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1. Executive Summary

This deliverable capturggogress and outputs from the probabilistic projection methodologies,
developed or assessed in EUCP. It includes links to the dissemination of WP2 climate projections
and assessment of their various strengths and limitations. Here we outline some éwhtop

level science messages from this work:

1

The availability of new CMIP6 climate simulations appear to change the European Climate
Projection picture, pointing towards warmer summer conditions across Europe without the wetter
Northern and Central Eapean summer projections seen in earlier climate models.

All the constraint methods delivering local probabilistic projections, mainly applied to the CMIP6
models, agree on a common picture of the mean climate over the 20460 period, both in

summer andwinter. This is a remarkable result, particularly because the application of the
methods here did not benefit from the same common frameworks (as used in deliverable D2.2).
The constraint methodologies applied to the new CMIP6 simulations tend to daight the

warmer end of the climate projection ranges.

The diversity of the proposed probabilistic methods allows us to respond to a large spectrum of
user needs (who would require, for example, a comprehensive estimate of climate uncertainty, or
spatialconsistency over large regions etc.).

Anewoutof-a I YL S G LISNFSOG Y2RSté¢ lylfeara LINRPDARSaA
comparison of skill in available probabilistic climate projection methodologies. This approach
demonstrates that using obseational constraints provides a clear benefit for temperature (for all
methodologies) over using just raw climate model ensemble data. It also exposes limitations of a
couple of individual methods, with two showing degradation of sk#fiiher Mediterranean
temperatureor central European and Mediterraneaainfall projections.

There is insufficientlimate change signal in thrainfall to providea reliable constraint on future
rainfall changes based on the observations to date. Theobgample analysis the first toshow

that there areno consistenimprovements over takinthe raw climate model spreagthough

those methods that provide welds for individual modelsnaystill have value in excluding
particularly poor simulations, even where doing so does not reduce the overall projection range.
The outof-sample analysis indicates that a mutiethod constraint performs better than each
individual constraint.

Insights from the oubf-sample analysis provide useful context for potential users, by highlighting
particular methodologies with potential issues in the Mediterranean and by identifying which
variables are likely to benefit most fromauconstraints (temperature, and variables closely linked
to temperature change).



2. Project Objectives

WITH THIS DELIVERABEEJCRMAS CONTRIBUTED TO THE ACHIEVEMENT OF THE FOLLOWING QBESCRNHESON
OFACTION SECTION..1):

No. Objective Yes No

Develop an ensembles climate prediction system baseq
1 high-resolution climate models for the European region

for the nearterm (~140 years) o

Use the climate prediction system to produce consisten
authoritative and actionable climate information
yes

Demonstrate the value of this climate prediction system
3 through high impact extreme weather events in thear

past and near future
no

Develop, and publish, methodologies, good practice an
4 3dzZA RFyOS F2NJ LINPRdAzOAY 3 |y
climate predictions for 40 year timescales yes




3. Overview

3.1 Motivation

1 Not all current climate simulations are equally likely, and yet measures of more
skillful projections are not routinely used in current climate projections.

1 There is, therefore, interest in exploring the range of current methods that use
evaluation of simulated historical skill vs observations to assess the more likely
future response

1 These methods are often effective at ruling out poor simulations. The impact of
doing so, however, may not necessarily have a large impact of the future range. It is
useful to identify where it does, as this points to more confident information for
future projected changes.

CKAAd RSTEAGSNIOGES AYa (G2 OFLINdz2NBE GKS g2N] OIF N
Uncertainty Quantifications (UQs)/Probability Densityé&tions (PDFs))There have been three
previous deliverables that have informed the reporting here. D2.1 was a report on the evaluation
and combination of potential observational/emergent constraints relevant to European climate
and D2.2 was an evaluatioaport on different methods to produce UQs/PDFs. Due to the inter
linking nature of the work that informed both of these, they were submitted as merged reports.
The previous deliverables explored the impact of using observations to down weight pooreclimat
projections in 6 different potential methodologies (that have either been used in European
projectionspreviously ordeveloped under EUCP). Furthermore, the use of observational
constraints across the prediction/projection timeline has been exploreceiivérable 5.1,

published in Hegerl et al., 2021.

The work in these deliverables represented the first systematic intercomparison of probabilistic
methods, which exposed both where there was common agreement on the inferences (which
might imply a more robst result) and where the inferences disagreed across methodologies
(highlighting lack of consensus). The current deliverable (D2.3) extends this work in a number of
important ways:

1 To bring the climate projections up to date, in light of CMIP6

1 Make obsevationally constrained projection data availablelhere are a number of ways
that WP2 has worked to do this, beyond the publication of papers. This includes an Atlas of
European Climate Projections and (downloadable) access to this underlying data for all
WP2 methodologies. We have also strongly encouraged groups to release source code and
public implementations (e.g. ESMValTools).

1 To provide clearer information on adopting an observationally calibrated approachis
work package looked at climate projemts from 6 different methodological approaches,
with the aim to provide an assessment of the added value and shed light on potential
differences in outcomes. The expectation was to use the outcome as a basis of selecting a
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targeted, reliable methodologyhtit could underpin European climate projection advice.
However, the outcomes of this assessment left it as an open question to the reader what
method to adopt, which for almost all potential users of this data falls beyond their
expertise. The challengetisat these methodologies have each been developed against
different use cases and each has distinct strengths. This deliverable aims to address the
challenge of selecting and applying methodologies to observational constraint climate
projections in a numér of ways: We discuss a number of hypothetical user cases which
explore how different users can make use of the methods presented here, considering
their expertise and need. Secondly, we expand and explore ways in which these
methodologies are differentihich informs the former). Lastly, we present a new perfect
model analysis that provides objective assessment of the skill of individual methodologies.

Framing of the deliverable in this way, has been influenced by the feedback we have received
from our External EUCP reviewers.

3.3 DeliverableOutline

CtKAad RSEAGSNIOGES FAYa G2 OF LI dzZNS (BrédSctiog BNJ
Uncertainty Quantificatioa (UQ)/Probability Density Functions (PDEs)t is not intended to
bereadlinearly, from cover to covelbut instead as a reference to particular analysis and work
strands.This brief description here is intended to provide a plain language guide.

This task hasither produced or is the final sgges of producing a number of key outputs. These
outputs are described in the following sectioBgction 4.

One of the key new developments th#tis deliverable captures is the arrival of new CMIP6
simulations (that have come online, in sufficient numibe@ now beused as a basis for updated
climate projections).CMIP6 offers a different picture of how Europe will change, compared to
previous generations of climate model projections. We discuss these differences and what
they may or may not mean in pectce, in Section 5

Section 6documents the application afeveralour WP2 methodologies tthe new CMIP6 data.
This section is fairlgechnical andntended for those who wish to understarile details of the
underlying WP2 methodologies.

One of the key outputs from the Task 2.2 activity has been the productiomewof climate
projection maps of Européthat will be madepublicly availablg. Section 7presents an
overview of these new profions.

There are differences evident betwedturopean climate projections produced by our 6 WP2
methodologies. Some of the more influential differences are discuss&eation 8alongside
some of their implications.



Section 9resents exploratioaof a numberfurther application of these methodsThe first of

this is the output from a systematic oubf-sample blindtest of each of our methodologies (in
Section 9.). Thisprovides an objective assessment of whether calibrating available climate
simulations using observations adds value or gamplications of which influence potential
user applications (discussed in Section 18gction 9.2introduces the application of the first
observational constraints othe range ofextreme precipitationchange (using one of our WP2
methodologies). The new European climate projection maps produced in the nelasAt
(sectiors 4 and 7) are based @f@-yearclimate mean changedn Section 9.3wve illustrate how
internal variability can change thigrojection picture at small spatial or temporal scales.
Finally, we explorén Section 9.show some of the new constrained ranges can prowadeider
context for thenew Convective Permitting Regional Climate Models produced in EUCP (in work
package 3).

Thelast section(Section 1) focusesn the adoption of WP2 observationally calibrated climate
projection methodologies by potentialisers andaims to draw outthe various strengths and
limitations of availability methodologiegirstly,in Section 10.lwe provide a precis of theut-
of-sample analysis pointing to the relative strengths of available methods awndhere
calibration with observations does does not add valueThere are different barriers tapply
WP2 methodologies to new applicationdn Section 10.2 we providean indication of the
challenge involved in doing so, for those methods which have made their code available. In
Section 10.3we discuss spatial and physical coherence, which isaaufe of a subset of
projections and we briefly summarise theavailable outputs and added strength the
available methodsin Section 10.4 In the final subsection, Section 10.5 we use four
hypothetical users, and their climate information needs,pimvide some signposting to how
available data from WP2 might be used.

3.4 Observationally constrained ranges and the IPCC

During the course oEUCP, methods that constrain climate projections based on their ability
to capture observed changes have gained greater acceptance. The recent adoption of such
methods in the latest IPCC report, is perhaps the best illustration of this. Quoting from the
Summary for Policy Makers (SPM):

For the first time in an IPCC report, assessed future changes in global surface
temperature, ocean warming and sea level are constructed by combining multi
model projections with observational constraints based on past sited!
warming, as well as the AR6 assessment of climate sensitivity.

Summary for Policy Makers, ARG, IPCC
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Two of the WP2 methods that constrained the future projection range, based on observations
of past changes contributed are featured in the AR6 asseasmAccounting for model
dependence and performance was also discussed as an important consideration in the latest
IPCC report (AR6, CH4, Box4.1). The Climate model Weighting by Independence and
Performance (ClimWIP) method (Knutti et al. 2017, Brunneale019, 2020a, b), that was
partly developed within the framework of EUCP, was, among other approaches, highlighted by
the IPCC for taking into account model independence. As the method and source code of
ClimWIP are freely available they can also bedufor other studies, such as the one by Liang

et al. (2020), which was used to constrain future projections in IPCC (AR6, CH4, Fig. 4.11).

. (a) Unconstrained CMIP6 6 (b) Constrained CMIP6
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Figure 4.11reproduced from Chapter 4, ARG, IPCC asses$nialttiple lines of evidence for
GSAT changes for theng-term period, 20842100, relative to the average over 199914,
for all five priority scenarios. The unconstrained CMIP8% ranges (coloured bars) in (a)
differ slightly because different authors used different subsamples of the CMIP6 archive. The
constrained CMIP6@®5% ranges (coloured bars) in (b) are smaller than the unconstrained
ranges in (a) and differ because of different samples from the CMIP6 archive and because
different observations and methods are used. In (c), the average of thesandb) is formed
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(grey bars). Green bars in (c) show the emulator ranges, defined such that the best estimate,
lower bound of the very likely range, and upper bound of the very likely range of climate
feedback parameter and ocean heat uptake coefficieake the values that map onto the
corresponding values of ECS and TCR of Section 7.5 (see BOX 4.1). The time series in (d) ar
constructed by taking the average of the constrained CMIP6 ranges and the emulator ranges.
The yaxes on the rightand side areshifted upward by 0.85°C, the central estimate of the
observed warming for 1992014, relative to 18501900 (Cros€hapter Box 2.3, Table 1).
Further details on data sources and processing are available in the chapter data table (Table
4.SM.1)

The second W2 methodology, KCC (Ribes et al, 2020, Qasmi et al, 2021), was one of three
methods used in the IPCC figure 4.11 illustration (see figure above). KCC was formally known
as HistC in the previous EUCP deliverables D2.1 and D2.2 (and referred to in the figud8 & WA 0 ¢
St té¢ovo

This AR6 quote is not quite accurate. In fact, another WP2 probabilistic methoddA&¥,

(Allen et al., 2000; Stott and Kettleborough, 200@ps used in the IPCC AR4 to constrain
temperature projections together with the model range (Knutti et al., 2008) and herasthe

first methodology used in this contextHHowever, it is now gratifying to see these methods hold

a higher profile place.

One of the factors that prompted the IPCC lead authors to adopt these methods has been the
differences between what the AR6 report deems the likely range to be for global climate
sensitivity, and the new CMIP6 ensemble that appears to sample a large nwintsalisations

in the upper end of this likely range. Weighting these new CMIP6 simulations by observations
helps to reconcile these apparent contradictory lines of evidence. The new CMIP6 simulations,
and the methods to constrain these new projectionsigas, both have implication for the
European climate outlook. We cover both of these aspects in the following sections.
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4. Work package wtputs and impact

This deliverable documents climate projections from 6 methodologies (which are referred to in
thisdeliverableby their institutional acronym). The Methodology names are also referred to here,
in the links to the source code and public implementations. The acronyms for both institutes and
methodologies are documented in Tablesand2

Four of thesanethods have been applied to the new CMIP6 simulations and are documented in
Table 1. The first three of these use observations to constrain the simulation range. The fourth
methodology (ASK) adopts an independent and cemehtary approach. It uses infioration

from a formal Detection and Attribution of the human fingerprint in observed climate change
(using a CMIP6 based estimate) to constrain the rarideture change that is consistent with this.

Table 1: List of the contributing groups and their hogts for constraining climate projections,
updated to use CMIP6 as the basis.

