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Overview
This report summarizes the work performed in the Worpackage 5 (WP5) on the assessment of
uncertainties which come from climate, impact and cost calculations. Furthermore the links to the
work done on uncertainties in other work packages are provided.
One of the main objectives of WP5 was to ensure a consistent and harmonized analysis within the
project, e.g in the chain of “climate-impact-cost”. To achieve this, the uncertainties in the climate
change projections have been studied in detail and a methodological framework was adapted to
various sectorial applications. Thus a reduced subset of the climate scenarios was defined. It was
sufficient not only to be handled by any of the impact studies, but also realistically covered the wide
range of climate change scenarios. Furthermore the cross-sectorial synthesis of the project results
was enabled by applying this common mandatory set of climate simulations.
Besides the mandatory climate simulations, the project introduced a sampling method to provide
information across the matrix, taking account of the combination of climate change scenarios and
shared socioeconomic pathways, to allow the consideration of uncertainty in any subsequent
adaptation analysis.
The report is structured as follows:
The Chapter 1 gives an overview on the uncertainties of the climate change signal scenarios
projected by Regional Climate Models (RCMs) for Europe. Here, the term “uncertainty” reflects a
measure of spread of the projections of a multi-model climate ensemble.
Some examples on the methods to assess uncertainties in the impact studies are shown in the
Chapter 2.
Chapter 3 summarizes the methods for decision making under uncertainty suggested in IMPACT2C.
The method of visualization of climate change information is presented in the Chapter 4.
The methods used in IMPACT2C to assess and to communicate the uncertainties are summarized in
the Conclusion.
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Chapter 1
Methods to extract quantitative information of climate change and climate change uncertainty
from regional multi-model climate model ensembles.
a) Basic assessment
b) Advanced studies
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Introduction (Chapter 1)
This report aims to give an overview on the uncertainties of the climate change signal scenarios
projected by Regional Climate Models (RCMs) used in the IMPACT2C project. Here, the term
“uncertainty” reflects a measure of spread of the projections of a multi-model climate ensemble.
The projected scenarios always refer to a +2C world (Vautard et al., 2014). An RCM is said to reach
the +2C world, when its driving GCM reaches the +2C global warming threshold. This threshold is
reached when the warming from 1971-2000 plus the observed pre-industrial warming before this
period (which is 0.43 K) exceeds 2 K. GCMs forced with RCP2.6 often do not reach this threshold, so,
for these simulations, the +2C period is assumed to be the end of the century 2071-2100. In this
report all climate change signals (CCS) are “2C period minus reference period (1971-2000)”. The
climate data have been processed with the R-package wux (Mendlik et al., 2015).
The focus ensemble analysed in this report is a multi-model ensemble from the EURO-CORDEX
initiative but also RCM simulations from the EU-FP6 project ENSEMBLES are analysed.
Chapter 1.2 gives an overview on sources of uncertainties of climate model projections.
The assumption that the climate in the +2C world is comparable irrespective of how fast the +2C is
reached is fundamental in the IMPACT2C project. It is therefore worthwhile testing if this hypothesis
holds. Several processes in the climate system may contain inertia, which makes it relevant to study
if the path taken to reach 2 degrees affects the regional climate. For example, ocean warming is a
relatively slow process, so one could imagine that in a world where the global warming was slow, the
ocean would have time to warm more than in a world where the global warming was fast. If the
ocean in one case is warmer than in another case, the continental temperatures must be
correspondingly lower to give a global average of +2 degrees. The question whether such processes
have an effect on the time-scales at which +2C is reached is addressed in Chapter 1.3.
In Chapter 1.2 regional climate change in Europe is analysed. In the IMPACT2C project a subset of
simulations from both ENSEMBLES and EURO-CORDEX has been selected, with the aim to reduce
computational resources for impact modellers without restricting the climate scenario uncertainty.
This task has been done at the beginning of the project and is summarized in D2.1.2. In this report we
compare the selected simulations with the entire corresponding multi-model ensemble to detect
whether any uncertainty has not been accounted for in the project (Chapter 1.3). The influence of
the spatial resolution of the RCMs to the change signal is analysed in Chapter 1.3.. Based on the
available data described above, we quantify the climate change uncertainty (Chapter 1.4) for regions
as described in Christensen and Christensen (2007) as shown in Figure 1.1.
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Climate model data usually contain structural errors (biases) compared with observations, which
need to be removed before the output can be used in impact models. In this project a bias correction
technique called “quantile-mapping” (Maraun et al., 2010) has been applied (WP4). The role of the
model bias and its correction on the climate change signal and its uncertainties is discussed (Chapter
1.5).

Figure 1.1. Study regions in this report (Christensen and Christensen, 2007).
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1.1. Background: Uncertainties of Climate Model Projections
Climate models are applied to project possible future climate evolution at multi-decadal to
centennial timescales. The future climate evolution will depend on the human influence on climate
and internal climate dynamics. It will also be influenced by natural external forcings like solar
variability, volcanic eruptions and on longer time scales by earth orbital parameters, which are not
known for the future. But the projected human impact on climate over the 21st century seems,
however, significantly larger than the amount of natural external forcing on climate in a multicentury and longer historical perspective. The future human behaviour can also not be foreseen. But
we can assume different plausible pathways of future socio-economic development and relate them
to anthropogenic emissions of greenhouse gases and aerosols to the atmosphere. With climate
models, we can study the impact of anthropogenic emissions on the climate system and project
potential future climate evolutions over the coming century and beyond. With regional climate
models, we can downscale the simulated large-scale climate conditions to regional and local scales.
Internal climate dynamics arises from natural chaotic processes within the climate system and
interactions between its components, i.e. atmosphere, hydrosphere including cryosphere, biosphere
and pedosphere. These processes are in many cases highly non-linear and they lead to different
temporal evolutions in climate parameters that are also relevant for multi-decadal time scales of
climate projections (e.g. Hawkins & Sutton, 2011; Deser et al., 2012). Thus, projections for a certain
climate period based on the same assumptions lie within a range of equally probable climate
changes, also if climate models were perfect.
But models are always simplified images of the earth’s climate system. They provide more or less
accurate approximations of climate parameters compared to the real system
Thus, there are different types of uncertainties of climate change projections which
categorised according to the following primary sources:

can be

Natural external forcing:
Changes in natural external factors of the climate system, as solar variability or volcanic eruptions,
lead to climate variability on different time scales, and on very long time scales changing orbital
parameters and continental drift. The future evolution of those natural factors can not be foreseen.
Thus, there will always be unknowns in climate projections. But the amount of natural external
forcing on climate in a multi-century and longer historical perspective seems to be of secondary
importance (e.g. Bengtsson 2006). In standard climate projections, external natural factors are
assumed not to change. But there are numerous model sensitivity studies which investigate the
influence of natural external forcings, as for instance the effects of volcanic eruptions on climate e.g.
by Timmreck (2012), Segschneider et al. (2013).
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Human external forcing:
Humans affect climate through emissions of radiatively active substancies to the atmosphere, as
greenhouse gases and aerosols; and by altering characteristics of the land surface which feedback to
the atmosphere and the climate system.
Climate models are used as a tool to study the effects of human activities on climate. In most cases,
they are treated as external forcing and prescribed as changing concentrations of atmospheric
substances and/or as land use changes.
Future socio-economic development of humans can not be foreseen. In order to project possible
future climate evolution, several plausible pathways for future human development are assumed in
different socio-economic scenarios. For each scenario, they are quantified as emissions of certain
amounts of greenhouse gases and aerosols, from which the concentrations of the respective
substances in the atmosphere are calculated. The procedure of defining such emission scenarios are
described in the Special Report on Emission Scenarios (Nakicenovic et. al., 2000). The latest
generation of climate projections for the 21st century build on Representative Concentration
Pathways (RCPs), which are derived from a different scenario process (Moss et al., 2010). RCPs are
defined by different radiative forcing levels reached at the end of the 21st century. The respective
pathways for emissions and concentrations of greenhouse gases and aerosols in the atmosphere
throughout the 21st century are derived from four modelling teams working on integrated
assessment modelling. They also consider certain land use changes.
The concentrations (or in some cases the emissions) are prescribed to climate models, which
simulate the response of the climate system to the human external forcing. With prescribing
different forcings according to different human pathways, a range of potential effects of humans on
climate can be projected. This set of projections can be called multi-scenario ensemble simulations.
Looking at one of the different socio-economic scenarios, there still exist several sources of
uncertainties for the quantification of the external forcing. At each step from defining aspects of
different socio-economic scenarios on to converting them into emissions and concentrations,
alternative assumptions, approaches and methods can be chosen, which lead to a range of results.
This range is due to methodological uncertainties, and because we do not know which procedure is
correct, they all provide valid results.

