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1. Executive summary
Two independent sets of experiments have been produced to evaluate the role of (a) soil moisture and
(b) sea-ice initial condition in the improvement of seasonal predictability. In each set of experiments, a
series of hindcasts is run with the best possible initial condition, and another series is run exactly the
same, but the initial condition is the average of those used in the first series. When the two series
produce similar scores, this means that the initial condition does not contribute to seasonal
predictability with the present generation of models.
As far as soil moisture is concerned, five models have been used to produce hindcasts for the period
1991-2010: IFS, CNRM-CM, EC-Earth, ECHAM/MPIOM and HadGEM. One start date is considered,
1st May. As far as sea-ice is concerned, four models have been used to produce hindcasts for the
period 1981-2010: CNRM-CM, EC-Earth, ECHAM/MPIOM and HadGEM. Two start dates are
considered, 1st May and 1st November. The main results are:
-

soil moisture: no robust improvement, except in South East Europe, where summer
temperature predictability is rather high

-

sea-ice: a robust improvement is found with Spring start, no improvement with Autumn start

2. Project objectives
With this deliverable, the project has contributed to the achievement of the following objectives (see
DOW Section B.1.1.2):
No.

Objective

1.

To achieve an objective exhaustive evaluation of current forecast X
quality from dynamical, statistical, and consolidated systems to
identify the factors limiting s2d predictive capability

2.

3.

4.

5.

6.

Yes

To test specific hypotheses for the improvement of s2d predictions,
X
including novel mechanisms responsible for high-impact events
using a process-based verification approach
To develop innovative methods for a comprehensive forecast
quality assessment, including the maximum skill currently
attainable
To facilitate the integration of multidimensional observational data
of the atmosphere-ocean-cryosphere-land system as sources of
initial conditions, and to validate and calibrate climate predictions

No

X

X

To achieve an improved forecast quality at regional scales by X
better initialising the different components, an increase in the
spatial resolution of the global forecast systems and the
introduction of important new process descriptions
To assess the best alternatives to characterise and deal with the
uncertainties in climate prediction from both dynamical and
statistical perspectives for the increase of forecast reliability
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No.
7.

8.

9.

Objective

Yes

No

To achieve reliable and accurate local-to-regional predictions via
X
the combination and calibration of the information from different
sources and a range of state-of-the-art regionalisation tools
To illustrate the usefulness of the improvements for specific
applications and develop methodologies to better communicate
actionable climate information to policy-makers, stakeholders and
the public through peer-reviewed publications, e-based
dissemination tools, multi-media, examples for specific
stakeholders (energy and agriculture), stakeholder surveys,
conferences and targeted workshops

X

To support the European contributions to WMO research initiatives
X
on s2d prediction such as the GFCS and enhance the European
role on the provision of climate services according to WMO
protocols by creating examples of improved tailored forecastbased products for the GPCs and participating in their transfer to
worldwide RCCs and NHMSs.

