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Background

• Climate  projections  provide  information  for  adaptation  
planning  to  help  guide  decision  making

• There  are  several  national  climate  projections  (notably  
Australia,  The  Netherlands,  Switzerland  and  UK).

• The  different  countries  present  their  projections  in  different  
ways  reflecting  differences  in  user  priorities  and  statutory  
requirements,  values  held  by  the  scientists  making  the  
projections,  and  the  diversity  of  climate  over  that  region.

• The  2009  UK  Climate  Projections  (UKCP09)  was  used  in  
80%  of  the  studies  that  fed  in  to  the  1st Climate  Change  
Risk  Assessment  (CCRA)  so  projections  have  impact.



Two  main  ways  to  present  
climate  projections
To  cover  a  wide  spectrum  of  users,  different  types  of  
information  is  needed.

• Non-­probabilistic  e.g.
• A  few  examples  of  what  future  climate  might  look  like  
• Based  on  model  output  from  one  or  more  simulations  so  spatially,  
temporally  coherent  across  several  variables

• Probabilistic and  corresponding  sampled  realisations:
• Comprehensive  sampling  of  uncertainties  used  for  risk  assessment
• Requires  statistical  post-­processing  which  typically  places  limits  on  
degree  of  spatial,  physical,  temporal  coherence

• They  both  have  one  important  thing  in  common…



Uncertainty  and  ensembles

Projections  need  to  explore  key  uncertainties  that  are  consistent  with  
current  knowledge  and  that  affect  future  climate  and  so  are  based  on  
ensembles  of  climate  simulations.

• Internal  variability
• Initial  condition  uncertainty  (ICs  come  from  spinups or  controls)
• Stochastic  uncertainty  (varying  random  seed  of  stochastic  physics  
scheme)

• Modelling  uncertainty
• Structural  uncertainty
• Parametric  uncertainty

• Emissions  scenario  uncertainty



Internal  climate  variability
Variability  that  is  unforced  by  natural  or  man-­made  forcings  and  generated  
internally  to  the  climate  system.  Beyond  a  few  years,  this  is  unpredictable.

•1963-­2012  temperature  (colours)  and  
MSLP  (contours)  trends  for  30  
members  of  CESM1  (CAM5)  model  by  
Kay  et  al  (2015)

•Members  differ  only  in  their  initial  
conditions  of  temperature  by  O(10-­14K)  
perturbation!

•Figure  from  shows  range  of  possible  
trend  outcomes  resulting  from  the  
superposition  of  internal  climate  
variability  and  anthropogenic  climate  
change

Deser et  al  2016  



Parametric  modelling  uncertainty
Model  parameters  that  control  unresolved  processes  can  take  a  range  of  
plausible  values.Ensemble members  differ  in  terms  of  the  values  assigned  
to  key  parameters.  

Typically  all  
parameters  perturbed  
for  each  ensemble  
member.  Resulting  
ensemble  called  a  
Perturbed  Parameter  
Ensemble  (PPE).



Structural  modelling  uncertainty

• Arises  from  different  ways  to  approximate  the  climate  
system  when  building  a  climate  model  (other  than  choice  of  
values  of  model  parameters).

• Sampled  by  the  multimodel  ‘ensemble  of  opportunity’  e.g.  
the  set  of  international  climate  models  (CMIP5)  used  in  the  
5th IPCC  assessment.



Importance  of  evaluating  
ensembles  members

Members  of  both  
multimodel  ensembles  and  
PPEs  sample  a  wide  
spectrum  of  model  quality.

Ensemble  members  need  
to  be  screened  or  
weighted  based  on  
comparison  with  
observations.



Comparing  structural,  parametric  
and  stochastic/internal  variability

• Both  PPE  and  multimodel  ensembles  sample  internal  
variability

• PPEs  and  multimodel  ensembles  typically  show  a  lot  of  
overlap.  Best  to  pool  both  ensembles  for  fuller  range.