Internal variability:
Internal climate variability arises from chaotic non-linear processes in the climate system and lead to
stochastic variations in climate parameters on different time scales. They are also relevant for multidecadal time scales of climate projections, especially on regional spatial scales (Hawkins and Sutton,
2009, Deser et al., 2012).. Processes within the atmosphere vary on relative short time scales,
whereas processes within the ocean or ice sheets occur on longer time scales. Interactions between
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all compartments of the climate system, i.e. atmosphere, biosphere, pedosphere, hydrosphere and
cryosphere lead to natural climate variations on different time scales.
Climate models are able to simulate internal variability, but its temporal evolution strongly depends
on the initialisation of the state of each component. The role of internal climate variability in climate
change projections can be estimated from ensemble simulations with the same external forcing and
by using one model with identical experiment set-up for each member, but starting each simulation
with different initial conditions. The initial conditions can be varied through small perturbations in
the initial atmospheric state, as it has been done in the National Center for Atmospheric Research
(NCAR) ensemble project with the Community Climate System Model 3 (CCSM3), comprising 40
simulations from 2000-2061 based on SRES A1B scenario (e.g. Deser et al., 2012). Each simulation
features a possible course of internal variability and the results of such an initial-condition ensemble
for a certain time period lie within a range of equally probable climate evolutions, which can be seen
as an irreducible component of uncertainties of climate change projections. However, models may
represent it differently compared to internal climate variability of the real world. An analytic model
as suggested by Thompson et al. (2015) could help to estimate internal variability from the statistics
of observed climate time series.
Climate model uncertainties:
Models are always simplified images of the earth’s climate system, with known and unknown
uncertainties. They provide more or less accurate approximations of climate parameters compared
to the real system.
Many physical processes occur on spatial scales which are not resolved by climate models and thus
need parameterisations. Model parameterisations are derived from empirical studies and statistical
approaches. Climate models are based on more or less the same physical laws, but they differ in their
mathematical descriptions. Modelling uncertainties arise from our incomplete understanding of
processes within the climate system and from our inability to represent all processes and
characteristics of the climate system accurately within climate models.
An estimation of modelling uncertainty by using one single model is quantified through the use of a
perturbed physics ensemble, which explores variation in model parameters related to a different
representations of physical processes (e.g. Collins et al., 2011).
Not all climate models include all climate system components explicitly, and they use different
coupling techniques between the components. Further they apply different numerical approaches.
Those structural differences lead to a range of possible climate response to external forcing, which is
addressed with multi-model-ensemble simulations. Multi-model ensemble simulations based on a
single scenario sample modelling uncertainties, but also different initial conditions of the climate
system, as each global model is initialized at a different climate state.
In order to represent the range of simulated large-scale climate changes in the regional projections,
all or at least a representative set of simulations from the global model ensemble needs to be
downscaled. On the one hand, regional climate models can inherit errors from the global models.
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The regional models themselves also differ in their parameterisation schemes and numerical
methods.. On the other hand, they can add value to the modelling results due to better
representation of local scale features and processes. Thus, in regional climate projections, different
combinations of global and regional models are applied in multi-global/regional-model-ensemble
This procedure was realised in the EU ENSEMBLES Project (Hewitt and Griggs, 2004), mainly for
emission scenario A1B from SRES, and is currently applied for several representative concentration
pathways for several world regions within CORDEX (Giorgi et al., 2009) and for Europe within EUROCORDEX (Jacob et al., 2014).
Ensemble experiments are a common method to assess uncertainties of climate change projections.
The interpretation of results from ensemble climate experiments pose numerous challenges on
climate change assessments (e.g. Knutti et al., 2010, Tebaldi et al., 2011; Knutti and Sedlacek, 2013).
Hawkins and Sutton (2009, 2011) investigated the relative contribution of internal variability,
modelling uncertainty and scenario uncertainty to the simulated spread in mean near-surface
temperature and precipitation changes from global climate projections provided by the CMIP3 multimodel ensemble. The simulated spread of temperature is dominated by internal variability on short
time scales and by scenario uncertainty on long time scales (Hawkins and Sutton, 2009) . And the
contribution of internal variability is larger on regional than on global scale. For precipitation, internal
variabiliy has a stronger influence than for temperature. On longer time scales towards the end of
the 21st century, still the contribution from the multi-model simulations scenarios to the overall
simulated spread of precipation changes is larger than the influence from the different emission
scenarios (Hawkins and Sutton, 2011).
Bengtsson L., Hodges K.I., Roeckner E., Brokopf R., 2006: On The Natural Variability of the Pre-Industrial European Climate’,
Climate Dynamics DOI: 10.1007/s00382-006-0168-y, 1–18
Collins, M.C.M.; Booth, B.B.; Bhaskaran, B.; Harris, G.R.; Murphy, J.M.; Sexton, D.M.H.; Webb, M.J. Climate model errors,
feedbacks and forcings: a comparison of perturbed physics and multi-model ensembles. Clim. Dynam. 2011, 36, 1737–
1766.
Deser C., Phillips A., Bourdette V., Teng H. (2012) Uncertainty in climate change projections: the role of internal variability.
Clim. Dynam. 38, 527–547.
Hawkins, E. & Sutton, R. (2011) The potential to narrow uncertainty in projections of regional precipitation change. Clim.
Dynam. 37, 407–418
Hawkins, E., Sutton R. (2009) The Potential to Narrow Uncertainty in Regional Climate Predictions. Bull. Amer. Meteor. Soc.,
90, 1095–1107.
Knutti, R. and J. Sedlacek (2013) Robustness and uncertainties in the new CMIP5 coordinated climate model projections.
Nature Climate Change, 3, 369-373, doi:10.1038/nclimate1716
Knutti, R., Furrer, R., Tebaldi, C., Cermak, J. & Meehl, G. A. (2010) Challenges in combining projections from multiple climate
models. J. Clim. 23, 2739–2758
Segschneider, J., A. Beitsch, C. Timmreck V. Brovkin, T. Ilyina, J. Jungclaus, S.J. Lorenz., K.D. Si, and D. Zanchettin (2013),
Impact of an extremely large magnitude volcanic eruption on the global climate and carbon cycle estimated from
ensemble Earth System Model simulations, Biogeosciences, 10, 669-687, doi:10.5194/bg-10-669-2013.
Tebaldi, C., Arblaster, J. M., and Knutti, R. (2011). Mapping model agreement on future climate projections. Geophys. Res.
Lett. 38, L23701. doi: 10.1029/2011GL049863
Timmreck, C. (2012), Modeling the climatic effects of volcanic eruptions, invited review paper Wiley Interdisciplinary
Reviews: Climate Change doi: 10.1002/wcc.192.
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Thompson, D. W. J., E. A. Barnes, C. Deser, W. E. Foust, and A. S. Phillips, 2015: Quantifying the role of internal climate
variability in future climate trends. J. Climate, e-View, doi: http://dx.doi.org/10.1175/JCLI-D-14-00830.1

1.2. Effect of Global 2°C Pathway on Regional Climate Change
Introduction
We have investigated the dependence of the scenario on the European climate in a +2C world. Figure
1.2 shows the radiative forcing of the four RCP scenarios, RCP2.6, RCP4.5, RCP6.0 and RCP8.5. It is
evident from the figure that until 2025-2030 the different RCPs follow each other very closely. Any
effect of the scenario on the climate change can only be detected when the scenarios differ
significantly.
To investigate any effect in the GCMs, we have looked at what the average temperature change in
Europe is in the +2C world from 120 GCM simulations from CMIP5. The time of reaching +2C (T2C)
varies significantly from GCM to GCM even for the same scenario. To identify effects in the RCMs, we
have used 12 CORDEX EUR-44 simulations, which have been run for both RCP4.5 and RCP8.5. In the
RCM case we have looked at land points only, searching for effects of land-sea contrasts.

Figure 1.2: The radiative forcing of the RCPs starts to differ from each other in about 2025-2030;
before this the radiative forcing of the different scenarios are very similar.
Data
From CMIP5, we have calculated the time at which the global temperature has changed with 2
degrees above pre-industrial (https://wiki.zmaw.de/impact2c/Reaching2C). We have included a total
of 120 simulations; some of these are different realizations of the same GCM. The different GCMs
included in this study are listed in Table 1.1. In this study, we do not have any RCP6.0 simulations.
GCM
'"ACCESS1-3"'

RCP2.6
0

12

RCP4.5
0

RCP8.5
1

'"BCC-CSM1.1"'
0
1
1
'"CCSM4"'
0
6
6
'"CNRM-CM5"'
0
1
1
'"CSIRO-Mk3-6-0"'
6
10
10
'"CanESM2"'
5
5
5
'"EC-EARTH"'
0
6
4
'"GFDL-CM3"'
1
1
1
'"GFDL-ESM2G"'
0
0
1
'"GFDL-ESM2M"'
0
0
1
'"GISS-E2-R"'
0
0
1
'"HadGEM2-CC"'
0
1
1
'"HadGEM2-ES"'
4
4
4
'"IPSL-CM5A-LR"'
1
3
3
'"IPSL-CM5A-MR"'
0
1
1
'"MIROC-ESM"'
1
1
1
'"MIROC-ESM-CHEM"'
1
1
1
'"MIROC5"'
0
3
3
'"MPI-ESM-LR"'
0
3
3
'"MRI-CGCM3"'
0
1
1
'"NorESM1-M"'
0
1
1
'"inmcm4"'
0
0
1
Table 1.1: The number of realizations of the three scenarios for each GCM.
The most interesting simulations of this ensemble are the GCMs which have simulated 3 scenarios.
This has, however, only been done for 7 GCMs, and of these, 3 GCMs reach +2C for all scenarios
before 2035. Only one GCM, CSIRO-Mk3-6-0, reaches +2C so late that a signal due to different paths
to +2C can be expected. The sub-ensemble of CSIRO-Mk3-6-0 is relatively large with 6-10 ensemble
members (see Table 1.2). From EURO-CORDEX, we have looked at 12 EUR-44 GCM-RCM
combinations which have simulated both RCP4.5 and RCP8.5. The GCM-RCMs are shown in Table 1.2.
GCM
RCM
CCCma-CanESM2-r1i1p1
SMHI-RCA4
CNRM-CERFACS-CNRM-CM5-r1i1p1 SMHI-RCA4
ICHEC-EC-EARTH-r1i1p1
KNMI-RACMO22E
ICHEC-EC-EARTH-r3i1p1
DMI-HIRHAM5
ICHEC-EC-EARTH-r12i1p1
SMHI-RCA4
IPLS-IPSL-CM5A-MR-r1i1p1
IPSL-INERIS-WRF331F
IPLS-IPSL-CM5A-MR-r1i1p1
SMHI-RCA4
MIROC5-MIROC5-r1i1p1
SMHI-RCA4
MOHC-HadGEM2-ES-r1i1p1
SMHI-RCA4
MPI-M-MPI-ESM-LR-r1i1p1
CLCcom-CCLM4-8-17
MPI-M-MPI-ESM-LR-r1i1p1
SMHI-RCA4
NCC-NorESM1-M-r1i1p1
SMHI-RCA4
Table 1.2: The GCM-RCMs used in the analysis of scenario dependence.
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GCM Analysis and Results
From the GCM simulations, we have used all grid points (land and sea) within the ENSEMBLES EU
region to calculate the temperature change over Europe. We have plotted the average change in the
2-m air temperature, delta T, in Europe from the baseline period (1971-2000) to the 30 year timeslice constituting the +2 degree global temperature for each GCM (see
https://wiki.zmaw.de/impact2c/Reaching2C). Figure 1.3 shows the temperature change over Europe
depending on the time when the global +2C is reached, where all GCM experiments from Table 1.1
are plotted. A trend is evident indicating that the longer it takes to reach +2C globally the lower is the
temperature change over Europe; a linear fit (least squares) of the data is also shown in figure 1.3.

Figure 1.3: The change in 2-m air temperature over Europe from the GCMs compared to the
baseline period (1971-2000) as a function of when the global average reaches +2C over preindustrial (1881-1910). The red line is the least squares fit.
To look more at the details behind this trend, we have plotted the same data in a different way in
Figure 1.4, where it is highlighted which scenario each data point corresponds to, and where subensembles of several realizations of the same GCM have been collected into ensemble means. This
reduces the 120 data points in Figure 1.3 to 46 data points in Figure 1.4. For example, for CSIRO-Mk36-0, we have calculated the ensemble mean of T2C as the mean of T2C of the 6 realizations for
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RCP2.6, and the mean warming of the 6 realizations, and plotted this as one point in Figure 1.4. All
the points in Figure 1.4 which are based on sub-ensembles of several realizations of the given GCM
are shown with large symbols, points which are based on only one realization of a given GCM are
shown with small symbols. The scenario is indicated by the number next to the symbol.

