factor does not depend on the climate model, equation (6) effectively assumes that the
inflation (or, less likely, deflation) of the standard deviation is the same for all climate
models;

•

The assumption that Yi ( f ) and Yi ( h ) are independent is questionable: it seems plausible that
a climate model tending to produce “high” values during the historical period does so
during the future period.
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Based on the three components described in equations (4)-(6), a Bayesian analysis is
performed to estimate all unknown quantities (and their uncertainty), namely:
• The true historical climate Y% ( h ) ;
• The standard deviations ( λi−1 )

i =1:N M

;

• The standard deviation inflation factor θ −1 ;
• The true future climate Y% ( f ) .

It is also straightforward to estimate any quantity derived from the quantities above, and in
particular the climate change Y% ( f ) − Y% ( h ) .
It is worth noting that the estimation of all these quantities did not require the computation of
any weight. One may then ask how Tebaldi et al.’s statistical model can be related to the REA
method, since the latter is based on the computation of performance weights? The answer lies
in the analysis of the posterior distribution resulting from the Bayesian estimation. Indeed, it
can be shown that the posterior distribution of the future climate Y% ( f ) , conditional on the
standard deviations ( λi−1 )

i =1:N M

, has a mean equal to:

NM

Yˆ ( f ) = ∑ λiYi ( f )
i =1

NM

∑λ
i =1

(7)

i

In other words, the mean estimate of the future climate is a weighted average of the simulated
future climates, with the standard deviations being used as weights.
Moreover, it can also be shown that the posterior mean of the standard deviations can be
approximated by:

(

λˆi = (a + 1) b + 0.5 (Yi ( h ) − Y% ( h ) ) 2 + θ (Yi ( f ) − Y% ( f ) ) 2 

)

(8)

where a and b are constant values related to the choice of the prior distribution. One can
observe a similarity with the weights computed in the REA method: the term (Yi ( h ) − Y% ( h ) )2
plays the role of the “bias” criterion in REA, while the term (Yi ( f ) − Y% ( f ) ) 2 plays the role of
the “distance” criterion in REA. The relative importance of these two criteria is here governed
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by the inflation factor θ , with the value θ = 1 leading to giving the same importance to both
criteria.

Developments of Tebaldi et al.’s model
The derivations described above illustrate the interest of adopting a formal statistical model to
perform multimodel combination. The main advantage is that all underlying assumptions are
made explicitly: for instance, the “truth-center” assumption, or the assumption of
independence between historical and future simulations. These assumptions were not explicit
in the REA method, and could hardly have been guessed by the sole consideration of the REA
formula for computing performance weights. Another advantage is that embedding the formal
statistical model into a well-established Bayesian estimation framework yields a more
complete treatment of uncertainties: in particular, the Bayesian analysis yields a complete
distribution of the quantities of interest, in particular the future climate Y% ( f ) and the climate
change Y% ( f ) − Y% ( h ) .
Having made all statistical assumptions explicit, it becomes easier to modify the statistical
model to tackle those assumptions that seem unrealistic. Following this line of thought, many
developments of the initial Tebaldi et al.’s statistical model have been implemented in the
literature. For instance, Tebaldi et al. (2005) relaxed the assumption of independence between
historical and future simulations by introducing a correlation between the two variables. In

Tebaldi and Sansó (2009), this approach is extended to a bivariate setting by considering both
temperature and precipitation as target climate variables, and by considering a series of
decadal averages rather than interannual values. In addition, the “truth-centered” assumption
is also relaxed, by allowing for time-invariant biases in the model outputs: such biases can be
decomposed into a “common bias” shared by all climate models, and model-specific biases.
In a similar vein, the spatially-distributed statistical model proposed by Smith et al. (2009)
also allows for model-specific global biases.
One of the most general approach for multimodel combination has been described by

Chandler (2013). This approach shares many similarities with the statistical models discussed
above, but takes a more global view to derive a fully general framework that can be tailored to
the peculiarities of the case study at hand. At the core of this framework lies the hierarchical
representation already discussed in section 3.2.3: the raw output of climate models is actually
not climate, but rather a realization of weather. One therefore needs a first statistical modeling
layer (the “weather layer”) to formalize the assumptions about the underlying climate having
generated this particular weather. Once this is done, the relationships between the different
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climate models and the observed climate can be formalized in the second layer (the “climate
layer”).
This separation into two layers forces one to recognize two very different sources of
discrepancy between observations and simulations: estimation errors versus modeling errors.
Consider for instance the variable Yi ( h ) in Tebaldi’s notation, i.e. the climate simulated by the

ith climate model. This value is actually not directly simulated by the climate model: instead,
the climate modeled simulates a time series ( Z it( h ) )