\Contributing Institute Hlnstitute Acronym HMethod name \
International Centre for Theoretical Physics  [ICTP IREA |
Centre National de Recherches Météorologique KCC (formerly
Le Centre National de la Recherche Scientifiqu CNRM/CNRS HistC)
El__dgenosssche Technische Hochschule (ETH) ETH Zurich (ETHZ)|ClimwWIP

Zurich

University of Edinburgh |UEdin IASK

This deliverable also present climate projections from twlmeo methodologies, in Table 2. These
draw on different, bespoke, climate model ensembles that@mesidered statef-the-art even
though they arenot tied to the CMIP cycles.

Table 2: List of the contributing groups and their methods for constrainmgtel projections, that
provide updated projections for the new regions (e.g. Atlas).

\Contributing groupHInstitute AcronynﬂMethod name\

‘University of OxforHUOxf HCALL \
UK Met Office | |Met Office lukcp |
Terminology

In this deliverableall the methods describedmake use of the observational record to identify

future projections that are most consistent withe observedclimate Methodologies will

G NA2dzaf & RSAONAROGS GKAA |a aoSAIKIGAYIE o/t AY?2
constraii € 6/ fAY2 Lt w9l !'Y/t3X Y// 0 6KSNB (GKS 20
climate projections from the detection and attribution approach (ASK) and from CALL are able to

shift distributions of projected change in light of the observational congoex, so are not strictly
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ALISIE1TAY3 6AGK  agSAIAKIGAYIE 2N aO0O2yaiGNI Aylce
projections against observations. In this deliverable, we do not dwell on these differences and use
GO2YyaiGNI AYyGé Ay ISyy2aE 1INSS/ SIND (i dziat Styea SRA &0Kdza a A ¥ :

4.1. Task 2.2 outputs

Atlas
We have been develaa a Climate Projection Atlate providepublicaccess teseasonal mean

Europearclimate projectionrmaps and underlyindata, from WP2 methodologiesThis provides
complimentary information to the IPCC AtlaFhe recent IPC@G1 reportconcludes that
(globally) therange of projeatd global climate changes are broadly inline withliea
assessmentsvhereas thenew CMIF simulations include a large numberpybjections whichare
warmer than earlier assessment$his is because the WGL1 repeyinthesizesnultiple lines of
evidence, including output from methodologies to constrain climate projection based on historical
observations (such as those presented hehat suggesthese new warmer projections are
samples ofess likelybut still plausiblerharmges However this synthesisnalysis is not reflected
in the IPCC Atlas which just present the raw CMéd§e. The EUCRmate Projection Atlas
presentsboth raw and constrained climate modeinges This provides the firgtubliclyavailable
data portal forobservationallyconstrainedclimate projectionsin this case for the European
domain.

Top level messages from this Atlas are analysed in Sectidris/presents readers with maps of
projected changes in midentury European temperature and precipitation, for both summer and
winter. This Atlas has been developed in conjunction with Peter Kalverla and Yang Lui-at the e
Science Centre (WP6)

Data
Data the underpins the Climate Projection Atlas is available for public download (via the
download link on the Atas). This download is not yet live, as we are still in the process of
standardizing the outputs from our different Methods.

Papes

Projections from ALL groups

Brunner, L., McSweeney, C., Ballinger, A. P., Befort, D. J., Benassi, M., Booth, B., Coppola, E.,
RS +NASaZ | ®X | I NNAasX DI | SASNI S D [/ &3 Yydz
Qasmi, S., RikeA., Stocchi, P., & Undorf, S. (2020). Comparing Methods to Constrain Future
European Climate Projections Using a Consistent Framework. Journal of Climate, 33(20), 8671
8692. https://doi.org/10.1175/JCID-19-0953.1
CNRM/CNRS

Ribes, Aet al. (2021): Making climate projections conditional on historical observations.
Science Advances, 7, eabc0671, DOI: 10.1126/sciadv.abc0671

Qasmi, S. and Ribes, A. (in revision): Reducing uncertainty in local climate projections Nature
Commungations DOI: 10.21203/rs.3-864943/v1
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European climate projections using combined performandependence weighting.
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Reduced global warming from CMIP6 projections when weighting models by performance and
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weighting schemes suitable for incorporating large ensiesiinto multimodel ensembles. Earth
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Hawkins, E. (2020). Partitioning climgejection uncertainty with multiple large ensembles and
CMIP5/6. Earth System Dynamics, 11(2)c898. https://doi.org/10.5194/esdl 1-491-2020
UOKf

hQwSAfftes /& | & . STF2NIUZ 5 trgéédsEmbie Edrodpdad K S A Y
climate projections using observational data. Earth System Dynamics, 11(4)10433
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Harris, G., Lowe, J., Mahmood, R., Mignot, J., Murphy, J., Swingedouw, D. & Weisheimer, A.,
(2021): Towards consistent observational constraints in climate predictions and projections.
Frontiers in Climate.doi:10.3389/fclim.2021.678109.
UKCP

Murphy, J.M., Harris, G.R., Sexton, D.M.H., Kendon, E.J., Bett, P.E., Clark, R.T., Eagle, K.E.,
Fosser, G., Fung, F., Lowe, J.A., McDonald, R.E., Mcinnes, R.N., McSweeney, C.F., Mitchell, J.F.B.,
Rostron, J.W., Thornton, H.E., Tucker, S., Yam&zgRk018) UKCP18 Land Projections: Science
Report, Met Office Hadley Centre, Exeter, U.K.,
https://www.metoffice.gov.uk/pub/data/weather/uk/ukcpl8/scieneeeports/UKCP18and
report.pdf

Lowe J.A., D. Bernie, P. Bett, L. Bricheno, S. Bro®@al\ert, R. Clark, K. Eagle, T. Edwards,
G. Fosser, F. Fung, L. Gohar, P. Good, J. Gregory, G. Harris,T. Howard, N. Kaye, E. Kendon, J. Krijne
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report.pdf

*NOTENEITHER OF THE ABOVE TWO PUBLICATIONS WERE DEVELGHECBNNERIGBUT BOTH ARE INCLUDED HERE AS REFERENCES TO THE
UNDERLYING SCIENCE THAT CONTRIBUTES TO THIS ME,'I'AN)]I(G)L(I]GP(CASE OF BN LINKAS AN EXAMPLE OF USING AND APPLYTRGISWROM
THE PROBABILISTIC PROJECADINSTHER REFRENCES REFER TO WOREWERREDING HAS CONTRIBUTED TO THE PUBLISHED RESULTS

Method code
CNRM/CNRS
KCC R packagettps://doi.org/10.5281/zen0d0.5233947
Jupyter Notebookattps://gitlab.com/saidgasmi/kcc _notebook
Shiny applicationttps://saidgasmi.shinyapps.io/KE&hinyapp/
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https://gitlab.com/saidqasmi/kcc_notebook
https://saidqasmi.shinyapps.io/KCC-shinyapp/

ETHZ
ClimWIP development versiohttps://github.com/lukasbrunner/ClimWIP/
ClimWIP used for Brunner et al. (2020)ps://doi.org/10.5281/zenodo.4073039
Documentationof the ESMValTool implementation of ClimWIP:
https://docs.esmvaltool.org/en/latest/recipes/recipe_climwip.html
ICTP
REA methodhttp://doi.org/10.5281/zenodo.3890966

5. How does CMIP6 change the European Projection picture?

Climate projections are based on currently available climate model simulations. New global
climate model simulations from the Cougl®&odel Intercomparison Project 6 (CMIP6) first
became available within the lifetime of the EUCP projection. Whilst timescales mean that much of
our regional projection are based on previous generation global modelling (such as the new
convective permittig simulations in WP3), the new CMIP6 simulations provide an opportunity to
reassess current climate projections in light of any changes itatige-scaleEuropean climate
drivers that they represent. Each climate model generation captures the impactvahads in the
underlying climate modelling capabilities (for example, CMIP6 includes more comprehensive
inclusion of prognostic cloud properties and their interactions with aerosols (Meehl et al, 2020)
and includes higher resolution modelling). New simiolas, with their potential to shed new
insights in how climate change may manifest itself in our regions, prompts useteateate our
existing climate projections. Fexampleas has been done in Australia (Grose et at, 2020)

The impact of new CMIP&th for European Climate Projections was analysed as a core part of
this work package, angublished earlier this yeatdnlike differences in previous climate model
gererations (such as differences between CMIP3 and CMIP5) CMIP6 appears to offer a different
outlook for future European Summer climate changes.
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Figurel (reproduced from Palmer et al, 2021). Projections of average summer (JJA) and winter
(DJF) temperature change for CMIP5 and CMIP6 ensembles in their respective RCP8.5 scenarios.
Baseline: 19952014. Midcentury: 204%£2060. End of century: 2082100. Boxeshow the

interquartile range and whiskers are at 10th and 90th percentiles. Hatching is shown where the
MIPs were found to be significantly different.

As can be seen from Figure 1, CMIP6 projects stronger summer warming compared to CMIP5.
Many of these banges are linked to greater warming in the CMIP6 global projections. The AR6
report (Lee et al, 2021) attributes this greater warming to:

G!o2dzi KIEfF 2F GKS AYONBFasS Ay aavydzZ I G4§SR
climate sensitivity is more prevalent@MIP6 than in CMIP5; the other half arises
from higher ERF in nominally comparable scenarios (e.g., RCP8.5 af@l55SP5
YSRAdzY O2y T A R 8B digherkliméte @asivityigthe primary
reason behind the upper end of the warming being highél y Ay [ alLt pé

The increased sampling of larger climate sensitivities in CMIP6 simulations is the largest factor,
and for Northern Europe and the Mediterranean explains the largest difference in the European
temperature projections (Figure 1). However slioes not suggest that our current projection
advice for these European regions should necessarily change. This is because the higher climate
sensitivities that are now more thoroughly sampled in CMIP6, are not considered any more likely
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that previous IPC assessmentSo,the upper end of the projectionsicreasedbecause larger
climatesensitivitiesare sampled, not because we think these stronger responses are more likely.
ARG (Forster et al, 2021):

On average, CMIP6 models have higher mean ECS [Hguil@imate
Sensitivity] and TCR [Transient Climate Response] values than the CMIP5
generation of models. They also have higher mean values and wider spreads
than the assessed best estimates and very likely ranges within this Report.

The larger warming saples in CMIP6 are not necessarily without mekitguably previous CMIP5
based projections were poorly based to sample higher impact, but less likely changes. CMIP6
suffers not with the issue that all tha@gh-end responses are extremely unlikely, buttht has

large number osampledor less likelyhigh-endchanges. Even the extreme end of this distribution
may still have value for any assessment that might be aimed at particularly risk adverse users. As
ARG notes (Lee et al, 2021):

While highwarmingstorylinesg those associated with GSAT [Global Surface Air
Temperature] levels above the upper bound of the assessed very likely cange
are by definition extremely unlikely, they cannot be ruled out.

However, CMIP6 presents a different picture for Cehlturope. Here, the stronger warming in
CMIP6 projections is not solely due to the just stronger global warming. As such, the stronger
warmings in Central Europmnnotbe as easily dismissedalmer et al, 2028how that roughly

40% of the enhanced central European warming is due to differences in the regional response to
global change (See Figure 2). This enhanced regional sensitivity may imply that existing climate
projections, for the central European region, are undéating the future regional warming.

End of century (normalised change]

5.0 4 =1 CMIPs (32)

o ::l CMIP6 (25) |
~ 1.5 -
o
1.0 |
NEU-CEU-MED NEU ~ CEU  MED

Figure 2(taken from Figure 5 in Palmer et al, 2021). Projections of average summer normalised
temperaturechange (change per °C) for CMIP5 and CMIP6 ensembles. Where differences exist
between CMIP5 and CMIPS6, this points to enhanced regsenaitivity that is not linked to

reported differences in global sensitivity.
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There is evidence that the precipitation projections also differ. Again, particularly in summer.
CMIP6 does not sample the wetter CMIP5 summer rainfall responses in Northe@eairal

Europe suggesting, perhaps, that these are less likely. Indeed, CMIP6 points to a clearer summer
drying signal in Central Europe. For the Mediterranean region, CMIP6 suggests that the summer
drying is smaller for a certain magnitude of warmingle/lai number of stronger magnitude

warmings are now represented. So, on the face of it the range of projected summer has not
changed with the new CMIP6 simulations, though we might want to scale back some of the
stronger drying signals if we felt the strargwarming in these models was less likely. More

details of how CMIP6 changes the rainfall projections can be found Palmer et al, 2021.

This analysis, that was carried out as part of WP2, provides the basis for the next sections. Interest
in observationdly weighted climate projections goes beyond our desire to reduce climate project
uncertainties/spread. The latest AR6 IPCC assessment suggests that stronger projected global
warming in CMIP6 (which tends to increase European summer projections) is merely m
comprehensively sampling the lower likelihood but high impact responses, so this projected range
should not necessarily be directly translated into impacts. This challenge is starting to become
more widely appreciated, for example, as recently artitedeby Zeke Hausfather:

ﬁ Dr. Zeke Hausfather

" @hausfath

What would be useful is if the community could create
a set of weights (and pre-calculated weighted fields)
in-line with AR6 assessed warming ranges for
researchers to use for their own analyses. Otherwise

we will see a lot of too-warm unweighted CMIP6
results in future papers.