Figure 1.4: As Figure 1.3, but where ensembles of several realizations of the same GCM and
scenario have been reduced to single points.
Figure 1.4 clearly shows a large variability between the GCMs, some warm quickly and reach +2C for
RCP2.6 long before the time others reach the same global temperature for RCP8.5, for example
CanESM2 reaches +2C as early as 2035 for RCP2.6, while MRI-CGCM3 reaches +2C in 2051 for RCP8.5.
Several of the GCMs, including CanESM2, HadGEM2-ES, and GFDL-CM3 warm very quickly, and the
+2C global is reached before 2040 in several of the scenarios. Here we see very little dependence of
the local temperature change with scenario as expected, as the radiative forcing for the three
scenarios are very similar until this point in time (see Figure 1.2). Trends are more visible after 2040
but the GCMs are basically split into two groups. The largest group consisting of BCC-CSM1.1,
MIROC5, MRI-CGCM3, EC-EARTH, CSIRO-Mk3-6-0 and MPI-ESM-LR of which 4 are based on
ensembles, display a tendency of less local warming with increasing T2C. A smaller group consisting
of NorESM1-M, CNRM-CM5 and CCSM4, of which only the latter consists of an ensemble, shows the
opposite tendency, of higher local temperature change with increasing T2C.
The GCMs used in the mandatory simulations in IMPACT2C are MPI-ESM-LR, HadGEM2-ES, EC-EARTH
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and IPSL-CM5A-MR, which all display relatively low warming in Europe compared to the GCM
ensemble in general, but regarding T2C, they represent the GCM ensemble well.
RCM Analysis and Results
In IMPACT2C the climate model data used are from RCMs. We have therefore investigated if the
RCMs influence the observed behavior of the GCMs. For this we have looked at the EURO-CORDEX
experiments, and found 12 GCM-RCM combinations which had run both RCP4.5 and RCP8.5. Only
very few RCP2.6 experiments have been downscaled, so we have chosen to focus on the difference
between RCP8.5 and RCP4.5, for this part of the study. For the RCMs, we have chosen to look at the
temperature change over land only, and we have looked at seasonal differences.
Figure 1.5 shows the 2-m air temperature change over the land points in Europe from the baseline
period (1971-2000) to the +2C period for each GCM-RCM; in panel Bthe annual mean temperature
change is shown, panel C shows the seasonal mean change for June-July-August (JJA) and panel D the
seasonal mean change for December-January-February (DJF). Panel A of the figure shows the
temperature change of the corresponding GCMs (land and sea points), for comparison. Comparing
panel A and B, we find that the RCMs only have little influence on the trend; in cases where the GCM
display a tendency of less local warming with increasing T2C, the RCM experiments forced by these
GCMs display the same behavior. The only noticeable exception is the CNRM-CM5-r1i1p1 SMHIRCA4, where the GCM shows higher local warming with increasing time to +2C, whereas the
downscaled experiment shows a smaller local warming with increasing T2C. With our main focus
being on the experiments, which reach +2C late, in order to have a large difference in T2C between
RCP8.5 and RCP4.5, we primarily look at the experiments which reach +2C relatively late, i.e., after
2040. We notice that in the GCMs, where +2C is reached before 2040 in RCP4.5, there is less than 10
years between T2C in the different scenarios. In the experiments, where +2C is reached after 2040
for both scenarios, there is a small tendency of a smaller local warming with increasing time to +2C,
but the temperature change is very small, and probably not significant. Looking at the seasonal
differences displayed in panels C and D, we find that there is hardly any change in the regional
summer temperature, all the trend lies in the winter temperature. Besides looking at the entire EUR44 domain, we have also looked at different sub-regions in Europe, to see if there are any regional
differences. We see some differences in the regional temperature change (not shown), but the
overall picture of regional temperature trend depending on the time +2C is similar in all the subregions considered.
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Figure 1.5: The 2-m air temperature change in Europe from the baseline period (1971-2000) to the
+2C period for each GCM-RCM. A) The regional temperature change in the GCMs (land and sea
points). B) The annual mean regional temperature change of land points only from the GCM-RCM
experiments depending in time to +2C. C) As B, but for DJF only. D). As B, but for JJA only.
Discussion
The typical time span between T2C in RCP8.5 and RCP4.5 is 10-15 years, as seen in both Figure 1.4
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and Figure . For some of the GCM experiments displayed in Figure 1.5, the time span is of the order
of 20-30 years, but these constitute only a few experiments. In the GCM-RCM experiments the
largest difference between T2C in RCP4.5 and RCP8.5 is about 20 years; any effect of processes with
large inertia appears to be negligible on these time scales. To find any effect of such processes we
should look for the longest possible time scales; 2 of the GCM experiments display differences in T2C
of 30 years or more, CSIRO-Mk3.6.0 and IPSL-CM5A-LR, all of these show a lower warming with
increasing T2C. However, given the large spread of the GCMs it is not reasonable to conclude that
this is the general case.
Conclusion
The time-scales involved in reaching the +2C world are too short for any effect of large-inertia
processes that could cause different regional climate for the same global temperature change
depending on the scenario followed. With the data available in this study, it is not possible to confirm
or reject that such processes may be important for global changes occurring over a longer timespan
than a few decades.
On the time-scales involved in reaching +2 degrees we see no difference in the regional climate in
Europe on whether the simulation followed the RCP4.5 scenario or the RCP8.5 scenario. Thus, the
underlying hypothesis in IMPACT2C that we may compare the +2C climate of several different
models from different time-slices appears reasonable.
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1.3. Regional Climate Change Uncertainty
This chapter analyses the climate change and its uncertainties in European regions for RCMs from the
EURO-CORDEX initiative.
1.3.1. Model selection and Uncertainty
The idea behind selecting a couple of representative climate simulations is to take some of the
computational burden off the impact modelling community and at the same time reducing potential
bias induced by a possibly imbalanced design (e.g. over-representation of a certain driving GCM).
However, the spread of the multi-model ensemble should still be covered by the few selected
simulations, regarding the most important climate parameters in this project (see sub-deliverable
D1.3.1). This selection has been performed in two steps first using the ENSEMBLES RCM data and
then newly released RCM simulations from the EURO-CORDEX initiative. The selection has been
covered in the report D2.1.1. The focus of this chapter is to investigate how well the uncertainty from
the ensemble has been sampled by the selected simulations.
22 RCMs are available from the ENSEMBLES project, out of which 5 have been selected. The analysis
of that ensemble was quite rigorous, but the data situation for the newly released CORDEX-EUR
RCMs was very sparse at the time of selecting mandatory simulations (which was at the GA in Rome
04 Nov. 2013). Only 11 RCMs (EUR-11, RCP4.5) where finished up to that time, where none has
officially been published. So only 7 RCMs have been analysed and out of those 5 have been selected
(Table 1.3).
ENSEMBLES
(A1B)

CORDEX_EUR-11
(RCP45)

CORDEX_EUR-11
(RCP26)

Now*

22

16 (11)

4 (1)

GA
Rome**

22

11 (0)

3 (0)

selected

5

5

2

analyzed

22

7

3

Table 1.3: RCMs simulations available for model selection: finished (of which online). *… status
10.03.2015
**… status 04.11.2013
In addition, 2 out of 3 available RCP2.6 RCMs have been selected as mandatory simulations. Also, 4
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simulations driven by RCP8.5 have been suggested as additional forcing data. In that case,
simulations have the same RCM-GCM combination as the mandatory RCP4.5 models. In this chapter
we do not analyse those models, but focus on RCP4.5 only.
In this chapter we use n = 22 RCMs from the ENSEMBLES project and n = 10 available CORDEXEUR_11 RCMs for comparison with the uncertainty of the mandatory simulations. The climate
change signal is based on the reference period 1971-2000 and the 2C period of the corresponding
GCM forcing (https://wiki.zmaw.de/impact2c/Reaching2C). We compare the annual cycles of those
models for temperature and precipitation (Fig.1.6 & Fig.1.7) for two example regions, the box-plots
showing the distribution of the ensembles, where the selected mandatory simulations are
highlighted.

Figure 1.6 Annual cycle of temperature climate change for ENSEMBLES (top) and CORDEX_EUR-11
(bottom) RCMs in Scandinavia (SC, left) and the Iberian Peninsula (IP, right). The mandatory
simulations are highlighted.
The projected temperature change and the corresponding uncertainty spread seems very similar for
RCMs from both ENSEMBLES and the EURO-CORDEX initiative, having the highest warming in winter
for high latitudes and highest warming in summer for lower latitudes. The uncertainties are sampled
well with the mandatory simulations. Interestingly, the two mandatory simulations KNMIRACMO_EC-EARTH and SMHI-RCA4_EC-EARTH, both driven by the same GCM, show quite different
temperature change characteristics.
For the projected precipitation change, again both ensembles behave similarly, having a slight
increase in the northern parts of Europe throughout the year and a decrease in the southern parts,
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especially during the summer months, but with much higher model uncertainty. Also here, the model
spread seems to be captured pretty well by the mandatory simulations for both ensembles.

Figure 1.7: Annual cycle of relative precipitation climate change for ENSEMBLES (top) and
CORDEX_EUR-11 (bottom) RCMs in Scandinavia (SC, left) and the Iberian peninsula (IP, right). The
mandatory simulations are highlighted.

1.3.2. Uncertainty on spatial scale
The EURO-CORDEX initiative gives a unique opportunity on systematically comparing climate models
with different horizontal resolutions. We have CORDEX_EUR-44, which has a resolution of 50 km and
CORDEX_EUR-11 with 12.5 km resolution. In addition, several RCMs are forced by RCP4.5 and
RCP8.5, which allows for an additional scenario uncertainty comparison. Here we analyse 12 RCMs,
which are the same RCM-GCM combinations driven by different RCPs. Those 12 RCMs are all
members of both CORDEX_EUR-11 and CORDEX_EUR-44 ensembles (monthly basis), having both a
resolution of 12.5 km and 50 km, allowing direct comparison of spatial scales.
Figure 1.8 shows the climate change signals for temperature in summer. The models (y-axis) are
sorted in increasing order of projected change over the whole European continent. The spatial
resolution of the RCMs has almost no impact on the climate change signal for temperature in
summer, as can be seen in Figure 1.8. There does not seem to be much influence on the change
signal by the driving GCM or the RCP forcing, as the RCM-GCM-RCP combinations do not seem to

21

show any systematic order on the y-axis. The situation changes when considering the temperature
change signal in winter (Figure 1.9): RCMs run with a different resolution, partly show systematically
different changes, especially in AL and in EA, as well as in MD and ME. In all those regions the
projected changes increase when increasing the resolution of the climate model. This is mainly true
for the SMHI-RCA4 RCM. It is noteworthy that in the Scandinavian region (SC), some models behave
rather different under different spatial setups: The RCM SMHI-RCA4 driven by CNRM_CM5 forced
with both RCPs shows a big decrease in change when run with a higher resolution. In general, the
multi-model uncertainty seems largest in that region in DJF. However, in contrast to JJA, the changes
in winter months seem to be influenced more by the driving GCM: CNRM_CM5 driven RCM
simulations are on the warmer side, where models forced by MPI_ESM-LR project less warming.
RCMs run by the EC-EARTH model project most warming, except the KNMI-RACMO RCM, which
projects least warming. Also, models forced by different RCPs show similar changes.

Figure 1.8: Temperature change signals [K] (x-axis) for summer in European regions for the
CORDEX_EUR-11 (red) and EUR-44 (blue) RCMs. The RCMs are sorted in increasing climate change
order for entire Europe, coldest being bottom and warmest on top.
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Figure 1.9: Temperature change signals [K] (x-axis) for winter in European regions for the
CORDEX_EUR-11 (red) and EUR-44 (blue) RCMs. The RCMs are sorted in increasing climate change
order for entire Europe, coldest being bottom and warmest on top.

Looking at changes in precipitation does not reveal any systematic differences between simulations
run by 12.5 km and by 50 km resolution. In summer (Figure 1.10 ) the change signals vary especially
in AL, EA, FR ME and SC. The southern parts of Europe (IP, MD) do not show any differences in
precipitation change under different resolution. The driving GCMs again show a big impact on the
signal: CNRM_CM5 models project highest changes (in positive sign), where the MPI-ESM-LR models
show the driest change patterns. The EC-EARTH models lie in the mid-range. And again, the RCPs do
not show much influence on the precipitation change signals. No systematic distinction between
RCMs with different resolutions can be made in winter precipitation (Figure 1.11. However, it can be
seen that in IP the inter-model uncertainty becomes quite large compared to the summer season.
This is also true for regions with a high fraction of water (MD and BI).
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Figure 1.10 Precipitation change signals [mm/day] (x-axis) for summer in European regions for the
CORDEX_EUR-11 (red) and EUR-44 (blue) RCMs. The RCMs are sorted in increasing climate change
order for entire Europe, coldest being bottom and warmest on top.

24

Figure 1.11. Precipitation change signals [mm/day] (x-axis) for winter in European regions for the
CORDEX_EUR-11 (red) and EUR-44 (blue) RCMs. The RCMs are sorted in increasing climate change
order for entire Europe, coldest being bottom and warmest on top.

The uncertainties for temperature changes are depicted more compactly in Figure 1.12. The regions
are sorted by the differences of the standard deviations between the two resolutions in the EUROCORDEX initiative (12.5 km vs. 50 km). The differences are biggest in the northern (SC) and eastern
(EA) parts of Europe, especially in winter and spring, where the uncertainty is decreased in SC with
increasing resolution and increasing in EA with increasing resolution. The uncertainties in the other
regions are much smaller, except ME and the AL, where uncertainty of winter projections dominates.
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Figure 1.12: Standard deviations of temperature change signals of n=12 CORDEX_EUR-11 and EUR44 RCMs.
The largest differences of uncertainty between CORDEX_EUR-11 and EUR-44 with respect to
precipitation are mainly in the southern parts of Europe (IP, MD) and the Alpine region (AL) especially
in summer. The overall precipitation uncertainty is smallest in SC and EA and largest in AL.