t =1: NT

which is used to estimate the climate

characteristic Yi ( h ) . For instance, Yi ( h ) could be the mean of the NT = 30 values of Z it( h ) (but it
could also be any other characteristic, such as a scale or shape parameter, some
autocorrelation coefficient, etc.). As any estimate, the value Yi ( h ) is therefore affected by
estimation errors, which may be responsible for a non-negligible part of the discrepancy with
the observed climate. A first generalization proposed by Chandler is therefore to explicitly
separate estimation errors from model errors, as illustrated by the middle schematic in Figure
4. An important advantage of this approach is that the uncertainty due to estimation errors can
be quantified within the first “weather layer” of the hierarchical setup, using standard and
well-established statistical methods.
The second generalization proposed by Chandler is to systematize the use of a “common bias”
(also termed “shared discrepancy”, see right schematic in Figure 4). Similarly as in (Tebaldi
and Sansó 2009), the total discrepancy can therefore be decomposed into a “shared
discrepancy” measuring the propensity of climate models to collectively deviate from
observations, and model-specific discrepancies, measuring the propensity of each individual
climate model to deviate from the model consensus. Note that this very general setup can be
constrained if the modeler has some prior knowledge of the acceptable range for these
discrepancies. For instance, he may force the shared discrepancy to be near zero by the use of
an appropriate prior distribution, thus moving back to a “truth-center” paradigm.
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Figure 4. Schematic representation of three possible statistical models for describing
multimodel outputs during the historical period. Circles represent known values while
stars represent unobserved intermediate quantities that are used to build the statistical
model. Curved arrows can be read as “is a realization from a Gaussian distribution”,
with the origin of the arrow representing the mean and its length representing the
variance.
3.3.4. Perturbed parameter ensembles
The majority of multimodel approaches in the climate literature deal with multimodel
ensembles (MME), i.e. an ensemble of outputs from structurally distinct climate models. Each
model is run with a particular value for its parameters, usually referred to as the “standard
parameterization”, which is chosen by the model’s developers as being the more realistic
parameter set. More recently, a distinct type of ensemble has become available: perturbed
parameter ensembles (PPE). Although both types of ensemble yield a similar output (an
ensemble of climate model runs), the meaning of MME and PPE outputs is fundamentally
different:
•

MME explore between-model structural uncertainty, while PPE explore within-model
parametric uncertainty.

•

An ensemble is a natural representation of uncertainty in MME because the aim is to
investigate a discrete set of climate model structures. However, using an ensemble in PPE
mainly corresponds to a computational constraint: if climate models were computationally
cheap, one would probably favor alternative approaches that are more suited to the
(mostly) continuous nature of parametric uncertainty.

Ideally, both types of uncertainty should be considered to assess the total predictive
uncertainty. This would require designing a multimodel experiment where a PPE is developed
for each individual structurally distinct climate model. As far as we know, such analysis has
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not yet been attempted in the literature, probably because mixed MME-PPE experiments with
a sufficient number of climate models and parameter sets are not yet available.
Because of their fundamental differences, the treatment of MME and PPE outputs might be
expected to be quite distinct. However, there exist interesting similarities between them. A
comprehensive theoretical framework for analyzing PPE has been described by Rougier
(2007). Perhaps unsurprisingly given that PPE are meant to explore parametric uncertainty,
this theoretical framework appears to be very similar to the general calibration framework for
any kind of computer model as described by Kennedy and O’Hagan (2001). However, the
practical implementation of this framework in the context of climate models is quite peculiar,
as we shall see later on.
Using notation similar to that of section 3.3.3, Y ( o ) denotes the observed climate, and
represents a high-dimensional vector typically comprising spatial fields of interannual values
for selected hydroclimatic variables (temperature, precipitation, geopotential heights, etc.).

Y% ( h ) denotes the true (but unknown) climate during the historical period, and Y% ( f ) denotes the
true (but unknown) future climate. The climate model run with a parameter vector x is
represented by a function g ( x ) = ( g h ( x ), g f ( x )) aiming at predicting all components of true
climate vectors Y% ( h ) and Y% ( f ) .
The first component in Rougier’s framework is a model describing the observed climate:

Observation errors
Y ( o ) = Y% ( h ) + e, e ~ N (0, Σ e ); Σ e pre-specified

(9)

Equation (9) is a standard “measurement equation”, and is actually a multivariate version of
the equation (4) used in Tebaldi’s model (see section 3.3.3): the observed climate is
considered as an unbiased approximation of the true climate, with the covariance matrix Σ e
representing the uncertainty due to observation errors. Such errors may be due to
imperfections in the reanalysis considered as the reference observation, but also to estimation
errors in estimating the climate based on relatively short weather time series.
The second component in Rougier’s framework is a model describing errors from the climate
model:
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Model errors

(Y%

(h)

)

, Y% ( f ) = g ( x ) + ε; ε ~ N (0, Σ ε );
(10)

Σ ε pre-specified
 Σ hhε
Σ = ε
Σ
 hf
ε

Σ hfε
Σ εff





(

Equation (9) states that the true climate Y% ( h ) , Y% ( f )

)

differs from the model prediction g ( x )

by centered Gaussian errors with known covariance characteristics. This equation shows
again some similarity with equations (5)-(6) from Tebaldi’s framework (in a multivariate
version). However, a major difference is that the covariance matrix Σ ε is assumed known.
This is actually the major challenge in Rougier’s framework, since little is known about
model errors before having run the model. The decomposition of the covariance matrix
simply aims at making explicit the blocks related to historical (hh subscript) and future (ff)
errors, and the blocks related to the covariance between them (hf).
Combining equations (9) and (10) allows expressing the discrepancy between the observed
climate and the simulated climate as the sum of an observation error and a model error:

ε
Y ( o ) = g h ( x ) + e + ε , e + ε ~ N (0, Σ e + Σ hh
)

(11)

This is again a fairly standard decomposition that can be found for instance in weighted least
squares approaches. Also note the similarity with Chandler’s framework in the attempt to
distinguish between estimation and model errors (see middle schematic in Figure 4).
The statistical models in equations (9)-(11) are so far quite similar to the models used in the
MME frameworks of Tebaldi and Chandler. The next step, however, is specific to PPE: it
aims at deriving the posterior distribution of parameters x as follows:

Calibration
ε
p ( x | Y ( o ) ) ∝ p (Y ( o ) | g h ( x ); Σ e + Σ hh
) p( x)
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Equation (12) is a simple application of Bayes theorem. In the right hand side, the first term is
the likelihood and can be directly computed from equation (11). The second term p ( x ) is the
prior distribution of parameters, from which parameter sets have been sampled to generate the
PPE. Equation (12) represents a standard calibration equation, used in Bayesian weighted
least squares estimation approaches.
Once the parameters have been estimated, it becomes possible to make a prediction of the
future climate. Without entering into computational details, it can be shown that the mean of
this predictive distribution is equal to:

Prediction
−1
Yˆ ( f ) = g f ( xˆ ) + Σ hfε ( Σ εhh + Σe ) (Y ( o ) − g h ( xˆ ) )

(13)

Interestingly, equation (13) shows that the prediction does not only depend on the future
climate simulated by the climate model ( g f ( xˆ ) ), but also encompasses a correction term that
depends on the discrepancy between observed and simulated climates during the historical
period (Y ( o ) − g h ( xˆ ) ) . This reemphasizes, from a quite theoretical perspective, the importance
of assessing model performance using historical observations: the predictions that can be
made about future climate very directly depend on it.

Rougier’s framework provides very strong theoretical bases for the analysis of PPE. Yet it
was only presented as a theoretical framework in (Rougier 2007), and the feasibility to move
from theory to practice remained to be established. This has been done in a series of papers by

Sexton et al. (2012), Sexton and Murphy (2012) and Harris et al. (2013). The authors analyze
a PPE of 280 replicates, obtained by varying 31 parameters of one climate model. The
historical climate vector Y ( o ) comprises seasonal interannual values for 12 spatiallydistributed climate variables, with some variables being considered at several pressure levels,
amounting to around 175,000 values. Several innovative solutions were proposed to achieve
the practical implementation of Rougier’s framework:

•

Considering 280 PPE replicates for all 175,000 components in the historical climate
vector Y ( o ) poses serious challenges, from both the computational and the statistical
perspectives (non-identifiability issues). To overcome this problem, a singular value
decomposition iswas performed and only six eigenvectors were retained, explaining 70%
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of the variance. The “effective” historical climate dataset thus reduced to a matrix
containing 280 replicates * 6 eigenvectors. All subsequent calculations were performed in
this reduced space.

•

In order to specify the covariance of observation errors Σ e (equation (9)), several
reanalyses were compared and the discrepancies between them were used to estimate the
properties of observation errors.

•

As already mentioned, the main difficulty of Rougiers’s framework is the specification of
the model error covariance Σ ε . This was achieved in a very innovative way: a MME was
used to investigate the discrepancy between several climate models, considering that such
discrepancies are the most reasonable proxy for model errors (discrepancy between the
climate model and the unknown truth). More precisely, for one given member of the
MME, the climate model used in the PPE is calibrated to reproduce the simulations of the
MME-model. This yields one realization of the discrepancy. This is then iterated over all
MME-members, which allows estimating the distributional properties of the discrepancy.
Interestingly, it allows computing a non-zero mean for the discrepancy term (unlike in

Rougier’s framework). The main drawback of this approach is that it cannot account for
biases that would be shared by all MME-models.

•

The size of the PPE (280 members) is too low to allow for a reasonable Bayesian analysis.
This is overcome by using an emulator in lieu of the model g(x).

These innovative solutions allowed performing probabilistic prediction of the equilibrium
response to doubled CO2 concentration for several climate variables at several spatial scales
(Sexton et al. 2012). This was later completed by probabilistic prediction based on transient
simulations (Harris et al. 2013). Interestingly, the methodology was extended in order to use
“dynamic variables” such as trends and teleconnections in additional to seasonal interannual
means. This further constrains the parameter space by favoring parameters yielding a good
reproduction of the observed trends/teleconnections during the historical period.

3.4. Perspective: toward a framework adapted to CRE variables
The preceding sections have provided an overview of the approaches existing in the literature
to combine outputs from an ensemble of model runs and derive probabilistic projections. We
feel that two salient features emerge from this literature review:
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•

The need to move beyond interannual means: earlier attempts at combining multimodel
outputs to derive a probabilistic projection have focused on heavily aggregated climate
characteristics. On the other hand, the more recent literature shows a flurry of performance
metrics that focus on very diverse characteristics, such as variability, trends, spatial or
temporal dependences, inter-variable dependence, teleconnections, etc.

•

The interest of using an explicit statistical model, as opposed to empirically-defined
metrics, to perform model combination: indeed, the work of Tebaldi or Chandler
illustrates that strong statistical hypotheses may be hidden behind heuristic combination
approaches such as the REA method. Making such assumptions explicit is important first
in terms of modeling transparency, but also to develop more general statistical models that
can avoid unrealistic hypotheses.