3. Detailed report on the deliverable
3.1 Foreword
In this report, we attempt to make a multi-model synthesis rather than a model-by-model detailed
analysis of all numerical experiments produced. The table of the available experiments is provided in
milestone MS33. Here we discard the experiments which have not been produced by the 5 partners (4
in the case of sea-ice), this concerns in particular the GLACE-2 experiments (start dates with 1, 2 and
3 month delays). We also discard the initial snow experiments which are reported in deliverable D31.3.
3.2 Introduction
Numerical seasonal forecasting is, as numerical weather forecasting, an initial value problem. The
ingredients of a forecast are a model (i.e. a computer program) and a description of the initial state of
the system. The external forcings (aerosols, greenhouse gases, deforestation …) play a minor role, in
particular when the reference hindcasts are produced for a near past (typically 20 years). Climate
scenarios are an external forcing problem and do not depend on the initial state (at least for
atmosphere, sea-ice and upper ocean). Decadal forecast are a most complex problem as they depend
on both the initial condition and the external forcing. There is a difference between seasonal and
weather forecast: the slowly evolving component of the system are not critical for a 3-day forecast, but
are essential beyond day 10-20 when the atmosphere reaches its deterministic limit. Starting from a
wrong atmospheric state (i.e. one year earlier) or a wrong ocean state leads in both cases to poor
scores in the seasonal range. The question we address here concerns two other components which
are generally neglected in numerical weather prediction:
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-deep soil moisture (i.e. the soil water which is not in contact with the atmosphere, but which can be
extracted by the vegetation)
-sea-ice extent and thickness
In the first generation of seasonal forecast models, these components where imposed as a boundary
condition to the atmosphere and ocean. Then they were introduced in the models, in order to
represent the feedbacks with the atmosphere and ocean, but set to a constant value at the start of the
model. The reason was the absence of global coverage of observations, in particular for the hindcasts.
It is essential that the hindcasts and forecasts use the same type of initial conditions, otherwise the
forecast anomaly (prediction minus model reference) reflects the changes in the initialisation system.
One of the objectives of WP3.1 is to evaluate how far it is important, with the level of complexity of the
present generation of models, to refine the definition of the initial state of the above two components.
The practical question behind is, is it worth to implement an operational real-time analysis for these
variables (and a matching re-analysis of the last 20 years). In SPECS, we do not produce real-time
forecast, so the problem is easier as we can benefit from existing reanalyses.
The questions of the soil moisture, and of sea-ice have been explored independently. They will be
examined in the next two sections.
3.3 Soil moisture
3.3a ECMWF results
ECMWF participated in experiments on the impact of improved initial conditions for soil moisture with
IFS 41. Results showed a promising positive impact on the anomaly correlation coefficient (ACC). For
the soil moisture initialisation experiments, areas with a positive impact on surface temperature are
mostly concentrated over the same areas as those in the GLACE experiments (see fig.11 in Koster et
al., 2006), i.e. in the south-east part of North-America, in and north of the Sahel region, and in western
Russia (see left panel of Fig.1).

Figure 1: Impact of soil moisture initial conditions in spring shown as the difference of Anomaly Correlation
Coefficient (ACC) for experiments with variable - climatological initial conditions. The considered parameter is surface
temperature averaged over May~June. The hindcasts period is 1993~2012 .

3.3b IC3 results
The seasonal hindcast experiments are conducted using the EC-Earth2.3 forecast system (Hazeleger
et al. 2011). EC-Earth2.3 consists of three model components, the Integrated Forecasting System
(IFS) cycle 31r1 for the atmosphere, NEMO2 for the ocean and LIM2 for the sea ice. EC-Earth uses
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the H-TESSEL (TESSEL for Tiled ECMWF Scheme for Surface Exchanges over Land) scheme for the
land surface (van den Hurk et al. 2000). The model has four active soil layers extending to a depth of
2.89 meters, without considering capillary rise of groundwater or horizontal exchange of soil water. To
assess the impact of a realistic land-surface initialization on sub-seasonal and seasonal forecasts two
seasonal hindcast experiments have been performed. A 10-member, four-month long hindcast
experiment has been performed over the period 1981-2010 with start dates the first of May of each
year. In the INIT experiment the land surface is initialized with the soil moisture and temperature and
snow from ERA-Land (Balsamo et al. 2015), which provides consistent land surface conditions to the
forecast system since both share the same land-surface model version. The ensemble is constructed
by using atmospheric singular vectors and the five ocean analyses available from ORAS4. The CLIM
experiment initializes the land surface using the climatology of ERA-Land for the corresponding start
date, this being the only difference between INIT and CLIM. With this set up, the impact of the landsurface initialization can be isolated from all the other factors that influence the forecast quality in
climate forecasting.
Figure 2 illustrates the skill of the EC-Earth2.3 system for predicting land 2m-temperature (t2m) and
precipitation using the correlation between the ensemble-mean prediction and observational reference
(ERA-interim for t2m and GPCP for precipitations). The results of the CLIM experiment are used as a
benchmark. As in most state-of-the-art forecast systems, EC-Earth2.3 shows high skill for t2m over
land almost everywhere. Statistically significant correlations appear mainly in tropical regions. In
contrast, the predictions exhibit lower skill for precipitation, except over a few regions such as those
neighbouring the Pacific basin and sub-Saharan Africa. The use of a realistic initialization of soil
variables (snow, soil moisture and soil temperature) such as the one used in the INIT experiment
compared to the one used in CLIM has generally a positive impact on the skill of seasonal mean t2m
(Fig. 2c). Nevertheless, only very few of the positive changes are statistically significant at the 95%
confidence level (black dots), which is the likely result of the small differences and the reduced sample
size of the experiment, an aspect that is limited by the observational data available to reliably initialize
the hindcasts. The impact of land-surface initialization on the precipitation skill is patchy, although with
a tendency to show positive differences in correlation. There is no area with a significant decrease of
correlation, whereas a few areas show an important increase of skill (Fig. 2d).
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Figure 2: a) Correlation of the ensemble mean t2m averaged in JJA (one-month lead time) in the CLIM experiment.
The dots mark the areas where the correlation is significant at the 95% confidence level. b) Same as a, but for
precipitation. c) Difference of correlation of the ensemble mean between the INIT and CLIM experiments for the t2m
in JJA. The dots mark the areas where the difference of correlation is significant at the 95% confidence level. d)
Same as c but for precipitation.