Figure 1.13. Standard deviations of precipitation change signals of n=12 CORDEX_EUR-11 and EUR44 RCMs.
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1.3.3

Quantify Climate Change Uncertainty

The aim in this chapter is to quantify climate change and its uncertainty in a +2C world. We therefore
compare several multi-model ensembles, being RCMs from the ENSEMBLES project (with 25km
resolution), and the EURO-CORDEX runs (with 12.5 km resolution and 50km resolution) with
emphasis on CORDEX_EUR-11. We analyze n = 18 (A1B) ENSEMBLES data (with files on daily basis), n
= 21 CORDEX_EUR-11 (from which 10 forced by RCP 4.5 and 11 by RCP 8.5) and n = 25 CORDEX_EUR44 (from which 12 forced by RCP 4.5 and 13 by RCP 8.5). The CORDEX simulation outputs were
obtained on monthly basis.
The multi-model ensembles all show an unbalanced design with regard to driving GCMs. In the
ENSEMBLES project, many RCMs are driven by e.g. the ECHAM5 GCM, where in CORDEX_EUR-11 a
lot of simulations stem from the EC-EARTH climate model. We assume that RCMs driven by the same
GCM tend to yield more similar results than if forced with different GCMs.

Figure 1.14. Simulation matrix of the ENSEMBLES project for models reaching the 2C target. The xaxis denotes the RCM and the y-axis its driving GCM. The color denotes the magnitude of
temperature winter change for northern Europe for a simple visualization of model dependencies.
The selected mandatory simulations are highlighted.
To account for this model interdependency, we assess a hierarchical regression model (Bates et al.,
2014):

with

𝑌𝑖 = 𝜇 + 𝛾𝑅𝐶𝑀(𝑖) + 𝛾𝐺𝐶𝑀(𝑖) + 𝜀𝑖

𝜀𝑖 𝑁(0, 𝜎𝜀2 ), 𝑖 = 1, … , 𝑛
2 ),
𝑅𝐶𝑀(𝑖) = 1, … , 𝑛𝑅𝐶𝑀
𝛾𝑅𝐶𝑀(𝑖) 𝑁(𝜇𝑅𝐶𝑀 , 𝜎𝑅𝐶𝑀
2 ),
𝛾𝐺𝐶𝑀(𝑖) 𝑁(𝜇𝐺𝐶𝑀 , 𝜎𝐺𝐶𝑀
𝐺𝐶𝑀(𝑖) = 1, … , 𝑛𝐺𝐶𝑀

Where 𝑌𝑖 are the climate change signals of the 𝑖 = 1, … , 𝑛 climate simulations for a specific
parameter and 𝜇 is the multi-model average climate change signal and 𝜀𝑖 are the corresponding
residuals. As we assume that models driven by the same GCM and models with the same RCM are
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more similar, we give an RCM-specific and GCM-specific effect on the average climate change signal,
here denoted as 𝛾𝑅𝐶𝑀 and 𝛾𝐺𝐶𝑀 . Those effects are treated as being randomly distributed around a
“true” GCM/RCM effect 𝜇𝐺𝐶𝑀 and 𝜇𝑅𝐶𝑀 . This formulation of the problem allows for an imbalanced
data structure. The uncertainty estimate for the climate change signal is the sum of the GCM
2
2
, the RCM uncertainty 𝜎𝑅𝐶𝑀
and the residual uncertainty 𝜎𝜖2 .
uncertainty 𝜎𝐺𝐶𝑀

For example consider the temperature climate change using the ENSEMBLES data as shown in Figure
1. So 𝑌𝑖 is the climate change signal of 𝑖 = 1, … ,18 climate simulations with 𝑛𝑅𝐶𝑀 = 11 and
𝑛𝐺𝐶𝑀 = 6. We can see clearly a strong GCM dependency structure and also that simulations have
been forced with certain GCMs more often than with others. If we treated these data as
independent, we would weight simulations more strongly which have been forced by the same GCM
more often than others. One remedy would be to fill up the design-matrix to a full matrix with
𝑛𝑅𝐶𝑀 × 𝑛𝐺𝐶𝑀 = 66simulations (Heinrich et al., 2013) or some more systematic sampling, then the
this double-counting problem would not occur.

The hierarchical regression model method can be described best considering . There we see the
histogram with a kernel density estimate (blue shape) of the distribution of the available
CORDEX_EUR-11 RCMs for both RCP4.5 and RCP8.5, being n=21 simulations in total. In addition, the
distribution estimate of the hierarchical regression model, which accounts for model dependency
and unbalanced design, is shown in red. The 5 mandatory RCP4.5 simulations and the 4 suggested
RCP8.5 simulations are depicted as well. The same simulations driven by different RCPs are depicted
using the same color, with RCP4.5 being in a square shape and RCP8.5 being triangular-shaped. We
can observe that considering only the simulations which are currently available, without accounting
for imbalance, can yield multimodal peaks and thus overestimate certain responses. This can be
clearly seen in Figure 1.15, where in the Iberian Peninsula in winter (DJF) the zero change is
overestimated. The hierarchical regression smooth this behavior. In the other seasons this imbalance
does not lead to big discrepancies, yielding similar estimates as the kernel density estimate. In
general, “smoothing” those extreme peaks with hierarchical regression leads to a slightly wider
uncertainty range than when considering only available simulations, as the method accounts for
simulations which have not been performed.
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Figure 1.15: PDF estimates of precipitation change for the CORDEX_EUR-11 ensemble in the Iberian
Peninsula (IP). The histogram and the corresponding kernel-density estimate (blue line) are based on the
available climate simulations, which are driven by certain GCMs more often than by others. The vertical
stippled lines show the median and the quartiles. The GCM-RCM imbalance is accounted for by using the
hierarchical regression defined above (red PDF). The mandatory simulations are highlighted on the x-axis.

Figure 1.16 shows the seasonal estimates of the average climate change and its uncertainty using the
methods described above for different regions across Europe. We show a 95% confidence interval (of
the red pdf in Figure 1.16) as a measure for uncertainty. The different multi-model ensembles
ENSEMBLES (n = 18), CORDEX_EUR-11 (n=21, RCP4.5 and RCP8.5) and CORDEX_EUR-44 (n=25,
RCP4.5 and RCP8.5) mostly agree in their projections. For temperature, all ensembles show a
significant increase, except for the winter season (DJF) in eastern Europe (EA), where the EUROCORDEX simulations yield very high uncertainties. There are quite some differences in temperature
changes between different regions and seasons: The southern parts of Europe (IP, MD) have the
highest temperature increase in the summer months, where in the northern parts the summer
months show the smallest change (SC). The remaining regions depict a more uniform annual cycle of
temperature change. The highest uncertainties of projected change is in the winter months (DJF) in
northern (SC), mid (ME, AL) and Eastern Europe (EA).
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Figure 1.16 Seasonal average change and uncertainty estimates for temperature (top) and precipitation
change (bottom) over several European subregions, using the hierarchical regression estimates.

For the projected changes in precipitation amount, the ENSEMBLES simulations and the
CORDEX_EUR simulations show similar changes and uncertainty patterns, with some minor
exceptions. Northern Europe (SC) shows the overall smallest uncertainty and is the only region
showing mostly significant increase of precipitation (except for CORDEX in DJF). Middle and eastern
Europe (ME, EA) show a similar annual cycle of precipitation change, with tendencies of a positive
change in spring (MAM) and autumn (SON) and large uncertainties in summer (JJA). In the remaining
regions (except IP) AL, MD, BI and FR, the uncertainties dominate over the projected multi-model
mean. The Iberian Peninsula (IP) shows a significant precipitation decrease in summer (JJA) and a
tendency of decrease in autumn (SON).
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1.4 Effect of Bias-Correction on Uncertainty
In this chapter we analyse the effect of bias correction (BC) using quantile mapping (QM) (Maraun et
al., 2010) of the RCM simulations to the climate change signal and its uncertainty. We analyse the
available bias corrected CORDEX_EUR-11 data which has been performed in WP4, being 5 RCP 4.5
runs, 4 RCP8.5 runs and 2 RCP2.6 simulations.
Studies like Boberg and Christensen (2012) and Gobiet et al (2013) show that biases of RCMs are not
independent of the climatology of the models. Figure 1.18 shows this with RCMs from the
ENSEMBLES project in Scandinavia (SC). Considering the summer months June, July and August we
can see the models bias increase with increasing temperature. With a warmer future climate, higher
temperature values will occur more often in future, which means that under the assumption of a
stationary bias, there will be more days being more biased on average. This means that the future
projections will be adjusted with a higher correction than in the control period, which leads to an
altered climate change signal after bias correction.

Figure 1.18 Depicting intensity-dependent model errors (Gobiet et al, 2013). Temperature error
characteristics of the ENSEMBLES models in Scandinavia (SC). The light lines show the error
characteristics of the individual models, the bold line shows the ensemble average. The number in
the lower right corner of each panel denotes multi-model average error slope.

1.4.1. Comparing Bias and Climate Change Signal
In this chapter we analyse the effect of BC on the climate change signal and on its uncertainty. We
therefore consider the mandatory and recommended simulations from the IMPACT2C project (n=11)
and look at mean temperature and precipitation changes.
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Figure 1.19 depicts the distribution of the biases (x-axis) for 2m air temperature of the raw RCM data
(remapped to the E-OBS grid) and after BC. The y-axis shows the climate change signal before and
after BC. The remapped RCM simulations and the corresponding BC RCM simulations are connected
with grey lines. The x- and y-axis are on the same scale for comparability.
The biases of BC RCM simulations are almost zero everywhere, which is not surprising. In some
regions and seasons the climate change signals are systematically altered after BC. This seems to be
especially true in the Alpine region (AL) and in the Scandinavian region (SC). The projected
temperature change in winter (DJF) in AL is lowered and the model spread becomes narrower. In
summer (JJA) on the other side, an increase of temperature changes after BC can be observed in AL
as well as in SC. Slight increase of the climate change signals can be detected in ME and BI in JJA. The
remaining seasons/regions show no systematic changes. Overall the influence of BC on the climate
change signal is minor compared to the bias induced by the RCMs. However, one particular RCM
(WRF331F_IPSL-CM5A-MR_r1_rcp4.5) show partly large bias (e.g. DJF in SC) and a large change of
climate change signal after BC (e.g. DJF in EA and ME).
The biases of the RCM simulations are even larger for precipitation (Figure 1.20). Also here, we can
detect some systematic influence of BC on the climate change signal. However, it seems that the
model spread is decreasing after BC. This is particularly true for the winter months (DJF) in FR, IP and
AL. However, the order of magnitude for this change is negligible compared to the individual biases.
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Figure 1.19 Temperature bias (E-OBS) of the mandatory climate simulations (x-axis) against their projected
climate change signal (y-axis) for both bias-corrected RCM simulations (QM) as well as the raw RCM
simulations remapped on the same grid (RM). The box-plots show the distribution of bias and climate change
for both raw (RM) and bias-corrected (QM) RCM simulations. The raw and the bias-corrected simulations are
connected with a grey line. The scales of the x-axis and the y-axis have the same proportion. The European
regions are sorted by the magnitude of the bias, with models in AL having the largest systematic bias.
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Figure 1.20 Precipitation bias (E-OBS) of the mandatory climate simulations (x-axis) against their projected
climate change signal (y-axis) for both bias-corrected RCM simulations (QM) as well as the raw RCM
simulations remapped on the same grid (RM). The box-plots show the distribution of bias and climate change
for both raw (RM) and bias-corrected (QM) RCM simulations. The raw and the bias-corrected simulations are
connected with a grey line. The scales of the x-axis and the y-axis have the same proportion. The European
regions are sorted by the magnitude of the bias, with models in FR having the largest systematic bias.

