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ENSEMBLES
Major Milestone MM1.3
J. Murphy, M. Collins, F. Doblas-Reyes., T. Palmer and A. Weisheimer

Specification of a "second generation" ensemble prediction system (Version 2).

1. Introduction
A report for ENSEMBLES Major Milestone 1.2 was produced in August 2006 (Weisheimer et al.,
2006), summarising progress achieved in the development of an ensemble-based modelling system
for the prediction of climate variability and change at seasonal to decadal (s2d) and multidecadal
lead times, provided by the partners of ENSEMBLES RT1. This “first generation” system was
based on the first stream of climate model s2d hindcasts and centennial climate change projections
produced during the first two years of the project. It included an initial methodology for s2d
prediction based on three different methods to account for uncertainties in the representation of
physical processes in models. The system also included a set of longer term projections forming
part of a systematic strategy for characterising uncertainties in longer term projections, based on
relatively large ensembles carried out within a single model framework augmented by results from a
multi-model ensemble of alternative models.
Section 2 recaps the three methods for characterising modelling uncertainties employed in the
project, and sections 3 and 4 describe developments during the past three years leading to the
second-generation system for s2d and multidecadal projections, including a selection of key results.
These demonstrate the capabilities of the latest prediction system, which provides better projections
on seasonal to annual time scales, a first demonstration of the benefits of sampling modelling
uncertainties in decadal projections, and probabilistic climate change projections for Europe
accounting more comprehensively than previously for uncertainties in current knowledge of key
Earth system feedbacks and their uncertainties. Priorities for future research are discussed in section
5, recognising that the progress made during ENSEMBLES raises significant new challenges. These
include the potential to combine more fully the different methods for sampling modelling
uncertainties considered during the project, and to develop a single “seamless” prediction system
covering seasonal, decadal and multidecadal time scales (e.g. Palmer et al., 2008; Hurrell et al.,
2009).

2. Techniques for sampling modelling uncertainties
For a given scenario of future changes in natural and man-made external forcing agents (solar
variability, volcanic eruptions, changes in emissions or concentrations of greenhouse gases,
aerosols and their precursors), uncertainty in model projections arises from internal climate
variability and uncertainty in prediction of the response to external forcing. Uncertainty due to
internal variability can be reduced by starting projections from estimates of the current observed
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state of the climate system, and strategies for achieving this have been implemented in the s2d part
of the new ensemble prediction system (section 3). However, modelling uncertainties also
contribute to uncertainty in projections of internal variability, as well as to externally-forced natural
variability and longer term climate change. Uncertainty in model formulation arises due to the
inability of climate models to simulate every single aspect of the climate system with arbitrary
detail. Climate models have limited spatial and temporal resolution, so that physical processes that
are active at smaller scales (e.g. convection, orographic wave drag, cloud physics, mixing) must be
parameterized using semi-empirical relationships.
In ENSEMBLES, three approaches to address model uncertainty in seasonal-to-decadal predictions
have been explored:
1. The multi-model method empirically samples errors that occur due to structural inadequacy
in individual climate models by using models with different formulations and
parameterizations (Palmer et al. 2004; Weisheimer et al., 2009). This approach relies on the
fact that global climate models have been developed somewhat independently at different
climate institutes, using different numerical schemes to represent the dynamics and applying
different parameterizations of physical processes.
2. Given that some of the most important model uncertainties are in the specification of the
parameters that are used in the physical parameterizations (Murphy et al., 2004; Stainforth et
al., 2005), the perturbed-parameter approach samples model uncertainty by creating
ensembles of alternative variants of a single model in which multiple uncertain parameters
are perturbed.
3. Due to the finite spatial resolution of climate models, the representation of processes on
spatial scales smaller than the truncation scales, and their feedback onto larger scales,
remains subject to considerable uncertainty. The impact of unresolved scales can be
approximated by stochastic physics elements that either act as perturbations to the physical
tendencies or via energy backscatter processes from the sub-grid scales to the resolved
scales (Palmer, 2001; Palmer et al., 2009a).
In s2d prediction all three approaches were explored in version 1 of the ensemble prediction system,
and this is again the case in the second version. Updates implemented for the second stream of
hindcasts, which covered improved initialisation as well as changes to the methods for sampling
modelling uncertainties, are briefly summarised in section 3. For centennial predictions, version 1
of the system consisted of an interim staging post towards a systematic methodology based on a set
of perturbed parameter ensembles variants of a single climate model (HadCM3), augmented by
results from a multi-model ensemble. Version2 (described in section 4) consists of the completed
methodology, configured for probabilistic prediction through the use of a specialist statistical
framework suitable to combine the available model projections with a set of observational
constraints derived from key metrics of historical climate.

3. Seasonal-to-Decadal hindcasts
Major Milestone 1.2 (Weisheimer et al., 2006) summarised a first stream of coordinated multimodel s2d hindcasts, based on the IFS/HOPE (ECMWF), ARPEGE/OPA (Meteo-France), GloSea
(UK Met Office), DePreSys (also UK Met Office) and ECHAM5/OM1 (IfM-GEOMAR Kiel)
models, using nine ensemble members per model with perturbed initial conditions. Hindcasts were
initialised each year from 1st May and November and run for seven and fourteen months
respectively (see Doblas-Reyes et al., 2009). In addition, two experimental decadal hindcasts were
performed using each model, started from 1st November 1965 and 1994. Parallel seasonal and
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annual hindcasts were also performed using an implementation of stochastic physics in one of the
participating models (IFS/HOPE), using the Cellular Automaton Stochastic BackScatter
parameterisation of Berner et al. (2008). This re-injects a fraction of the kinetic energy dissipated in
the model back into the resolved flow (Shutts, 2005), on spatial scales determined by a simple
cellular automaton. A further set of seasonal to annual hindcasts was performed using a ninemember perturbed parameter ensemble of variants of the DePreSys system, based on HadCM3.
This system was also used to perform a larger set of decadal hindcasts, by extending the hindcasts
from each of the 22 start dates to a decade ahead.
3.1 Stream 2 s2d hindcast experiments
Version 2 of the s2d ensemble prediction system is based on a second stream of hindcasts,
consisting of a more comprehensive set of integrations covering the period 1960-2005:
•
•
•

Seasonal: 7-months long, once a year starting in February, May, August and November.
Annual: 14-months long, once a year starting in November.
Decadal: Ten hindcasts, started from 1 November 1060, 1965, 1970,…, 2005.