The general framework proposed by Chandler (2013) allows, at least in theory, to account for
these two important features: it is an explicit statistical model, and there is no restriction on
the way climate is described. Since climate is defined as the distribution of weather, the key is
to use a probabilistic model that describes the observed and simulated weathers and that
include whatever aspect of the hydroclimatic variables is felt important: mean, variance,
trend, dynamics, low-frequency variability, teleconnection, spatial patterns, etc. In practice,
however, developing such probabilistic models may be very challenging, especially in the
context of CRE variables. This section therefore discusses the particularity of the CRE
context and proposes possible strategies to perform multimodel combination.
As described in section 3.1.1, we will have to use a chain of models (climate, downscaling,
and hydrology) to evaluate the CRE potential in the next 50 years or so. This is typical of an
“impact study” context. However, the literature shows that impact studies have mostly used
multimodel outputs in a “prior uncertainty” context (see section 3.2), without attempting to
weight models according to their performance. Conversely, the literature on performancebased multimodel combination (“posterior uncertainty”, section 3.3) has almost entirely
focused on direct outputs from climate models. Our objective is to apply this “posterior
uncertainty” quantification to the impact study context of CRE production. There exist at least
two strategies to achieve this:

Strategy 1: the whole chain of model could be considered as one meta-model, and the
uncertainty quantification methods presented in section 3.3 could be directly applied to the
outputs of this meta-model.
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Strategy 2: uncertainty could be quantified separately for each component of the modeling
chain, and the total uncertainty could be estimated by propagation.
At this stage, no definitive decision has been made as to which strategy will be used in
COMPLEX. The following points are important in making this decision:

•

Strategy 1 may appear simpler at first sight: it only requires performing a single
uncertainty analysis, using the input variables of the CRE production model (e.g.
downscaled wind, radiation, streamflow).

•

Strategy 2 seems more complex but may also be conceptually more appealing: indeed, it
allows decomposing the total uncertainty into its main contributive sources, hence
identifying the main avenues for uncertainty reduction.

•

The practical implementation of strategy 2 would involve applying the multimodel
combination method to the input variables of the downscaling procedure. It may actually
be easier to derive a probabilistic model for these variables than for the input variables of
the CRE production model (e.g. downscaled wind, radiation, streamflow), since the latter
variables have quite complex temporal characteristics and inter-variable dependencies.

Another practical requirement of the CRE context is that we will have to adapt the
multimodel combination approach to provide weights. Indeed, the result of Tebaldi and

Chandler approaches is a predictive distribution for the future climate (or the climate change):
this predictive distribution cannot be directly used by the CRE model, which requires time
series (i.e. weather, not climate) as input variables. The proposed approach to deal with this
difficulty is to work with all multimodel outputs and weight them at the end of the modeling
chain, whatever the strategy adopted for quantifying the uncertainty in future CRE sources.

4. Conclusions
The two above sections described ways to quantify (1) characteristics of the CRE production
system under present and future climate and (2) uncertainty in future projections of CRE
sources. Those quantifications are central when trying to identify the opportunity of climate
mitigation provided by the use of CREs instead of fossil energies. The challenge upon us is
now to combine such quantifications within a common probabilistic framework. This will
allow evaluating the impact of uncertainties on the assessment of CRE production system
reliability, and in turn on mitigation impact. The final framework will be tested on the two
regional case studies by using climate projections from Task 2.1 (upcoming Milestones MS21
and MS22) and CRE modeling tools from Task 2.2 described in COMPLEX Report D2.5.
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It has to be noted that the CRE production is, in addition to weather and climate, also
influenced by the energy system and market, i.e. the energy transport and demand across
scales as well as changes of market regulation. The CRE production system therefore lies in
this nexus between climate, energy system and market regulations, which makes its modeling
particularly challenging.
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5. ANNEX 1: SYSTEMS’ FLIPS IN CLIMATE-RELATED
ENERGY (CRE) SYSTEMS
Those who study the complex interplay of cause and
effect in the history of the Universe say that this sort
of thing is going on all the time, but that we are
powerless to prevent it. “It’s just life,” they say.
- The Hitchhiker’s Guide to the Galaxy, Douglas Adams

5.1. Introduction
The COMPLEX project focusses on exploring the relationship between culture, models,
human behaviour, space-time scales and the economics of carbon emission in a complex
world. This complex world involves a number of cause-effect (causal) relationships, linking
actions and events. In lay terms, ‘effect’ can be defined as “what happened” and ‘cause’,
“why something happened.” In probability and statistics, it can be translated by a statement
such as: ‘if, when event A happens, another event, event B is more likely to happen’.
In a changing world, shifts in perspective are expected, bringing some phenomena into the
foreground and putting others to the background. Causal relationships are also expected to be
affected, bringing complex systems ‘to flip’, i.e., transforming cause into effect and effect into
cause. Here, the question is: how do we establish a cause-effect relationship? There is the
need to find ‘causal structures’. However, the definition of what is the ‘cause’ and what is the
‘effect’ is not at all a straightforward matter. It requires that first one can show that the ‘cause’
happened before the ‘effect’ (and all this without getting lost in logic!).
Even though flips may be intensified by fast-changing environments, they are not a novel
phenomenon. Indeed, they are ‘old acquaintances’ for natural scientists that have observed
several cause-effect inversions through time. Take the example of water and landscape
involved in the morphogenetic processes of river courses: water (the cause) affects landscape
(the effect), and landscape (the cause) in its turn affects water paths (the effect). Man-made
systems may also flip, like in the case of dam constructions and reservoir management:
conflicts between water availability and societal demands (cause) impel the construction of
reservoirs (effect) and reservoirs (cause) once built increase evaporation and societal
demands, decreasing water availability (effect).
Systems can thus flip from one set of causal structures to another in response to
environmental perturbations or human actions as space-time signatures are modified. Given
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that a past history of systems’ flips may be identified, another set of questions arise: what is
the probability of a flip? How can we use this past knowledge to estimate this probability in
the future? How these ‘predictive flip probabilities’ can take into account a non-stationary,
changing world?
Additionally, whether a flip is worsening or improving an existing condition (note that in
some cases, it may be even interesting to facilitate a system’s flip), another main point is to
know how societies and stakeholders react to a shift in perspective. In the case of the
COMPLEX project, the focus is on the shift to a low carbon economy and on the flips
complex (natural and socio-economic) systems may be exposed to or inducing, as a
consequence of this shift.
In this annexe, the focus is on shifts of perspective more closely related to the modelling of
regional Climate-Related Energy (CRE) production systems (hydropower, wind- and solarpower). We search for information on historic shifts that may help in defining forcing
conditions that could show if these models are able to represent or not abrupt changes and
extreme situations, and support systems’ flips. We identify a series of examples in which we
try to distinguish the various tipping points, thresholds, breakpoints and regime shifts that are
characteristic of complex systems in the CRE production domain.
The annexe is organized as following: we first give some key definitions involved in systems’
flips and then we describe five examples closely related to CRE production systems, trying to
identify to what extend they can be considered as flip examples. We expect that with these
examples our comprehension of the question will be enriched, providing us the elements
needed to better predict and manage flips of complex CRE production systems within the
works of the COMPLEX project.