3.3c MeteoF results
A sensitivity experiment has been conducted with CNRM-CM5 (Voldoire et al., 2013). Twenty
members starting on 1st May 1991 through 2012 have been run with the same initial soil reanalyses as
IC3 (INIT and CLIM). The model has however a lower horizontal resolution than EC-Earth (160 km
versus 120 km). Figure 3 shows the time correlations (calculated with 22 years) of JJA mean 2m
diurnal maximum temperature. The 95% significant correlations (based on INIT set) are marked with
crosses. One can see that North-West Europe is not very successful, whereas the rest of the continent
has some skill. The differences INIT-CLIM (orange color when positive) show that the improvement is
located in South East Europe. A similar improvement (not shown) can be observed for North America.
These results remain robust when the forecast start on 1st June.
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Figure 3: differences in time correlation between INIT and CLIM for JJA mean 2m daily maximum temperature.
Crosses indicate where correlation is significant with INIT forecasts.

3.3d MOHC results
The impact in Europe of soil moisture initialisation on hindcast skill for 1.5m air temperature,
precipitation and mean sea level pressure has been investigated at Met Office. Two hindcast
ensembles of the GloSea5 seasonal forecast system were produced for boreal summer (June to
August), for the period 1992-2012. The ensembles differ only in their soil moisture initialisation. One
hindcast ensemble (SM-Varying) is initialised with time varying soil moisture values appropriate to
each year, while the other ensemble (SM-Clim) is initialised with the same soil moisture fields (the
mean of the SM-Varying soil moisture values) in every year.
The soil moisture values used in SM-Varying were derived from an offline run of the Joint UK Land
Environment Simulator (JULES). JULES is driven by hourly atmospheric forcing and simulates
physical, biophysical, and biochemical processes controlling the radiation, heat, water and carbon
fluxes (Blyth et al., 2010). The hindcast model runs also use the JULES model, with the same
parameter settings as for the offline run. The climatological and time varying soil moisture ensembles
contain 10 and 24 members per year respectively (note that some of the years in the SM-Varying
ensemble have slightly fewer members, but never fewer than 16). The members of each ensemble are
roughly equally split between start dates of 25 April, 1 May and 9 May. To compensate for model drift,
climatology fields were constructed for each summer month for each ensemble independently, and
anomaly fields calculated.
1.5m air temperature differences between the two ensemble means can be seen in some years where
there is a large difference between the initial soil moisture fields. This is particularly evident in 1996
(figure 4) although note that the links between soil moisture and surface climate tend to be less clear
in most other years. The differences are generally consistent with the soil moisture anomalies (i.e.
areas with wetter soil tend to be cooler and areas with drier soil tend to be warmer). Similarly, a linear
regression of ensemble mean 1.5m air temperature differences on the initial soil moisture differences
between the two ensembles shows significant negative links throughout the summer, particularly in
southern Europe (figure 5). The size of the effect is of the order 0.01 K per kg/m2 of soil moisture. This
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is consistent with the figure previously reported in a study of extreme events in the previous version of
the GloSea system (Hamilton et al., 2011)

Figure 4: Top row - total soil moisture difference (kg/m2) for SM-Varying minus SM-Clim ensemble means. Bottom
row - corresponding plots for 1.5m air temperature (K). Hatching shows regions where difference between the
ensembles is significant.
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Figure 5: Linear regression of ensemble mean 1.5m air temperature on initial soil moisture difference between the
SM-Varying and SM-Clim ensembles. Hatching shows significance at the 5% level

