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Climate prediction is a rapidly emerging field that aims predicting the natural climate
variability and climate change in the intraseasonal-to-interannual timescales using
state-of-the-art climate models. The predictions offer the opportunity to provide
information about the state of the Earth’'s system in the scales between numerical
weather prediction and projections of climate change needed by many public sectors

such as agriculture, energy production and human health (Challinor et al., 2005,
Garcia-Morales et al., 2007, Thomson et al., 2006).

A key aspect in climate forecasting, commonly also embraced under the term seasonal-
to-decadal forecasting, is the verification of the systems to evaluate the trustworthiness
of the predictions. Predictions that do not prove to be skillful are of no use and can even
cause wrong decisions leading to socio-economic impacts (Weissheimer and Palmer,
2014). The evaluation of the systems is performed under a process termed forecast
quality assessment which relies on retrospective predictions of the past climate using
model hindcasts. The systems predict in this process the past climate for which
observations are already available. Using these hindcasts the average skill of the
systems can be computed. The hindcasts are also a necessary step to understand
whether developments in a climate forecast system lead to an improvement in the
predictions (Doblas-Reyes et al., 2013).

Two examples for improving the systems to which research is currently devoted is

increase in the horizontal resolution of the climate models (Jung et al., 2012) and the
initialisation of land surface (Prodhomme et al., 2015) and sea-ice conditions (Guemas
et al., 2014). Using the EC-Earth atmosphere-ocean coupled climate model (Hazeleger
et al. 2012) these two aspects are being evaluated using a new set of model hindcasts
performed under the project “VERification of high-resolution climate forecasts on
Intraseasonal-to-interannual Timescales with Advanced Satellite datasets of the Climate
Change Initiative” (VERITAS-CCI). The new hindcasts will allow to evaluate the prospects
of horizontal resolution and initialisation techniques using new observational records
that have been independent in from previous model evaluations and that allow to asses
the importance of observational uncertainty in the forecast quality assessment process.

This technical report provides the description of the model hindcasts that have been
conducted and shows first insights from the experiments and the consideration of
observational uncertainty.
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The importance of model initialization for the land-surface and sea ice, as well as the
prospects from an increasing model resolution is studied using a matrix of six sets of
seasonal hindcasts described in Table 1 (for the realistic initialisation hindcast two
hindcasts are carried out for each land-surface and sea-ice experiment).

Resolution | Initialisation Realistic Init Clim. land-surface init Clim. sea-ice init
Low resolution X X X
(T2550RCA1) v
High-resolution
X X

(T5110RCA025)

Table 1: EC-Earth hindcasts to study effects of horizontal resolution and initialisation of land
surface and sea ice. Two hindcasts for the hindcast of the realistic initialisation were
performed since the sea-ice experiment were conducted with EC-Earth v2.3

The model resolution is classified into two setups, low resolution and high resolution.
The low resolution uses a spectral truncation of the atmospheric model (IFS) at T255
(approx. 80 km globally) and grid resolution of the ocean model (ORCA) of 1° globally
(approximately 100 km). The high resolution uses a truncation of T511 (approx. 40 km
globally) and 0.25° (approx. 25 km globally) for the ocean. The initialisation of the land
surface and sea ice is tested using realistic initialisation with observationally
constrained conditions for the land-surface and sea ice and climatological conditions for
the land-surface and sea-ice. The hindcasts are performed with the latest EC-Earth
version 3.1 while the sea-ice initialisation hindcasts were performed with a former
version, EC-Earth 2.3.

The hindcasts are initialized with the ocean re-analysis GLORYS2v1 (Ferry et al., 2010),
ERA-Interim for the atmosphere (Dee et al., 2011), ERA-Land (Balsamo et al., 2015) for
the land-surface and sea-ice initial conditions from (Guemas et al., 2014). For the
hindcasts of the climatological conditions the climatology of the land-surface and sea-
ice conditions are computed for a window of 10 days around the starting month of the
predictions. The starting months of the predictions are May and November from which
four and six months (only for the sea-ice experiments) integrations are computed for
each year in 1993 to 2009. Each prediction consists of ten ensembles members
generated using singular vectors to sample efficiently the natural variability. The total
number of simulations corresponds therefore to 340 simulations of four months for each
hindcast.
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The hindcasts are evaluated in this technical report for sea-surface temperatures

(SSTs), two-metre air temperature (T2M) and sea-ice extent (SIE). Several sets of

observations are considered for the estimation of the SST prediction skill, ESA CCI,
HadISST (Rayner et al., 2003), ERA-Interim (Dee et al.,, 2011) and ERSST (Smith and
Reynolds, 2003), as part of an assessment of the observational uncertainty. For T2M
European temperatures predictions are analyzed for the experiments of the land-
surface initialization for which the E-OBS (v.10) (Haylock et al., 2008). For the sea-ice
experiments we analyze sea-ice extent from ESA CCI over the Arctic sea regions.