5.2. Some definitions
The Merriam-Webster Encyclopaedia proposes a definition of a ‘flip’ as: ‘the act of flipping
something: a quick turn, toss, or movement’. According to May et al. (2008), “'Tipping

points', 'thresholds and breakpoints', 'regime shifts' — all are terms that describe the flip of a
complex dynamical system from one state to another”. The authors also give an illustrative
example: “for banking and other financial institutions, the Wall Street Crash of 1929 and the

Great Depression epitomize such an event” and add that “these days, the increasingly
complicated and globally interlinked financial markets are no less immune to such systemwide (systemic) threats”.
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In climatology, tipping points refer to events in which Earth's climate changes in some
fundamental way. Lenton et al. (2008) indicate that “the term ‘tipping point’ commonly refers

to a critical threshold at which a tiny perturbation can qualitatively alter the state or
development of a system”. The authors introduce the definition of a ‘tipping element’ “to
describe large-scale components of the Earth system that may pass a tipping point”.
These components may also affect climate at regional scales and, consequently, CRE
production systems that depend on climate space-time variability as well as average forcings.
Under (abrupt or not) climate change, there is a call for attention to what is referred to a ‘false
sense of security’ in our societies. In their conclusive remarks, Lenton et al. (2008) highlight
the fact that their analyses suggest that “a variety of tipping elements could reach their

critical point within this century under anthropogenic climate change”.
How to trigger these critical transition points and model their impacts is a crucial issue.
Tipping points in complex systems are hard to predict. Scheffer (2010) points out that

“although mathematical models often predict gradual trends of change quite well, we are still
badly equipped when it comes to foreseeing radical transitions such as the crash of financial
markets, the onset of severe droughts, epileptic seizures or the collapse of coral eco-systems”.
New approaches are however promising, based on the early detection of a characteristic
‘slowing down’ signal of the fluctuations just before a shift. According to Scheffer (2010),

“the new approaches for probing the vicinity of a tipping point are based on the idea that,
whereas the equilibrium state reveals little at all, non-equilibrium dynamics should change in
universal ways in the vicinity of tipping points. Thus, rather than looking at the state itself, we
may have to look at its fluctuations if we want to know how vulnerable a system is. The main
principle behind this theory is the fact that systems that are close to a tipping point become
very slow in recovering from perturbations, a phenomenon known as ‘critical slowing
down’”.
Dakos et al. (2008) provide an illustration of these ‘transitional phases’ for historic changes in
climate, which is partially reproduced here in Figure 5. Warning signals derived from the
transitional phases can be summary statistics as variance, autocorrelation, skew or spectral
ration, or models for bifurcation processes (Boettiger and Hastings 2012). It must be noted
however that authors have pointed out to the fact that ‘slowing down’ signs may be detectable
if the system is moving gradually towards a critical point. Systems changing at a fast rate will
thus present additional challenges to be considered. Despite the above considerations, it is

Report D2.4

41 / 66

December 2013

Framework for impact and risk assessment in climate-related energies
clear that the collection of data on flips and transitional periods is crucial to their detection,
characterisation and modelling.

Figure 5. Four examples taken from Dakos et al. (2008) of reconstructed time series of abrupt climate shifts
in the past (A, C, M, O): the end of the greenhouse Earth, the end of glaciation IV, the end of the Younger
Dryas and the desertification of North Africa. The authors indicate that: “In all cases, the dynamics of the
system slow down before the transition, as revealed by an increasing trend in autocorrelation (B, D, N, and
P). The gray bands identify transition phases. The arrows mark the width of the moving window used to
compute slowness. The smooth gray line through the time series is the Gaussian kernel function used to filter
out slow trends” (Source: (Dakos et al. 2008)).