3.3e MPG results
The impact of soil-moisture initial conditions on the seasonal prediction skill of 2-meter air
temperatures in Central/Southern Europe was investigated with the Max Planck Institute Earth System
Model (MPI-ESM). An assimilation run was performed with MPI-ESM version 1.1 in low-resolution (LR)
configuration with a 5-layer soil scheme. In this experiment Newtonian relaxation (or “nudging”) was
used to assimilate vorticity, divergence, temperature (except for the boundary layer), and surface
pressure in the atmosphere, as well as temperature, salinity, and sea-ice concentration in the ocean
component of the model. With this setup the April-mean soil moisture in Central/Southern Europe was
indirectly assimilated into the new MPI-ESM version 1.1 with an anomaly correlation coefficient (ACC)
of almost 0.9 over the period 1981-2011 in the upper two layers (reference: ERA-Interim). With the old
MPI-ESM version 1.0.02, where a bucket-type soil-scheme is implemented, an ACC of merely 0.6 is
obtained. When the 5-layer soil-scheme is switched off in MPI-ESM v1.1, the ACC in April does also
not exceed 0.6 in the new model version. Thus, the improvement in indirect soil-moisture assimilation
must originate from the 5-layer soil-scheme.
A 10-member hindcast ensemble was started from the assimilation run every year on 1 May within
1981-2011, representing the “best possible” soil-moisture initialization. Another hindcast set was
initialized with climatological soil-moisture conditions. The soil-moisture climatology was computed
from the assimilation run. The anomaly correlation coefficient (ACC) is used as a measure for
prediction skill. The linear trend (1981-2012) has been removed.
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An evaluation of the prediction skill of the two hindcast sets shows that with best possible soil-moisture
initialization the 2-meter air temperature in Central/Southern Europe is predicted in the first hindcast
month (May) with an ACC of 0.41, while for the climatological initialization an ACC of 0.35 is obtained
(see Fig.6). The prediction skill obtained with best possible soil-moisture initialization yields better
ACCs also for June and August. However, after the first hindcast month the obtained ACC barely
exceeds 0.2 in any of the two soil-moisture initializations.

Figure 6: ACCs for Southern/Central European (0 to 25 °E, 42 to 52° N) 2-meter air temperatures, obtained from
May hindcasts initialized with best possible (solid line) and climatological (dotted line) soil-moisture states, are shown.

3.3f Model inter-comparison
It is not that easy to build a multimodel or to compare the model with each other, because the years
are not the same (despite a common period 1992-2010), the ensemble size is not the same, and even
(for MetOffice) varies from year to year. The aim is not to rank the models (the common period is too
short and the ensemble size too small), but to check if there is a consensus in the improvement when
going from CLIM to INIT experiment sets. To enable an easier comparison, Europe (land points only)
is divided into 8 rectangular boxes. These boxes have been introduced in PRUDENCE European
project, and are known as Roeckel boxes (see figure 4 of Christensen and Christensen, 2007). They
are widely used in regional climate change analyses in Europe. The JJA near surface (i.e. 2m or 1.5
m) air temperature is averaged in the continental box, so that a forecast is reduced to 8 indices. Then
an anomaly is calculated for each year with respect to the average on the common period 1992-2010.
Averaging ensemble member anomalies is not a good idea, because the larger the ensemble, the
smaller the anomaly. So each forecast (year, model and box) has been characterized by the
percentage of members with a positive anomaly. This approach does not permit to evaluate the
capacity to predict heat waves (this will be done in a further study based on case analysis). But it
evaluate the capacity of a model to predict on 1st May that next Summer will be warmer or colder than
average. For Europe, this is already a challenge.
British Isles (BI)
This domain corresponds to land points between 10W and 2E, 50N and 59N
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Figure 7: JJA near surface temperature anomaly for British Isles in each Summer: gray bars for observed anomaly
(°C, left hand side axis), circles/stars for percentage of the ensemble (%, right hand side axis) with positive predicted
anomaly in CLIM/INIT ; different colors have been attributed to the models: red (ECMWF), green (IC3), blue (MeteoF),
yellow (Met Office) and magenta (MPI)

Iberian Peninsula (IP)
This domain corresponds to land points between 10W and 3E, 36N and 44N
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Figure 8: As Figure 7 for Iberian Peninsula