For the verification of SSTs we further consider the observational error estimates
provided by ESA CCIl. The observational error is provided at a daily scale whereas in
climate predictions typically monthly averages are verified. The CCI SST project team
developed an SST interpolation tool to re-estimate observational uncertainty at different
spatio-temporal scales yet the application has not been made ready yet for distribution.
Scaling the observational error estimates for larger averages using the root of the
number of data points included in an average as a common scaling of error apparently
would underestimate the observational uncertainty (C. Merchant, personal
communication) and hence in this application the same error estimates as at the daily
scales are used. This is clearly an overestimation of the observational error and the
correct estimates using the SST processing tool will be conducted once the product is
available. Using the current error estimates, observational members are generated
using a Gaussian distribution with zero mean and standard deviation of the error
estimates, neglecting error-covariates.
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3. First insights and importance of

observational uncertainty

3.1 Low versus high model resolution

Preliminary insights comparing the different hindcasts illustrated here show promising
results including observations provided by ESA CCI. Figure 1 shows an analysis on the
prediction skill of the El Nifio Southern Oscillation (ENSO). A common measure to verify
ENSO prediction skill is the temporal correlation of the ensemble mean of the prediction
(10 members) for each forecast month after the initialization of the prediction for the
Nifio3.4 index. Panel (a) shows the correlation for summer months, varying from initially
0.9-1 to 0.7-0.8 in August. There are high correlation values compared to other seasonal
prediction systems. The figure shows that depending on which observational reference
dataset considered the prediction skill varies considerably yet the pattern remains
surprisingly robust (correlations are usually higher with ESA CCl and lower with ERSST
as reference).

The comparison to the low-resolution hindcasts shown in panel (b) reveals that the
increase in horizontal resolution improves the ENSO prediction skill significantly and
most predominantly as the forecast time increases. The correlation increase is of the
order of 0.1, which is given the already high values of correlation a large improvement,
statistically significant at the 1% significance level. Understanding this improvement will
be the objective of future analysis.
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Figure 1: (a) Temporal correlation of Nifio 3.4 SSTs over the hindcast period (1993-2009) for
each forecast month of the high-resolution hindcasts using realistic initial conditions for
predictions started in summer. The correlation coefficients are shown for four different
observational datasets and circles denote correlations that are significant at the 5%
significance level. (b) Comparison of changes in the horizontal resolution using the high-
resolution (red) and low-resolution (blue) hindcast for the same correlation analysis using
only the ESA CCI observations as reference. Difference in the correlation are significant at
the 1% confidence level.

3.2 Land-surface initialisation

The effect of the land-surface initialisation is illustrated in figure 2, which shows the skill
of summer air temperatures over Europe as numerous studies have highlighted the
importance of land-surface coupling in this region (Seneviratne et al., 2010). The figure
shows, as in figure 1, the temporal correlation for all land points over Europe. Panel (a)
shows the correlation coefficient with climatological land-surface conditions, which show
positive skill over central Europe (stippling indicates significant correlation), but low or
even negative correlation values over other Scandinavia, Eastern and Southern Europe.
The hindcast with realistic land-surface initialisations greatly improves the summer
prediction skill showing that for large fraction of Europe a significant skill in seasonal
summer prediction emerges. The difference of the two hindcasts is shown in panel (c)
which highlights that land-surface conditions particularly improve the predictions for
Southern and Eastern Europe but also for Scandinavia consistent with former studies on
land-surface coupling over Europe (Bellprat et al., 2015). However, the skill over the
British Isles deteriorates. Further analysis on the evolution of soil-moisture using the
ESA soil moisture datasets will follow.
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Figure 2: Temporal correlation over land points for summer (JJA) averages between hindcast
with (a) climatological land-surface initialisation and (b) realistic land-surface initialisation
with the E-OBS 2m temperature observations. Panel (c) shows the difference of the two
hindcasts whereas the stippled points show significant correlation or significant difference in
correlation both at the 5% significance level. The hindcast are run at high horizontal
resolution.

3.3. Sea-ice initialisation

The first analysis on the sea-ice initialisation experiments is based on Arctic sea ice
cover by computing the monthly extent (Notz et al., 2014). We compare for this purpose
in figure 3 firstly two different datasets, ESA CCI and NSIDC, for the annual minimum
sea-ice extent in September (which is when the minimum extent is typically recorded)
during the period (1993-2010). The inter-annual variability of the datasets is very
similar, yet the ESA CCI gives about 1 Mio.m? more ice extent than NSIDC. A possible
explanation of this difference may come from the much higher resolution of ESA CCI
(0.25°), which might result in an increased total sea area by resolving the Canadian
archipelago more accurately. However, a notable difference between the datasets in
terms of variability is the year 2010, which is the lowest sea-ice extent in ESA CCI but
not in NSIDC (for which the minimum is recorded in 2007).

The difference in the observational datasets appears also in the skill of the hindcasts for
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the summer sea-ice extent. The temporal correlation of the hindcast with realistic sea-

ice initialisation is systematically larger with the ESA CCI dataset. This difference due to

the dataset is not obvious because, and equally in figure 1, the correlation is not a
measure of distance. The systematic better agreement between the model and the
observations when using the CCl data has therefore implications on the covariances and
the level of noise in the observations. The hindcasts show reasonable prediction skill
with both observational datasets, which suggest that a comparison to a persistence
forecast is needed to demonstrate whether true dynamical skill emerges. The difference
in the climatological and realistic initialization is striking because no skill appears in the
climatological forecast in the first month but later skill emerges. Further analysis is
though required to understand this behavior properly.