The multi-model ensemble for the stream 2 experiments consisted of global coupled atmosphereocean climate models from the UK Met Office (UKMO), Météo France (MF), the European Centre
for Medium-Range Weather Forecasts (ECMWF), the Leibniz Institute of Marine Sciences at Kiel
University (IFM-GEOMAR) and the Euro-Mediterranean Centre for Climate Change (CMCCINGV) in Bologna (Italy), see Weisheimer et al., 2009. Each of the models contributed to the
seasonal experiment, and all except CMCC-INGV performed the annual hindcasts. Several groups
used new or upgraded versions of their models, compared to those used in the stream 1 hindcasts.
All models included the main radiative forcings. The atmosphere and ocean were initialized using
realistic estimates of their observed states and each model was run from an ensemble of nine initial
conditions (three for the decadal hindcasts). Table 3.1 summarizes the main model components and
their initialization strategies.
The stochastic physics approach was also updated (Palmer et al., 2009a), and has been used in test
mode for a subset of the seasonal hindcasts with ECMWF’s coupled model. The approach is based
on the idea of a stochastic representation of the equations of motion at the computational level and
as such focuses on uncertainty related to unresolved processes. Conventional physical
parametrization schemes describe the effects of subgrid-scale processes in models of weather and
climate by deterministic bulk formulae which depend on the local resolved-scale variables.
However, through the upscale cascade of energy, the neglected unresolved subgrid-scale variability
can have an impact on the larger scales in the model and thus contribute to model errors on different
spatial and temporal scales. Stochastic physical parametrization ensembles provide a methodology
for representing model uncertainty due to variability of the unresolved scales. ECMWF has recently
revised its stochastically perturbed parameterization tendency (SPPT) scheme and developed the
stochastic backscatter scheme (SPBS). SPPT applies univariate Gaussian perturbations to the wind,
temperature and humidity tendencies of physical processes in the form of multiplicative noise with
a smoothly varying pattern in space and time. A two-scale version of the perturbations with a
shorter characteristic spatio-temporal scale on the order of 6 hours and 500 km together with a
longer characteristic spatio-temporal scale of 30 days and 2500 km has been used. The SPBS
scheme is based on the idea of backscatter of kinetic energy from unresolved scales. It is formulated
in terms of a spectral streamfunction forcing field estimated from the numerical, convective and
orographically induced dissipation rate and uses vertical phase correlations. A preliminary set of
seasonal hindcasts for the May and November start dates over the period 1991-2005 have been
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completed and results of which will be discussed in this report. ECMWF plans to extend these
hindcasts to the full Stream 2 period and start dates as soon as the detailed settings of the scheme
will have been finalised.

The perturbed parameter approach was based on the HadCM3 DePreSys system (as in the
stream 1 hindcasts), with a number of corrections and refinements to the initialisation strategy. The
nine model variants consisted of the version of HadCM3 with standard parameter settings, plus
eight variants with multiple perturbations to 31 parameters controlling key surface and atmospheric
processes, perturbed to sample a wide range of simulated outcomes for climate sensitivity and the
amplitude of ENSO variability, while providing plausible simulations of present-day mean climate.
These are nine of the 17 HadCM3 variants used to sample atmospheric process uncertainties in the
centennial climate change projections of section 4.2 (see also Collins et al., 2009). This ensemble
was used to produce a larger set of decadal hindcasts, initialsed every November from 1960-2005.
Parallel “No_Assim” hindcasts employing identical specifications of external forcing (from major
greenhouse gases, emissions of sulphate aerosol precursors, solar variability and major volcanic
eruptions) were also produced, in which initial states were taken from randomly selected model
states, rather than analyses of observations.

atmospheric
model
and resolution

ocean model
and resolution

ECMWF

IFS CY31R1;
T159/L62

HOPE;
0.3º-1.4º/L29

UKMO

HadGEM2-A;
N96/L38

HadGEM2-O;
0.33º-1º/L20

MF

ARPEGE4.6;
T63

OPA8.2;
2˚/L31

IFMGEOMAR

ECHAM5;
T63/L31

MPI-OM1;
1.5º/L40

CMCCINGV

ECHAM5;
T63/L19

OPA8.2 ;
2˚/L31

partner

initialization
atmosphere and land

ocean

wind stress perturbations to
generate ensemble of ocean
reanalyses; SST perturbations
at initial time
wind stress perturbations to
ERA-40/oper. analysis,
generate ensemble of ocean
anomaly assimilation
reanalyses; SST perturbations
for soil moisture
at initial time
wind stress, SST and water
ERA-40/oper. analysis flux perturbations to generate
ensemble of ocean reanalyses
initial condition permutations of three coupled climate
simulations from 1950 to 2005 with SSTs restored to
observations
wind stress perturbations to
AMIP-type simulations
generate ensemble of ocean
with forced SSTs
reanalyses, SST
perturbations at initial time
ERA-40/oper. analysis,
atmospheric singular
vectors

Table 3.1. Overview of the forecast systems contributing to the second stream of s2d hindcasts.

The initialisation strategy was achieved through a substantial effort on the ocean initialisation for
s2d climate prediction, building on work done in the previous European projects DEMETER and
ENACT. The work can be summarised as follows:
1. Improvement of existing assimilation systems, particularly those developed previously in
ENACT, in order to facilitate production of multi-decadal re-analyses (see Deliverable D1.3).
Several partners then pursued further developments of their data assimilation systems in order to
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prepare the ENSEMBLES Stream 2 experiments. This involved, for example, better calibration
of the systems, introduction of new datasets, better covariance models for the representation of
the remote effects of available observations.
2. Improvement of the common EN3 database of observed temperature and salinity profiles:
Recent data were included, historical records were updated with data from the recent World
Ocean Database and the quality control was improved (Ingleby and Huddleston, 2007).
3. Definition of an approach to deal with uncertainties in estimates of the observed state of the
ocean: The approach chosen by most of the groups was to produce sets of surface forcing
perturbations and apply them to ocean models and assimilation systems in order to generate
ensembles of ocean reanalyses and/or initial conditions. In particular, a set of perturbations for
sea surface temperature (SST), wind stress and fresh water flux were produced and made
available by ECMWF. Usage of these perturbations differed somewhat from one system to
another, but they constitute a coordinated method of dealing with ocean uncertainty.
4. Final production of ensembles of multi-decadal ocean reanalyses, for both ocean state
estimation and coupled seasonal to decadal hindcast initialisation.
A project report (Deliverable D2A.1, also appearing as Weisheimer et al, 2007) summarised the
choices made. The ocean reanalyses provided the ocean initial conditions for the stream 2 multimodel ensemble hindcasts, and were based on improved assimilation schemes and observational
datasets compared to the stream 1 hindcasts. Four (ECMWF, UKMO, CMCC-INGV and MF) of
the five groups contributing to the multi-model ensemble sampled initial state uncertainties by
perturbing the ocean analyses consistent with observational uncertainties in wind stresses and sea
surface temperatures (SSTs). The fifth group (IFM-GEOMAR) generated initial conditions from
three coupled simulations of 20th century climate change in which the model SSTs were restored to
observations, obtaining initial conditions for the nine hindcast ensemble members by taking
different initial condition permutations from these three runs. In the perturbed parameter hindcasts
(DePreSys_PP), an anomaly initialisation approach was used. The ocean was initialised by running
each model variant in assimilation mode from December 1958 to November 2005, relaxing the
ocean towards off-line analyses of temperature and salinity anomalies previously created off-line,
and added to model climatological values in an attempt to minimise climate drift during hindcasts.
Members of the multi-model ensemble were started from analyses of absolute observed values,
seeking to initialise hindcasts as realistically as possible at the cost of accepting larger drifts during
hindcasts (although IFM-GEOMAR employed an anomaly initialisation approach for their decadal
hindcasts). The strengths and weaknesses of these alternative approaches remains a question for
future research. Most groups also used atmospheric data from ERA-40 and operational ECMWF
analyses to initialise the atmosphere (see Table 3.1). Further details of the experimental set-up are
provided in Deliverable D1.18.
3.2