9:42 pm - 28 Sep 2021 - Twitter Web App
The observationally weighted approaches developed and applied under WP2 provide a way that

this challenge can be addressed. In the following section, we outline the impact of observational
constraints when they are applied to tmew CMIP6 climate projections for Europe.
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6. pservational constraints on CMIP&ew results from the
contributing groups

All the 6 WP2 methodologies have been documented before (Brunner, et al, 2020a, and
Deliverable D2.2)This section summarisehe application of those methodologies that were
applied toCMIP6 (done by CNRS, ICTP, ETH adth)J&r the first time, as well as new insights
that arise from this application The two other methodologies (neither of which are tied to CMIP
cycles) alsprovide new Climate Projection data for the Atldata from the UKCP method (Met
Office) is in the Atlgdut the method is that which has already been documenteD2i3 and
Brunner et al, 2020a. As such UKCP is only briefly discussed in this sectithe seader is
directed to an appendix for the fuller description of this method.

CNRS
CNRM/CNRS has contributed to provide constrained projections using the Kriging for Climate
Change (KCC) method with both CMIP5 and CMIP6 ensembles.
A constraint based on observed warming to date is implemented by considering past observations.
The comprehensive description of the KCC method is available in Qasmi and Ribes (in revision),
and can be summarized in three steps:
1 estimate the response of ead®MIP model to all external forcings over the historical
period;
T derive a multimodel distribution which characterizes the model uncertainty in this forced
response;
1 subselect trajectories which are consistent with available observations, according to the
Bayesiartheory.
This procedure has been applied for annGldbal Mean QurfaceTemperature (GMST) in Ribes et
al. (2021). We show that uncertainty in GMST can be considerably reduced by using the
information provided by the recent observed warmirngpically, by a factor of 3 in the past and in
the near term (i.e., by 2040) and a factor of 2 in the long term (late 21st century). Bigure
illustrates the constraints obtained for the CMIP6 and CMIP5 ensembles. On average, the
unconstrained CMIP6 ensembleoggcts a higher warming than CMIP5, consistent with a higher
sensitivity. The CMIP6 ensemble also exhibits much wider uncertainty ranges, leading to a lower
bound on 2100 projected warming lower than that of CMIP5. After applying the observational
constrant, ranges agree remarkably well in the near term (e.g., before 2040), suggesting that
observations play a dominant role in this time frame. CMH CMIP&onstrained ranges also
exhibit comparable width for all scenarios and periods considered.
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Figure 3: Comparison of warming ranges from the CMIP6 ensemble to CMIP5 and IPCC ARS.
Comparison of the unconstrained (left) and constrained (right) projected warming ranges in

response to various emission scenarios and idealized experiments, as estimatedeu€SINIP5

[17 models, Representative Concentration Pathway (RCP) scenarios] and CMIP6 ensembles (22
models, SSP scenarios) to those assessed in the IPCC AR5. Comparison is carried at different dates
for a scenario (8.5 Wi SSP8.5 in CMIP6, RCP8.50MIP5, and IPCC AR5) over the 22800

period for various emission scenarios and for the TCR and the ECS. Numbers for RCP scenarios in
IPCC AR5 are taken from table 12.2 in and shifted by +0.61°C (in agreement with the caption of

that table) to account fothe discrepancy in reference periods. TCR/ECS ranges from IPCC AR5 are
assessed likely range (implying 66% confidence). Reprinted from Ribes et al (2021).

We have transposed these new results on the constrained GMST findings to regional and local
scalesn Qasmi and Ribes (in review). The KCC method has been extended to take into account
global observations as well as local observations available at a grid cell scale. Over Europe, the
CMIP6 annual temperature projections constrained by both global aral tbservations exhibit a
reduction of the uncertainty of 50 % in average by 2050, and a downward revision of the projected
warming by about 0.5°C (Qasmi and Ribes, in revision). Overall, similar results are obtained for the
temperature projectionaggre@ted over the European SREX regions. A downward revision of 0.5
°C is associated with the NEU region for both CMIP5 and CMIP6 ensembles4(Figee

difference between the two ensembles is more marked for the CEU and MED regions. For the
MED region, therojected warming is revised upward for CMIP6 and downward for CMIP5, while
the downward revision for the CEU region in greater for CMIP5 (1°C) than for CMIP6 (0.3°C). The
higher ratio between local and global warming in CMIP6 than in CMIP5 would etkjéain

difference. We find that a constraint by the sole GMST observations leads to a downward revision
of the projections (Qasmi and Ribes, in revision), while the use of the sole local observations
provides a similar picture for both CMIP5 and CMIP6. Itspafdocal and global observations are
discussed irgection8 and 10.3
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SSP5/RCP-85 tas over 2041-2060 wrt 1995-2014 in JJA
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Figure4: Summer (Jub;August) temperature change 20440 relative to 199§2014 for the

combined European region (NMEIEUMED) as well as the three European SREX regioneed he
(blue) boxes give the unconstrained and constrained distributions for CMIP5 (CMIP6). The top
(bottom) of the box represents the 25th (75th) percentile of the distribution and the upper (lower)
whisker represents the 95th (5th) percentile.
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A perfect malel evaluation of these results has been conducted for all these results in the
associated papers, indicating a significadtled valueof the constraints.

ICTP

L/ ¢t Qad ¢2N] KIFa F20dzaSR 2y LW eAy3a GKS wStAl
seasonal temperature and precipitation changes in three different European spatial regimes. REA
dzaSa G2 3ISYSNIf GNBf Al 0Af thtivedwatNSrelidbiNhdf ¢ G2 | &
regional climate change simulations (e.g., Kattenberg etal. 1996; Giorgi et al. 2001b).

The first is based on the ability of models to reproduce different aspects of prelsgntlimate:

the better a model performance in thregard, the higher the reliability of the climate change

AAYdZ FGA2yd® 2SS NBFSNI G2 GKAA |a GKS aY2RSt LIS

The second criterion is based on the convergence of simulations by different models for a given
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forcing scenario, greater convengee implying higher reliability of robust signals that are little
sensitive to the differences among models. We refer to this agitheY 2 RSt 02y @SNHBSyYy O
For each-model, weights are calculated as:

= [(Fﬂ)m+ (|5j|)ﬂ]#'

and are functions of the model bias (Bj)dthigher the bias the lower the model reliability) and of

the distance (Dj) of the change calculated by a given model from the REA average change, that is,
the higher the distance the lower the model reliability. The parametierthe equation above is a
measure of natural variability in 3@ average regional temperature and precipitation. The
parameters m and n can be used to weigh each criterion. For most calculations in this work, m and
n are assumed to be equal to 1. In order to calculatee compue timeseries of observed

regionally averaged temperature and precipitation for the historical period over each region of
interest. We then compute the variance of the series after linearly detrending the data (to remove
centuryscale trends).

For a detded description of thanethod,we refer to Giorgi and Mearns (2002).

REA method is applied for the periods 284360 and 2082100 relative to the reference period
19952014. Regional ensemble results of 55 scenario simulations for the RCP8.5 and RCP2.6 a
0.11-degreeresolution over the common EURTDRDEX domain, using 8 GCMs and 11 RCMs, are
compared with the driving CMIP5 global models and wBICMIP6 global models at 2.5 degrees
resolution (see Tabl8). Observations used for the bias calculationtheeE_OBS version 19.0e.

In order to investigate the difference in constraining projections from CMIP6 and CMIP5, REA was
applied for the period 2042060 relative to the period 1998014. A selection of CMIP5 global
models is compared to a selection@MIP6 global models (see TalBsObservations used for

the bias calculation of temperature and precipitation are the E_OBS version 19.0e.
Figure5illustrates summer (JJA) temperature changes in four of the European subregions used in
Brunner et al. (209) based on the three European SREX regions: Northern Europe (NEU), Central
Europe (CEU), Mediterranean (MED), and the combined European region (EUR: NEU + CEU +
MED). The temperature changes are shown for the CMIP5 (in orange) and CMIP5 (violet)
ensemble. For all the regions the CMIP6 ensemble projects a higher warming than CMIP5,
consistent with a higher climate sensitivity (AR6 IPCC). The CMIP6 ensemble exhibits a much wider
uncertainty range with respect to CMIP5 over Northern Europe, and a redusttitve spread in

the Mediterranean. The reduction of thencertaintiesevident for the CMIP5 ensemble in Central
Europe and CMIP6 in Northern Europe but does not have an impact in other regions.

The different behaviour of the two ensembles could be atitddl to their different resolution and

process parameterization that could lead for example to a decrease of spread in the
Mediterranean region for the CMIP6 ensemble and an increase in the Northern European region.
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Summer (JJA) temperature change, Mid (2041-2060 - 1995-2014)
(a) Europe (EUR: NEU, CEU, MED) (b) Northern Europe (NEU)
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Figure5: Summer (JJAgmperature change 2042060 relative to 19982014 for the combined
European region (NEOEUMED) as well as the three European SREX regions. The lighter boxes
give the unconstrained distributions; the darker boxes give the constrdistbutions. The
coloursindicate different ensembles: CMIP5 (orange) and CMIP5 jvidlettop (bottom) of the

box represents the 75th (25th) percentile of the distribution and the upper (lower) whisker
represents the 90th (10th) percentile.

The difference between thento ensembles is more marked for the precipitation change. Fi§ure

shows the summer precipitation change (%) obtained for the CMIP6 and CMIP5 ensembles for the
same regions as in Figuse CMIP5and CMIP6émedian projected precipitation changes exhibit
comparable values except for the Mediterranean region where the decrease of precipitation for
CMIP6 is lower-8%) with respect to that projected by the CMIPE36). The CMIP6 ensemble

exhibits much wider uncertainty ranges over the Mediterranean regiotevwthe spread

decreases for the Central European region and Northern Europe. This could be addressed to

/ aLtcQad o0SUGSNI NBLINBaSyulidAzy 2F GKS ad2N)y 0N
thereby may reduce precipitation biases. bath ensembleghe constraint method does not

seem to have an impact and further investigation is needed for better understanding the reason.
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Summer (JJA) precipitation change (%), Mid (2041-2060 - 1995-2014)

(a) Europe (EUR: NEU, CEU, MED)
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Figure6: Summer (JJA) precipitation change (%) ZZBHO relative to 19962014 for the
combined European region (NBEIEUMED as well as the three European SREX regions. The
lighter boxes give the unconstrained distributions; the darker boxes give the constrained
distributions. Theoloursindicate different ensembles: CMIP5 (orange) and CMIP6 {vibledtop
(bottom) of thebox represents the 75th (25th) percentile of the distribution and the upper (lower)
whisker represents the 90th (10th) percentile.

ETH Zurich

1. Constraining global temperature projections from CMIP6

Several CMIP6 models show considerably stronger globaldeature increases than projected by

the previousgeneration CMIP5 models. The investigation and interpretation of the resulting

higher global multmodel mean warming is relevant also for projecting European climate. ETH

Zurich contributes a study whiclpplies the Model Weighting by Independence and Performance

(ClimWIP) approach (e.g., Brunner et al. 2019, 2020a, Merrifield et al. 2020) with the aim of

constructing constrained distributions of global temperature change from CMIP6 (Brunner et al.

2020b).

Our main finding is that models, which show strong warming in future scenarios-235&1d

SSP8.5), receive systematically lower weights based on their past performance and on their

independence from other models (see Brunner et al. 2020b for moraildgt This leads to

reduced midcentury (2043H nc n ¥

Jf206Ff &FNYAYSI

antodel nie@ndai

both scenarios. The likely (i.e., 66%) model range is reduced by 36% and 19% {2638l 1

SSP8.5, respectively.
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The study alsoinvestigh S& (GKS &a1Aff 2F GKS gSAIKIAY3I YSGK
suggested in Brunner et al. (2020a). The global mean Continuous Ranked Probability Skill Score
(CRPSS) improves by 12086 using 27 previowgeneration CMIP5 models as pseudo

obsenations. Relevant for European projections, skill consistently increases across Europe even
when using global mean temperature change as target. Figel®mws a map of the CRPSS for the
middle of the century under SSB8% (CMIP5 and RCP8.5 was used f8r thW LISNF SOlU Y2 RS
Weighted projections are morskilfulthan the unweighted baseline in all of Europe, with highest

skill found in Central Europe and tiediterranean A more detailed analysis of the effect of

global and region metrics to inform the vgiits can be found in the next section.

Figure7: Map of the Continuous Ranked Probability Skill Score for weighting CMIP6 projections for
the period 20412060 under SSF&B5. Shown is the median skill change across 27 perfect models
from CMIP%using RCP8.5. Reprinted from Brunner et al. (2020b)

2. The effect of model weighting across CMIP5 and CMIP6
In earlier work ETH Zurich applied the ClimWiHhod to CMIP5 projections of temperature and
precipitation in different European sutegions (see Brunner et al. 2019, 2020a, as well as
deliverables D2.1 and D2.2). Work is ongoing to analyse how unweighted and weighted multi
model projections differ Btween CMIP5 and CMIP6. Special focus is given to the effect of the
constraining using metrics identified as relevant for Europe and CMIP5 in Brunner et al. (2019):
climatologies of precipitation, temperature, shortwave downwelling and upwelling radiaison
well as standard deviation of upwelling shortwave and downwelling longwave radiation. As an
additional metric temperature trend (tasTREND) is introduced and investigated because historical
warming has been identified as highly relevant in CMIP6. Herawitsour discussion mainly to
the differences between CMIP5 and CMIP6.
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Figure8 shows summer (JJA) temperature changes in four of the Europearegidns used in
Brunner et al. (2019) based on the three European SREX regions: Northern Europe (NE), Cen
Europe (CEUMediterranean(MED), and the combined European region (EUR: NEU + CEU +
MED). Adding temperature trend as metric to inform the weighting leads to a somewhat diverse
picture for CMIP5 (second and third box in each panel of figurm NEU and CEU the regional
temperature trend tends to widen the original constraining based on the metrics from Brunner et
al. (2019; first box), while global trend predominantly leads to additional constraining in NEU and
to a shift of the distribution in GE In MED adding regional or global temperature trend leaves the
original constrained distribution mostly unchanged.