Changes  in  annual  mean  log(precipitation)  per  +1K  global  warming  due  to  idealised  4K  
SST  warming  pattern



Emissions  scenario  uncertainty
The  uncertainty  in  global  socio-­economic  development  and  associated  
greenhouse  gas  and  aerosol  emissions.  Typically  a  few  ensembles,  one  for  
each  emission  scenario

B. B. B. Booth et al.: Emission-driven global change 99
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(B) Uncertainty in decadal mean temperature
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Fig. 1. The global mean temperature response to RCP and SRES scenarios. The projected response to RCP8.5 (red), SRES A1B (yellow) and
RCP2.6 (blue) are shown for the ESE ensemble (A) with respect to the 1900 to 2000 baseline. The mean response of each ensemble is shown
(bold line). The observations (HadCRUT3) are overplotted in light blue for the historical period. Differences between the mean ensemble
response and the observations are evident in the last 10 yr, though the observations are still within the ESE distribution. (B) shows the fraction
of total variance in decadal global mean surface air temperature projections explained by the scenarios uncertainty (green), model response
(blue) and internal variability of the climate system (orange), calculated using the methodology described in Hawkins and Sutton (2009).

2.3 CMIP5 data

Data for atmospheric CO2 and global temperature change is
available for 10 CMIP5 emission-driven simulations (avail-
able for the single RCP8.5 future scenario described above)
at the time of writing. These models are: BNU-ESM,
CanESM2, GFDL-ESM2, HadGEM2ES, INMCM4, IPSL-
CM5A-LR, MIROC-ESM, MPI-ESM-LR, MRI-ESM1 and
CESM1-BGC. GFDL-ESM2M also exists in the archive (dif-
fering from GFDL-ESM2G presented here, only in the ocean
physics representation). Given the strong similarity in re-
sponse between these two configurations, we have consid-
ered them here, for global mean CO2 and temperature re-
sponses, to be one model. The historical and future scenario
used to drive these CMIP5 models is discussed in the previ-
ous section. Initial analysis of these CMIP5 emission-driven
runs appears in Arora et al. (2013) and Gillett et al. (2013)

3 Results

3.1 Implications for future projections

As acknowledged in Hawkins and Sutton (2009), “progress
in climate science may sometimes broaden rather than nar-
row uncertainty”. They were referring to processes which
lie outside current climate modelling systems and the impact
that quantification will have for the spread of responses when
they are included. Of course the underlying uncertainty has
not really increased in any real sense, but rather the increased
spread accounts for uncertain processes which previously lay
outside the quantifiable framework. The primary example at
the time (Hawkins and Sutton, 2009) was written was carbon

cycle processes (which were not quantifiable in their analysis
due to availability of simulations).
We show that the global mean temperature response, aris-

ing from the earth system uncertainties explored in the ESE,
gives rise to a broad spread in future responses (Fig. 1a). By
2011, the median ensemble response (RCP scenarios) is al-
ready 1.1K above the 1900–2000 baseline climate. In con-
trast, the observations warm by only 0.5K relative to the
same baseline, though they still lie within the ESE envelope.
Future temperature projections diverge depending on dif-

ferences in the emissions scenario, ranging between a 2.3K
median response above baseline for the aggressive mitiga-
tion scenario, to a median response of 6.1K for the high-end,
business as usual scenario. The spread of these responses
is broader than previous concentration-driven GCM simula-
tions, and is discussed further in the following sections.
While the emission-driven ESE simulations point towards

a greater projection uncertainty for global mean temperature
than previous concentration-driven simulations, they do not
imply any fundamental change to the timescale on which
different sources of uncertainties play dominant roles. Pre-
vious work using concentration-driven GCMs (Hawkins and
Sutton, 2009) point to the role that different sources of cli-
mate projection uncertainty play, on different timescales. De-
spite marked increases in future projection spread within
the emission-driven ensemble, the ESE produces a remark-
ably similar picture (Fig. 1b). This figure compares the frac-
tion of the total variance for each decade ahead, explained
by the scenario, model response or internal variability vari-
ance (details of the method are described in Hawkins and
Sutton (2009)). Over the shorter 30–50 yr term, the impact
of different emissions scenarios or adoption (or not) of ex-
plicit climate mitigation policies is not a significant factor