5.3. General flip examples related to CRE production systems
5.3.1. Example 1 - A general issue on introducing intermittent CRE production systems
CRE production systems deal with intermittent (wind, solar) and non-intermittent
(hydropower associated with reservoirs) sources of energy. As pointed out by Ambec and

Crampes (2010) “the development of intermittent sources of energy to produce electricity
creates a series of difficulties as regards the adaptation of behavior, structures and
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institutions to the characteristics of these sources. Satisfying the demand for non-contingent
electricity at a non-contingent price clearly requires an installed capacity of non-intermittent
sources equal to the capacity of intermittent source, whatever the availability duration of the
intermittent source. Actually, because availability periods are not known with certainty and
fossil fuel plants cannot be dispatched instantaneously when it is necessary to replace
intermittent sources, the back-up capacity must even be larger”.
This means that in a scenario where renewable energy generation is expanded (as is the case
in EU target of a 20% share by 2020; Directive 2009/28/EC) (here, the ‘cause’ of a causeeffect relationship), an increasing in non-intermittent sources (here, the ‘effect’) may
eventually be required in some countries to adequately backup the intermittent sources and
guarantee an efficient dispatch. Here, a shift in perspective (i.e., increasing renewables from
intermittent sources) induces setting up more intermittent sources that, in its turns, induces
setting up more non-intermittent sources (which however may be non-renewables). Ambec

and Crampes (2010) cite the example for Ireland, in which, according to sources cited by the
authors: "incorporating 30GW of additional renewable capacity into the grid, to meet EU’s

2020 target, will require a further 14-19GW of new fossil fuel and nuclear capacity to replace
plants due to close and to meet new demand (almost doubling the total new installed
electricity generating capacity required by 2020, compared to a scenario where renewable
generation was not expanded)".
An example for Sweden is given by EURELECTRIC (2011a): “(…) Svenska Kraftnät has

assessed the consequences of a large-scale introduction of wind for the development of the
power grid. They have concluded that 10 TWh of wind in Sweden will probably not lead to
extra transmission investments. However, a 30 TWh/year wind generation increases the need
for more transmission. This will translate into different investments depending on the location
of the wind sources”.
Also, as a consequence, the mechanisms required to compensate for intermittency can
increase costs of renewables or system’s operation and management, as not all existing energy
sources can be started or stopped, or have their production increased or decreased, within a
very short time to provide the necessary backup to intermittent power sources. Efficient
management and operation of existing power systems may thus be affected: “as was

originally intended, increased amounts of renewables will lower the need for generation from
fossil fuelled power plants; however, it will also dramatically affect the way that remaining
conventional power plants are operated” (EURELECTRIC 2010). Systems may have to be
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operated intermittently and in a more flexible way. It is thus essential to identify causal
relationships to be prepared for necessary arrangements to match supply and demand, and
face new challenges on efficiently operating new and existing infrastructures in an integrated
framework. Focus also must therefore be put on the management of the optimal generation
mix.

5.3.2. Example 2 - Renewables: effects of increased penetration of wind power in Spain
Spain has seen a very significant CRE penetration over the last 10 years, and even more
intensely from 2008-2010. This has led to a significant change in the power generation mix
and has pushed conventional generators (particularly coal and Combined Cycle Gas Turbines
- CCGTs) towards a much more flexible operating regime. Indeed, with increased wind power
generation capacity, attention must be paid to adequate matches between supply and demand.
The example of Spain is analysed by Jauréguy-Naudin (2010), where it reads that: “At times,

wind power is able to supply as much as 40% of electricity demand in Spain under the right
wind conditions. But when high winds occur during off-peak demand, management of the
systems becomes difficult. For example, on November 2, 2008, wind generators provided
7,514 MW of power, or 37.4% of total demand. At the same time, interconnection capacity
was close to saturation with 3,045 MW. REE [the Spanish electrical operator] was forced to
order a cut in output for two hours to avoid a potential drop in voltage just as wind power
was ready to hit a new peak.” Management and operation becomes crucial. To face acts of
lowering or raising wind production, conventional and more flexible generators may be
deployed or their existing capacities, kept.

Jauréguy-Naudin (2010) also mentions a more economic and political issue: the Spanish
government who had “generously subsided renewable energy”, inducing the “dramatic

growth of the Spanish wind sector”, is now considering “cutting subsides since it does not
want to increase the energy bills of Spanish citizens”, as “the difference between the real
costs of electricity production (which include the whole system and, in particular,
conventional capacities necessary in non-wind condition) and what consumers pay in the
regulated market is becoming more and more acute”. Other integration examples of current
or potential interactions of wind energy with national and EU grids are also given by the
authors.
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5.3.3. Example 3 - Impacts of the deregulation of the energy market on hydropower
capacity in Norway
The energy market in Norway was formally opened to competition in 1991, with the
Norwegian Energy Act, which “authorises the framework of regulations and licences

necessary to establish and regulate an efficient power market, with free choice of supplier
and regulated access to the networks, and the issuing of regulations concerning the rights and
obligations of the various actors in the market” (source: NEE, Norwegian Energy regulator).
The Norwegian power system is dominated by hydroelectricity power generation: “it consists

of 96% hydropower generation, around 2% combined cycle gas turbine production, and,
finally, around 1% wind power.” (source: NEE, Norwegian Energy regulator). Bye and Hope
(2005) highlight the fact that “the Nordic electricity market was exposed to an extreme

primary energy shock between 2002 and 2003”. Indeed, low inflows to the Nordic reservoirs
in the autumn 2002, due to an exceptionally dry period, resulted in low reservoir levels and
high prices of electricity (Figure 6). Additionally, at end of 2002 the forecasts were indicating
that there was a risk of energy shortage until spring 2003, when snow melting would then be
able to fill the reservoirs again. Weather conditions however changed in January 2003,
providing enough inflow to the reservoirs and, consequently, a power crisis was avoided.
Although Bye and Hope (2005) considered that “the market functioned remarkably well”
under this extreme situation, this “short-term shortage of precipitation and inflow sharply