Seasonal-annual hindcast results

Results from a large set of seasonal hindcasts show that significant progress has been made in
reducing systematic model errors compared with previous generations of models. The forecast
quality of the different approaches to model uncertainty on the seasonal-to-annual time-scale has
been carefully analysed and assessed in terms of different aspects of deterministic and probabilistic
forecast performance.
For tropical Pacific SSTs, the multi-model ensemble was shown to outperform any of the perturbed
initial condition ensembles from the participating individual models, demonstrated by reduced RMS
errors and enhanced ensemble dispersion at all lead-times (Weisheimer et al., 2009). A considerable
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reduction of systematic error compared with a previous multi-model ensemble from the DEMETER
project was also found. Probabilistic forecast skill scores indicated that the new ENSEMBLES
multi-model ensemble is, on average, more skilful than DEMETER in the 4-6 month forecast range.
The degree of these improvements depends on the region, season and event of interest. The
combination of ENSEMBLES and DEMETER into a grand multi-model ensemble did not improve
the seasonal forecast skill further.
Preliminary simulations with the new stochastic physics scheme showed that this approach is
capable of reducing systematic errors in the system and improving forecast scores over the control
model version (Palmer et al., 2009a). The new scheme increases the ensemble spread substantially
without adversely affecting the magnitude of forecast errors very much, thus successfully reducing
the overconfidence in seasonal predictions. This is reflected in a better match between the ensemble
spread and the root-mean-square (RMSE) error in the ensemble-mean, and also in improved
reliability when hindcasts are expressed in probabilistic form.
a)

b)

c)

36%

47%

53%

64%

Figure 3.1. a) Probabilistic forecast skill score (relative operating characteristics, ROC) of the
multi-model ensemble for DJF warm temperature seasonal anomalies from hindcasts started on the
1st of November once a year over the period 1960-2005. b) Scatter plot of Brier Skill scores (BSS)
for the perturbed parameter and multi-model forecasting systems for the standard land-regions for
temperature and precipitation. The inset numbers indicate the percentage of wins for each sy stem.
c) As in b), but for the stochastic physics hindcasts versus the multi-model.
The multi-model ensemble has, in general, a high standard of forecast skill (Figure 3.1a).
Encouragingly, the two new schemes to represent model uncertainty also provide forecasts
competitive with the multi-model approach, for climate forecasts on seasonal time scales. The
multi-model ensemble shows a higher anomaly correlation than any of its constituent individual
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models. When considering ensembles of equal size (nine members), the perturbed parameter
ensemble gives similar skill to the multi-model ensemble, and in general the two methods give
similar estimates of the spread of possible outcomes. The skill of the multi-model ensemble
improves somewhat when all 45 of its members are pooled to provide a better (combined) sample of
initial state and model uncertainties.
The relative performance for the three methodologies for forecasting temperature and precipitation
over a set of standard land regions around the globe up to 7 months ahead is summarised in Figures
3.1b and 3.1c. This is based on a probabilistic measure of skill which credits both the ability to
discriminate between different events, and to forecast probabilities which are reliable, in the sense
that an event predicted x% of the time should occur in practice x% of the time. Here, the multimodel ensemble gives slightly better results than the perturbed parameter ensemble on average,
although the relative performance varies according to the region, variable and lead time considered.
Figure 3.1c shows that the new stochastic physics results provide a level of skill comparable to that
of the multi-model ensemble on average, based on a similar comparison.
Overall, we find that the multi-model ensemble gives seasonal predictions competitive with (and in
some respects better than) those obtained in previous projects, while the stochastic and perturbed
parameter techniques provide promising indications that a similar level of performance can
potentially be achieved through the application of systematic techniques for the sampling of
uncertainties in a single-model system. The complementary benefits of the different approaches
provide future potential to address model uncertainty more comprehensively in climate predictions
across seasonal to decadal and longer time scales.
A preliminary study (ENSEMBLES deliverable D1.17) was performed to assess the potential
achieve improved skill by combining results from the different approaches. Table 3.2 shows some
of the results, for seasonal hindcasts of upper and lower tercile near-surface temperature and
precipitation events over a set of 21 standard land regions (Giorgi and Francisco, 2000). The skill of
forecast probabilities is measured using a version of the Brier Skill Score adjusted to remove
approximately the effects of differing ensemble sizes. For temperature, a single system produces the
best results in 75% of cases (consisting of 32%, 22% and 21% of cases for the multi-model,
stochastic physics and perturbed parameter ensembles respectively), whereas for precipitation a
single system gives the best scores in 73% of cases (noting that the stochastic physics and perturbed
parameter ensembles both contribute more “wins” than the multi-model ensemble in the case of
precipitation). The preponderance of wins for an individual system indicates that the benefits of
combining information are modest in this example, although we note that no attempt was made to
weight the contribution from different types of ensemble in this early study. Nevertheless, we do
find 25% of cases for temperature (23% for precipitation) for which hindcasts achieved by pooling
results from different ensembles do provide the best results, illustrating the potential noted above
for achieving improved skill by combining the different methods to take advantage of their
complementary nature. For precipitation, the option of combining the stochastic physics and
perturbed parameter results is more often effective at improving skill than that of combining all
three methods, however for temperature hindcasts both types of combination are effective in more
than 10% of cases. We note, however, the statistical robustness of the results remains to be
assessed.
More generally, further research is needed to investigate more fully the extent to which the different
forecast systems assessed in ENSEMBLES can be combined to improve forecast skill, and
associated estimates of error and reliability, recognising that the scope for generating improved
information will depend on the variable, location and lead time of interest, and which metrics of
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temperature
JJA
DJF
cold warm
cold warm

a)
Australia
Amazon Basin
Southern South America
Central America
Western North America
Central North America
Eastern North America
Alaska
Greenland
Mediterranean
Northern Europe
Western Africa
Eastern Africa
Southern Africa
Sahel
South East Asia
East Asia
South Asia
Central Asia
Tibet
North Asia