1.4.2 Influence of Bias Correction on the Climate Change Signal
Figure 1.21 shows the influence of BC on the climate change signal in more detail. The arrows
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indicate the shift of the climate change signal of a RCM after BC.
We can observe two phenomena:
1. BC seems to have a big effect on the CCS in certain regions in particular seasons
2. Sometimes certain RCMs have a stronger change of the CCS than others.
ad. point 1: For most regions/seasons the CCS are not altered significantly in a systematic way.
However certain regions exhibit a strong influence on the change of temperature and precipitation,
most notably the northern parts of Europe (SC) and the Alpine region (AL), mostly in winter (DJF) and
summer (JJA). For temperature, in both regions the winter change signal is shifted systematically
towards what seems to be a point of convergence, decreasing the multi-model uncertainty. In
summer (JJA) SC and AL show a significant shift of the CCS. In both regions a systematic increase of
the CCS for temperature is clearly visible. Other regions do not seem to be much affected by BC.
The CCS for precipitation are slightly increased over all regions especially in winter. The uncertainty is
increased in southern Europe (IP, MD) in summer and in SC in winter.
Especially the RCM REMO_MPI-ESM-LR_RCP2.6 shows strong changes of precipitation climate
change after BC in certain regions/seasons where most other RCMs are not strongly influenced by
BC. Notable regions are ME and BI in winter (DJF) and BI and MD in SON. Also the RCM WRF_IPSLCM5A-MR (RCP 4.5) shows stronger changes for temperature and precipitation than other
simulations in southern Europe (MD) in summer (JJA).
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Figure 1.21 : Influence of bias-correction on the climate change signals of the mandatory simulations. The
arrows show the evolution of the signals from raw remapped simulations (RM) to the bias corrected change
signals (QM). The boxplots show the distribution of the respective raw and bias-corrected ensemble.

The spatial distribution of the influence of BC on the CCs of temperature is depicted in Figure 1.22
some systematic shifts of the CCs can be seen especially in the Alps and in northern parts of Europe
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(SC) especially Iceland, which shows a rather strong influence of BC to the CCS. Interestingly, regions
where the CCS is influenced most by BC, which are Scandinavia and the Alpine region, tend to get an
increase of uncertainty (model spread) with increase of the CCS and vice versa (Figure 1.23). The
influence on the spatial distribution of CCS on precipitation can be seen in Figure 1.24 . It can be seen
that southern Europe exhibits large influences of BC on the climate change signal along the
Mediterranean coast. The change of precipitation in that area in summer (JJA) is increased
significantly. This is primarily the case due to the WRF_IPSL-CM5A-MR model, which projects high
drying in summer, which after BC is more moderate. This can be seen clearly in Figure 1.25, where in
JJA in MD the large arrow corresponds to this particular model. The uncertainty for precipitation is
increased in the south in JJA (Figure ).

Figure 1.22 : Left: Raw multi-model mean of temperature climate change signal of mandatory
CORDEX EUR-11 simulations (RCP 2.6, RCP 4.5 and RCP 8.5), n = 11. Right: Difference “Corrected –
Raw” of mean climate change signals.

Figure 1.23 Left: Spread of raw multi-model mean of temperature climate change signal of
mandatory CORDEX EUR-11 simulations (RCP 2.6, RCP 4.5 and RCP 8.5), n = 11. Right: Difference
“Corrected – Raw” of spread (max-min) of the climate change signals.

37

Figure 1.24 Left: Raw multi-model mean of precipitation climate change signal of mandatory
CORDEX EUR-11 simulations (RCP 2.6, RCP 4.5 and RCP 8.5), n = 11. Right: Difference “Corrected –
Raw” of mean climate change signals.

Figure 1.25 : Left: Spread of raw precipitation climate change signal of mandatory CORDEX EUR-11
simulations (RCP 2.6, RCP 4.5 and RCP 8.5), n = 11. Right: Difference “Corrected – Raw” of spread of
the climate change signals.
Summary & Discussion
This report aims to provide an analysis of climate change uncertainty in a 2 degree world using the
newest generation of regional climate models from the EURO-CORDEX initiative as well as models
from the predecessor project ENSEMBLES.
The focus of this work is the quantification of uncertainty of change of the main climate parameters,
being changes of temperature surface fields and changes in precipitation. For temperature, all
models show a significant increase, except for the winter season in eastern Europe where the EUROCORDEX simulations yield very high uncertainties. The southern parts of Europe have the highest
temperature increase in the summer months, where in the northern parts the summer months show
the smallest change. The highest uncertainties of projected change is in the winter months in
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northern-, mid and eastern Europe. Northern Europe shows the overall smallest uncertainty and is
the only region showing mostly significant increase of precipitation. Similar tendencies are projected
for mid- and eastern Europe. The Iberian Peninsula shows a significant precipitation decrease in
summer and a tendency of decrease in autumn.
Scenario uncertainty and spatial scale uncertainty has also been analysed. This has been made
possible with the EURO-CORDEX project, where several simulations have been run using two
different spatial resolutions (12.5 km and 50 km) as well as different RCPs.
We compare the change signals from the two different resolutions on a larger spatial scale (RockelBoxes). Also, we do not analyse any extreme values but just averages. This limits this analysis to
simple a comparison of large-scale phenomena, and does not assess for any added values of high
resolution downscaling. The projected temperature changes in summer are almost identical for both
resolutions, which is not the case anymore in winter. There, in mid- and eastern Europe as well as in
the Alpine region, higher resolution RCMs systematically project higher change signals. Precipitation
changes due to different spatial distributions show no systematic changes, however, the change
signals are altered in different regions.
An important question is, whether the uncertainties from the whole ensemble as described above,
are preserved when using just the subset of the mandatory climate simulations. Selecting a
representative subset was part of Task 5.1, with the aim to preserve the whole multi-model
uncertainty spread. As this has been done successfully for RCMs from the ENSEMBLES project, it is
difficult to assess such an analysis for the CORDEX_EUR-11 RCMs due to the limited amount of
simulations which is currently available. Bearing this in mind, we can show that the uncertainty
projected by the entire ensemble is captured well with the mandatory simulations.
We also examine the influence on the climate change signal and its uncertainty induced by bias
correction (BC), which is performed with the quantile-mapping technique (Piani et al., 2010). As
quantile-mapping assesses for intensity-dependent model errors, the climate change signal can be
altered after BC. This happens when the bias of the RCMs is not constant for all values in the
reference period, and the distribution of climatologies changes in the scenario period. For example, if
a RCM has largest biases for warm days, then for future warming hot days will occur more often and
so those high biases are assumed to occur more often as well. This leads to a stronger correction in
the scenario period than in the reference period and thus the climate change signal is altered.
A systematic shift of the change signal throughout the multi-model ensemble occurs when the
climatologies of all models are systematically different from the observation dataset. This happens if
either 1) all RCMs are systematically wrong as they lack some essential physical process or 2) the
observational data is severely wrong.
A systematic shift of the temperature change signal of the BC CORDEX_EUR-11 simulations can be
observed mainly in summer for regions with steep orography, as is the Alpine region. Also the
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Scandinavian region shows some systematic changes of the change signal.
Compared to the systematic biases throughout the multi-model ensemble, those shifts in the climate
change signal are small for most regions. For precipitation change, systematic changes can be
observed in low latitudes, mainly in northern Africa and Syria.
Further analysis should be performed to detect which systematic errors occur in the EURO-CORDEX
simulations and which stem from the E-OBS dataset used for BC.
Another important question addressed within this report targets whether the 2C worlds are
comparable across the different RCP forcings, or in other words, does regional climate change
depend on the pathway of reaching +2C? We therefore analysed the CMIP5 ensemble as well as the
EURO-CORDEX ensemble with different RCP forcings. The forcings RCP2.6, RCP4.5 and RCP8.5 are
very similar until 2040, which is also the period where a lot of models reach the 2C world. Bearing
this in mind, the choice of the RCP does not make any difference on the regional climate change
signal in Europe up to that period. After 2040, the models take much longer to reach the 2C target
when forced by a milder RCP, but also here no systematic influence of the RCP on the climate change
signals can be observed. The uncertainty spread across the different climate simulations is much
higher than the uncertainty of a GCM (or RCM) forced with different RCPs.
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Chapter 2
Uncertainties in different sectors and regions, method applications
The comprehensive review on how to build overall uncertainty into the impact assessments is
presented in D5.3
A critical part of the study was to understand the linkages between different models used in the
project to ensure the models can harmonize inputs-outputs. In IMPACT2C the sources of
uncertainties were addressed throughout all paths of the modelling chain using the ensemble
approach not only for climate models abut also for SSPs and impact models and analyzing the
uncertainties through sensitivity studies.
Figure 2.1 shows the linkages of models across different sectors and different Work Packages. It is
clear that we achieved some extent of consistency already by the fact that some models are linked or
have been part of model inter-comparison) exercises.

Figure2.1 Coverage of sectors by models and linkages
Furthermore, a multi-model ensemble was created which consists of different models for the same
sectors and the common model-intercomparision protocol has been developed ( see Milestone 11
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for more details). By doing so all models run the set of essential scenarios selected from the
ENSEMBLES project and the EURO-CORDEX initiative (see chapter 1 for the model selection) (Figure
2.2)

Figure 2.2. Consistent use of climate change data in climate change impact, vulnerability and
adaptation assessments.

Uncertainty in the hydrological projections

(Wouter Greuell)

As example, five different models have been contributed to the model inter-comparison for the
hydrological and water resources assessment, (see figure 2.3), resulting in a total of 55 simulations.
All models compute primary hydrological variables such as run-off, evaporation and discharge. These
variables were compared and used for model chain uncertainty assessment.
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Figure 2.3 Modeling framework for hydrological and water resource assessment.
This enabled calculation of ensemble-mean changes as well as assessment of the uncertainty in the
changes. Uncertainty in the climate change signal was determined by computing the standard
deviation of all (55) changes for each cell, see the example of the standard deviation of the projected
change in 30-year mean runoff at two-degree global warming in Figure 2.4. To a first approximation
the pattern in the figure resembles that of runoff itself, i.e. regions that generate high (small)
amounts of runoff have large (small) uncertainty in the projected change in runoff.
We then determined the relative importance of the contributions by the forcings (i.e. the output
from the climate model simulations) and by the hydrological models to the uncertainty in the
change. We estimated the contribution to uncertainty by the hydrological models by computing, for
each forcing, the standard deviation of the computed changes across all five hydrological models and
by then averaging the eleven standard deviations. This procedure was repeated by swapping the role
of the forcings and the hydrological models, resulting in the estimate of the contribution to
uncertainty by the forcings. Finally, the ratio of the contributions by the models and the forcings was
computed. As an example Figure 2.5 shows this ratio for the projected runoff change at two-degree
global warming. It appears that in the largest part of Europe uncertainty in runoff change due to the
forcing dominates over the contribution by the models.
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Figure 2.4 Standard deviation across all 55 simulations of the projected change in 30-year mean
runoff at two-degree global warming.

Figure 2.5. Ratio of the contributions by the hydrological models and the forcing (the climate model
uotput) to the standard deviation depicted in Figure 2.4.
Furthermore we analyzed the Evaporation, Soil Moisture and Run-off to show which is the main
source of uncertainty climate or hydrological model. For this purpose the standard deviation (s.d.) of
the climate models was divided by the s.d. of the hydrological models.
For Evaporation, for most parts of Europe the hydrological model dominates the uncertainty. Only in
Greece and parts of Spain the climate models are a large source of uncertainty than the hydrological
models. For changes in run-off the main source of uncertainty is the climate model. Especially in the
western part of Europe (From Spain to Scotland) the climate models are a much larger source of
uncertainty compared to the hydrological model. Only in parts of Poland, Bulgaria and Romania the
hydrological model uncertainty is larger than the climate model contribution for run-off. For soil
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moisture the signal is more mixed and the contribution to uncertainty of the hydrological models and
climate models is more balanced.