EUR temperature change 41-60 (relative to 95-14) NEU temperature change 41-60 (relative to 95-14)
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Figure8: Distributions of summer (JJA) temperature change (206D minus 1992014) from

CMIP5 (leftmost three boxes in each panal) £MIP6 (rightmost three boxes in each panel).
Shown is the unweighted distribution in the background (light blue for CMIP5 and light orange for
CMIP6) as well as the weighted distribution in the foreground: dark blue/orange for CMIP5/6
constrained with lhe original metrics from Brunner et al. (2019) asalet for CMIP5/6 constrained
using temperature trend in addition.

For CMIP6 a more homogeneous picture arises with all three combinations of metrics (original,
original + regional trend, and originabiobal trend) clearly constraining the upper end of the

likely range for all four regions. Generadlyeakingthis means weighting brings the distributions

from CMIP5 and CMIP6 closer together for most cases. More specifically, for MED, the region with
the largest differences between the raw distributions of CMIP5 and CMIP6, the effect of the
weighting leads to the strongest reduction in differences in particular when also considering
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temperature trend as a metric. The same holds for NEU and CEU whedearorgsonly local
information (i.e., all cases except the ones drawing on global trend as metric).

Work is ongoing to further investigate the role of different metrics (including temperature trends)
when constraining global and regional projections fromiE5 and CMIP6 (see, e.g., sec)n
Similar to the global case CMIP6 projects considerably more summer warming in Europe than
CMIP5 also regionally without any weighting (see also Palmer et al. 2021). Our initial results
suggest that weighting modelscelp to bring temperature projections from the two

generations closer together depending on the region and metrics used.

University of Edinburgh (UEdin)

UEdin applies the ASK approach (AlBtatt-Kettleboroughpased on Allen et al, 2000 and Stott
andKettleborough, 200R The method assumes that the true observed climate responsg (y

to historical forcing(s) is a simple linear combination of one or more (n) individual forcing

fingerprints (}. The fingerprints are scaled to match the signalbservations by their respective

a0 fAYIAVIFIDODORHzy GAY I FT2NJ y2AaSkdahd&idinthed yie Ay
Y2RStf SR NBaLkRyasS {2 SIOK 2F (GKS F2NOAy3Ia o+
Yobs = ?}_1:1 ﬁj (X} - 81) + €obs (l)

This method has been applied to constrain IPCC projections (Knuttj 2068) along with other
methods. A recent application to global data of surface temperature and ocean heat content was
used to estimate thequilibriumclimate sensitivity from the historical period, and showed that
some models with stronger warming mag butside the observationally consistent range of
greenhouse warming (Tokarska et al., 2020)

In this study the method is applied to seasonal changes in Europe, disregarding global scale
temperature change (which may help to better constrain warming) deoto derive constraints

specific to Europe. The method utilises CMIP6 model simulations run with historical forcings, and
Detection and Attribution MIP (DAMIP; Gillett et al., 2016) siFfglkeing simulations over the

same historic period. For the futupgrojections, historical simulations are extended with CMIP6
ScenarieMIP Shared Socioeconomic Pathway (SSP; Gidden et al., 2019) simulations. Observations
are retrieved from the gridded-BBS v19.0e dataset (Haylock et al., 2008), with monthly values
computed from the daily data. The monthly surface air temperature fields from the observations,
along with each of the CMIP6 model ensemble members, were spatially regridded to a regular 2.5°
x 2.5° latitudelongitude grid.

The model fingerprints {XHist, XGM@at} are constructed by taking an unweighted average of the
multimodel ensemble members (the mean of individual meeletemble means) from the all

forcings historical, and singfercing GH@nly and Naturabnly simulations, respectively. Each
fingerprint comprises the conjoined annual time series of the multdel mean over the three
areaaveraged European SREX regions (NEU, CEU, and MED), with each of the time series first
V2NXYIFfAAZSR o0& |y SadAYFdaS 27F GKLionfrolibpChrargl Qa A Y
runs). The different scaling factors are then estimated through a total least squares (TLS)

regression. We explore three different linear combination of the model fingerprints:
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a)  Yobs = Pa1Xuist — nist) + Eobso (2)
{EALL = Bm}-
b)  Yobs = Bv1 KXuist — Enise) +
Bo2(Xere — €cne) + Eobss
{B(;Hc = Pp1 + Pr2; E(J'J'H = Bbl}-
¢)  Yobs = Pe1 KXuist — Enist) +
Bz Xnat — €nat) + Eobs:
{EAN';' = Pe1; ENA’I‘ = fc1+ ﬁcz}-

The greenhouse gas scaling factor estimftai¢from Eq.D) provides a simple scaling that can be
used as a future constraint to CMIP6 projections; we label this applicationGAEX Likewise, the
estimate of the anthropgenicscaling factorﬁ\ANTfrom Eq.2c, which includes all forcings except
those in the natwal-only simulations) can also be used as a future constriibglledASKANT.

The aliforcings scaling facto#4..from Eq.2a) is derived straightforwardly using only the historical
CMIP6 simulations (not limited to DAMIP models), and hence incormoeatarger number of
models into the fingerprint (reducing the noise); this constraint (ABK) was applied to
precipitation projections in the perfect model study discussed below.

A confidence interval for each of the scaling factors describes the @ingagnitudes of the

model response that are consistent with the observed signal. A forced model response is detected
if the range of scaling factors are significantly greater tharo andcan be described as being
consistent with observations if the rge of values contains the magnitude of one. For this study
the confidence intervals are estimated by adding samples (of the same length) from the piControl
simulations to both the noiseeduced fingerprints andbservations andecomputing the TLS
regressbn (10,000 times) in order to build a distribution of scaling factors, from which the 5th

95th percentile range is computed. The uncertainty range arising from the scaling factor only
consists of the fingerprint times the range of scaliagtors butconstrains the forced signal only.

In order to arrive at a range that includes internal climate variability, it needs to be added on
(which has been done here by Monte Carlo analysis).

UKCP

UKCP applies a Bayesian approach to produce probabilistic projections. In contrast to other
methods that use the empirical spread of CMIP5 projections to represent prior model uncertainty,
UKCP uses a statistical emulator trained on a singldel perturbel physics ensemble. This

provides a more systematic and comprehensive sampling of climate responses by allowing a larger
sample size in the emulated ensemble and structured sampling of uncertainties. Further, by basing
the simulations on the emissiedriven representative concentration pathway 8.5 (RCP8.5)

scenario simulations (as opposed to the concentratiliven used in the other methods) and

drawing from a second perturbed physic ensemble of Earth system model variants, this method
samples additional ncertainties associated with the carbon cycle. This inclusion of additional
uncertainties differentiates UKCP from the other methods described here. To further sample the
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structural error component associated with using a single perturbed physics modi#t5@Edrth
aeaiusSy Y2RSt aAavdZ FdAz2zya NB dzaSR 42 RSTAYyS |
2012). This methodology means that unconstrained distributions are wider than for the other
methods.

Observational constraints are applied by weightiagpled outcomes by likelihood weights
calculated from multivariate distances to observations. The observations comprise 12 climate
variables reduced in dimensionality to 6 leading eigenvectors. In addition, historical trends for
several climate indicatorare also considered in the set of observational constraints, including the
Braganza indices based on global mean surface temperature (Braganza et al. 2003), heat content
change in the top 700 m of the oceans, and change in atmospheric CO2 concentratian ove

recent 45yr period (Booth et al. 2017). The separate components of the method are validated and
the additional statistical uncertainties that arise are included at each stage. These include
equilibrium response emulation error, error in convertingrir@quilibrium to transient response,
time-scaling error (including inherent model internal variability), and structural error estimates.

A full description of the method is includedtime Appendix
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7. The Climate Projection Atlas

All contributing groups (see Talddl and 2 provided constrained climate projection maps for the
2041-2060 lead time based on the methodsginallydescribedBrunner 2020a, or updated
applications describeth Section/. Here weshowmaps ofthe projected dhvanges (which are
available for potential users taccess from the Atlas

Figure 9 shows the constrained probabilistic projections from the CMIP6 ensemble (see Table 3)
or state-of-the-art bespoke émate ensembles (CALL and UKCP methbatsthe SSPB.5

scenario for summer temperatu@uneJulyAugust, JJA) averaged over the 24060 period. All

the methods indicate an increase in temperature over the whole of Europe, with a median
warming over the Mediterranean basin of 3.5°C compared to the 2983! period, while the

median warming in Northern Europe is more moderate, with a 2°C change. Notdlthataods

tend to provide similar median warming patterns. Larger differences between methods are
obtained regarding the tails of the probabilistic projections, i.e., for the 10th and 90th percentiles.
As not all methods characterise the prior uncertaimmyhe same way (different model ensembles,
inclusion of the carbon cycle in the UKMO method), the magnitude of the relative warming at the
10th and 90th percentiles partly depends on the prior spread of uncertainty. Temperature
changes associated withef®0th (10th) percentile range from 4°C to over 5°C (0.5°C to 3°C).
Differences in methodology also contribute to explain the discrepancies (see S&ction

Similar results are obtained for the constrained winter temperature projections (December
Januaryrebruary, DJF). Figut® shows remarkable agreement between the methods on the
median warmingwhich is morepronounced oveNorth-Eastern Europe, ranging from 3°C to 4°C
depending on the location. The warming associated with the tails of the distribdifters more,
for similar reasons as those found in European sumaiéierences in theiprior distributionsand
methodological differences)
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https://eucp-project.github.io/atlas/

Constrained tas projections for JJA

CHRM { 10th percenila
L N

Figure9: Constrained summer (JJA) temperature changes averaged over the @@ period
with reference to the9952014 period Models come from the CMIP6 ensemble (see Table 3) for
the SSPB.5 scenarioEach row corresponds to one method. Each column corresponds to a given

percentile (10th, 50th, 90th) of the distribution.
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Constrained tas projections for DJF

CHRM ! 10ih percenila CHRM ! 50ih pesconile.
L N 5 L

FigurelO: Same as Figui@but for winter (DJF).

Three groups provided constrained probabilistic projections for precipitation. In summer, the
methods agree on a median projection with a relative decrease over the Mediterranean basin and
central Europe 0f10% t0-20% and an incese of 10% over Scandinavia (Figlite The upper

(lower) end of the constrained distributions indicates a generalised increase over the whole of
Europe of between 10% and 509%0% and 60%). In winter, the median projections also indicate a
dipole of preipitation anomalies, with an area of increase (decrease) north (south) of 45°N of
about 20% (Figur&2). For the 90th percentile, an average increase of 30% is projected over the
whole of Europe. For the 10th percentile, a decrease in precipitatieB08b to-40% is obtained

over southern Europe depending on the methods.
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As for temperature, the differences between the methods are partly explained by different prior
distributions.

Constrained pr projections for JJA
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Figurell: Same as Figui@but for relative precipitation changes.

34



Constrained pr projections for DJF
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Figure 12 Same as Figui@but for winter (DJF).



8. Assessing current probabilistic projections

As evident from the new Atlas of European Climate Projections, there are differences in projected
changes produced by the different WP2 methodologies. Ingbedion we have a more focused

look at differences in the underlying approaches and, where possible, look at how these
differences influence outputs.

One of the main challenges in providing climate projections is based on the ability of any given
methodto sample the current range of climate model responses. In the earlier focused inter
comparison oprobabilisticmethods (Brunner et al, 2020a), the participating groups worked very
hard to standardise the climate simulations across the methods. We have not had that same
luxury with the Atlas data, and so some of the differences in projection arise purely because
different methodologies have managed to account for a different subset of potentially available
models. This is an endemic challenge in making projectionthat quality control of underlying
data; date in the CMIP model generation cycle that analysigsstand even factors like relative

e

stability of different regional ES@Rtaportalss A YA & K2¢ SEGSyaAr oS GKSa

summarised the CMIP6 models used in the Atlas here.

CNRM/CNR ICTF ClimWIF UEdir

X

ACCESSM2
ACCESBSM1
AWICM1-1-MR
BCECSM2VR
CanESM&anOE
CanESM5
CESM2VACCM
CESM2

CIESM
CMCE&CM2SR5
CMCEESM2
CNRMCM61-HR
CNRMCM61
CNRMESM21
E3SM1-1
ECEarth3Veg
ECEarth3
FGOALS3-L
FGOALS§3
FIGESM2-0
GFDICM4
GFDIESM4
GISE21-G
HadGEM35C31LL
HadGEM35C3iMM
INM-CM48
INM-CM50
IPSECMBALR
KACHL-0-G
KIOSIEESM

x

X X X X X X X

X X X X X

x
x

x
x

X X X X

X X X X X X X X X X X X X X X X X X X X X X X X X X X X X
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CNRM/CNR ICTF ClimWIF UEdir
X

MCMUA1-0
MIROC6
MIROGES2L
MPFESM12-HR
MPIESM12-LR
MRIESM20
NESM3
NorESMAM
NorESM2VM
TailESM1
UKESMD-LL

Table3: List of the available CMIP6 Models used by each group to constrain temperature

projections from the SSFE5 simulations. Note that the UKCP and CALL methods do not rely on
CMIP6 models (see the description of these methods in Séotion | Y / t SriutidddA 2 NJ R A
RSNAGSR FTNRBY (KS ! Y/t LISNIddZNBSR LI NIYSGISNI Sya
distribution is derived from the CESM Large Ensemble.

x

X X X X X X

X X X X X X X X X X
x

X X

In addition to the different prior distributions, alternative methodological approaches explain
some of the differences between the constrained projections analysed in theggtttien

(Section 7)For each method, the main assumptions as well as the technical features are listed in
Table4. This section aims to document the impact of these feaduwoe the probabilistic

projections, and how they can be compared with each other, although this constitutes a difficult
exercise due to the different prior distributions used.