France (FR)
This domain corresponds to land points between 5W and 5E, 44N and 50N

Figure 9: As Figure 7 for France

Mid-Europe (ME)
This domain corresponds to land points between 2E and 16E, 48N and 55N. It covers in Germany and
surrounding regions
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Figure 10: As Figure 7 for Mid-Europe

Scandinavia (SC)
This domain corresponds to land points between 5E and 23E, 55N and 70N

Figure 11: As Figure 7 for Scandinavia
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Alps (AL)
This domain corresponds to land points between 5E and 2E, 50N and 59N

Figure 12: As Figure 7 for Alps

Mediterranean (MD)
This domain corresponds to land points between 3E and 25E, 36N and 44N. It covers Italy and
Greece.
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Figure 13: As Figure 7 for Mediterranean

East Europe (EE)
This domain corresponds to land points between 16E and 30E, 44N and 55N

Figure 14: As Figure 7 for East Europe
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Scores
The information given in Figures 7 to 14 is almost complete, although no information is given on the
amplitude of the forecast, which would have required the use of quantiles of the forecast ensembles.
But it needs to be synthesized in order to evaluate model by model and area by area the gain of INIT
forecasts versus CLIM ones.
If p is the percentage shown for each model and area in Figs 7-14, i.e. the percentage of members
with a positive anomaly forecast, one can define a “success score” as:


p if p is above 50%, and the observed anomaly is positive (success)



-p if p is above 50%, and the observed anomaly is negative (failure)



100-p if p is below 50%, and the observed anomaly is negative (success)



-(100-p) if p is below 50%, and the observed anomaly is positive (failure)



0 if p is 50% (neutral)

A climatological or random forecast has a score of 0. A perfect forecast has a score of 100 and the
worst possible one has a score of -100. This score is then averaged over the common period 19922010 and shown in Table 1.
ECMWF
CLIM

IC3

INIT

CLIM

MeteoF
INIT

CLIM

MetOffice

INIT

CLIM

MPG

INIT

CLIM

INIT

BI

-5

-4

-3

-3

-10

-5

-2

-3

3

3

IP

12

7

15

6

8

7

21

10

7

1

FR

-7

-5

4

-15

-8

-8

2

-3

-3

-3

ME

1

8

7

4

4

2

4

10

9

15

SC

3

1

1

3

-3

1

-3

1

-1

4

AL

-1

1

-3

8

0

-1

7

11

-4

-3

MD

18

18

17

31

11

14

15

27

23

33

EE

7

14

14

19

9

13

10

19

24

19

Table 1: Mean success score (see text for definition) for 1992-2010

Table 1 shows:
British Isles: generally negative scores
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Iberian Peninsula: positive scores, but CLIM is generally better than INIT
France: generally negative scores
Mid-Europe, small positive scores: with ECMWF, MetOffice and MPG the scores are improved by INIT
Scandinavia: small or negative scores
Alps : small or negative scores
Mediterranean: scores above 10%, INIT is better with all models
East Europe: scores mostly above 10%, INIT is better with all models
3.4 Sea-ice
3.4a Introduction
Sea-ice represents a small fraction of the earth, but its optical properties (albedo and emissivity) may
have a strong impact on the atmosphere temperature above. Its slow evolution on monthly time scales
makes it a good candidate for seasonal forecast improvement, at least in polar regions. Studies based
on “perfect model” approach have suggested a potential predictability of the Arctic (BlanchardWrigglesworth et al., 2011b; Day et al., 2014; Tietsche et al., 2014) and Antarctic (Holland et al., 2013)
sea ice. Further attempts to actually forecast the sea ice cover have shown significant skill for panArctic and pan-Antarctic integrated variables (Chevallier et al., 2013; Guemas et al., 2014; Wang et al.,
2013; Sigmond et al., 2013) until one year ahead. This predictability has been hypothesized to arise
from the sea ice thickness memory during the melting season, i.e. spring and summer (BlanchardWrigglesworth et al., 2011a; Chevallier and Salas-Mélia,2012) and from the ocean heat content
memory during the growing season, i.e. fall and winter (Chevallier and Salas-Mélia, 2012; Holland et
al., 2013). According to these results, initializing the Arctic sea ice from the best possible estimate of
observed conditions should contribute, at least in spring and summer, to the Arctic and Antarctic sea
ice prediction skill. However, most operational seasonal forecast systems do not initialize their sea ice
component from contemporaneously observed sea ice conditions but from a climatology (Arribas et
al., 2011), or from a mixture of observed sea ice conditions (i.e. concentration) and climatological
conditions (i.e. thickness) (Sigmond et al., 2013) or do not even include a sea ice model (Stockdale et
al., 2011). Forecasting the sea ice conditions is not their primary objective as these operational
seasonal forecast systems aim firstly at predicting the continental atmospheric conditions.
3.4b experiments
Four seasonal hindcast sets have been produced with realistic initial state for the three components
atmosphere, ocean and sea-ice:

CNRM-CM: 7-month-long 12-member seasonal forecasts were initialized each year on 1st
November and 1st May from 1979 to 2012

EC-Earth: 7-month-long 5-member seasonal forecasts were initialized each year on 1st
November and 1st May from 1979 to 2012

MPI-M: 7-month-long 10-member seasonal forecasts were initialized each year on 1st
November and 1st May from 1981 to 2011

GLOSEA5: 6-month-long 9-member seasonal forecasts were initialized each year on 1st May
from 1981 to 2009
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The seasonal hindcast experiments described above are referred to as INIT in the rest of this
document. Sensitivity experiments have also been performed, which will be referred to as CLIM as for
soil moisture experiments: all sea ice variables (and for each sea ice category for CNRM-CM) were
initialized from a climatology of their counterpart from the sea ice reconstruction used for INIT, the rest
of the experimental design being exactly the one used for INIT.
The seasonal forecasts are validated against sea ice extent (SIE) thanks to the National Snow and Ice
Data Center (NSIDC) satellite dataset (Cavalieri et al., 1996) covering the 1979-present period and
near surface temperature thanks to the GISS Surface Temperature Analysis (GISTEMP) (Hansen et
al., 2010).
The forecast drift is filtered out in the forecast quality assessment by computing scores on anomalies
with respect to the full seasonal forecast period. The forecast skill is measured either using the
anomaly correlation coefficient (ACC) or the Root Mean Square Error (RMSE).
3.4c May forecasts
For the Arctic SIE, a substantial increase (decrease) in detrended correlation (in RMSE) is obtained
until 7 months into the future with the CNRM-CM forecast system when initializing in May the sea ice
conditions from observational data rather than a climatology (Figure 15a-b). The increase in detrended
correlation is even significant at the 95% level during August and September (months 4 and 5).
Initializing from observational sea ice conditions in May allows for Arctic sea ice forecasts to become
skillful until September (the confidence interval does not encompass 0 for correlation). The improved
forecast performance is not only due to better capturing the strong trend in Arctic sea ice extent since
both the correlation before (not shown) and after linearly detrending the anomalies show a better skill
for INIT than CLIM. These conclusions are robust against the model considered (Figure 15c-h). The
initialisation from sea ice observational data allows for sea ice forecasts to become skillful until July
with EC-Earth (Figure 15c-d). No significant difference between INIT and CLIM are seen in August and
September though in this case but sea ice seasonal forecasts were already skilful in CLIM during
these months. The initialization from observational data allows for sea ice forecast to become skillful in
July and August with MPI-M (Figure 15e-f). The added-value in terms of RMSE is weaker with MPI-M
than with the other systems but the use of a sliding climatology in CLIM makes it a more restrictive
sensitivity experiment. The results obtained with GLOSEA5 (Figure 15g-h) are very close to those
obtained with CNRM-CM. These experiments demonstrate the added-value of initializing the Arctic
sea ice cover in spring for sea ice forecasting. These results are consistent with the hypothesis of a
memory held by the initial sea ice thickness during the melting season (Blanchard-Wrigglesworth et
al., 2011a; Chevallier and Salas-Mélia, 2012).
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Figure 15: Added-value from sea ice initialization on boreal summer Arctic sea ice forecasts. Prediction scores (thick
lines) for the Arctic SIE for the CNRM-CM (a,b), EC-Earth (c,d), MPI-M (e,f) and GLOSEA5 (g,h) forecast systems as
a function of the forecast month. The scores shown are the correlation coefficient after linearly detrending the
anomalies (a,c,e,g) or the RMSE (b,d,f,h). Their 95% confidence intervals are shown with thin lines. INIT in red, CLIM
in blue