Uncertainty in Extremes

(Hans-Jörg Albrecher, Peiman Asadi)
Extremes in climate variables, like wind speed, temperature, precipitation or hydrology variables (like
flood and drought) are of interest for impact models and in particular for policy-makers. Extreme
value theory techniques can be used in modeling such events.
Assume

X1 , X2 ,. .. , Xn

are identical and independently distributed copies of X , like annual

maxima of one of the climate or hydrology variables. Assume that X follows a generalized extreme
value (GEV) distribution, then an extreme event can be measured by the k -years return level,
which is defined as the level R of the variable that is exceeded on average every k years, so
1
P( X≥ R)=
k
In climate change modeling, to compare the change in extremes of control and projection periods,
the common procedure is to find the rate of change in value or frequency of extremes as follows:
Xc

Xp

•

fit a GEV distribution to annual maxima of control (

•

compute the k years return level for both periods,

•

C
C
obtain the rate of change in intensity In and frequency Fr of the k years return levels
R
P( X p≥ R p )
C In= p
CFr =
Rc
P( Xc ≥ Rc )
and
,

where

Rp

and

Rc

) and projection (

) periods,

are k years return levels of projection and control periods respectively.

There are two problems with this method. First, it is to be checked whether the difference between
the distributions fitted to the control and projection periods are statistically significant. And
secondly, one cannot quantify the uncertainty in change of intensity and frequency of return levels.
For example, if we estimate the parameters of the GEV distributions by using maximum likelihood
C

method, then the return levels are asymptotically normal and accordingly In (being the quotient
of two normally distributed random variables has a Cauchy distribution with infinite variance!).
To overcome these problems, we suggest the following procedure:
1. If the simulation of control and projection period is transient, we test for existence of a trend or
change in parameters of the distribution fitted to the simulated variable, and if the simulation is for
two distinct periods, we test for a change in the parameters of the fitted distributions only. To detect
a change or trend one can use the following methods:
a) Non-Parametric methods like the Mann-Kendall test
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b) Parametric methods: using information criteria (AIC,BIC,...) to compare the models with
change or trend to those without change and trend or applying the change point or trend
detection methods based on likelihood ratio test.
3. If there is a change or trend in parameters of the distributions, then we can compute the
change in intensity and frequency of return levels
4. Uncertainty of changes in intensity and frequency can be computed by Bootstrapping.
Application
50 years of actual daily discharge of a gauging station on the Danube after Passau are available. If
̂ , ̂ξ )
one fits a GEV distribution to annual maxima of these data, the estimated parameters are ( μ̂ , σ
= (3070,765,0.06). Independently of these discharge data, assume now that simulations from a
hydrology model of the river discharge at this station are available for projection period of 50 years,
̂ , ̂ξ ) =
and a GEV distribution fit to the respective annual maxima would yield the parameters ( μ̂ , σ
(3550,1000,0.06). Note that these parameters are now chosen just for illustration, but it is an output
that would typically be available in such a situation. The natural conclusion, for the 100-year return
̂
C

̂
C

In
levels, would now be
= 1.24 and Fr = 3.83. However, note that there is a lot of uncertainty in
this value. To illustrate this, consider a bootstrapping procedure, where we reproduce for 10000
independent cases what the respective estimates for the frequency and intensity changes would be.

Concretely,
• we draw random sample of size 50 from each of the two distributions,
• we fit a GEV distribution for each sample and estimate the parameters,
Rp
C In=
Rc
and the frequency changes
• we compute the values for the intensity changes

CFr =

P( X p≥ R p )
P( Xc ≥ Rc )

The respective histograms are depicted in the following (Fig.2.6):
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Figure 2.6. Ratio of return levels and frequency change.
Each of these values could have occurred, if the parameter estimations were correct in both cases
(empirical vs. hydrology model). One sees that the obtained values for the frequency and intensity
changes can still vary a lot, up to the point that in a substantial number of cases one would even
conclude a decrease of the intensities, although there is an increase, and this is simply because of the
intrinsic variability of estimators coming from data samples.
One should note that discharge levels are just one example among many where this effect appears in
the context of climate change studies. One could equally also see this pattern for temperature, wind
speed, rainfall, humidity etc.
Altogether, this illustrates that although conclusions on the basis of such calculations are very helpful
first indicators to track systematic changes and behavior, one has to be very careful in terms of
interpretations of the results and should keep in mind the statistical uncertainties, a refined analysis
of which should be an integral part of any of these studies.

Uncertainty in crop impact modelling

( Juraj Balkovic, Dieter Gerten, Sibyll Schaphoff)
Uncertainties can be also traced not only to input data but also to different spatial and temporal
sources, model structure, process parameterization and model validation status.
In this section we focus on uncertainty in mean impact of a global temperature increase of 2°C on
crop yields as resulted from the mandatory EURO-CORDEX climate change scenarios (5 × RCP 4.5)
simulated by two crop models: EPIC and LPJmL. Since EPIC and LPJmL use different methodological
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frameworks to simulate the soil-plant-atmosphere systems, combination of EPIC and LPJmL results
represents a specific source of uncertainty that should be considered
Several authors have addressed the uncertainty in climate projections when using multiple crop
models for crop impact studies and efforts have been made to characterize the uncertainty in crop
model processes and setups themselves by forcing ensembles of crop models with partly harmonized
input data (Asseng et al., 2014; Rosenzweig et al., 2014). In our approach, EPIC and LPJmL use
identical climate data and were run for identical set of crops in every weather grid to avoid
differences in land cover and crop distribution data in the model setups. We simulated rainfed and
fully irrigated (no water stress for crops) scenarios independently to work around model differences
in assumptions on irrigation intensity and allocation. Although crop management data were not
harmonized and may vary significantly in the models, both EPIC and LPJmL assume fixed
management practices over time with no adaptation, meaning that present-day practices were
extrapolated to the future. Provided the harmonization level when only the weather data were fully
harmonized, we cannot explicitly trace to which extent the model differences mask or even outweigh
climatic impact on crops. Nevertheless, the use of multiple models for crop impact studies has
become the norm (Fader et al., 2010; Dominguez-Faus et al., 2013; Liu et al., 2013; Balkovič et al.,
2014; Elliott et al., 2014; Folberth et al., 2014). In this section we point to some differences between
results of EPIC and LPJmL which are not related to climate change and which contribute significantly
to the overall uncertainty.
As demonstrated on wheat yields, the ensemble of EPIC and LPJmL forced with five RCP 4.5 scenarios
resulted in a wide range of simulated impacts for most of Europe − see mean and percentile maps in
Fig. 2.7 a,b,c. Foremost, the ensemble mean impact is highly uncertain in many regions of Eastern
Europe and the Balkans (Fig. 2.7 d) as there are significant differences between mean impact from
EPIC and LPJmL (Fig. 2.7 e,f). With high degree of robustness, the EPIC model predicted a decrease of
wheat yields by about 20% while LPJmL simulated an increase ranging from 0 to 20% for these
regions. Obviously, this divergent signal is not inherited form climate data, but corresponds with
differences between crop models themselves.

a) ensemble mean

b) ensemble 20th percentile

c) ensemble 80th percentile

d) ensemble agreement on positive impact
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e) mean impact from EPIC

f) mean impact from LPJmL

Figure 2.7 Impact (in %) of a +2°C global warming on wheat yields relative to the reference period
1971-2000: a) ensemble mean (n=10), b) 20th percentile, c) 80th percentile, d)
agreement on positive impact, e) mean impact from EPIC (n=5), and f) mean impact
from LPJmL (n=5).
We used Poland, Romania and Bulgaria examples to address the above-mentioned uncertainties in
the ensemble results in more details. Aggregated results from LPJmL and EPIC presented in Fig. 2.8
demonstrate the diverging projections of yield means: an increasing trend in the initial decades with
stabilization or a mild decrease later was simulated by LPJmL (blue line) while monotonously
decreasing trend was projected by EPIC (red line). Since both models extrapolate present-day crop
management practices, including suboptimal fertilization especially in Romania and Bulgaria,
potential yield response to the changing climate may be outweighed by insufficient crop nutrition
limiting the wheat growth. We simulated the wheat yield potential with EPIC (green line in Fig. 2.8) to
isolate the climate impact for rainfed agricultural systems. The nutrients were supplied in optimal
quantities in this scenario and the yield was determined only by weather variables, CO2
concentration in the atmosphere and water supply from the soil. The results indicate that wheat
would benefit from the climate change in case of optimal nutrient management. Although the
potential climate impact is lessened by present-day farming practices (BAU) in both models, LPJmL
shows response similar to the potential yield while the EPIC model resulted in the opposite trend. It
seems that the EPIC setup provides more pessimistic estimates of climate change impact than LPJmL
under assumption of less-performing agricultural systems.
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Figure 2.8. Wheat yield (mean ± s.d.) simulated by EPIC and LPJmL for Bulgaria, Poland and
Romania; management scenarios: business as usual (BAU) rainfed yield by EPIC (red),
BAU rainfed yield by LPJmL (blue), potential rainfed yield by EPIC (green); 5 RCP 4.5
scenarios
The results above can be explained by differences in representing the soil processes. The EPIC model
contains dynamic soil routine and accounts for a variety of soil processes including comprehensive
nutrients and soil organic carbon (SOC) cycle, erosion, soil depth changes etc. In contrast to LPJmL,
the EPIC model projected progressive degradation of soil productivity, especially shrinking of SOC
and nutrient pools (see Deliverable 7.2), leading to worsening nutrition and an overall yield decrease
of about 20% in all example countries (Fig. 2.9, green bar). The projected yield impacts are becoming
less pessimistic when configuring EPIC to static soil properties (orange bars in Fig. 2.9) and taking soil
degradation out of the story. In that case EPIC simulated only marginal negative (Bulgaria) or even
positive impacts (Poland, Romania) of +2°C global warming on rainfed wheat yields, similar to LPJmL.

Figure2.9. Projected impact (in %) of +2°C warming on wheat yield in Bulgaria, Poland and Romania
simulated by EPIC with dynamic soil profile (green), EPIC with static soil profile (orange), and LPJmL
(brown).
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We can conclude that crop impact studies with multiple crop models are highly uncertain because of
differences in model structure, process parameterization and complexity, input data other than
climate and initial setup assumptions. Different setups of a single crop model may alter climate
change impacts, as demonstrated with EPIC runs designed for present-day and nutrient optimal crop
managements, and different crop models forced with identical climate data may lead to
contradicting results (such as EPIC and LPJmL).
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Methods for integrated uncertainty assessment in summer tourism
( Ioannis K. Tsanis, Manolis G. Grillakis, Aristeidis G. Koutroulis)

Climate has key influence on the tourism. Climatic conditions favor the outdoor tourist and
recreational activities and thus play a key role in the selection of tourism destinations. Key elements
related to weather that have a direct impact on the human perception are temperature, humidity,
sunshine, precipitation and wind (Stern et al. 2000; Hamilton and Lau, 2004; Gomez Martin, 2005;
Matzarakis, 2001). The overall sense that human body perceives from those elements, determine a
large share of these international tourism flows. Especially temperature and humidity that affect the
human body thermal comfort, are physiological parameters that potentially affect in large degree the
favorability of a place for tourism/recreational activities. The rest aforementioned elements may be
largely depended on human perception. Statistical analyses shown in Maddison (2001), Lise and Tol
(2002), and Hamilton (2003), unveil the relevance of different climatic parameters as determinants of
tourist demand. Mieczkowski (1985) correlated the general findings of human comfort to the specific
activities related to recreation and tourism. The Tourism Climatic Index (TCI) he proposed
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summarizes and combines seven climate variables. The TCI index has been used in a large number of
studies to quantify the effect of climate in tourist destination favorability and determine the ideal
climatic coefficients for specific types of tourism and recreational activities. Mean and maximum
temperature, relative and minimum relative humidity, wind speed, precipitation and sunshine
duration comprise the TCI index.