www.earth-syst-dynam.net/4/95/2013/ Earth Syst. Dynam., 4, 95–108, 2013
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 Scenario classification: G versus W
The different IPCC scenarios for future emissions of 
greenhouse gases and pollutants, in conjunction with land 
use changes, form the basis for the KNMI’14 scenarios. 
Figure 2 shows the resulting global mean temperature 
increase until 2100 based on climate model calculations.
The global mean temperature increase is the first classifica-
tion criterion distinguishing the scenarios. In the G 
scenarios, the global mean temperature increase is 1 °C in 
2050 and 1.5 °C in 2085 relative to 1981-2010; in the W 
scenarios the increase is 2 °C in 2050 and 3.5 °C in 2085 
relative to 1981-2010. G stands for Gematigd, i.e. Dutch for 
moderate; W stands for Warm, i.e. Dutch for warm. These 
ranges of future warming include about 80% of the latest 
climate model calculations.
Because these calculations run until 2100, the maximum 
possible time horizon for the KNMI’14 scenarios is limited 
to the 30-year period around 2085. The year 2050 was 
chosen as the first time horizon because it was also the first 
time horizon used in the KNMI’06 climate scenarios.

 Scenario classification: L versus H
Besides the global mean temperature rise, the change in air 
circulation pattern has a substantial influence on climate 
change in the Netherlands. Therefore, the change in air 
circulation was taken as the second classification criterion 
to distinguish the scenarios. In the Low or L scenarios (GL 
and WL) the influence of circulation change is small; in the 
High or H scenarios (GH and WH) the influence of circulation 
change is large.
In the H scenarios more frequent westerly winds occur in 
winter. This leads to mild and more humid weather 
compared to the L scenarios. In summer, high-pressure 
systems have a greater influence on the weather in the H 
scenarios. Compared to the L scenarios these high pressure 
systems cause more easterly winds, which implies warmer 
and drier weather for the Netherlands.
The latest calculations with the global climate models used 
for the IPCC indeed indicate these changes in air circulation. 
They have been translated to the Netherlands using the 
KNMI climate model for Europe. 
In a final step, using the 12 climate variables including 
temperature, precipitation and solar radiation, 22 indi-
cators relevant for user applications, such as the warmest 
summer day per year (relevant e.g. for healthcare) or the 
maximum hourly precipitation intensity per year (for 
sewage capacity), have been evaluated.

FIGURE 1  Temperature variations observed at De Bilt (Netherlands) 
since 1901 on different time scales. The observed variations are the 
result of natural variations superimposed on the global warming 
signal.
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FIGURE 2  Global temperature rise relative to 1981-2010 based on 
climate model calculations performed for the IPCC 2013 report 3). 
Two different IPCC emission scenarios (see page 3): RCP4.5 
(stabilization) and RCP8.5 (high emissions). Coloured bands: model 
spread; lines: model means; dots: global temperature rise 
determined for the KNMI’14 climate scenarios for the Netherlands.
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Changes  in  relative  contribution  
of  uncertainties  over  time
From  Booth  et  al  (2013)  but  right  panel  based  on  Hawkins  
and  Sutton  (2009)B. B. B. Booth et al.: Emission-driven global change 99
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Fig. 1. The global mean temperature response to RCP and SRES scenarios. The projected response to RCP8.5 (red), SRES A1B (yellow) and
RCP2.6 (blue) are shown for the ESE ensemble (A) with respect to the 1900 to 2000 baseline. The mean response of each ensemble is shown
(bold line). The observations (HadCRUT3) are overplotted in light blue for the historical period. Differences between the mean ensemble
response and the observations are evident in the last 10 yr, though the observations are still within the ESE distribution. (B) shows the fraction
of total variance in decadal global mean surface air temperature projections explained by the scenarios uncertainty (green), model response
(blue) and internal variability of the climate system (orange), calculated using the methodology described in Hawkins and Sutton (2009).

2.3 CMIP5 data

Data for atmospheric CO2 and global temperature change is
available for 10 CMIP5 emission-driven simulations (avail-
able for the single RCP8.5 future scenario described above)
at the time of writing. These models are: BNU-ESM,
CanESM2, GFDL-ESM2, HadGEM2ES, INMCM4, IPSL-
CM5A-LR, MIROC-ESM, MPI-ESM-LR, MRI-ESM1 and
CESM1-BGC. GFDL-ESM2M also exists in the archive (dif-
fering from GFDL-ESM2G presented here, only in the ocean
physics representation). Given the strong similarity in re-
sponse between these two configurations, we have consid-
ered them here, for global mean CO2 and temperature re-
sponses, to be one model. The historical and future scenario
used to drive these CMIP5 models is discussed in the previ-
ous section. Initial analysis of these CMIP5 emission-driven
runs appears in Arora et al. (2013) and Gillett et al. (2013)