1

1

5

0

4

3

5

1

3

3

2

2

1

1

3

4

1

1

3

4

1

1

2

3

1

3

2

3

2

5

2

2

1

1

2

2

5

2

1

3

2

2

3

3

1

5

4

5

1

1

4

3

1

4

4

1

5

0

3

3

1

5

2

5

5

2

1

3

5

5

3

3

3

4

4

2

1

1

1

1

1

2

1

2

best
MM
PP
SP
PP+SP
MM+PP+SP

26
17
18
9
12
82

32%
21%
22%
11%
15%

12
22
30
14
5
83

14%
27%
36%
17%
6%

b)
precipitation
JJA
DJF
dry wet
dry wet
Australia
Amazon Basin
Southern South America
Central America
Western North America
Central North America
Eastern North America
Alaska
Greenland
Mediterranean
Northern Europe
Western Africa
Eastern Africa
Southern Africa
Sahel
South East Asia
East Asia
South Asia
Central Asia
Tibet
North Asia

3

3

2

2

4

5

3

1

3

3

3

4

3

0

4

2

4

3

3

3

3

1

2

3

3

3

2

2

1

3

2

2

1

1

2

4

1

1

3

3

2

2

3

3

3

3

4

3

1

1

2

2

4

3

3

3

4

3

2

3

5

5

4

4

2

4

2

5

4

5

4

2

4

3

2

2

3

3

1

2

2

2

1

1

best
MM
PP
SP
PP+SP
MM+PP+SP

Table 3.2. Comparison of the BSS for a) temperature and b) precipitation events between the multimodel (MM), the perturbed physics (PP), the stochastic physics (SP), the combination of PP+SP
and the combination of MM+PP+SP ensembles, for seasonal hindcasts of December-February and
June-August, 2-4 months ahead. For each of the 21 standard land regions and events (anomalies in
the lower or upper tercile), the system with the largest score is displayed, see colour code at the
right of the table. The percentages indicate the number of cases for which each system (or
combination of systems) has the largest score.
forecast performance are being considered. More sophisticated postprocessing techniques will be
required to assess this issue comprehensively. For example, in D1.17 we also assessed the ensemble
skill and dispersion characteristics of seasonal hindcasts of sea surface temperature hindcasts over
the tropical Pacific, using root-mean-square and standard deviation metrics which credit the
improved sampling achieved by increasing the number of available ensemble members (in contrast
to the metric of Table 3.2). In this case, we found that it is difficult to improve significantly on the
performance of the full 45 member multi-model ensemble hindcast by including information from
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the nine member perturbed parameter and stochastic physics results. This is likely to be partially a
simple consequence of the relative sizes of the three types of ensemble, and partially due to intrinsic
variations in their skill and spread properties independent of ensemble size. In principle a weighting
scheme could be used to account for these issues and optimise the performance of a combined
system, however this has yet to be attempted.
In ENSEMBLES for the first time, coordinated multi-model hindcasts on the annual time range
have been performed. Four of the participating modeling groups (Table 1) extended the length of
the stream 2 hindcasts for the November start dates beyond seasonal time scales up to 14 months.
An approximately linear growth of tropical Pacific SST RMSE and ensemble spread for the multimodel was found (Weisheimer et al., 2009). The SST anomaly correlation reached a level of
approximately 0.5 around forecast month 9 and stayed relatively constant thereafter.

3.3

Decadal hindcast results

The basis for investigating decadal prediction rests on evidence from observed low frequency
climate variations around the world, results from idealised modelling studies and evidence that
forced climate change can also provide skill (see Meehl et al. (2009) for a recent review). The
stream 2 decadal hindcasts provided a first opportunity to assess the benefits of combining
projections from different models in a coordinated experiment, following initial studies carried out
with individual climate models (Smith et al., 2007; Keenlyside et al., 2008; Pohlmann et al., 2009).

Figure 3.2. Anomaly correlation coefficient for near-surface temperature over the NH extratropics from the
ENSEMBLES decadal hindcasts over the period 1960-1995. The three groups of bars stand for lead times of
3-14 months, i.e. the first forecast year (left), for lead times 2-5 years (middle) and lead times of 6-10 years
(right). The vertical bars indicate the uncertainty range based on a bootstrap resampling. Colour code: blue
- ECMWF, green - CERFACS, orange - IfM Kiel, cyan - Met Office HadGEM2 and red - multi-model
ensemble

The inevitable existence of simulation biases in the models used for the decadal hindcasts
necessitates (as in seasonal prediction) the use of strategies to account for these systematic errors
10

when comparing forecasts against observations. This was achieved by expressing each hindcast as
anomalies relative to either a long term model climatology (if available), or to the average of other
hindcasts. Some groups initialised their hindcasts using observed anomalies added to a model
climatology in order to reduce model drift, whereas others initialised using full observed fields in
order to provide starting conditions as close as possible to the real climate system (see section 3.1).
Figure 3.2 shows that each of the models contributing to the multi-model ensemble achieves modest
skill in projections of surface temperature anomalies averaged over the northern hemisphere
extratropics. The skill increases for longer lead times, being larger for 6-10 years ahead than for 314 months or 2-5 years ahead. This is because the forced climate change signal, the sign of which is
highly predictable, is greater at longer lead times. Encouragingly, the multi-model ensemble mean,
which consists of the average of 12 individual projections, gives somewhat higher scores than any
of the individual models, whose projections are derived from three members with perturbed initial
conditions.

Figure 3.3. Correlations between hindcast anomalies of surface air temperature for 2-5 years ahead, against
ERA40/ERAInterim reanalyses of observations. Top panel shows skill for the multi-model ensemble-mean;
bottom panel shows skill for the ensemble mean of the DePreSys_PP perturbed parameter hindcasts. Scores
were computed over hindccasts initialised once every five years from 1960-1995.

Figure 3.3 shows maps of the correlation against observations for ensemble-mean hindcasts from
the multi-model and perturbed parameter ensembles, for hindcasts of near-surface temperature 2-5
11

years ahead. The two systems show statistically significant skill over large regions, especially over
the tropics and the North Atlantic, but also over large parts of the continents and even Europe. The
spatial variations in skill are similar between the systems, with the largest differences appearing
over the tropics.
The perturbed parameter hindcasts also show improved skill when results from the individual model
variants are averaged to form an ensemble mean (in this case there is a single hindcast from each
variant, so the ensemble mean is made from nine members). Figure 3.4 shows an example, plotting
a time series of global pattern correlations for nine year average hindcasts of surface temperature
throughout the stream 2 period. While individual ensemble members sometimes give better results
than the ensemble-mean (not shown), the average skill of individual members is consistently
smaller (compare dashed and solid red curves). The results also show that the skill increases for
more recent hindcasts. In order to diagnose sources of skill, the blue curve of Figure 3.4 shows
ensemble mean results from the parallel ensemble of “No_Assim” hindcasts containing the same
external forcing from greenhouse gases, sulphate aerosols, volcanoes and solar variations, but
initialised from randomly-selected model states rather than analyses of observations. The No_Assim
results replicate the general trend in skill found in the initialised hindcasts from 1980, showing that
the trend arises mainly from the strengthening influence of external forcing, particularly that due to
man-made greenhouse gases. However, the average correlation skill is slightly smaller in the NoAssim hindcasts (0.25 cf 0.30), indicating that initialisation provides a modest increase in average
skill.