The connection of real-life tourism indicators such as overnight stays and climate-tourism indices like
TCI is a rather difficult task. The main difficulty is the quantification of the pure climate effect on
tourism, out of all the other non-climatic parameters that affect the tourism flow. As Gossling and
Hall (2006) state, even though their role is insufﬁciently understood, it is clear that perceptions are
complex, and might even result in abrupt changes in travel behavior and longer-term behavior
modiﬁcation. The use of climate models data to the estimation of TCI either in the past or in
projections, add another uncertainty source, as climate modeling is one of the greatest sources of
uncertainty in climate change impact studies. As we move from one step of the impact modeling
chain to the other, more sources of uncertainty are evolved and thus the overall uncertainty grows
larger (Figure 2.10).
The assessment of climate change effect on tourism is subject to a number of uncertainty sources
(Figure 1). The use of climate model data to the estimation of TCI either in the past or in projections
is considered one of the greatest sources of uncertainty in climate change impact studies.
Uncertainty of climate modeling is analyzed elsewhere. However in the context of TCI estimation,
each parameter contributes in different weight to the final TCI score. Hence the identification of the
contribution of each climatic parameter to the TCI estimation is important in order to quantify the
uncertainty induced from each parameter to the TCI. A simple and well-established method that can
be used is the sensitivity analysis to each parameter of TCI separately. A second aspect of uncertainty
is how well the RCMs agree on the climate favorability estimation for tourism and recreational
activities, as different RCMs provide different TCI estimations. A simple but robust indicator to
quantify the uncertainty to the estimation of TCI using different RCM model data is the estimation of
coefficient of variation (CV). The CV is defined as the ratio of standard deviation to the mean of the
different model estimations.
A third source of uncertainty is the connection of a climate favorability index to a measured tourism
indicator, like the overnight stays. While it is difficult to quantify the pure climate effect on the
tourism flows, the natural arising connection between them are well explained by simple correlation
methods.

53

Figure 2.10: Uncertainty propagation through the impact modeling chain.

Examples on methods to assess uncertainties in summer tourism
A formal sensitivity analysis was conducted to the climate data of DMI-HIRHAM and SMHI – RCA3 for
the period 1961-2000 for the European region in order to quantify the uncertainty induced from
each TCI parameter to the final index. One parameter at a time was modified by a certain magnitude
in mean and standard deviation. Combinations of change in mean and standard deviation were
tested in each variable separately. Figure 2.11 shows the effect of change in each parameter to the
TCI index. The results of the sensitivity analysis show a clear predominance of maximum temperature
and sunshine duration to the estimation of TCI. Either on the entire year average or the May to
October months, it is clear that TCI is mainly affected by the two variables. This is mainly attributed
to the relative weight of the thermal comfort sub index of TCI that corresponds to the daytime
comfort. Nonetheless, the minimum relative humidity that is also used for the daytime thermal
comfort, does not exhibit significant sensitivity. It can be also observed that the change in mean has
a stronger effect in the TCI change than the change in standard deviation. This is mainly the case for
the maximum temperature, while for sunshine duration the effect of change in standard deviation is
clearer. It is worth to note that both tested models show very similar sensitivity in changes in data,
which is a clear indication that the sensitivity of the TCI index is less related to the model selection.
Relative humidity and wind speed are the parameters with the lower sensitivity to the TCI.
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Figure 2.11: TCI change on DMI-HIRHAM and SMHI data for each parameter change for entire year
average and for the summer months (May to October). Values in horizontal dimension indicate
change in the mean value of the corresponding parameter, while the change in variance is shown
vertically. The change in both cases is expressed in standard deviation units (i.e. a change in
standard deviation by a factor of 0.5 means that the modified series will have the half standard
deviation comparing to the original).
Different RCM data provide different TCI estimations. A simple but robust indicator to quantify the
uncertainty to the estimation of TCI using different RCM model data is the estimation of coefficient
of variation (CV) which can be used as a standardized measure of dispersion of TCI derived from
different RCM models data. The CV is defined as the ration of standard deviation to the mean of the
different model estimations. The coefficient of variation was estimated for the five IMPACT2C
slowtrack RCMs over Europe for the period 1971-2000. The results are presented in Figure 2.12. The
CV ranges mainly under 3%, for both May to October and June to August periods. Small areas of
Northern Spain, and mountainous regions of Alps, Pyrenees and Kjolen shown higher CV values.
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Figure 2.12: Coefficient of variation of TCI among five different RCM estimations for the period
1971 – 2000.

The resulted Tourism climate Index was used for its direct correlation to the overnight stays data
derived from Eurostat database for the historical period. Details about the methods are provided in
the IMPACT2C D6.1. As it was indicated before, overnight stays are subject to a large number of
climatic and non-climatic parameters, the degree of correlation only to the latter would be limited,
especially in the winter tourism destinations. The coefficient of determination was estimated in
NUTS3 level. It was found that the methods used can explain a large part of the relation between
climate and overnight stays, with the correlation coefficient to be found greater than 0.7 (Figure
2.13). Additionally, the model exhibits poor performance in the Scandinavian countries, Austria and
parts of France.
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Figure 2.12: Coefficient of determination between TCI and overnight stays for each NUTS3 area.
Hollow areas indicate lack of data.
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By analyzing the impact of sea level rise on the European coasts ( D6.2) uncertainty is given not only
for different climate change scenarios and specific emissions pathways. Additional attention has
been brought for the magnitude of ice melt, which for the RCP8.5 could represent a step-change in
the costs of dike building and flooding, rather than maintaining or decreasing costs as seen in other
scenarios. Here the HadGEM2-ES has been driven with low, median and high levels of ice melt for
RCP2.6, 4.5 and 8.5. A hypothetical scenario of no sea-level rise has been analyzed as a baseline to
determine the residual component of climate change. These have been combined with SSP1-6. And
made a total of 50 DIVA runs.
Four vulnerable areas outside Europe have been examined and the issues of uncertainties have been
address in D3.2
It was shown that the large spread between the models indicates that this average scenarios not a
prediction, but just a reasonable expectation. Over Africa, several models have been used and
included two extreme GCMs (MPI and MOHC). Over Bangladesh and Maldives, only 3 independent
simulations instead of 13 over Africa have been taken into account. These 3 GCMs were rather
consensual in terms of global climate sensitivity, although the corresponding RCMs exhibit different
precipitation responses over the two regions.
Different ways for improvement of uncertainties’ analysis skills have been suggested. A first way of
improvement is to aggregate more regional models in the two regions, however the new CORDEXAsia runs have not been applied in the project due to time constrain. A second way of improvement
concerns the Maldives. The ocean grid points have been considered to describe the climate of
islands. It is possible to trick with the land/sea distribution so that one grid point at high resolution
(10 to 15 km) represents an island. But to take full benefit of this, the surrounding ocean should be
coupled with the high resolution atmosphere. A third way of improvement is to produce regional
scenarios with models which represent convection by the physics laws (i.e. nonhydrostaticequations) rather than with empirical one-dimensional parameterizations. Indeed, in the
four regions of the study, precipitation is essentially produced by convective motions.
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Chapter 3
Decision making under uncertainties
The work on decision making under uncertainty was presented in Deliverable 5.3 (Methods for
impact and cross sectoral assessment, socio-economic scenarios and cost calculation) and in
Deliverable 5.2 (methods for decision making under uncertainty and guidance document).
As these are separate deliverables, these are not repeated here, but a brief summary is presented to
cross-reference the work.
Deliverable 5.3 set out the issues for considering uncertainty for impact and cross sectoral
assessment, socio-economic scenarios and cost calculations. Importantly, this considered the issues
with combining the new RCP and SSP.
The aim was to develop guidance on principles of impact assessment for the IMPACT2C project,
covering such issues as the integration of data for both climate change and socio-economic change in
future time periods; identification of the relevant geographical level of detail; the integration of
spatial levels of analysis, and consideration of outputs to allow consistent results. The aim was to
ensure a consistent and harmonised analysis within the project, to ensure compatibility in analysis
and reporting of results. It also included discussion of methods for economic costs to ensure the
consistency of economic analysis. Finally, it includes some discussion of the linkage to adaptation.
One of the key issues that the deliverable advanced was to address the combination of the
Representative Concentration Pathways (RCPs) and the Shared Socio-economic Pathways (SSPs).
These were not designed as a new, fully integrated and self-consistent set of socio-economic and
emission scenarios over time (as with the previous IPCC Special Report on Emissions Scenarios (SRES)
(Nakicenovic, N. et al., 2000)), but instead offer the potential to mix and match alternative
combinations.
However, the large number of possible combinations that can arise leads to a potentially very large
number of model runs, especially when combined with climate model uncertainty (from the
EUROCORDEX runs). The project introduced a sampling method to provide information across the
matrix, taking account of the combination of RCP, climate model, and SSP, to allow the consideration
of uncertainty in any subsequent adaptation analysis (see Conclusion). This was important to ensure
that the information needed to address adaptation – such as for potential use in new decision
support tools for uncertainty - was generated.
Deliverable 5.2 provided a more in-depth analysis of how the potential information from the study
could be used subsequently for adaptation. This recognizes there is a growing focus on practical
implementation of adaptation, but also that it is important to consider uncertainty, and to plan
decisions so that they take account of this.
Against this background, the deliverable reviewed the possible methods for decision making under
uncertainty and considered their application to IMPACT2C. The approaches considered include:
social cost-benefit analysis; cost-effectiveness analysis; real options analysis; portfolio analysis;
robust decision making and iterative risk management (adaptive management).

59

These techniques are primarily intended for use at the project level, while the focus on IMPACT2C is
on pan-European impact assessment. Nevertheless, the concepts of these approaches provide some
general principles for the consideration of adaptation, even at the European scale, for example, in
the form of iterative approaches to adaptation problems.
Subsequently, individual WP impact tasks used the guidance in 5.3 to build up a picture of the future
impact uncertainty. Analysis was undertaken in relation to the analysis of floods, water impacts, sea
level rise, agriculture and ecosystems, as well as energy and tourism.
For a number of specific WPs, a more context specific analysis is explored. An important aspect of
the work in WP 10 was projecting adaptive capacity (AC) to a 2 degree world. D10.2 discusses
uncertainty in AC measurements and numerous factors which influence future AC.
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Chapter 4
Visualization of Climate Change Information
(Susanne Pfeifer)
Climate Signal Maps
To assess the results of ensembles of climate change projections and to display not only mean
projected climate changes but to give also information on the robustness or uncertainty of the
results, various analysis and visualization methods exist.
In this report, you can find examples (Figure 4.1). These figures comprise plenty of information and
can be very useful to assess and quantify projected climate changes as well as the different sources
of uncertainty.
However, for non climate scientists, they might be hard to understand due to their complexity. To
reduce this complexity, we developed the method of climate signal maps.
Climate signal maps do not show all information available from the model ensemble, but give a
condensed view in order to be useful also for non climate scientists who have to assess climate
change impact during the course of their work.
This is achieved by: i) considering only one direction of changes (increase or decrease). ii) displaying
the changes using very coarse categories and only three colours: green for small changes, orange for
medium changes, and red for large changes. iii) displaying the projected changes using application
oriented regions. iv) assessing the robustness of the climate changes signal and displaying ensemble
median changes only for those regions where the climate change signal is classified to be robust.
Robustness here is defined as a combination of agreement of the simulations in the direction of the
changes and the significance of the changes projected by the individual simulations The details of the
climate signal map method are described in Pfeifer et al (2015).
Within IMPACT2C, we generated climate signal maps for an ensemble of simulations consisting of the
bias corrected CORDEX-EUR-11 data provided by WP4 (5 RCP4.5 simulations, 4 RCP8.5 simulations
and 2 RCP2.6 simulations) and for the +2C period compared to the reference period of 1971 to 2000,
using the European NUTS regions (EU, 2011). Here, the projected changes for a given region were
classified to be robust if 1) more than 66% of the simulations indicate increasing precipitation and 2)
more than 66% of the simulations project significant changes (calculated using the Mann-Whitney Utest with a significance level of 0.85).
An example is shown in figure 4.1 for the increase of annual precipitation. The white regions in
southern Spain, Italy, Greece, and Turkey indicate regions where the ensemble median projects a
decrease in annual precipitation. For large parts of northern and central Europe, increasing annual
precipitation is projected and classified to be robust. In the gray regions, mostly located in the
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transition zone between the decreasing annual precipitation in south Europe and the increasing
annual precipitation in northern and central Europe, the projected change in annual precipitation is
classified as not robust.