3 Results

3.1 Implications for future projections

As acknowledged in Hawkins and Sutton (2009), “progress
in climate science may sometimes broaden rather than nar-
row uncertainty”. They were referring to processes which
lie outside current climate modelling systems and the impact
that quantification will have for the spread of responses when
they are included. Of course the underlying uncertainty has
not really increased in any real sense, but rather the increased
spread accounts for uncertain processes which previously lay
outside the quantifiable framework. The primary example at
the time (Hawkins and Sutton, 2009) was written was carbon

cycle processes (which were not quantifiable in their analysis
due to availability of simulations).
We show that the global mean temperature response, aris-

ing from the earth system uncertainties explored in the ESE,
gives rise to a broad spread in future responses (Fig. 1a). By
2011, the median ensemble response (RCP scenarios) is al-
ready 1.1K above the 1900–2000 baseline climate. In con-
trast, the observations warm by only 0.5K relative to the
same baseline, though they still lie within the ESE envelope.
Future temperature projections diverge depending on dif-

ferences in the emissions scenario, ranging between a 2.3K
median response above baseline for the aggressive mitiga-
tion scenario, to a median response of 6.1K for the high-end,
business as usual scenario. The spread of these responses
is broader than previous concentration-driven GCM simula-
tions, and is discussed further in the following sections.
While the emission-driven ESE simulations point towards

a greater projection uncertainty for global mean temperature
than previous concentration-driven simulations, they do not
imply any fundamental change to the timescale on which
different sources of uncertainties play dominant roles. Pre-
vious work using concentration-driven GCMs (Hawkins and
Sutton, 2009) point to the role that different sources of cli-
mate projection uncertainty play, on different timescales. De-
spite marked increases in future projection spread within
the emission-driven ensemble, the ESE produces a remark-
ably similar picture (Fig. 1b). This figure compares the frac-
tion of the total variance for each decade ahead, explained
by the scenario, model response or internal variability vari-
ance (details of the method are described in Hawkins and
Sutton (2009)). Over the shorter 30–50 yr term, the impact
of different emissions scenarios or adoption (or not) of ex-
plicit climate mitigation policies is not a significant factor
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Relative  contributions  of  
uncertainty  from  UKCP09

Uncertainties  
in  winter  
precipitation  
changes  for  
the  2080s  
relative  to  
1961-­90,  at  a  
25km  box  in  
SE  England

All  sources  of  uncertainty  contributing  so  all  important  to  include.  New  information,  
methods,  experimental  design  can  reduce  uncertainty  so  projections  will  change  
in  future  and  decision  makers  need  to  consider  this



Some  examples  of  
using  ensembles  in  
climate  projections



Multiple  realisations  for  impacts  
studies

Future  changes  in  river  flow,  obtained  by  using  results  from  the  11  
UKCP09  regional  climate  model  simulations  to  drive  a  hydrology  model

Prudhomme et  al  (2012),  Future  Flows  and  Groundwater  Levels,  CEH



Examples  of  Storylines

Climate  futures  tool
Whetton et  al  (2012)

Pictures  of  the  future
KNMI (2015)

Representative  models Clustering by  drivers
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Roberto  Ferrise,  Marco  Moriondo,  Marco  Bindi
Department  of  Agronomy  and  Land  Management  
University  of  Florence

Example  of  probabilistic  assessment:  durum  
wheat  (pasta)  yield  in  Tuscany  2040-­2060

Response  surface  for  
current  yield,  including  
CO2 fertilization

Þ 86%  risk  of  a  
reduction  in  yield

Thanks  to:

Sampled  data



UKCP18  -­ An  example  of  making  
an  ensemble  for  climate  
projections



UK  Climate  Projections  2018  -­
the  UKCP18  land  projections

Strand  1
PDFs  evolving  in  time  
(HadCM3  and  CMIP5)

Strand  2
Plausible  GCM  
realisations

Strand  3
12km  downscaled  
runs  (2.2km  later)

Samples  plausible  
RCP8.5  CO2  pathways

GCM  drives  convection  
permitting  model



Aims  of  the  three  strands
Product Key  aims

PDFs • Used  for  risk  assessment
• Comprehensive  sampling  of  the  key  uncertainties