Initialised (ensemble-mean)

Initialised (single member)

Uninitialised (ensemble-mean)

Figure 3.4. Time series of correlation between hindcast and observed global patterns of
near-surface temperature anomalies, for hindcasts of nine-year means during the stream 2 period. Red
dashed curve shows average scores for individual variants of HadCM3 included in the DePreSys perturbed
parameter ensemble, and solid red line shows scores for the ensemble mean of the nine constituent variants.
Blue curve shows scores for the ensemble mean of a corresponding “No_Assim” perturbed parameter
ensemble in which hindcasts are driven by the same time-dependent specification of external radiative
forcing anomalies, but lacking the initialisation from analyses of atmosphere and ocean observations used in
the DePreSys hindcasts. Time-dependent forcing anomalies arise from man-made greenhouse gases and
sulphate aerosols from the SRES A1B scenario, and projected natural forcing from volcanoes and solar
variations, assuming no prior knowledge of volcanic eruptions after the initialisation date.
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4. Centennial predictions
An overarching aim if the ENSEMBLES project has been to produce projections of climate in
which sources of uncertainty due to internal variability and model formulation are expressed in
terms of probability distribution functions (pdfs) representing the spread of possible outcomes in
response to specific future emissions scenarios, consistent with current understanding of known
climate feedback processes.
The principal tool chosen to quantify both internal variability and modelling uncertainties in our
long term climate projections was the “perturbed parameter” approach, whereby uncertainties in
global climate model parameters which determine the magnitude of climate feedbacks associated
with physical, chemical and biological processes are systematically explored. The methodology was
based on a coordinated set of perturbed parameter experiments using the HadCM3 climate model,
and run at the Met Office Hadley Centre (MOHC). Further studies of the properties of perturbed
parameter ensembles were carried out at the University of Oxford and the Freie Universität Berlin,
and results from these were used to assess the basis for the approach, and to inform aspects of
experimental design. A brief survey of results from some of these ensembles is given in section 4.1,
while the method used to convert our perturbed parameter ensemble results into probabilistic
climate change projections is described in section 4.2. In these projections, uncertainties due to
internal variability were included via the use of long model simulations spun up from initial
conditions statistically independent of recent observed conditions (as is currently typical in long
term climate projections). A topic for future work is to assess the prospects for constraining some
aspects of internal variability in projections beyond a decade ahead, by initialising the model with
observations as in section 3.
4.1

Sampling uncertainties in future climate change using perturbed parameter ensembles

Early studies had shown that many surface and atmospheric model parameters were capable of
influencing projections of global climate change in responses to changes in greenhouse gas forcing
(Murphy et al., 2004; Stainforth et al., 2005). It was therefore necessary to sample possible
outcomes using relatively large ensembles of projections exploring the effects of multiple
combinations of plausible parameter values. The need for such an approach is illustrated by Figure
4.1, which shows projections of climate sensitivity (the global mean equilibrium surface warming in
response to a doubling of CO2) obtained using several thousand perturbed variants of HadSM3, a
configuration of HadCM3 in which the atmosphere is coupled to a simple mixed layer (slab) ocean.
This result, obtained from HadSM3 simulations run on personal computers by Oxford University
under the climateprediction.net initiative, shows the relative likelihood of the present-day climate
(based on a simple goodness-of-fit to observed surface pressure, temperature and rainfall) plotted
against climate sensitivity, where points are coloured by the values assigned to one of the
parameters of the model. This “entrainment coefficient” parameter controls the mixing between
ascending plumes and the surrounding environment in the HadCM3 parameterisation of convection,
and was found to have the largest impact on sensitivity. The highest sensitivities, in excess of 10oC,
are associated with low values of this parameter (red symbols) which consistently give unrealistic
control climates. However, increasing the entrainment coefficient from the standard values (green
symbols) to a high value (blue symbols) displaces the distribution of sensitivities in models with
more plausible control climates towards higher values. This illustrates the importance of non-linear
interactions between parameters in perturbed parameter ensembles, since if the entrainment
coefficient is increased on its own sensitivity is reduced (Murphy et al, 2004).
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Figure 4.1. Climate sensitivity versus an estimate of the relative likelihood of different model variants,
selected from a multi-thousand member perturbed parameter ensemble of the atmosphere-mixed layer
(“slab”) ocean configuration of the HadCM3 climate model. Colours denote different values for the
convective entrainment parameter in the different model variants.

For the probabilistic prediction system, an ensemble of 280 variants of HadSM3 was therefore run,
in order to sample the effects of process interactions such as those of Figure 4.1. This ensemble was
run on the Met Office supercomputer, in order to allow the archival of a detailed set of regional
climate diagnostics to provide a basis for the probabilistic projections described in section 4.2. Most
of these were available as part of version 1 of the ENSEMBLES prediction system, with further
simulations to improve sampling of multiple parameter combinations run since. A further suite of
perturbed parameter experiments were necessary, however, in order to provide projections of
transient climate change in combination with the simulations of equilibrium changes described
above. Figure 4.2 illustrates the transient projections, performed at MOHC using the configuration
of HadCM3 including a full dynamical ocean component (climateprediction.net also carried out
ensembles of this type). In this set of experiments, parameters in one of the model components
(atmosphere, ocean, sulphur-cycle and terrestrial carbon cycle) were varied while parameters in the
other components were held fixed. The ensemble sampling the effects of surface and atmosphere
parameters was carried out as part of version 1 of the ensemble prediction system, subsequently
augmented by further ensembles varying parameters in the ocean, sulphur cycle and terrestrial
carbon cycle modules of HadCM3 (more details in Collins et al., 2009). For global mean surface
temperature, uncertainties in atmosphere parameters have a relatively important impact on the
ensemble spread via differences in the surface and atmospheric physical feedbacks (black lines in
Fig. 4.2). Feedbacks associated with clouds are the dominant source of uncertainty but other
feedback processes also contribute to the spread of projected outcomes (Webb et al., 2006;
Yokohata et al., 2009; Collins et al. 2009). Uncertainties in parameters in the terrestrial carbon
cycle of the model have a similarly important effect on the global mean (red lines in Fig. 4.2), via
differences in feedbacks associated with the changing balance of carbon sinks and sources (Booth et
al., 2009). Ocean-component and sulphur-cycle component parameter uncertainties have a smaller
effect on the global mean temperature response (Collins et al. 2007; Brierley et al. 2008; Brierley et
al. 2009).
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Figure 4.2. Global-mean temperature anomalies from 1860-2100 in perturbed parameter HadCM3
experiments forced by historically observed changes in anthropogenic and natural forcing agents and future
greenhouse gas and sulphate aerosol emissions under the SRES A1B scenario, compared with observations
to 2000. The different colours indicate ensembles with perturbations to parameters in different model
components (as indicated in the legend) while keeping parameters in the other components fixed.