Arctic September sea-ice extent Prediction skill Arctic: Different observations Prediction skill Arctic: Realistic vs Climatology
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Figure 3: Analysis of Arctic sea-ice extent. (a) Comparison of two observational datasets ESA
CCl and NSIDC for September (Arctic sea-ice annual minimum) extent (b) Correlation of
predictions starting in May for the two observational datasets with significant correlation in
circled points (5% significance level). (c) Correlation of realistic (red) in comparison to
climatological (blue) initialisation using ESA CCI as reference.

3.4 Importance of observational uncertainty in
verification

Observational uncertainty can play an important role in the evaluation of climate
models (Bellprat et al.,, 2012) and can alter a verification statement as illustrated in
figure 1 using different observational datasets. Although its relevance is not questioned,
currently very little efforts are devoted to include observational uncertainty estimates in
forecast verification and methodological grounds remain sparsely explored. The ESA CCI
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datasets have placed a major effort in deriving robust observational uncertainty

estimates that are here placed in the context of forecast verification by comparing the

observational uncertainty to other sources of uncertainty in climate forecasting.

The verification of climate forecast systems is subject to two major sources of
uncertainty. The first source arises from the fact that hindcasts of the past climate can
only be performed for a limited period, commonly constrained by the fact that robust
initial conditions for the ocean are only available from the late 20th century. Typical
hindcasts periods range therefore from 15 to 30 years, an aspect that introduces a
major source of uncertainty in the verification statistics. This uncertainty is labelled here
as the number of start dates uncertainty. Another source of uncertainty is related to the
ensemble size in each predictions. For some processes a high ensemble size is required
to robustly sample the natural variability, but for computational constraints often only
about 10 ensemble members can be afforded. We refer here to this source as the
member uncertainty in verification.

Figure 4 shows a comparison of the relative contribution of each source of uncertainty.
The different sources are compared by bootstrapping the root mean square (RMS)
deviation from the Nifo3.4 SSTs (ESA CCI) for the different uncertainties individually
using the low-resolution hindcast. The resampling is performed without blocks by
replacing the sample of members, start dates or observational members by a
randomized sample with replacement. The resulting variances of RMS for each source of
uncertainty are consequently summed to form a total variance in order to display what
the relative contribution from each source is. The figure shows that for the verification
of ENSO the observational uncertainty is crucial during the course of the forecast
accounting to about 40% of the uncertainty, yet this estimate is likely to be too large
given the shortcomings of data described in the previous section. The largest source of
uncertainty stems from the number of start dates, which is given the short periods of
the analysed hindcasts (17 years) to be expected. The uncertainty arising from a limited
number of members is almost negligible in this example. This is possibly a result of the
RMS being computed from an ensemble average and that for the Nifo3.4 region the
spread of the members is relatively small given the high predictability of the variable in
this region.
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Figure 4: Uncertainty sources in terms of root mean square (RMS) deviations of SST over the
Nifio3.4 region for predictions starting in May. The sources of uncertainty are sampled by
bootstrapping the RMS individually for each uncertainty source and adding the variances of
the sources to a total uncertainty, similarly as in Hawkins and Sutton (2012). Three sources
of uncertainty are considered: ensemble size, the number of start dates of the hindcasts and
the observational uncertainty of the ESA CCl SST.

Page 9



Seasonal prediction with EC-Earth 3: Technical

| Ic}}ﬁorandum
|3 Resolution and Initialisation of land

surface and sea ice 2015 | No.
[002]

4. Conclusions and outlook

A new set of climate hindcasts using the EC-Earth climate forecast system have been
carried out under the ESA Living Planet Fellowship project VERITAS-CCI. They have been
completed successfully and preliminary results are described here. The aim of the
hindcasts is to study the effect of increasing horizontal resolution and the initialisation
of the land-surface and sea-ice to improve forecast quality. A first analysis of the
hindcasts shows promising results that require, however, in-depth understanding at the
process level to reveal promising premises for research. The analysis of the forecast
skill has been conducted with the new ESA CCI datasets but also with other datasets to
explore the observational uncertainty. The uncertainty that arises is large and requires
more attention from the climate prediction community. Interestingly the observational
uncertainty is surprisingly systematic in the sense that the e.g. the ESA CCI datasets
provide the highest correlation scores for the model under consideration. The genuine
aspect of correlation is that it increases when noise is reduced, in either model or
observations, which is well known in the sense that increasing the forecast ensemble
size increases the correlation (Scaife et al., 2014). Hence while the higher correlation
might arise from a higher covariance of the variability in both model and observations it
might tell us as well something about the instrumental noise level in the observations.
This hypothesis needs though to be further analysed but shows a promising perspective
on the importance of understanding observational uncertainty and support decisions
about which observational datasets are preferable for verification. A more robust
analysis will require multiple models hindcast.
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