For the Antarctic SIE, the performance of INIT and CLIM are barely distinguishable for CNRM-CM
(Figure 16a-b), EC-Earth (Figure 16c-d) and MPI-M (Figure 16e-f). Larger differences are obtained
with GLOSEA5 (Figure 16g-h). Since the sea ice forecasts are skillful, at least for the first two months
(the confidence interval does not encompass 0 for the correlation) and even for the first 4 months with
MPI-M (Figure 16e), even though the sea ice initialization does not seem to bring any added-value,
this skill can not originate from the sea ice memory but arises most probably from the ocean heat
content memory. This tends to indicate that, in the current context where a poor observational
coverage is available to initialize the Antarctic sea ice cover, and where sea ice models have been
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less extensively validated in the Antarctic Ocean than in the Arctic Ocean, it might not be efficient to
put efforts into sea ice initialization in the Antarctic for operational austral winter sea ice forecasts.

Figure 16: Added-value from sea ice initialization on austral winter Antartic sea ice forecasts. Prediction scores (thick
lines) for the Antarctic SIE for the CNRM-CM (a,b), EC-Earth (c,d), MPI-M (e,f), and GLOSEA5 (g,h) forecast systems
as a function of the forecast month. The scores shown are the correlation coefficient of the anomalies (a,c,e,g) or the
RMSE (b,d,f.h). Their 95% confidence intervals are shown with thin lines. INIT in red, CLIM in blue.

The benefits from sea ice initialization over the surface atmospheric prediction skill are assessed
through the ratio between the RMSE of 2m atmospheric temperature in the INIT experiment and its
counterpart in the CLIM experiment. A ratio lower than 1 indicates an increased prediction skill with
sea ice initialization from observational data. The maps of ratio of RMSE INIT/CLIM during boreal
summer (JJA, not shown) are very noisy for all the forecast systems and over both poles. In the
Southern Hemisphere, a lack of added-value of sea ice initialization from observational data on the
overlying atmosphere is consistent with its lack of added-value on the sea ice forecasting skill. In the
Northern Hemisphere however, a lack of added-value on the atmosphere is also obtained in spite of a
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clear added-value on the sea ice prediction skill and in spite of a number of studies suggesting a role
of the Arctic sea ice cover on the Northern Hemisphere atmosphere. This raises the question whether
the current generation of climate model represents complex enough physics to capture properly these
teleconnections between the poles and the mid-latitudes. A significant decrease in near surface
atmospheric skill is even obtained over the Barents Sea with CNRM-CM, EC-Earth and MPI-M and
more regions of decrease in near surface temperature skill than regions of increase can be found for
CNRM-CM and EC-Earth. These results tend to indicate that sea ice initialization from observational
data could introduce spurious noise within the atmosphere with the current generation of climate
models and efforts should be put into developing further their atmospheric physics.
3.4d November forecasts
In this case, starting from an observed Arctic sea ice conditions rather than from a climatology does
not show any clear impact on the SIE prediction skill for any of the forecast systems considered here
(Figure 17). The skill in forecasting the Arctic SIE is however significant for all months from November
until May except for December with CNRM-CM, it is significant in November, January, February and
April in CLIM with EC-Earth and it is significant in November, December, March and April in CLIM with
MPI-M. This illustrates that, during the growing season, information about where sea ice should form
is contained in the ocean initial heat content in the Arctic and surrounding oceans. Initializing only the
ocean component from observational data seems therefore sufficient to obtain skillful sea ice forecasts
during the winter season in an operational context.
In the Southern Hemisphere, no clear difference can be seen either between INIT and CLIM for any of
our forecast systems (Figure 18). The correlation skill drops to virtually 0 (the confidence intervals
encompass 0) and the RMSE stabilizes to a saturation after only one month with CNRM-CM (Figure
18a-b) and even during the first month with EC-Earth (Figure 18c-d). MPI-M (Figure 18e-f) shows a
clearly different picture with a significant predication skill until May. MPI-M seems appears therefore as
the best forecasting system in the Antarctic region for austral summer either due to a better sea ice
model or a better initialization scheme.
When looking at the geographical distribution of the ratio INIT/CLIM (not shown), one can state that
initializing from observational sea ice conditions rather than a climatology in November leads however
to a significant increase in near surface temperature skill over the Wedell Sea and a significant
decrease in skill over the East Siberian Sea with EC-Earth whereas a significant increase in skill over
Eastern Siberia and a significant decrease in skill over Greenland, Western Europe and Northern Asia
is obtained with MPI-M.
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Figure 17: Added-value from sea ice initialization on boreal winter Arctic sea ice forecasts. Prediction scores (thick
lines) for the Arctic SIE for the CNRM-CM (a,b), ECEarth (c,d) and MPI-M (e,f) forecast systems as a function of the
forecast month. The scores shown are the correlation coefficient after linearly detrending the anomalies (a,c,e) or the
RMSE (b,d,f). Their 95% confidence intervals are shown with thin lines. INIT in red, CLIM in blue.
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Figure 18: Added-value from sea ice initialization on austral summer Antartic sea ice forecasts. Prediction scores
(thick lines) for the Antarctic SIE for the CNRM-CM (a,b), EC-Earth (c,d), and MPI-M (e,f) forecast systems as a
function of the forecast month. The scores shown are the correlation coefficient of the anomalies (a,c,e) or the RMSE
(b,d,f). Their 95% confidence intervals are shown with thin lines. INIT in red, ClIM in blue.

