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1 | INTRODUCTION

| Martin Leutbecher? | Marianna Szab6! | Zied Ben Bouallegue®

The computational cost as well as the probabilistic skill of ensemble forecasts
depends on the spatial resolution of the numerical weather prediction model and
the ensemble size. Periodically, e.g. when more computational resources become
available, it is appropriate to reassess the balance between resolution and ensem-
ble size. Recently, it has been proposed to investigate this balance in the con-
text of dual-resolution ensembles, which use members with two different reso-
lutions to make probabilistic forecasts. This study investigates whether statistical
post-processing of such dual-resolution ensemble forecasts changes the conclusions
regarding the optimal dual-resolution configuration.

Medium-range dual-resolution ensemble forecasts of 2m temperature have been
calibrated using ensemble model output statistics. The forecasts are produced with
ECMWEF’s Integrated Forecast System and have horizontal resolutions between 18
and 45 km. The ensemble sizes range from 8 to 254 members. The forecasts are
verified with SYNOP station data. Results show that score differences between var-
ious single- and dual-resolution configurations are strongly reduced by statistical
post-processing. Therefore, the benefit of some dual-resolution configurations over
single-resolution configurations appears to be less pronounced than for raw fore-
casts. Moreover, the ranking of the ensemble configurations can be affected by the
statistical post-processing.

KEYWORDS

dual-resolution, ensemble model output statistics, ensemble post-processing, prob-
abilistic forecasting

dual-resolution ensembles with about equal number of lower-
and higher-resolution members provided more skilful predic-

Ensemble forecast systems evolve as more computational
resources become available. Defining how to upgrade a fore-
cast system requires, among other things, decisions regard-
ing the spatial resolution of the forecast model as well as
the ensemble size. The required computational resources
strongly depend on these decisions. Thus, it is necessary
to find an appropriate compromise between increasing spa-
tial resolution and increasing ensemble size. Recently, Leut-
becher and Ben Bouallegue (2018, personal communica-
tion) looked at the question of the most skilful ensem-
ble configuration for given computational resources in a
dual-resolution setting, where k lower-resolution members
and m higher-resolution members were combined. For 2m
temperature forecasts in the medium-range, they found that

tions than alternative single-resolution configurations with
either only lower-resolution or only higher-resolution mem-
bers. Their study looked at forecasts obtained from raw model
output by simply pooling together all members.

However, raw ensemble forecasts tend to be underdis-
persive and can be subject to systematic bias. These defi-
ciencies result in a lack of calibration and they have been
documented for several different EPSs (e.g. Buizza et al.,
2005). Any lack of calibration calls for some form of sta-
tistical post-processing (Buizza, 2018). In the last decade,
various methods of statistical calibration have been devel-
oped (e.g. Schmeits and Kok, 2010; Ruiz and Saulo, 2012;
Williams et al., 2014). Methods like Bayesian model averag-
ing (BMA; Raftery et al., 2005) and ensemble model output
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statistics (EMOS; Gneiting et al., 2005) provide full predic-
tive distributions. Once the predictive distribution is given,
its functionals (e.g. median or mean) can easily be calculated
and considered as point forecasts.

The BMA predictive distribution of a future weather quan-
tity is a weighted mixture of probability distributions corre-
sponding to the individual ensemble members with weights
determined by the predictive performance of the members
during the training period. BMA models for various weather
quantities differ in the distribution of the mixture compo-
nents: for temperature or pressure a normal mixture is sug-
gested (Raftery et al., 2005), wind speed can be modelled
using gamma (Sloughter et al., 2010) or truncated normal
(Baran, 2014) distributions, whereas for precipitation accu-
mulation a discrete-continuous gamma model was developed
(Sloughter et al., 2007).

Here we concentrate on the essentially simpler EMOS,
or non-homogeneous regression, approach where the predic-
tive distribution is given by a single parametric probability
density function (PDF) with parameters depending on the
ensemble. Similar to the BMA, different weather quantities
require different distributions. Temperature and pressure can
again be modelled by normal distributions (Gneiting et al.,
2005), wind speed requires non-negative and skewed distribu-
tions such as truncated normal (Thorarinsdottir and Gneiting,
2010), generalized extreme value (Lerch and Thorarinsdottir,
2013), log-normal (Baran and Lerch, 2015) or their mix-
ture (Baran and Lerch, 2016), whereas censored generalized
extreme value (Scheuerer, 2014) and censored shifted gamma
(Scheuerer and Hamill, 2015; Baran and Nemoda, 2016) dis-
tributions and their various combinations (Baran and Lerch,
2018) provide good models for precipitation accumulation.