UKCP ClimWIP ASK REA HistC CALL

Assumes truth centered v

Constrained range can lie beyond 4 v
unconstrained range

Multiple estimates of observations are v v
used in weights/constraint

Spatial scale at which constraint or Global + large scale  Same as target  Europe  Local  Global + local  Same as target
performance weighting is calculated

Multiple variables used to weight each v v
target variables

Observation uncertainty

Includes estimate of internal variability

Carbon cycle

Maodel uncertainty (parameter)

Maodel uncertainty (structural )

Method error

Outputs are spatially coherent

Outputs are physically coherent

Table4: Key characteristics of the different methods. Reprinted from Brgtred(2®04).

v
v v v

v v v

v

T
R

We briefly highlight and discuss some of these methodological design decisions and what their
implicationsare for the projections.

T UKCP and CIimWIP methods both use multiple variables (i.e. other than just a single
variable, be that temprature or precipitation) to constrain temperature and precipitation
projections. This approach is useful for identifying physically coherent responses across
variables, as discussed in Sectidh3
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T Some methods constrain variables at different spatialesctd derive constrained
temperature or precipitation projections locally. At one end of this spectrum, UKCP uses
observations of global climatological fields, ocean heat content and CO2 trends as well as
trends of large regional temperature datdo,a good projection under the UKCP
framework is a measure of global performance, which may or may not be strongly related
to the local changes in Europe. At the other end of this spectrum, REA is based solely on
local observations, and as such is likelyninimise the bias locally (Figui®) butmay
have more difficulty in providing a physically and spatially consistent climate projection at
larger spatial scales. The ASK implementation in the Atlas, uses trends over the wider
European region and so sitsreewhere between the two. The Atlas implementation of
020K /fAY2Lt FYR /!V'[[ YIF{1Sa dzaS 2F 9dz2NRLISI
implementation uses local observations. However, both ClimWIP and KCC Atlas constraints
include information orGlobalMean QurfaceTemperature (GMST). A direct implication of
including larger scale information is that these methods provide climate projections
characterised by more consistent spatial structures over larger regions of Europe. As an
example several papers have shovthat constraining projected GMST by observations
lead to a downward revision of the projected global warming (Ribes et al 2021, Tokarska et
al 2020, Brunner et al. 2020), and as European temperature is highly correlated with GMST,
the inclusion of GMST these methods leads to a downward revision of warming over
Europe (Figure3and16), especially the Northern regions which appear to be sensitive to
this metric (see Figurgfrom ClimWIP and Figudsb). Depending on how the local
constraint is treatedn addition to the largescale constraints, some projections may
nevertheless be locally biased because they do not give sufficient weight to in situ
observations. For an endlser and hifer specific needs, these aspects are fundamental
and condition the boice of one or more methods.

1 All methods except CALL and UKCP sample the uncertainty (i.e. thenodet spread)

FNRY Y2RSta RSNAGSR FTNRBY /alLtp 2N)/alLtco ¢
2 T 2 LJLJ2 NI dzpoorly sasnplelimatasuiicer@inty (Tebaldand Knutti, ®07). The

UKCP method includes, in addition to a sample of CMIP5 models, an ensemble of

perturbed physics simulations that quantify parameter uncertainty, particularly associated

with the carbon cycle. This additional uncertaimontributes to explain a larger inter

model spread in the prior distributions compared to the other methods. As a consequence,
the associated constrained projections are also different, especially for the tails of the
probabilistic projections. This metkd might therefore be suitable for a user who is

sensitive to rare climate events.

1 The REA and ClimWIP methods are based on weighting historical and future climate
simulations according to (i) their performance regarding the historical observed climate.
CimWIP also accounts for (ii) the level of dependence between the CMIP models from
which these simulations were derived. This approach results in the observationally
constrained probabilistic projections always being a subset of the unconstrained
projectiors. The UKCP and KCC methods are based on Bayesian statistical techniques that
calculate a probability of occurrence (e.g. of future warming) conditional on the
observations. This approach leads to a spread in the probabilistic projections that is
generallyeither reduced or at worst identical to the prior spread.
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T The CALL and ASK methods are methods of scaling simulations on past observations with
regression factors that can lead to projected future changes being outside the a priori
simulated changes. Theases for which projected changes fall outside wheonstrained
ranges (i.e. ASK, CALL) present potential strengths and reasons to be cautious about how
these changes should be interpreted. The strength of these methods is that they can
potentially compesate for realworld processes that are absent or neell represented in
the simulations. For example, there are cases where observed historical precipitation
changes are larger than those simulated. In these cases, the methods may be better able to
compersate for any simulated underestimation of the actual climate resppasdong as
those biases persist into the futur®n the other hand, caution is also required as the
available simulations represent the range of responses arising from our currentahysi
understanding of these processes, and as large ranges can arise from ASK if thesignal
noise ratio is not yet sufficiently high to provide a strong constraint. Thus, methods that
adjust projected changes outside these ranges may provide resporsesdy be less
physically realistic. Generally, we recommend additional analysis particularly in cases
where the range is shifted outside the unconstrained model range to a large extent (e.g.
supporting significantly larger or smaller signals).

Theanalyses of change of constrained minus unconstrained projections shown below do not
contain the ASlkind CALLesults, as in that case the constraint arises from the magnitude of the
Europewide signal only and hence its uncertainty composed of magnitude uncertainty on the
signal with added noise can lead to misleading impressions of the geographical pattern.

39



Constrained - Unconstrained tas projections for JJA
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Figurel3: Difference between the constrained and unconstrained summer (JJA) temmperatu
projections averaged over the 202060 period with reference to the 192814 period. Each row
corresponds to one method. Each column corresponds to the difference between percentiles of the
distribution.
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Constrained - Unconstrained pr projections for JJA
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Figurel4: Same as Figure8but for precipiation.
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SSP585 over 2041-2060 wrt 1995-2014 in JJA

NEU-CEU-MED
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B2 Unconstrained
B2 Local-only

B GMST-onl

B3 Local+GMST

Figurel5: Summer (JuhAugust) temperature change 2042060 relative to 19982014 for the
combined European region (NMEIEUMED) as well as the three European SREX regions. Red
boxplots correspond to the unconstrained distributions. The bleengand magenta boxplots
correspond the constrained distributions using the KCC method based on the use of local
temperature time series only, global temperature time series, and both time series, respectively.
The topand bottom of the box represents tibth and 75th percentile of the distributign
respectively. ie upperandlower whiskes representhe 90thand 10th percentils, respectively

This is to be compared with the analogous fig8ifeom ETH Zurich.
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Constrained - Unconstrained tas projections for DJF
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6. Same as

Figure8but for winter (DJF).
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9. Understanding and using our constrained projections
9.1 Perfect model analysis

A major achievement of EUCP wqu&ckage 2 has been to develop and bring together a number
of different methods for constraining future climate projections using the observational record. In
an earlier study (Brunner et al., 2020) these different methodsencompared using a consistent
testing framework (i.e., variable, region, time period etc.). Whilst these constrained projections
displayed some overlap and common characteristics, there were also some distinct differences.
However, how these different pfections should be interpreted is not clear. For example, are
some of the methods more accurate and reliable than others?

To address this question, we designed anofséi I YLX S G LISNFSOG Y2RSt ¢ SE
different constraining methods. In thiexperiment we took advantage of newly available CMIP6

archive of coupled climate simulations to act as pseableervations, to test the methods which

were all previously used CMHeBa model data; for thiseason,we refer to this as an oubf-

sample tet The pseudebservational datasets were produced by regridding the required

variables from the CMIP6 model simulations and restricting them to a common observational

period (see schematic in Figut&). This data was then uploaded to the Zenodo onlingosgtory

and the different groups used these pseudbservations to constrain their CMIf&5a model

projections. For this test we used the historical and RCP 8.5 scenario experiments from the CMIP5
era models and the historical and SS5 scenario for te pseudeobservations.

Whilst we refer to this analysis as a perfect model study, in some senses it represents a steeper

test of the various methodologies. The pseunlaservations are drawn from CMIP6, an ensemble

that includes better representation of kgprocesses (such as sugsroled cloud droplets and

wider representation of aerosailoud interactions, for example) than the CMIP5 ensemble that

most methods use as the basis for their projections. In addition, the psebdervations include

those froma number of CMIP6 simulations which fall outside (on the warm end) of the CMIP5

ranges (see Palmer et al, 2021). These factors led to a tougher test of the methadbe¢ha
GLISNFSOG Y2RSt ¢ yIYS F2NI GKAA | LILIN2F OKA 2SN $
Y2 RSt elgSSEhiur@t ald, 2018). The assessment was done in this way, as it goes part of the
way to replicating some of the differences between the real world and the necessarily simplified
representations that we use in climate @S Ot A2y ad ! i GKS aryS GAYS &
Y2RSfaQ FTNBY /alLtc I NB RANBOG adz0O0Saaz2NBR 27F
independent (Brunner et al. 2020Byunner et al. 2022in preparation) as was shown to be the

case for CM?3 and 5 (Knutti et al. 2013).
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Example T projections (JJA, NEU region)
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Figurel7: Schematic of the owif-d | YLIX S G LISNF SOG Y2RSt ¢ | ylFfeaaa
constraints. Pseudobservations are taken from the observational periopl {0 2014) and data

from the future verification period wasithheld prior to analysis of the result¥heability of the
constrainedand unconstraintegbrojectiors can then be compared the withheldfuture response

(right panel)

An example of projected changes for the psetabiservational datasets is shown in Figag&

Whilst this plot is somewhat overwhelming in detail, it is shown here to demonstrate the type of
data that has been produced in the collaborative activity. Fohad#dhe 126 pseudo

observational datasets, each of the methods have provided a probabilistic range of projections for
the 20422060 climatology with respect to the 192914 baseline periodshown here for

summer surfaceair temperature in the Northern&ope (NEU) region. The range of the

projections is shown by the bexhisker plots and for each method the unconstrained.(

underlying) projection shown in lighter colours and the constrained projection is shown in darker
colours. Also shown are the nication from the actual pseudobservational dataset in each case
(black horizontal lines). The most striking thing about Fid&is the diversity in predictions

across the different methods and the different pseuoloservational datasets. Some of the

methods seem to show larger changes, such as method B here, whereas other are generally fairly
modest, such as Method A.
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Pseudo-obs. projected changes, NEU-TAS-JJA (Method A, Method B, Method C, Method D, Method E & Multi-method Projection)
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Figurel8: Predicted changes for 20£D60 summer surface air temperature in the Northern

9 dzNRB LIS NI I A 2 y-REX kedidh. ®Probaiili§tic preaiétibné ard shown for five of the
contributing methods from WP2, along with the muritethod projection. The box, whiskers and
centre line show the interquartile range95% range and the median of the projected change,
respectivelyThe unconstrained projections are shown in lighter colours and the constrained
projections are shown in darker colours. The horizonal black lines in each panel show the actual
change for each pseudubservational dataset, which was withheld during the stomining phase.

To establish the accuracy and reliability of the projections we have employed a number of
verification metrics, which are shown in Figur@for the summer surfacir temperature in the
European SREX regions. The verification metricasiaoe:
1 Rootmean square error (RMSE), which measures the accuracy of the ensemble mean
projection with respect to the actual future change in the psewtiservations.
1 Spread/Error, which measure the spread across the future change (measured by the
standad deviation of the projected changes) with the ensemble mean error. For
temperature, all methods (both constrained and unconstrained) are-ceefident (with a
ratio of less than one). By construction a subset of the perfect model data is chosen (a
priori) to be outside the unconstrained ranges of the methodologies used-hehéch
contributes to this apparent overonfidence. We would expect the methods not to show
as pronounced limitation, should the real world fall within their unconstrained ranges.
1 Camtinuous Ranked Probability Score (CRPS) which is measure of the accuracy of the

probabilistic projections this is lower when the projections are more accurate.
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There is a lot of detail in the verification statistics shown for temperature projectiarfSidgures
19and 20) and for rainfall (Figur2l). These plots provide an objective measure of the
methodologicakkill andshow that any benefit is very much variable dependent (depending on
whether it is for temperature or precipitation).

For summer temperature, all of the constraining methods act to improve the projections

compared to their respective underlying unconstrad projection. For example, all methods act

to reduce or maintain the RMSE in Northern and Central European regions. Similarly, Spread/Error
metrics can be improved, and the methods (largely) produce better Continuous Ranked Probability
Scores (CPRS). §hAnalysis suggests that some methods provided better skill than others, but all
methods showed improvements over using raw distributions of climate models.