3.4e Conclusion
These multi-model ensemble seasonal prediction experiments assess the impact of sea ice
initialization from observational data. The multi-model ensemble comprised four state-of-the-art
seasonal forecast systems: CNRM-CM, EC-Earth2.3, MPI-M and GLOSEA5. When initializing the
Arctic sea ice conditions from observational data in May, the Arctic sea ice prediction skill is
substantially increased and becomes significant until 3 to 5 months ahead. These results support the
hypothesis that the evolution of the Arctic sea ice conditions during the melting season depends on the
initial sea ice thickness. When initializing the Arctic and Antarctic sea ice conditions from observational
data in November and May respectively, the increase in sea ice prediction skill is negligible. The sea
ice forecasts are skillful whether initialized from sea ice observational data or not. These results tend
to indicate that the initial ocean heat content plays a key role in the evolution of the sea ice conditions
during the growing season rather than the sea ice initial state. In an operational context and for winter
forecasts, it might therefore not be worth putting efforts into initializing the sea ice conditions but rather
into initializing the ocean conditions from observational data.
3.5 Summary
We have compared forecasts using the best possible initialization (INIT) with forecasts using a
climatological (i.e. constant from year to year) initialization (CLIM). In a first family of experiments, we
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tested the sensitivity of soil moisture initialization with five models. The skill of summer temperature is
not negligible in South East Europe. The scores are improved there in all five models when upgrading
from CLIM to INIT. In West Europe or Scandinavia we do not observed such an improvement. This
result indicates that we need soil moisture (in the first 2 m depth) observations in this area, both in real
time and in the past 20 years to improve summer seasonal forecasts. This parameter is not directly
observed, except in local station, so a soil re-analysis/analysis driven by the best observations of
precipitation and evaporation is necessary.
In a second family of experiment, we examined the sensitivity to sea-ice. The sea-ice extent prediction
is more skillful than the Summer temperature in Europe. With hindcasts starting in May, we got an
improvement with INIT versus CLIM, with all 4 models involved in the experiment. When starting in
November, such an improvement is nor observed. The priority for new observations is thus in Spring, if
we want to improve our forecasts with a better initial state.
One must keep in mind that there are other ways to improve a seasonal forecast (resolution, lesser
model inadequacy …) which have been evaluated in other Tasks of the SPECS projecT.
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M1-36
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45
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7. Sustainability
The results obtained here advocate for an operational production of soil moisture starting conditions
based on the best observation products, compatible with real time production (less than one week
after observation), compatible with hindcasts of the last 20 years, and compatible with the soil model
in operational use. The highest benefits are expected for forecasts starting in spring for Europe. The
preparation of sea-ice initial conditions (both cover fraction and extent) must be done with care, when
starting in May for the northern hemisphere, as it impacts the forecast of the minimum extent in the
following autumn.
This deliverable links with Cross Cutting Theme 3: Case studies and extremes : seasonal warm/dry
events, as CCT3 will exploit and extend the hindcast experiments of summer 2003, 2010 and 2012
from this deliverable
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