While the system for probabilistic projections uses perturbed parameter ensembles based on
HadCM3, the effects of some of the parameters were compared with corresponding perturbations
applied in another model (the Freie Universität Berlin EGMAM model). Figure 4.3 shows a
comparison of the effects of perturbing three key cloud and convection parameters in the two
models. The magnitudes of the changes are different due to different experimental setups; The
results show equilibrium responses to doubled CO2 in simulations employing the slab ocean
configuration of HadCM3, whereas the EGMAM simulations show smaller changes, because a full
dynamical ocean component was used to simulate the early stages of the transient response to an
instantaneous change in CO2. Nevertheless, the results show that the global mean temperature
response of the two sets of experiments is highly correlated (see Niehörster (2009) for further
analysis of the contributing feedback processes). This comparison gives further evidence that
perturbing the parameters within a climate model is a useful way of systematically exploring
uncertainty and thus provides a suitable technique for producing probabilistic projections of climate
change.
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Figure 4.3. A comparison of perturbed parameter experiments performed with different ENSEMBLES
models. The figure shows global mean temperature responses of perturbed variants of HadSM3 and
EGMAM models for low (squares) and high (triangles) values for the convective entrainment rate (red), the
rainout efficiency of cloud droplets (blue) and the cloud ice fall speed (grey) different parameters. The
standard model variants are shown in black. Note the differences in the scale of the axes which is due to the
different experimental setup for each ensemble (see text).

4.2

Construction of probabilistic climate change projections

Given the available set of perturbed parameter ensembles, there are further steps required to
produce probabilistic projections expressed in terms of pdfs. An overview of the approach is given
by Murphy et al. (2007), the detailed implementation of which follows that used in probabilistic
projections recently issued for the UK (Murphy et al., 2009), except that the RT1 projections
(Harris et al., 2009) do not include downscaling beyond the scale of global climate model grid
boxes. In ENSEMBLES, finer scale projections are provided by RT2B, using an ensemble of
regional climate model simulations designed in RT3. The steps involved in producing the RT1
probabilistic projections were:
1. Production of an ensemble of 280 equilibrium 1xCO2 and 2xCO2 simulations using
HadSM3, as mentioned above. Each pair of simulations was carried out using a variant of
the model distinguished by different perturbations to a set of 31 parameters controlling
surface, atmospheric and sea-ice processes. Some variants sampled perturbations to a single
parameter (Murphy et al. 2004), whereas many sampled multiple perturbations (Webb et al.,
2006, Collins et al. 2009).
2. Construction of a statistical emulator allowing the historical climate and the response to
doubled CO2 of HadSM3 to be rapidly estimated for any combination of input parameter
values. This allows large numbers of estimated results to be produced, making it possible to
sample the entire parameter space of the model defined from expert-specified prior
distributions.
3. Production of smaller ensembles using the atmosphere component of HadCM3 coupled to a
full dynamical ocean component. These ensembles (described above and shown in Figure
4.2) simulate transient climate change in response to historical and future changes in
forcing, and allow us to sample uncertainties in additional earth system processes .
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4. Implementation of a time-scaling approach which maps equilibrium changes in climate
variables at a regional level to transient climate changes under specified emissions
scenarios. This allows transient changes to be estimated for any point in the model
parameter space, providing a basis for the generation of probabilistic estimates of regional,
time-dependent climate change. The time-scaling combines a method for inferring transient
patterns of change from equilibrium patterns (calibrated using equilibrium and transient
model simulations with corresponding parameter settings) with projections of global mean
temperature obtained from a simple climate model. The simple model uses input parameters
fitted to the HadCM3 ensemble output in order to sample uncertainties due to the main
global-scale feedbacks accounted for in Figure 4.2. The method is based on Harris et al.
(2006), with updates summarised by Murphy et al. (2009).
5. Estimated climate changes are converted into probabilistic projections using a general
Bayesian statistical framework designed to support inference of real world information from
complex but imperfect models (Goldstein and Rougier, 2004; Rougier, 2007). Probabilities
are obtained by integrating changes sampled at different points in the model parameter
space, accounting for relationships between different variables and weighting each point in
parameter space (i.e. each possible variant of HadCM3) according to the likelihood of each
variant. Likelihood estimates are based on the ability to reproduce observed spatial patterns
of seasonal-mean climate for sea surface temperature, land surface air temperature,
precipitation, pressure at mean sea level, shortwave and longwave radiation at the top of the
atmosphere, shortwave and longwave cloud radiative forcing, total cloud amount, surface
fluxes of sensible and latent heat, and latitude-height distributions of zonally averaged
atmospheric relative humidity. The ability of the scaled transient projections to reproduce
historical trends in large-scale temperature variables also contributes to the likelihood
weights. The likelihood is calculated in a reduced dimension state space and takes into
account covariances between different variables.
6. The calculation includes an estimate of the additional effects of structural modelling
uncertainties, necessary because some simulation errors in HadCM3 (as in any model) arise
from basic choices made when building the model in the first place (see also section 2), and
cannot be resolved by varying model parameters. The effects of structural errors in surface
and atmospheric processes are estimated by using the emulator to find points in the
parameter space of HadCM3 which best represent the behaviour of alternative coupled
atmosphere-mixed layer ocean models in the CMIP3 archive used by the IPCC AR4 (Meehl
et al., 2007). Due to structural differences between HadCM3 and the other models, this
calculation fails to replicate perfectly the projections of the latter (beyond the level of
mismatch consistent with internal variability), and the results are used to inflate the variance
and adjust the mean of the future pdfs. This calculation assume that structural differences
between models are reasonable proxy estimates for the effects of structural errors in
HadCM3 relative to the real world, and cannot account for the effects ob biases common to
all models. The methodology does not support treatment of structural errors in ocean
transport and carbon cycle processes to the same degree. However, a simpler ad hoc
allowance is made for these, by including results from multimodel ensembles (Friedlingstein
et al., 2006; Meehl et al., 2007) along side those of Figure 4.2 when sampling possible
settings for global mean feedback values in step (4) above.
There are various ways of presenting the spatio-temporal information contained within the pdfs.
Figure 4.4 shows European maps of the 20-year 10th, 50th and 90th percentiles of surface air
temperature and precipitation changes under the SRES A1B scenario at the end of the 21st century
expressed as anomalies with respect to a 1961-90 baseline. Median temperature changes vary
substantially with location, and are largest in the Mediterranean region in summer and in north east
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Figure 4.4. The ENSEMBLES probabilistic projections for Europe under the A1B emission
scenario. The maps show the 10%, 50% (median) and 90% percentiles of (a) European surface
temperature change and (b) European percentage precipitation change, for the summer season for
the period 2080-2099 relative to the 1961-1990 baseline period.
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Europe in winter. The uncertainty, as measured by the 10-90% range, is large for this time period as much as 10ºC in some locations. This is due to a combination of factors; parameter uncertainty in
HadCM3, structural uncertainty from the CMIP3 ensemble, carbon cycle feedback uncertainty,
internal variability and time-scaling uncertainty. No single source of uncertainty dominates. For the
projections of changes in precipitation, the canonical signals of summer Mediterranean drying and
winter Northern Europe wetting are evident, but again the uncertainty range is wide. For many grid
boxes there are significant probabilities of both drier and wetter future climates and this may be
important for impacts studies.