There is a different picture for Mediterranean climate projections. Two of the four methodologies
showed worse skill than the raw climate model datme substantially worse. This is problematic,
as it suggests that the constrained Mediterranean responses is actually worse that just taking the
off-the-shelf climate projections for these regions. Tthear two methods showed marked
improvements in skill, however. At this stage, it is unclear which aspects of the observationally
based constraint led to the degradation in skill in two of the methods. This is an aspect that will
warrant further investigatn.
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TAS-JJA verification (Method A, Method B, Method C, Method D, Method E & Multi-method Projection)
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Figure19: Verification of the projections applied to the 125 pseobieervational datasets for the
summer surfaceair temperature in the three SREX regions covering mainland Europe. Shown are
the Rootmean square error (RMSE; top row), spread/eratio (second row) and continuous
ranked probability score (CRPS; bottom row). The unconstrained projections are shown in lighter
colours and the constrained projections are shown in darker colours. The vertical bars indicate the
95% confidence intervaf the statistics based on a bootstrap resampling (with replacement) of
the 125 prediction/verification pairs.
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TAS-JJA rank histograms
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Figure20: Rankhistograms of the projections applied to the J2feudeobservational datasets

for the summer surfacair temperature in the tree SREX regions covering mainland Europe. The
unconstrained projections are shown in solid lighter colours and the constrained projections are
shown in the darker outlined histograms. The horizontal grey lines indicate the number of counts
expected for alét rank-histogram, which would be considered a perfectly reliable probabilistic
prediction in this metric.

For summer rainfall projections, no single method shows consistent improvement in skill (in any of
the three metrisillustrated here) for all thre European regions. There is some suggestion that

the methodologies reduce the undeonfidence (Spread/Error) of the Northern European
projections (which is encouraging) but the Central European and Mediterranean projections show
no clear improvement or egradation across the four methodologies. The best that can be said
about the regional rainfall projections is that at least the observational constraints do not make
the projection worse, in any obvious and systematic way across all metrics and regions.

Precipitation is a more challenging variable to make projections for due, in part, to its much larger
variability. Climate change signals take a longer time to emerge both in terms of historical records
and future changes. The skill assessed here is basedid-century projections. As such this lack

of any strong skill may not be reflected in end of century constrained rainfall projections.
Nevertheless, the lack of skill in producing better rainfall projections compared to increased skill in
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temperature gojections, is interesting insight. We have not had the tools before (certainly across
a range of potential methodologies) to assess the relative benefits of observational constraints for
different variables. This suggests that observational constraintedat for some methodologies)
have a strong benefit for projections of regional temperature (and variables strongly tied to this)
but has a less obvious benefit to projections of regional precipitation change.

One notable aspect of the verification dfe calibrated projections for European summer is the
performance of the multmethod projection (MMP). The MMP the average of the projection data
provided from the five methodologies considered here. In almost all metrics and regions the MMP
performs bette than the majority of the individual calibration methodw/hich is the case for

both temperature and rainfall. This is particularly notable in the RMSE and CRPS. The reason for
the relatively impressive performance is not yet completely clear but treeseime understanding

that we can glean from the results here. Since the methods are all different and these constraints
demonstrate differing levels of improvement across the different regions, we can conclude that
the constraints of the methods are someatindependent. As the different methods mostly
improve the accuracy of the projections, combining these independent improvements results in
greater levels of accuracy that most of the individual methods. In addition, the reliability of the
MMP is typicalf improved with respect to the individual methods. Specifically, most of the
individual methods are found to be overconfident (spread/error < 1) even after constraining,
however, when combined in the MMP the overconfident projections produbsader

probabilistic projectiorthat is more reliable in the NEU and CEU regions. Similar findings have
previously been demonstrated in the context of muttibdel seasonal forecasting ensembles, that
are typically overconfident but are more reliable and skilful weembined (Hagedorn et al.,

2015) but this is the first such demonstration in the context of longer term climate projectiéns
notable exception for the improvement of the MMP is the spread/error in the Mediterranean
region, which might be linked to theery poor performance of method B in thisgion,but more
analysis is ongoing with respect to this issue.
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PR-JJA verification (Method A, Method B, Method C, Method D, Method E & Multi-method Projection)
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Figure21: Verification of the projections applied to the J2feudeobservational datasets for the
summer precipitation in the three SREX regmm&ring mainland Europe. Shown are the Root

mean square error (RMSE; top row), spread/error ratio (second row) and continuous ranked
probability score (CRPS; bottom row). The unconstrained projections are shown in lighter colours
and the constrained pro@ions are shown in darker colours. The vertical bars indicate the 95%
confidence interval of the statistics based on a bootstrap resampling (with replacement) of the 125
prediction/verification pairs.

The improvements in the MME for rainf@lvhilst modest and not uniform) is encouraging, given

the lack of improvement in projection skill found in individual methodologies. The RMSE and CRPS
errors tend to improve at the expense of a small increase in-owafidence. Whilst the causes of

the improvements are challenging to establish, the improvement provides encouragement that
more skilful midterm (3040 year) rainfall projections are possible and worth working for.

9.2 Constraining extreme precipitation projections

Heavy rainfalevents have important human and economic impacts over the European continent,
where pluvial flooding is one of the main natural hazards (Llasat et al. 2013). The concern about
the potential climate change impacts on extreme events over Europe is increbfang studies
show an increase of precipitation extremes associated with the temperature increase in future
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climate projections (Min et al 2009, Donat et al 2016, Coppola et al 2020). While models mostly
agree in the increase of precipitation over Northéturope, over the Mediterranean region the
extreme precipitation changes results from the competition between a drying linked with a
poleward shift of the circulation (Pfahl et al. 2017) and a thermodynamic effect leading to an
increase of precipitable war content in the atmosphere (Drobinski et al. 2016). The signal over
this region is less confident between models and the application of weighting methods can help in
exploring possible reductions of uncertainties between different models.
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Figure 22EURGCORDEX P99 change mid (2R@70) far (20742100) relative to 19832010 for

for (a) the combined European region as well ag(@®)the three European SREX regions. The
lighter boxes give the unconstrained distributions; the darker boxes give thieaconed

distributions. The colours indicate different scenarios: far future change RCP8.5 (red), mid future
change RCP8.5 (orange), far future change RCP2.6 (green) and mid future change 2.6 (violet).

The REA method is applied to the 99th percentile etcppitation (hereafter referred to P99). The

FAY A& (2 SELX 2NB K2¢g (KS YSUGK2R ¢SA3IKGaAa Y2RS

precipitation. It is applied for the periods 202070 and 2072100 relative to the reference

period 19812010. Regional eng&ble results of 55 scenario simulations for the RCP8.5 and RCP2.6
at 0.11 degree resolution over the common EURORDEX domain, using 8 GCMs and 11 RCMs,
are compared with the driving CMIP5 global models at 2.5 degrees resolution. Observations used
for the bias calculation are the E_OBS version 19.0e, with a 0.25° by 0.25° grid.

Weights are calculated as:
1

_ 1 " 1y
= ﬂabs(B,-)l '[absw»l }
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and are functions of the model bias)Bhe higher the bias the lower the model reliability) and of

the distance (P of the change calculated by avgh model from the REA average change, that is,

the higher the distance the lower the model reliability. A new approach including weights which

take into account the natural variability of the extreme event is still in progress.

Figure22 and 23 show CORDEand CMIP5 changes projections of the European subregions used

in Brunner et al. (2019) based on the three European SREX regions: Northern Europe (NEU),
Central Europe (CEU), Mediterranean (MED), and the combined European region (EUR: NEU + CEU
+ MED). Foboth the CORDEX and CMIP5 ensembles the P99 index shows an increase in extreme
precipitation events over Northern and Central European regions, of 20(10)% for the far(mid)
OSYydzNE LISNA2R® /alLtpQa LINRP2SOGA2Y aobaNBueSy G |
to their low resolution that leads to discrepancies between global models$aadmasks, which

play an important role when the water cycle is primarily determined bytedand transport.
EURGCORDEX projections strongly reduces the uncdytaiver the Mediterranean: the higher
resolution allows a better representation of the instability at low levElantini et al 2016 EURO
CORDEX projections show more variability over NEU and CEU, where complex topographic regions
are included that plagn important role in the development of precipitation.
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Figure 23 CMIP5 P99 change mid (202Q70) far (20742100) relative to 19832010 for for (a)

the combined European region as well ag (@) the three European SREX regions. The lighter
boxes givehe unconstrained distributions; the darker boxes give the constrained distributions. The
colors indicate different scenarios: far future change RCP8.5 (red), mid future change RCP8.5
(orange), far future change RCP2.6 (green) and mid future changeded)(vi

To investigate the role of the weighting in reducing the uncertainty of the projections we show in
Figure24 the difference between the constrained and unconstrained P99 median value for both
the EURECORDEX and CMIP5 ensembles. The differenoe-zeno either in areas where models
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over complex topographic regions such as the Alps and the Scandinavian mountains, areas that

are particularly vulnerabléo extreme precipitation (Frei et al 2000), EURORDEX 2 RSf & Q
distribution is more constrained. This is likely due to the fact thedr the orography E_OBS

extreme precipitation is smoothed by the spatial interpolation, thereby increasing precipitation

biases.

The CMIP5 ensemble shows a disagreement in the representation of the P99 change over the

Mediterranean, probably due to thiand-sea mask representation, while gives a more
homogeneous signal over the orography.

Constr-Unconstr DP99 (%) 2071-2100/ 1981-2010

CORDEX CMIP5

Figure24. EURGCORDEX (left) and CMIPS5 (right) difference between Constrained and
Unconstrained P99 ensemble median change (%).
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9.3Climate Projections in thmontext of internal variability.

Most climate projections focus on largeale regions and time mean responses(,20 year

mean climate conditions found in the EUCP Atlaghese helpto illustrate the climate change

signal. However, what is actually experienced may be enhanced or mitigated by internal variability
and is often not typical of the central estimate from the projected changes of the mean climate.
The role of internal varlaility becomes more important on shorter time and smaller spatial scales.
This context is important to consider where impacts are influenced by both climate variability and
climate change.

Internal variability modifies the picture of a changing climata mumber of ways. Here we show
how internal variability can lead to outcomes that migat first glancenot be obvious from the
projected time mean climate changes. We illustrate this by looking at the differences between
long term climate mean projectechanges (say, basé@- or 20-yearaverages) and projections
for a single season, for a single climate model scale grid box. These would not be as evident for
larger spatial or temporal scales but may be expected to be more pronounced for any appéication
that looks at smaller spatial scales (for example using CORDEX or convective permitting
simulations). Generally, we find that:
1 Internal variability broadens the range of potential outcomes for projections at smaller
geographical or temporal periods. Thmplitude of internal variability differs strongly
across variables. Precipitation, for example, may vary several tenths of percent on decadal
timescales The amplitudeof variabilitymay also increase under climate change.
T  Where climate change projectis provide a confident picture of a warming or
drying/wetting climate, internal variability is still able to throw up changes of opposite sign,
for individual seasons. This is often underestimated by the users of climate change
information.
T  Where the seasaal distribution is skewed from gaussian (such as winter temperature or
summer rainfall), the time mean climate change signal may hide even larger changes in the
typical seasonal climate response.

Example 1: Mediterranean drying

The role of time averagqin isolating any climate change signal is illustrated by the example of
Mediterranean drying. Many, if not most climate projections show that the mean precipitation in
this region will decrease in the future. However, different climate models (and effenemt
realizations with the same model) give quantitatively different results. The primary reason why
different realizations of the same model produce different results, is the role of internal variability.
Hgure 25 below shows the future change of summer precipitation in the Mediterranean region, as
simulated by two integrations with the regional climate model RACMO for the period 2230

(using the RCP8.5 scenario from 2005). fierealisationdiffered only in the initial conditions

of their driving GCM data

A common approach to compute (future, or historic) trends, is by subtracting the mean of a given
period from that of a reference period. Especially in (kigbolution) regional climate modelling
this isan oftenused approach. For example, most of the convection permitting simulations (WP3)
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are only 10 years in lengtRigure 25hows what happens if one uses the tislece difference
approach to compute the trend. Here, the period 198314 is taken as i@ference period. For

each Nyear period (N>3, vertical axis) centred at year x (horizontal axis) the colour indicates the
relative difference between the precipitation in that period and that of the reference period. Blue
colours indicate increases (e.0-4 corresponds to a 40% increase), orange/brown colours
indicate drying.

JJA mean precip Signal wrt HIST( 1995-2014 ) JJA mean precip Signal wrt HIST( 1995-2014 )
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Figure25. The trend in summer Mediterranean precipitation as a function of time averaging (Y)
and central year (X), derived from two climateange simulations of a businessussial scenario
with the same model. Trends are computed as tgiee differences wrt the 199514 mean
(black horizontal line). Hatching is used to indicate regions where signal to noise exceeds a given
value (see togeft legend). The climate change is&d emerges earlier at the longer temporal scales
(vertical axis), where we see a clear wet to dry signal as we move freprgeentdayto the
future. As the temporal scales (vertical axis) approach the annual timescale, we see the emergence
of greater \ariability around the more general intelecadal trends. At these shorter timescales,
this variability can substantially enhance or even entirely counteract the underlying drying trend.
Whilst the particular realisation of internal variability would chamigpending on the
manifestation within a given simulation, then general characteristics of this plot would be expected
to hold.