increased prices and led to a vigorous discussion of the functioning of the deregulated market
when exposed to such extreme situation.”
Wolfgang et al. (2009) describe a study carried out to evaluate the impacts of the market
deregulation on the hydropower capacity of national reservoirs. With the help of public
statistics, they show that the “average hydro reservoir levels measured in per cent of

reservoir capacity have been reduced after 1990” and that this reduction of reservoir levels
“cannot be explained by natural variation in climatic variables”, but that “structural changes
such as increased transmission capacities can, however, explain some of the reduction”. It
seems thus that a market deregulation to increase production and optimize reservoir
management may have in fact induced a decrease in reservoir capacity (water volume
available for power generation).
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Figure 6. Spot price and Norwegian hydro stock, 2002-2003. Source: Statistics Norway and Norwegian
Water and Energy Authorities (Reproduced from: (Bergman 2005)).

5.3.4. Example 4 - Power outages and flips
According to the EURELECTRIC (2011b) report on renewable energies, “in Europe,

hydropower is the main renewable electricity generation source (69%), followed by wind
(15%), primary solid biomass (7%), municipal waste (4%), biogas (3%), solar (1%) and
geothermal (1%) power generation”. Hydropower systems based on reservoirs are seen as
flexible tools for storing and controlling power production, with a key role to play when it is
needed to balance demand fluctuations, as well as to provide peak generation and backup
capacity to intermittent CRE production systems.
Nine examples of hydropower flexibility are provided in the Eurelectric report (2011b). The
incident of 4 November 2006 is one of these case-studies. In terms of involved countries, this
incident was the most significant disturbance on the synchronously interconnected grid in
continental Europe. It split the interconnected network into three island areas and caused
supply disruptions for more than 15 million households. According to EURELECTRIC
(2011b), “the immediate action taken by all transmission system operators (TSOs) according

to the UCTE security standards prevented this disturbance from turning into a Europe-wide
blackout”. Still, this event ranks among the most severe disturbances in Europe.
A chain of events led to this disturbance. At the start of this European-wide grid failure, a
high-voltage transmission line crossing the Ems River in Germany (double circuit 380 kV
Conneforde-Diele) was taken out of service to allow a cruise ship to pass safely underneath.
This operation had been carried out safely many times before, but on this occasion it seems to
have precipitated a massive failure of the European grid. After this line was tripped, other
lines automatically shut down, creating a cascade that split Europe into three areas (Figure 7).
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Hydropower’s contribution to the offsetting of this event was crucial. Always according to
EURELECTRIC (2011b), “in France only run-of river and some storage hydropower plants

(in total about 1 GW of capacity) were generating electricity when the incident occurred, at
22:10pm. The hydropower reserves were fortunately very large and could generate more than
5,000 MW within 40 minutes”.

Figure 7. Hydropower’s role during the incident on 4 November 2006
(Source: UCTE, 2007; reproduced from: (EURELECTRIC 2011b)).
Examples of major power outages (like the big blackouts that occurred in India on 30-31 July
2012, in South America in November 2009 and in Canada/USA on August 14-17 2003)
highlight the importance of an efficient management of the system when, for natural causes or
inadequate human actions, serious imbalances between the demand for power and the supply
of it occur putting into test the power-grid resilience.
Situational awareness seems to be crucial to prevent such incidences. The question is: with
changes in population’s behavior, can we fully grasp and foreseen uses and demands for
energy? Population energy demand (‘cause’) may induce more implementation of
infrastructure for energy production (‘effect’), while more energy supply (the ‘cause’ now in
the flip), coupled with changes in society behavior, induces more demand (‘effect’). The
infrastructure becomes complex and new types of loads never seen before may appear. The
case of electric cars being charged at the same time at night is an example1: with a growing
use of electric cars, praised by environmentalists as well as electric utilities, and a consumer

1

See for instance the posts on the Scientific American Blog: http://www.scientificamerican.com/article.cfm?id=uselectrical-grid-better-prepared-than-2003-blackout-ask-the-experts and
http://www.scientificamerican.com/article.cfm?id=electric-car-owners-charge-at-once
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typical behavior of charging the batteries in synchrony at night, the resulting demand on the
power grid can be significant and utilities could have real trouble meeting peak demand.
Power suppliers could be forced to turn on expensive peak generators, with increased costs
back to consumers. Changes like this could create additional risk of failures to a power grid
system. If these are typical situations of 'thresholds or breakpoints' one may not know or be
able to predict.

5.3.5. Example 5 - System flexibility: handling extreme weather conditions in Denmark
The Eurelectric report "Flexible Generation, backing up renewables" (EURELECTRIC
2011a) discuss on the flexibility (existing or needed) in a mix generation park with large
shares of variable (intermittent) renewable energy sources. With a ‘flip focus’ on shifts in the
import and export direction of trading energy, it presents the case of Denmark in January
2005 and its interconnections with Norway, providing balance services.
In Denmark, wind power (less predictable and adjustable than other CRE sources) has a major
influence on the production system. In January 2005, the country was hit by a severe storm
front that provoked the disconnection of its wind farms within a short time period: “the storm

caused wind power plants to shut down from maximum production to nearly zero” and “in a
period of 6 hours wind generation decreased by 1,800 MWh” (EURELECTRIC 2011a). This
downward generation ramp was compensated by importing hydropower from Norway: “the