Figure 4.5. Evolution of the median (white curve) and the 50, 60, 70, 80 and 90% confidence
ranges for: (a) 20 year mean winter surface temperature change for the Gulf of Finland grid point;
(b) percentage change in 20 year mean winter precipitation for the Gulf of Finland; (c) contours of
the Winsorised sampled joint probability distribution function for surface temperature change and
percentage precipitation change for the winter season for the Gulf of Finland, for the period 20802099 relative to the 1961-1990 baseline period.
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Figure 4.5 shows alternative formats in which pdfs can be presented; in this case the distributions
are for the Gulf of Finland grid box. Plumes show changes in temperature and precipitation through
the 21st century under the A1B scenario. The data underlying these figures are supplied in numerical
form in terms of 10,000 distribution sample points per grid box and can be presented as a contour
plot in order to highlight potential relationships between variables.

5. Summary and outlook
.

During the course of ENSEMBLES, new systems for seasonal to decadal forecasting and
multidecadal projections of climate change have been developed in Research Theme 1. Substantial
effort has resulted in the supply of improved climate models, an improved database of ocean
observations, and better methods of using these and other observations to initialise the models for
near-term climate forecasts. In addition, there has been a major focus on methods for improved
quantification of the inevitable uncertainties arising from model imperfections, as well as from
internal climate variability.
As a result, ENSEMBLES has delivered three approaches for seasonal to decadal prediction,
consisting of an updated method based on a multi-model ensemble of models drawn from different
European modelling centres, plus two novel methodologies applying either stochastic or sustained
perturbations to the outputs of physical parameterisation schemes in the atmospheric component of
a single model. Major Milestone MM1.2 reported progress in building and assessing these new
systems based on a first stream of hindcast experiments, and the present report documents an
updated set of systems based on improved models and initialisation strategies, assessed using an
expanded set of hindcasts initialised during the period 1960-2005. For seasonal to annual forecasts,
the multi-model ensemble results demonstrate performance competitive with, and in some aspects
superior to, the previous European system from DEMETER (e.g. Weisheimer et al., 2009). The
multi-model results also provide levels of hindcast skill and estimates of the associated uncertainties
comparable to or (in some aspects) slightly better than those of the new methodologies. However,
our demonstration that the stochastic physics and perturbed parameter methods can provide results
of similar utility to multi-model hindcasts is itself a significant result, as there is potential to
optimise the design of such systems to improve performance in future, something that has not been
attempted during ENSEMBLES.
The decadal hindcasts build on pioneering studies with individual models by several ENSEMBLES
partners (Smith et al., 2007; Keenlyside et al., 2008; Pohlmann et al., 2009), and constitute the first
coordinated international experiment in this area. Skill is found in projections of surface
temperature at large regional scales, for multiyear averages out to a decade ahead. The skill is found
to be greater for hindcasts started from more recent dates (1990s and later), compared to the 1960s1980s, due mainly to the emerging climate change signal. Combining hindcasts from different
model versions, in either multi-model or perturbed parameter ensembles, is found to increase skill,
as is also the case in the seasonal to annual hindcasts. The added value of initialising hindcasts from
observations was also assessed, finding evidence of a modest but potentially useful enhancement to
the skill arising from forced climate change. The ENSEMBLES effort places European groups in
the vanguard of emerging worldwide efforts to provide better information on climate variability and
change for the decadal time scale (Meehl et al., 2009), and this new arm of climate research is likely
to develop significantly in future.
For decadal to centennial projections, a series of perturbed parameter ensembles were designed and
run to sample uncertainties in key processes, sampling carbon cycle feedbacks in addition to
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uncertainties arising from surface and atmospheric feedbacks, ocean transport, and man-made
forcing from sulphate aerosols. The model simulations were processed using an advanced statistical
framework designed to support the inference of probabilistic projections of real world systems from
complex but imperfect models of those systems (Rougier, 2007). The methodology allows us to
produce thousands of plausible outcomes for 20-year average temperature and precipitation changes
during the 21st century for Europe. The effects of structural model errors in atmospheric processes
are accounted for by using the perturbed parameter ensembles to “predict” the results of an
ensemble of alternative international climate models from the CMIP3 archive used in the IPCC
AR4 assessment (Meehl et al., 2007), and the projections are also constrained by a multivariate set
of observations of historical climate, consisting of time-averaged seasonal patterns of several key
climate variables, plus historical changes in large scale surface temperature patterns during the 20th
century. This allows us to present changes at spatial scales resolved by global climate models,
noting that the same methodology with an additional downscaling procedure has recently been used
to provide probabilistic projections at 25km resolution for the UK (Murphy et al., 2009). The
projections should be interpreted as an attempt to quantify the relative probability of different future
outcomes, consistent with climate modelling technology, physical understanding and observational
evidence currently available. Inevitably they cannot account for errors common to all current
climate models, or feedback processes yet to be discovered or not yet included in models (e.g.
methane cycle processes). The results also depend on the chosen methodology, which includes
expert choices such as the assumed prior distributions of plausible values for uncertain model
parameters.
While the work summarised in this report represents a substantial development in capabilities
compared to the state of the art at the beginning of the project, there remains considerable scope to
develop, improve and combine the techniques considered during the project.
1.

The stochastic parameterisation and perturbed parameter techniques were each applied
to a different single modelling system in the s2d hindcast work. This meant that
comparisons of performance between different systems were complicated by the use of
different models and different initialisation techniques. In future, a cleaner and more
comprehensive approach would be to apply the techniques to reach of several models,
using a common approach to initialisation and the treatment of external forcing agents.