At longer time scales (vertical axis), there is a clear emergence of the drying signal from past to
present to future in each ember. At shorter temporal scales, however, we see a much greater

role for natural variability, even on a relatively large domain like the Mediterranean. Had we taken

' aYFEEtSNIE20FGA2Yy O6fA1S | LINPOJAYOSNE2NICIK SA Y
conventional focus of climate projections on 20 years (or longer time averages) is to eliminate this
Wy2AaSQ OAYOUSNYIlIf QOFENARFOoAfAGERO YR Aaz2ftlasS GK
change impacts are linked to the interaction i¥eten natural variability and climate change. In

this example, relatively wet periods occur still later in the century, despite general drying trends.

In addition, in the first realisation (left) some of the driest conditions are already encountered

prior to 2070. The internal variability role in the real world is not possible to predict beyond the

next decade, however, this illustration of a possible manifestation is useful as it exposes many of
the challenges of interpreting projections in the presenceatural variations in climate.

56



Another often overlooked aspect is that the amplitude of internal variability is usually

underestimated when diagnosed from tirsice experiments. In figur2s, this is illustrated by the
WAAIYATAOI y OS GmebarsitieScioceur ht fianddri Bchitiors Mthé graph (but at
RATFSNBYG @SIFENB Ay (GKS (62 NBITATIFIGA2yaoe {at
G2 GKS YSIyéY AT 06SOFdzAS 2F az2Y$S yI {dzMetfit Ft dzO
is likely that a future climate will be drier (even in a stationary climate). Although the trend is
statistically robust and different from zero, a large part of it relates to internal fluctuations. The
problem is that without long transient integtions, or an ensemble of simulations, it is impossible

to find out what is the true (physical) climate change signal. Finally, note that the amplitude of
internal variability may also change over time. Also, this is seen in the drying Mediterranean area.
The tendency towards systematic drying, is accompanied by a (relative) increase in the amplitude

of internal variability.

Example 2: pdf changes at shorter time scales

Two further examples are now given, to show the impact of internal variability onesrsatle
regions at different time scales. Specifically, we discuss projections of the winter temperature
changes in 2.5°x2.5%egion in north west Romania (centred around Sibiu) and summer rainfall
changes ir2.5°x2.5Madrid region (Spain).

We look atboth 20 year averaged and single season climate projections, for a selection of
(weighted) CMIP6 models and the full pdfs from the UKCP18 methodology. Comparing the 20 year
with the single season projections in the CMIP6 models (box and whisker plotstiwad

following figures 26 and Z) highlights the wider spread of responses when considering changes

for only a single season. The orange box and whiskers correspond foviie6 REA Atlas ddta

these two regions, seasons, and variabete REAs based on 1&CM simulations, which is
probablyenoughto get ahandle one the 20 year mean change. Howetleg, REA CMIP6

estimates ofchange for theseisgle seasons arevidently noisy, which ilktratesthe need to

Clearer insights can be seen in the full pdf estimates from the UKCP methodology (pdfs in figures
26 and 27. The impact of wider season to season variability is immediately evident from the wider
distribution of projected temperatur@and precipitation change. Projections from the single season
context provide useful insights that we should bear in mind when presenting and interpreting the
more convectional 20 year mean climate projections (such as those frovitthg. The 26year

climate warming signal is fairly unambiguous, with expectations that the average winter between
Hanm FYR Hncn gAff 0SS 461 NYSNI 6ppls 2F GKS GAYS
be cooler than the present day (1995 to 2014) baseline 18% of the time. We see a similar picture
with rainfall, with the climate mean projections suggesting only a 18% chance that {ea20

average summer would be wetter than the preselaty baseline. Pjections for the 2050 summer
season, whilst consistent in capturing this same tendency to dry, suggest that an individual season
may be almost twice as likely (31%) to be wetter than the presknytbaseline.
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Figure 26 Difference between 20 yearean projections and projections for a single season, for
north west Romania (Sibiu) winter temperature changes. The plot shows a clear winter warming
signal in the 26/ear mean (orange pdf). However, the projections for the 2050 winter season
(green pdfyeveal that there is a sizable chance that individual winters may be colder than the
presentday baseline. These projections are all relative to a 1995 to 2014 baseline state. The box
and whiskers (showing 10,25, 50, 75 and 90 percentiles) are basedghtedeestimates of 3
CMIP6 climate models (using the REA methodology) and the pdfs are estimates of the same
guantities using the full probabilities from the UKCP18 methodology.

For many locations and variables, internal variability will preden the range of what we can
expect as we make projections for shorter timescales or smaller geographical locations. However,
where the interseasonal variability is not symmetrically distributed this also has implications for
6KI G 6SQR SypitdBséaSonal d@niye (ds opiposed to a lotgen averaged change).
Summer rainfall in Mediterranean regions is a good example of this. In the Madrid summer rainfall
figure (figure 27) we can see that the distribution of projected changes for the 2@B0rser is

strongly skewed, with most of the distribution showing a drying but with adeagtail. Whilst

the mean estimate of summer drying-88% compared to the baseline, the mediardi®3% drier.

So, the more typical summer will be drier than the @tsnmean suggests because the climate

mean estimate also includes the possibilities of rare exceptionally wet summers.
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Madrid prAnom change
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Figure 27 Difference between 20 year mean projections and projections for a single season, for
Madrid summer rainfall changes. Thepshows a clear summer drying signal in Beyear

mean. However, the projections for the 2050 winter season reveal that the typical summers are
likely to be drier than this climatological change suggests and at the same time we are unable to
rule out lowv likelihood but high impact wet summer seasons (with rainfall as much as 200% above
the presentdaybaseline). These projections are all relative to a 1995 to 2014 baseline state. The
box and whiskers (showing 10,25, 50, 75 and 90 percentiles) are hasezighted estimates of

15 CMIP6 climate models (using the REA methodology) and the pdfs are estimates of the same
guantities using the full probabilities from the UKCP18 methodology.

Take away messages from comparing the more typical climate mean poojecf changes with
LINE2SOGA2ya GKFEG 002dzy G F2NI AYGSNYFE OFNRKIOA
smaller temporal and spatial scales, including the possibility of changes of the opposite sign.

Where internalvariabilityproduces skewd distributions, the typical seasonal response (as

measured by the median) can often be consistent with larger magnitude changes than the

headline messages from thengerterm climate mean projections.

9.4Using WP2 projections to provide a contextWdP3 projections

The aim, here, is to provide an indication of hmpresentativeof the broader potential range of
projected changes (in mean seasonal temperature and rainfall) the available Convective
Permitting Models (CPMs) are. We haverfiparatively data rich regions (the Alpine domain with
7 CPMs) and regions with sparser CPM model availability (where only 2 or more are available).
This section is intended to showcase the CPM responses compared to the wider pdfs.

There are several things to look for in the following analysis. Firstly, the comparison of climate
models and the probabilistic projections provides an initial impression on how well the available
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modelling captures the range of the wider potential climatsponses. The UKCP probabilistic
projections, used in the follow examples, accounts for additional sources of projection uncertainty
that is not accounted for in the GCM to CPM modelling. These include carbon cycle feedbacks
(which tend to produce stroreg warming responses) and tiparametricuncertainties (that can

expand the uncertainty distribution beyond what the CMIP ensemble is able to capBa#ere

INE 322R NBlaz2ya ¢gKeé GKS D/a G2 /ta aAiAydzZl GAz2
potential probabilistic response space, but how well they do at this is important context for users

of this CPM data. This context can inform users of this regional modelling data of where responses
may under (or over) estimate the magnitude of some changes.cbhparisormakes most sense
when comparing the climate response of the parent GCM that is used to drive the regional

models. This is because the observational constraints that inform the probabilistic projections are
all done on large scale global climat®dels (GCMs). One of the motivations for carrying out high
resolution regional climate models, is that their ability to start explicitly resolving convective cloud
processes may lead to changes in their projected responses.

This leads on to the secondpet to look out for. The following figur€Bigures 28 t@2) show

the change in the projected temperature and precipitation between parent GCM and coarse scale
RCM, as well as coarse scale RCM and convective permitting CPM. Should there be a common shift
in resporses at either of those steps, then this would imply that resolving the higher resolutions,
changes the climate projections (a process that the probabilistic projections are unable to

currently account for). Benefits of resolving processes mayheetonfounded by small ensemble

sizes, presence of biases in some of the models; &2 (KS F0aSy0S 27F adzOK «
necessarily be interpreted as evidence that resolving those scalesndbbave implications for

current climate projetions. Alternatively, many of the documented benefits of resolving these

higher resolutions in CPMs, is in higher frequency char@gsie may just not see these changes

in thelarge scaleseasonal meatO-yearaveraged projections presented here. As wi#l see, we
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regional modelling and their courser scale parent simulations, in the examples we explore here.

Lastly, it is useful to look for any underlyirtgusture between projected changes in temperature

and rainfall in the probabilistic projections. There can often be some quite strong correlations,

which we might not always expect the small number of available CPM simulations to pick up.
Typically, warmeconditions can often be associated with summer drying in southern Europe.
Whereaswetter winter conditions may be associated with stronger warming in some northern
European regions. Where these correlations exist, they can be important for some usknsadé c

change who have exposure to changes in both variables. So, it is useful to note where available
regional modelganO | LJG dzNB (KSaS dzy RSNX @Ay3a NBfFGA2YyAKAL

9.4.1Context for regions with limited CPM modelling

Caovective Permitting regional climate Models (CPMs) are very much a novel modelling tool and
due to their great computationaxpensethey tend to be run for only limited domains. EUCP has
expanded the number of CPM so that all mainland European regioresgrajections from some

of these models. However, for most regions we have limited samples which are each drawn from
the wider range of climate change responses. We show here comparisons of the regional
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modelling and the probabilistic projections, for twweasons, for the Central Eastern Europe
region, as an illustration of some of the challenges in having only a limited sample of simulations.
Thetop-levelinferences from the following comparison are:

T Summer (JJA): the chance sampling of these two-®CMCPM modelling sets does a
reasonable job of sampling summer conditions. Lower likelihood but higher impact change
may be possible.

T Winter (DJF): fails to sample winter drying (though this is modest, and may well just be
internal variability) and missesdhier end warming (especially if only the CPM is used).

For summer, the two convective permitting regional models (CPMs) available for the Central
Eastern European domain do a reasonable job of spanning the range of projected summer
conditions. Both sitvithin the 25th percentiles from the UKCP probabilistic methodology, so
neither can be said to explore the less likely but still possible parts of the projected response
space. Between them they capture both a stronger warming with modest drying and nuztesin
warming with less change in mean summer rainfall. The UKCP probabilistic projections expose the
correlation between warmer temperature increases and the tendency of the projections to
produce more of a drying signal. These kinfirelationships cate important for users who have
exposure to changes in both variables, and it is often hard to impossible to identify such
relationship from the small handful diigh-resolutionsimulations that are typically available. In
this instance, the chance sammimas happened to have done well with the warmer projection
also capturing drier conditions that are more typical of responses of this magnitude.

The estimates from the CMBRare narrower than those from UKCP method, which is related to
UKCP including adobnal uncertainties due to decadal variability; and inclusion of wider
uncertainties (namely carbon cycle and bespoke uncertainty modelling as well as statistical
uncertainties). Whilst neither CPM explores the whole Guiénperature distribution, theyo a
reasonable job of spanning the intguartile range temperatureange andepresent moistening
and drying just either side of the CNBIRange.

Another thing to note is thathere is not sufficient consistency in the shifts of the two CPMs to

suggesthat resolving processes at this scale significantly changes the projections, as this seasonal
mean temporal scale.
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CEEU-WP3, RCP85, JJA (2040-2049 relative to 1996-2005)
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Figure28: Summer Climate Projections for Central Eastern Eurdpentours represent 90th, 75th,

50th and 25th percentiles for constrained joint projections from the UKMO probabilistic projections

of temperature and rainfall change. The points represent projected changes from the two available
Convective Permitting rémnal Models (CPMs) that produce projections that cover the whole of

this region (red squares). The lines connect these CPM responses to the responses of their RCM and
GCM parent models. The box and whisker plots show estimated changes from the ClimWIP
methodology, with the raw CMBange and the observationally constrained range show in open
orange and filled brown, respectively, for the 90th, 75th, 50th, 25th and 10th percentiles

For winter, these two CPMs represent a more limited sample of changke iGentral Eastern
European domain. The RCM and CPM do not reproduce the stronger warming of their parent GCM
and fall more in line with HCLIM, projecting a warming of roughly 1.5 K. The CPMs, therefore,
provide only a limited sample of what would be calesied the plausible range of temperature

change (given large scale observational constraints). Interestingly, the observational constraints in
ClimWIP tend to suggest that the larger temperature future responses are more consistent with
observed changesy ithis region. Both CPM simulations capture a winter enhancement of
precipitation, on the upper end or outside the CNIRange,though it is considered consistent

with the wider UKCP uncertainty range. Both CBHRd the UKCP methodology suggest that a
winter drying is consistent with large fraction of the project changes, and this is not sampled in the
available CPM modelling. It also suggests that, unlike in summer, there is not a strong relationship
between winter warming and changes in precipitation {ghis again, useful context).
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So,the winter CPM simulations represent similar, limited, samples of the wider underlying
uncertainties. Projections that are either considerably warmer or even produce a net drying are
both possible, but not represented her

0 CEEU-WP3, RCP85, DJF (2040-2049 relative to 1996-2005)
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Figure 29 Winter Climate Projections for Central Eastern Eurof@@®ntours represent 90th, 75th,

50th and 25th percentiles for constrained joint projections from the UKMO probabilistic projections

of temperature and rainfall change. The points repreg®ojected changes from the two available
Convective Permitting regional Models (CPMs) that produce projections that cover the whole of

this region (red squares). The lines connect these CPM responses to the responses of their RCM and
GCM parent model§he box and whisker plots show estimated changes from the ClimWIP
methodology, with the raw CMBR>ange and the observationally constrained range show in open
orange and filled brown, respectively, for the 90th, 75th, 50th, 25th and 10th percentiles

9.4.2Context for the Alpine region

This region is the most well served by current convective permitting modelling. Shown below are
the GCM, RCM and CPM responses compared against current probability projections.