sea-based cable transmission line changed direction from export (about 1,000 MWh during
the night and the first hours of the day) to import (up to 1,000 MWh when the storm was
pounding the Danish coasts during the day), as viewed from Denmark” (EURELECTRIC
2011a).
Import/export shifts may be prompted by extreme weather situations (extreme cold/hot
temperatures, storms) that cause different loads in the grid characterized by a large share of
geographically distributed CRE sources as is the case of the Nordic power system (a common
electricity market consisting of Denmark, Norway, Sweden and Finland). The Eurelectric
report (EURELECTRIC 2011a) points out to the fact that “these totally new situations may

trigger faults not detected earlier or create a less robust situation in case of major
disturbances in the grid. This may cause an extra need for actions in the power system and/or
system services.” It also highlights the need of “more investments in the power system and
preparedness services.”
Weather extremes were also at the origin of the problem that arose on the night between 31
December 2006 and 1 January 2007 in the Danish electricity system, reported in Blarke and
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Lund (2008). Heavy winds resulted in power production 400MW above demand and export
markets and an emergency plan was launched to avoid excess electricity production.
Production was reduced on large-scale Combined Heat and Power (CHP) plants.
Subsequently, export capacities to Norway, Germany and Sweden were fully utilized. This
being still not sufficient, small-scale CHP plants were requested to stop production, which
allowed to reduce power production by 100MW. This was still not sufficient and it became
necessary to force 200MW of land-based wind turbines to a stand-still for about 10 hours. The
authors point out to the fact that “while such emergency plan for critical excess has been in

existence for years, this was the very first time that it was executed, indicating that system
flexibility is urgently required."

5.4. Conclusions
Flips, shifts and breaking points are present in energy systems and notably raise specific
challenges when it concerns renewable energies and CRE production sources. Tools are
therefore needed to better understand the most favourable configurations to exploit CREs in
relation with their fluctuations in time and space. There is also an increasing need to integrate
variable and non-intermittent sources for backup and balance regulation. The integration of
renewables may raise concerns about the possibilities that an over-production may add
problems to grid congestion (Hoicka and Rowlands 2011). However, while the evolution of
the utility paradigm may be complicated by the reality of the terrain (i.e. socio-economic
issues), solutions exist and a proper dimensioning of renewable energy generation systems
may provide evidence of the added-value of an efficient complementarity between renewable
sources (Monforti et al. 2014).
In a recent post published in 20122, K. Kumaraswamy raises the question of complementarity
(and concurrency) between wind- and hydro-power generation in the case of The Pacific
Northwest region, where hydropower alone provides over 75% of the region’s electricity and
wind power capacity has doubled over the last years. The author states that “the presence of

both renewable forms of generation in large quantities in the same region has led to several
operational challenges for the transmission grid operator”, specifically when power
production exceed the regional demand for electricity and there is competition between these
two renewable sources. The need to absorb additional surplus power and manage exports has

2
Where More Is Not Merrier: The Battle Between Wind and Water in the Pacific Northwest by Kiran Kumaraswamy, ICF
International (Power Magazine – 09 January 2012): http://www.powermag.com/where-more-is-not-merrier-the-battlebetween-wind-and-water-in-the-pacific-northwest/?printmode=1
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forced certain wind units to turn off to maintain grid reliability. Flexibility is here also praised
as a means to improve the efficient management of energy production.
Flexibility and backup of non-intermittent renewable sources may be a key of success for the
deployment of CREs, provide that they are handled with appropriate technical and
management tools. As stated by T. Overton in a recent post published in 20133: “No matter

where the wind is blowing or the sun is shining, most forms of renewable generation are not
dispatchable and cannot be matched with moment-to-moment demand without some form of
backup generation. And unless output is precisely matched to demand, grid instability is the
result.” With more variable (intermittent) energy capacity installed, more flexible generation
systems are required to handle energy coming into and off the grid. Operational challenges
rely on improved forecasting capabilities and increased incentives for favoring flexibility.
The development of technology for renewable energy has seen a lot of progress. Although
‘rebound effects’ in the energy sector (i.e., energy-saving technical innovations tend to
introduce more energy-using appliances causing more energy consumption, which requires
more energy to be produced) may still be a matter of debate (e.g. Frondel and Vance 2013,
Gillingham et al. 2013), it is certain that causal relationships, involving society, economy and
renewable energies, need more attention and understanding (IRGC 2013).

3

Renewable Intermittency Is Real by Thomas Overton (Power Magazine – 09 March 2013)
http://www.powermag.com/renewable-intermittency-is-real/
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6. Annex 2: Description of available program codes
Description: Compute Resilience-Reliability-Vulnerability criteria (CRRVC)
Version: 1.0
Date: 2013-12-01
Author(s): E. Sauquet
Maintainer: eric.sauquet@irstea.fr
Programming language: Fortran90
Arguments:
FileName

This filename related to a times series x. Each line of FileName contains the date
DDMMYYY and the associated value x(DD,MM,YYYY). One value x is given per day.

Threshold

The fixed threshold under which a failure occurs (i.e. the system is in an unsatisfactory
stage if x<Threshold).

Outputs:
CRRVC.output.txt

RRV criteria based on mean and maximum estimators are reported (for a
detailed definition, see section 2.2 in Sauquet et al. (2013).

Failure.output.txt

Main characteristics of the failure events.

References:
Sauquet, E., Creutin J-D., Ramos M-H., Renard B. and Vidal J-P. (2013). COMPLEX - Framework for
impact and risk assessment in climate-related energies. Report D2.4, 20.12.2013.
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