Figure 4.1 Increase of annual precipitation (%) for the +2C period compared to the reference period
of 1971 to 2000. Color coded: median of 11 bias corrected COREDX_EUR-11 simulations. Gray
regions were classified as not robust.
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Conclusion
The overall aim of D5.1 was to assess uncertainties in the chain “climate-impact-costs”. To achieve
this the ensemble method was applied. The sources of uncertainties were addressed throughout all
paths of the modelling chain using the ensemble approach not only for climate models abut also for
SSPs and impact models and analyzing the uncertainties through sensitivity studies.
This means that through the use of the mandatory scenarios, multiple impact models and several
SSPs a wide range of possible developments have been analyzed. The singles steps have been done
following the below mentioned activities:
Climate
The uncertainties were firstly quantified in the climate parameters that were selected for the impact
studies. For these variables, the main sources of uncertainty are raised from uncertainties in human
external forcing ( e.g future emission scenarios) and climate models. Since the internal climate
variability is well known to be the largest source of uncertainty in the projections with temporal scale
less than 10 year, it was considered not to analyze it in detail for 30 years running mean.
The steps summarized in the Table 1 were undertaken to assess the uncertainties in the IMPACT2C
project.
Table 1. Assessment of uncertainties in the IMPACT2C project.
Source of
Assessment used in IMPACT2C
Note
uncertainty
Natural
This issue has not been addressed in the project
forcing
Human
Different RCPs and SRES scenarios are
The +2oC period was defined for the A1B,
external
considered
RCP2.6, RCP4.5 and RCP8.5 scenarios
forcing
Climate
The ensemble of mandatory simulations * RCMs should be developed by different
model
are used
institutions;
uncertainties
* RCMs should be driven by different
general circulation models (GCMs);
* RCMs should have different behavior of
climate change signal
Bias correction applied to the model
Themeßl et al. (2011) proposed the
output datasets
quintile mapping (QM) approach,
combining dynamical downscaling with
observations. The observations
of the gridded observational data-set EOBS ( regular grid 25 x 25 km) are used.
Then the 2 degree target has been identified. In this study the +2oC period is the time when the 30year average global mean temperature reaches +2oC compared to the pre-industrial level ( see table
2).
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o

2C
Pre-industrial period
Base period
30 year running mean
o

2 C period

Table 2. Definition of 2oC target

Global mean temperature rise of +2 compared to a pre-industrial period
1881-1910
1971-2000
Both the pre-industrial warming until base period and the future warming since
base period are determined by smoothed time series using a 30 years centred
moving average
Pre-industrial warming until base period + Future warming reach 2oC the first time.

The regional simulations from the ENSEMBLES project (CMIP3) and from the EURO-CORDEX initiative
(CMIP5) were used in the project to create the multi-model ensembles. The special procedure was
applied to select the combination of global/regional models which represents the entire spread of all
available simulations and is as independent as possible. Following three main criteria mentioned in
the Table 1 and described in detail in chapter 1, five regional climate simulations for CMIP3 and
CMIP5 were selected (see table 3).
Table 3. Climate simulations used in the project
RCM
DMI-HIRHAM
SMHI-RCA
METEO-HC-HadRMQ0
CNRM-RM5.1
MPI-REMO

Driving GCM
BCM
HadCM3Q3
HadCM3Q0
APREGE
ECHAM5

Emission Scenario
A1B
A1B
A1B
A1B
A1B

CSC-REMO2009
IPSL-WRF331F
KNMI-RACMO22E
SMHI-RCA4
SMHI-RCA4

MPI-ESM-LR
IPSL-CM5A-MR
EC-EARTH
EC-EARTH
HadGEM2_ES

RCP2,6, RCP4.5 and RCP8.5
RCP4.5
RCP4.5 and RCP8.5
RCP2,6, RCP4.5 and RCP8.5
RCP4.5 and RCP8.5

Furthermore it was shown (Chapter 1) that the spread projected by the entire ensemble is captured
well with the mandatory simulations.
The research done by DMI (chapter 1, this deliverable) was taken into account to assess uncertainties
range from different emission scenarios. It was shown that on the timescale involved in reaching +2
degree there is no difference in the regional climate in Europe due to the emission scenarios.
To tackle the uncertainties caused by the systematic errors of climate models (model biases), the
quintile mapping approach (QM) was implemented [Themeßl,2011; Wilcke, 2013]. The E-OBS
version 5 dataset on a regular 25 km x 25 km grid (Haylock et al 2008) for the period of 1965 to 2010
was used as the reference. The bias correction was applied for four parameters available in E-OBS.
These are daily mean, minimum & maximum of near surface temperature (tas) and precipitation
sum. The WATCH Forcing Data based on ERA-Interim (WFDEI, http://www.euwatch.org/data_availability, Weedon et al., 2010; Weedon et al., 2011) were applied for bias
correction of radiation.
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To avoid a change in the surface energy budget, the relative humidity datasets have not been
corrected. The QM was instead of applied to absolute humidity to reduce the inconsistency between
humidity and tas.
A gridded climatological dataset of observed 10m wind speed at the ENSEMBLES 25km spatial
resolution that covers the entire European domain. The QuickSCAT satellite dataset over the year
2000 (Ruti et al 2008) over sea and the ISDLite database over the period 1981-2000 (Smith et al
2011) over land were implemented to the bias correction of wind.
The bias correction methods and the evaluation methods are described in detail in D4.1.
The detailed comparison of bias-corrected vs raw model output showed that the bias-corrected
methods used in the project are very successful in removing biases and adjusting distributions. At the
same time there is no substantial improvement of the temporal structure of time series (Wilcke et al
2013). Nevertheless the bias corrected datasets are appropriate to analyze the impact of +2oC global
warming on different sectors.
All skills mentioned above have been applied to show robustness of projected climate changes for
the +2oC global warming. In IMPACT2C, the robustness of climate signals is proved by using the
multi-model-multi-emission ensemble of mandatory simulations and is simply defined on model
agreement on positive sign of change.
Furthermore, the ensemble of climate simulations provided a bandwidth of output variables for each
time step and each gridbox. The percentile analysis captures in the best way a wide range of
potential future climate change under +2oC degree warming. The selected percentiles were those
representing the 20th , 50th , and 80th percentiles. This is appropriate for the main tendency and
excludes the effects of outliers or more extreme projections. The 50th percentile (median) is better
suited to describe the average outcome of the ensemble simulation than the mean. Here single
outliers do not influence the value and it is independent from the ensemble’s size.
The test for significant change was individually performed for each climate model with a MannWhitney rank sum test. It compares the ranks of the reference (1971-2000) and the future ( +2oC)
periods .
Impact
The same methodology has been applied to show robustness of the simulations done by different
impact models. The ensembles of models, which are used for different sectors, and driven by the
EURO-CORDEX mandatory simulations are listed in the Table 4:
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Msims – mandatory simulations see Table 4:
Data
set/Sector
Water

Agriculture

Forestry/Ecosy
stem services

Tourism

Coastal
Energy
Wind energy
Solar
photovoltaic
(PV)
Gross
hydropower
potential

Impact Models
and variables
E-Hype;
LisFlood; LPJm;
VIC
WBM
EPIC:

WP(s)

RCP2.6

RCP4.5

RCP8.5

6, 9

2 Msims x 10
hydro model
Total 20

5 Msims x 5
hydro model
Total:25

4 Msims x 5
hydro model
Total:20

7,10

Rain fed:
2Msims x EPIC
Irrigation:
2Msims x EPIC
Total:4

Rain fed:
2Msims x EPIC
Irrigation:
2Msims x EPIC
Total:4

None

LPJmL

7

2Msims x EPIC
Total:2

5Msims x EPIC
Total:5

None

CLM4.0-CN:
G4M: changes
in the output is
mainly the
potential
increment per
forest hectare
per year and t
LPJmL:

7
7

2Msims x G4M
Total:2

5Msims x G4M
Total:5

None

7

2Msims x
LPJmL
Total:2

5Msims x
LPJmL
Total:5

None

TCI: summer
tourism (beach)
effects, and
value at risk
Summer
tourism value
at risk

6, 9

1 EC-Earth
SMHI
Total:1

5Msims
Tota:l 5

4Msims
Total:4

6, 9

1 EC-Earth
SMHI
Total:1

5Msims
Tota:l 5

4Msims
Total:4

Winter tourism
value at risk

6,9

2msims
Total:2

5Msims
Tota:l 5

4Msims
Total:4

DIVA:

6

2msims
Total:2

5Msims
Tota:l 5

4Msims
Total:4

wind power
potential &
production
PV power
potential and
production
E-Hype;
LisFlood; LPJm;
VIC. WBM

6

-

5Msims
Tota:l 5

4Msims
Total:4

6

-

5Msims
Tota:l 5

4Msims
Total:4

6

-

5 Msims x 5
hydro model
Total:25

4 Msims x 5
hydro model
Total:20
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Data
set/Sector
Air pollution

Impact Models WP(s)
RCP2.6
RCP4.5
RCP8.5
and variables
ECLIPSE emissions of 2050 developed in the ECLIPSE project have ben used

SSPs
In addition to the RCP scenarios, a number of SSP projections have been used as a basis for
forecasting adaptive capacity into the future. The SSPs are a part of a new framework developed to
facilitate the production of integrated scenarios based on combined climate projections, socioeconomic conditions, and assumptions about climate policy, with the aim of facilitating research and
assessment across research communities (see D.5.2 for more details). However, the large number of
possible combinations that can arise leads to a potentially very large number of model runs,
especially when combined with climate model uncertainty. That’s why IMPACT2C introduced a
sampling method to provide information across the matrix ( see table 5) to allow the consideration of
uncertainty in any subsequent adaptation analysis. This was important to ensure that the
information needed to address adaptation – such as for potential use in new decision support tools
for uncertainty - was generated.
Table 5. RCP and SSP used in the IMPACT2C projects
SSSP3
SSP4
SSP5

SSP1

SSP2

Control

xx

XXX

xx

RCP 2.6
1
2

x
x

XXX
XXX

XXX
XXX

XXX

XXX
XXX
XXX
XXX
XXX

XXX

RCP 4.5
1 (low temp)
2
3 (mid)
4
5 (high temp)

x

x

x

x

RCP 8.5
1 (low temp)
x
2
x
3 (mid)
XXX
XXX
x
4
x
5 (high temp)
xx
* Key: XXX Mandatory, xx if possible preferred, x if possible
In summarizing the above-mentioned aspects, the following conclusions can be drawn.
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Within IMPACT2C the major advance was achieved by using multi-model-multi-scenario ensembles
which ensures consistency of the climate to impact model linkages. It also indicates the strengths
and weaknesses of individual models.
Furthermore, IMPACT2C applied an innovative approach that looks at the climate model response
when each model hits 2°C. It allows to remove the time element, e.g. compare model A at 2°C
(2030-2060) with model B at 2°C (2045- 2075).
However it was difficult to develop general guidelines on model use. After intense discussions among
the project partners the decision was made to study uncertainty related to specific

questions/applications and to utilize sensitivity studies. The crop impact studies (WP7) showed
that uncertainties can be traced not only to different spatial and temporal sources, including input
data but also to model structure, process parameterization and model validation status.
The major challenges remain for adaptation and quantification of impacts, costs. These results are
still highly uncertain. The adaptation options are time dependent, because impacts are a function of
A) future climate + B) future socio-economic (e.g. population), so impacts at 2C in 2040s are different
to 2C in 2070s, because population and GDP are different. Apart from depending of known science
and plausible future of greenhouse gas emissions, difficult decision making lends much uncertainty in
future impacts and potential adaptation measures.
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