20 plausible  and  
diverse  GCM  
realisations

• Understanding  climate  variability  and  extremes  under  a  
warming climate

• Flexible  dataset  for  impacts,  storylines
• Global  and  historical  context
• Connecting  the  regional  scale  to  global  drivers

15  downscaled
simulations
(12km)

• Flexible data  set  for  impacts,  storylines
• Finer  scale information  focused  on  UK
• Additional  or  improved  local  processes  (orography,  
coastlines)

• Drive  10  convection  permitting  UK  models  at  2.2km



Common  elements  to  all  three  
strands

• Sample  parameter  uncertainty  (not  2.2km)
• Multiple  lines  of  evidence

• Perturbed  parameter  ensembles
• Observations
• Multimodel ensembles  (12km  run  users  can  analyse EuroCordex)

• Global  CO2  uncertainty  sampled



Ensemble  size  and  choice  of  
model

• PDFs  require  very  large  ensembles  to  allow  statistical  
methods  called  emulators  to  predict  model  output  at  untried  
parameter  combinations.  Only  affordable  with  a  cheap  (old)  
climate  model.  

• Plausible  realisations  with  the  latest,  best  climate  model  are  
expensive  to  run.  Only  ~20  simulations  affordable.

• So  a  compromise  between  ensemble  size  and  choice  of  
model  is  made  to  balance  the  thoroughness  of  sampling  the  
uncertainty  versus  the  credibility  of  representing  the  climate  
system.  

• This  affects  the  range  of  applications  associated  with  each  
product.



Strand  2  – an  example  of  
experimental  design  strategy



The  set  of  perturbed  parameters  
for  atmosphere  and  land  schemes

7  schemes  
for  GA7.05:
• convection
• microphysics
• GWD
• boundary  layer
• land  surface
• aerosols
• cloud  and  
cloud  radiation

Atmosphere,  
land,  aerosol  
only.  No  ocean,  
carbon  cycle  in  
this  PPE.



Cheap  experiments  to  filter  
parameter  space  (following  on  
from  Rodwell and  Palmer  (2007))

• 49  out  of  2914  parameter  combinations  passed  quantitative  
acceptability  criteria.  

• That  is  a  low  hit  rate  and  despite  using  some  techniques  based  on  
history  matching.  Due  to  number  of  metrics  and  parameters.

5	
  days 5	
  years 100	
  years

Atmosphere-­‐only Coupled

N96 N216	
  ORCA0.25	
  (and	
  N216)



Selecting  20  PPE  members  for  
coupled  simulations

The  forcing  and  feedback  estimates  come  from  extra    
experiments  like  AMIPfuture,  AMIP4CO2,  AMIP-­PIAERO.

C
M
IP5



The  parameters  constrained  by  
5-­day  forecast  errors



5-­year  mean  MSE  versus  5-­day  
forecast  error  MSE

Sexton  et  al  (in  
preparation)  based  on  
parallel  PPEs  of  5-­day  
and  5-­year  means  
using  an  earlier  
HadGEM3  
configuration  (GA4)

Basic  idea  is  to  rule  out  
members  where  MSEs  
are  beyond  a  multiple  
of  the  standard  model’s  
MSE



Comparison  of  ensemble  means  for  5-­
day  forecast  error  and  5-­year  mean

Sexton  et  al  
(to  be  
submitted)

5-­year  
means

5-­day  
forecast  
errors



Pattern  similarity  of  errors  across  
time  scales

Histogram  of  pattern  correlations  between  5-­day  forecast  errors  and  5-­year  
biases  for  each  member



Parameter  sensitivity  across  the  
two  time  scales

Fraction  of  variance  of  the  MSE  across  parameter  space  explained  by  
top  8  parameters  (internal  variability  not  included)

Time  scale:
5-­day
5-­year



Summary

• Ensembles  that  sample  key  uncertainties  underpin  the  
different  types  of  climate  projection.

• Evaluation  of  the  ensemble  using  a  wide  range  of  metrics  is  
essential  

• Although  the  projections  are  the  main  product,  the  analysis  
of  the  ensembles  themselves  offers  a  rich  source  of  
information  about  modelling the  climate  system.  Can  be  
used  to  understand  limitations  in  models,  time  scales  of  
processes,  emergent  relationships  between  observables  
and  future  climate  etc.