1 DJF: The models sample temperature charagég in bottom half of the potential
temperature distribution and none of the models capture sample winter drying. The latter
may be less relevant if the precipitation range is largely internal variability (but it may be
because the drying is driven latgdy the PPE, and hence not captured by the CPMs and
their CMIP5 based drivers)

T WW! Y L/ ¢ t-EB4RefAMRrD®ING compensates for the otherwise cool biased
sample. With this model, some of the warmer and drier responses are captured but the
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ensembe still fails to capture some the higher end, albeit less likely, strong warming and
drying.

T SON: The CPM sampling is better placed to capture the range of responses. RegCM is
L2AAGAZ2YSR (2 OF LJWidzZNBE KAIKSNI SYR g lgNGA y 3T
modest warming and COSMO captures moderate warming and moistening.

In principle, potential users of CPM projections are much better served in the Alpine domain. Here
we show 7 EUCP CPM simulations (with their parent RCMs and GCMSs) for winteryaumdme
autumn seasons. As can be seen from the winter figirgure 30)below, this larger number of
models does not always translate into wider sampling of potential climate responses. None of the
CPM models are able to sample temperature in the uppdfr dfahe UKCP distribution nor sample
the potential for this region to experience winter drying. Compared to the GMdiiBemble they

do reasonablywell. Again, they tend to miss the upper end of the CBtiBservationally

constrained distribution. Interestgly 3 of the4 GCM projections, that are used as boundary
conditions, fall below the lower 10 percentile of the CBItBnge. The regional modelling has

tended to shift up the sampling of lower temperature responsemewhat,but it is worth noting

that the chance sampling still tends to ov&mple cooler winter temperature responses

compared to what might bexpectedfrom the constrained range from either probabilistic
methodology presented here. Similarly, the winter CPMs do not encompass the potiytiad

signal in both the CMBPand UK probabilistic methodology.

PALP-WP3, RCP85, DJF (2040-2049 relative to 1996-2005)
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Figure30: Winter Climate Projections for the Alpine domai€ontours represent 90th, 75th, 50th

and 25th percentiles for constrained joint projections from the UKMO probabilistic ppogcii
temperature and rainfall change. The points represent projected changes from the seven available
Convective Permitting regional Models (CPMs) that produce projections that cover the whole of
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this region (red squares). The lines connect these CRMmsss to the responses of their RCM and
GCM parent models. The box and whisker plots show estimated changes from the ClimWIP
methodology, with the raw CMEtange and the observationally constrained range show in open
orange and filled brown, respectivefpr the 90th, 75th, 50th, 25th and 10th percentiles

Looking at the autumn/fall season in the Algésgure 31)the CPMs appear to be in a better

position in terms of sampling underlying range of projections. Individual CPM members sample
stronger warmmng, modest warming with a drying signal and modest warming with a moistening
signal. A couple of CPMs produce small warming with quite strong increases in Autumn rainfall,
which (according to the probabilistic projections) would be considered less K&iyst the

underling probability distribution suggests these responses are not implausible, neither has a
particularly strong weight. Caution needs to be exercised before such models can be considered as
outliers, as it may well be that resolving regiosahle processes at higher resolution has led to the
more pronounced increase in Autumn rainfall. Rainfall changes in the Autumn season (September
to November) are of particulanterest becaus¢here is now some suggestion from the CPMs that
climate changenay extend summer convective rainfall events into the autumn season. The
probabilistic projections are based on lower resolution global modelling that does not capture
these processes. Nevertheless, comparisons like this provide a useful context tosfraime

guestions.

PALP-WP3, RCP85, SON (2040-2049 relative to 1996-2005)
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Figure 31 Autumn Climate Projections for the Alpine domai@ontours represent 90th, 75th,

50th and 25th percentiles for constrained joint projections from the UKMO probabilistic projections
of temperature and rainfall change. The poinépresent projected changes from the seven

available Convective Permitting regional Models (CPMs) that produce projections that cover the
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whole of this region (red squares). The lines connect these CPM responses to the responses of their
RCM and GCM paremodels.

The CPM ensemble represents a better sample of potential summer chéfigese 32jhan the

winter season, according to the probabilistic methods. Here (like in the Central Eastern European
domain) we see that there is a strong relationship between greater warming and greater summer
drying. The available CPM ensemble captures much stthilerlying structure, and the inclusion

of the RegCM regional model does much to compensate for the otherwise cool bias to the sample
represented by the other CPMs. Interestingly, ClimWIP suggests thabGMi&ations with

stronger future warming are ore consistent with observed changes. Five of the seven CPMs
produce a summer warming that is cooler than the lower 25 percentile of the constrainedbCMIP
range. Whilst there are limitations to the CPM sampling of the climate projection space (for
examplewe may expect the potential for stronger summer warming and drying than the CPM
sample is able to capture) the available members do span some of the diversity in potential
responses.

PALP-WP3, RCP85, JJA (2040-2049 relative to 1996-2005)
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Figure32. Summer Climate Projections for the Alpine domaontourgepresent 90th, 75th,

50th and 25th percentiles for constrained joint projections from the UKMO probabilistic projections
of temperature and rainfall change. The points represent projected changes from the seven
available Convective Permitting regional Md&l (CPMs) that produce projections that cover the

whole of this region (red squares). The lines connect these CPM responses to the responses of their
RCM and GCM parent models. The box and whisker plots show estimated changes from the
ClimWIP methodologyyith the raw CMIBrange and the observationally constrained range show

in open orange and filled brown, respectively, for the 90th, 75th, 50th, 25th and 10th percentiles
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9.4.2Applications for using PDFs to inform RCM driving data selections

The obsevationally constrained projection can be used beyond the context they provide to
currently available climate projections. Exploring some of the challenges in selecting future
simulations for downscaling, as an example, they can also be used as a videalfquotential
candidates for further regional climate simulations (or statistical downscaling) that can
complement existing data.

Figure 33 shows how the CMIP6 models position themselves with respect to the ranges
constrained by 3 method®r summer mean temperature change over different European regions.
Putting these three constrained ranges together allows us to identify a subset of models that can
be selected adrivingGCMs for regional simulations produced by the RCMsle&antstrategy

for anoptimal selection would be to sample the climate sensitifiitythe broad sensewithin the
constrained ranges. For example, the ACEES815 model (hnumber 2 in Figure 33) could be
selected as characteristic of strong warming over Europe, itddIPIESM12-LR model

(number 35) would be more representative of weak warming. Models that are incompatible with
constrained ranges could also be usefuldstimatingclimate riskin a comprehensive wapy
considering them abw likelihood, but highmpactrealisations (i.e. beyond the 10% and 90%
thresholds). This is for example the case for the UKEG&M1(number 41) or FGOA}S (number

19) modelsSuch a modelling strategy is likely to be adopted for the next CORASE

$55-8.5 tas over 2041-2060 wrt 1995-2014 in JJA

NEU-CEU-MED NEU

Model
*  1-ACCESS-CM2 + 15-E3SM-11 +  20-KACE-1-0G
* 2-ACCESS-ESML-5  + 16-EC-Earthd *  30-KIOST-ESM
*  3-AWI-CM-1-1-MR *  17-EC-Eanh3-veg *  31-MCM-UAL-0
*  4-BCC-CSMZMR 18- FGOALSf3-L *  32-MIROC6
5 - CanESMS5-CanOE 19 - FGOALS-03 *  33-MIROC-ES2L
6- CanESMS 20 - FIO-ESM-2-0 *  34- MPIESM1-2-HR
7-CESM2 21- GFDL-CM4 *  35-MPIESM1-2-LR
8 - CESM2-WACCM 22 - GFDL-ESM4 +  36-MRI-ESM20
9- CIESM + 23-GISS-E2-1G . 37-NESM3
CEU MED 10- CMCC-CM2-SRS  * 24-HadGEM3-GC31-LL  *  38- NorESM2-LM
11 - CMCC-ESM2 *  25-HadGEM3-GC31-MM =  39- NorESM2-MM
12 - CNRM-CM6-1 +  26-INM-CM4-8 *  40-TaiESML
13- CNRM-CM6-1-HR  + 27 - INM-CM5-0 *  41- UKESML-0-LL
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Figure 33: Compasbn ofobservationally constrained ranges for summer temperature, and
currently available CMIP6 simulation€onstrained temperature chang@elative to 19952014)
from the KCC, ClimWIP and ASK metifodshe SSRB.5 scenarimver the 20412060 period for
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the European (NEGEUMED) region and each SREX subredibe dots show individual models
as labeled. The horizontal dot positiand its coloiis arbitrary.

This contextualisation exercise was also done for the CMIP5 maddl CPMs used by WGS3.
the examples, below, we look at where the range of CMIP5 simulasibmsthin the constrained
ClimWIP and UKCP probabilistic projections.

0 PALP-WP3, RCP85, DJF (2040-2049 relative to 1996-2005)
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Figure 34:Exploring potentialGCM candidatess boundary conditions for future (sitistical)
downscalingin the Alpine region As Figure30 butincludingonly CMIP5 simulations used for
existing regional modelling boundary conditions (green cirdese wider CMIP5 simulations
(blue dots) This illustratethe distribution ofclimate responses across tlagailableCMIP5
simulations. In this casthe CMIP5 simulations, that have been used, sit withencooler and
wetter part of the wider distribution. Potential candidatés use as a centrastimate (green
diamond) orhigh-end changes, within the ClimWIP constrainedd®@percentiles (blue diamonds)
are shown.Lower likelihood, but still plausiblEMIP5 projections are identified to inform more
risk-adverse usersyellow and red diamonds).

In figures 34 and 3&e can illustrate how limited a sampling of the potential climate response
space is over th&obal dimate Model (GCM)simulations that have been chosen for tR€M and
CPMdownscaling simulationsAs shown irthe earlierFigures 29 and 30, thignitation is more
apparent in winter than it is in summeHere, ve use the ClimWIP constrained ranges to identify
alternative GCMghat could be used tprovide regional model boundary conditions to
complementthe exstingchoices. Weaise proximity toClimWIP 50%nd 10/90% percentiles to
have highlightegotential candidates for betteestimates ofcentralor high-end changes
respectively(identified in the figurdegends.
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This work is important because tlearrentlack of sampling of warmemddrier future winter
changes in these two regions is likely to mesger impacts on the overall water cydlean the
current regional climate models suggedtthe real world also showsinter drying and stronger
warmingthen this would imply further pressures on tiveater availability asthere would be
reduced capacity to recharge water reserves during the winterthedmplied reduction in winter
snowpackwould further reduce river flows igpring and early summeidentifying simulations

that explore this narrativshouldinform more robust decision making in light of the current range
of potential future changes.

We have alsidentified a few less likly but still plausible higher impactimate projections that
might be more relevant forisk adverseisers of climate projection information (indicated in the
figure 33 and 34 legends)

We have illustrated th joint temperature angrecipitationapproach here, with CMIP5 era
simulations. The potential to utilize CMIP5 for subsequent downscaling is limited due to the
sparse availabilitpf lateral boundary conditionéheeded to drive regional climate simulations)
and thefocus hasnoved on to newer CMIP6 simulations for much of the further downscaling
work. However, this section illustratesiapproach that could equally be applied to the more
recent CMIP&imulations andhe identification of CMIP5 realisations may still havevahce
should there be an appetite to pool realisations from both climate metslembles (particularly
if statistical, rather than dynamical, downscaling approaches were adopfd¥. work illustrates
how the constrained climate projections produced é@an be both used to provide context or to
provide a guide to selecting GCMs for downscaling that retegrdiversity ofthe climate
responses of global simulations
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Figure 35: Exploring potential GCM candidates as boundary conditions for future (statistical)
downscaling in theCentral Eastern Europeamgion. As Figur@9 but including only CMIP5
simulations used for existing regional modelling boundary conditigreef circles) or the wider
CMIP5 simulations (blue dots). This illustrates the distribution of climate responses across the
available CMIP5 simulations. In this case, the CMIP5 simulations, that have been wddadesit
wet extremeof the wider distibution. Potential candidates for use as a central estimate (green
diamond) or higkend changes, within the ClimWIP constraineddf0percentiles (blue diamond

are shown. Lower likelihood, but still plausible CMIP5 projections are identified to infonea m
risk-adverse users (yellow and red diamonds).
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