2.

There is potential to optimise the performance of the stochastic parameterisation and
perturbed parameter approaches in s2d prediction, by selecting values for variables
controlling the stochastic or sustained perturbations (respectively) to maximise some
chosen set of metrics of s2d hindcast skill. This was beyond the scope of the
ENSEMBLES work.

3.

There was little opportunity in ENSEMBLES to consider the potential for combining the
methods of sampling modelling uncertainties in the s2d work. A preliminary study
(D1.17) was performed, assessing the potential to improve skill when hindcasts from the
three methods are simply combined to form a larger ensemble. In the work on
multidecadal climate projections, a more sophisticated approach was taken to combine
results from perturbed parameter and multi-model approaches, using multi-model results
to add the effects of structural model errors not sampled in the perturbed parameter
projections. However, no attempt was made to include stochastic parameterisation
approaches in these projections. In future, there is potential to develop generalised
approaches to sampling modelling uncertainties, recognising that the three approaches
considered during ENSEMBLES are essentially complementary: the multi-model
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4.

5.

approach samples structural variations in model formulation, but does not systematically
explore parameter uncertainties for a given set of structural choices, whereas the
perturbed parameter approach does the reverse. The stochastic physics approach
recognises the uncertainty inherent in inferring the effects of parameterised processes
from grid box average variables that cannot account for unresolved sub-grid scale
organisations in the modelled flow, whereas the other methods do not. A future system
in which both stochastic physics and perturbed parameter techniques were applied to
each of several models built using alternative but plausible structural choices (in their
grids, choice of advection scheme, basic assumptions in their physical parameterisation
schemes, etc) would likely provide a more comprehensive basis for production of
probabilistic projections.
In ENSEMBLES we developed separate systems for s2d and multidecadal climate
projections, recognising that the development of a single “seamless” system (Palmer et
al., 2008) to address seasonal to centennial time scales was beyond the scope and
resources of the project. However, seamless prediction offers significant potential
advantages, including a possible ability to constrain some aspects of long term climate
projections through initialisation of multidecadal aspects of internal climate variability
such as the Atlantic Multidecadal Oscillation. The fact that ensemble climate forecasts
on seasonal to decadal time scales can be verified against observations or analyses make
them potentially a powerful tool for reducing uncertainty in longer term projections, by
adding to the set of model performance metrics available for use as observational
constraints. More effective constraints could be achieved by combining metrics which to
date have only been considered in isolation, including those related to the simulation of
long term historical climate and measures related to more detailed process-based
evaluation of models, as well as measures related to s2d hindcast verification. The
prospects for achieving improved projections and uncertainty estimates from a seamless
approach depends on the extent to which common physical processes account for
forecast anomalies and errors on different time scales (e.g. Scaife et al., 2009; Palmer et
al., 2009b). A preliminary study during ENSEMBLES (Deliverable D1.16) found
modest relationships between s2d errors and multidecadal climate change projections for
regional temperature and precipitation anomalies in a perturbed parameter ensemble.
Much more work is needed to assess the potential of seamless approaches, and this
seems likely to be an emerging focus for climate research in coming years (e.g. Hurrell
et al., 2009).
In this context, the initialisation of model projections is also a key future theme. The
importance of ocean initialisation is already recognised (e.g. Meehl et al., 2009), noting
the importance of maintaining recent improvements to the coverage of ocean
observations achieved through the Argo programme, and of further improving methods
for analysing and assimilating these observations into climate models (beyond the
progress achieved in ENSEMBLES and elsewhere). Ultimately, fully-coupled data
assimilation schemes, that take advantage of covariances between ocean and atmosphere
variables to generate an optimal estimate of the climate system, are likely to offer the
most comprehensive approach to initialisation (e.g. Sugiura et al, 2008). Improving the
initialisation of other slowly-varying components of the climate system (sea-ice, snow
cover and soil moisture) may offer potential for improved s2d projections. To some
extent this may be achievable through the indirect impact of the initialisation of primary
atmospheric and ocean variables (as implemented, for example, by ENSEMBLES s2d
partners), however, direct assimilation of relevant observations is also likely to be
important, including those likely to become available from forthcoming satellite
missions (Meehl et al., 2009). Realistic representation of the uncertainties associated
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6.

7.

with initialisation will also be a key issue. The use of an ensemble of alternative ocean
reanalyses in ENSEMBLES (with associated perturbation strategies) has undoubtedly
been a significant step forward in this respect, however the task of fully and efficiently
representing initial state uncertainties in ensemble climate projections remains a research
challenge.
Efforts were made by the participating groups to include external forcing agents in the
s2d projections, however there is scope to improve the consistency and
comprehensiveness of the approach. Ideally, all groups should include the anthropogenic
forcing due to greenhouse gases and aerosols, and the natural forcing arising from solar
variability and major volcanic eruptions, given that these are all potentially important
sources of predictability in decadal forecasts (e.g. Hawkins and Sutton, 2009; Meehl et
al., 2008; Shiogama et al., 2009).
The prediction systems developed in RT1 involved ensembles of global climate models,
but did not consider the issue of downscaling to scales below that of a typical global
model grid box (typical spatial scale ~100x100km2). While dynamical regional climate
models and statistical methods were extensively used elsewhere in ENSEMBLES (RTs
2B and 3) to provide downscaled regional projections, this separation meant that it was
not possible to present probabilistic projections at local scales which combined the
effects of uncertainties in large-scale and regional processes in an end-to-end system.
The UKCP09 probabilistic climate change projections (Murphy et al., 2009) provide one
example of how the techniques developed in RT1 could be extended to provide such a
system, however there are many open research questions remaining to be addressed in
how best to characterise uncertainties at the fine spatial scales required for many impact
studies. These include: To what extent global high resolution models (see below) are
needed to provide credible regional projections (cf cheaper options involving global
model ensembles of lower resolution augmented by downscaling strategies); how best to
identify and combine observational constraints relevant to large scale climate processes
with constraints more specific to regional processes; how best to sample different types
of model uncertainty in both global and regional climate model ensembles (if large
ensembles at globally high resolution are not feasible), and whether the concept of endto-end prediction systems should be extended to include impacts models.

The points above identify some priorities for the development of improved ensemble prediction
systems in future, but the development of better climate models with higher horizontal and vertical
resolution is also widely recognised as a priority (e.g. Hurrell et al., 2009). Better models are
needed, for example, to improve the simulation of detailed processes associated with clouds and
convection, tropical intraseasonal variability, blocking, troposphere-stratosphere interactions and
mechanisms of coupled ocean-atmosphere variability on decadal time scales. The combined impact
of these future requirements to support better climate predictions will create a need for a major
improvement in the level of computational resources available to modelling groups worldwide
(Shukla et al., 2009).
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