In this paper, we examine whether dual-resolution ensem-
bles are still preferable to single-resolution ensembles after
statistical post-processing. Dual-resolution ensembles fall in
the category of multi-model ensembles, where each contribut-
ing model has specific error characteristics. Previous studies
on post-processing of multi-model forecasts have focused on
the optimization of the weights attributed to each contribut-
ing model (Doblas-Reyes et al., 2005; Casanova and Ahrens,
2009; DelSole et al., 2013; Raynaud et al., 2015). Here, fol-
lowing an EMOS approach, the target is to provide as a
forecast a full probability distribution optimized in terms of
probabilistic skill.

The forecast and verification data used in this study are
described in section 2. Then, the EMOS calibration and veri-
fication methodologies are presented in section 3. The results
and conclusions follow in sections 4 and 5, respectively.

2 | FORECAST AND OBSERVATION DATA
This study applies EMOS calibration to global medium-range

ensemble forecasts with ECMWEF’s Integrated Fore-
cast System (IFS) with three horizontal resolutions. The

lower-resolution ensembles have four to five times more
members than the highest resolution ensemble

e 50 members at TCo639 (grid resolution ~18 km),
e 200 members at TC0399 (grid resolution ~29 km),
e 254 members at TC0255 (grid resolution ~50 km).

The 50-member TCo0639 ensemble is the operational
ECMWF medium-range ensemble while the lower-resolution
ensembles are generated with the same model version as the
operational ensemble at the time (cycle 41r2). Leutbecher
(2018) analysed the data from the 200-member TC0399
experiment and describes the perturbation methodology for
the initial conditions and the stochastic representation of
model uncertainties, which is identical in the three ensem-
bles. The period of investigation is boreal summer 2016. The
ensemble forecasts are initialized once daily between 1 June
and 31 August 2016.

The cost ratio between a TC0639 forecast and a TC0399
forecast is about 4:1 and the cost ratio between a TC0639 fore-
cast and a TCo255 forecast is around 16:1. When construct-
ing different dual-resolution configurations, one TC0639
member can be traded against four TC0399 members or
against sixteen TCo0255 members. Various configurations of
higher- and lower-resolution ensemble forecasts are studied.
We will consider TC0399-TCo0639 dual-resolution ensem-
bles and TC0255-TCo0639 ensembles as well as two sce-
narios corresponding to different assumptions on available
HPC resources. The large supercomputer (LHPC) scenario
assumes the availability of current HPC resources of the
ECMWF, whereas the small supercomputer (SHPC) sce-
nario assumes one sixth of these resources; Table 1 gives an
overview. Note that TC0399-TC0639 and TC0255-TC0639
combinations are based on different ensemble sizes of
TCo0639 members, so in fact one has two different LHPC sce-
narios. The reason is completely technical, as the cost of 50
TCo0639 members is equivalent to the cost of 800 TCo255
members; however, with the current GRIB settings, the largest
possible ensemble size to be handled is 255.
of 2m temperature.
Post-processing and verification of the ensemble forecasts

The focus is on forecasts
rely on measurements from surface synoptic observation
(SYNOP) stations. Measurements are reported from various
locations around the globe with low observation densities in
tropical and sub-tropical regions and high densities in Europe
and the North American continent. The number of observa-
tions available varies from day to day. A subset of about 4,500
stations with full availability over the verification period is
used in this study.

Observations are compared to forecasts at the nearest grid
point of the native forecast grid. To account for system-
atic representativity errors related to the coarse description
of the orography in the model, an orographic correction is
applied to the raw temperature forecasts. For each forecast,
the correction corresponds to an adjustment linear with the
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TABLE 1 Investigated dual-resolution mixtures
TC0399-TC0639 TC0255-TC0639
Large HPC Small HPC Large HPC Small HPC
M, My M, My M, My M, My
0 50 0 8 0 16 0 8
40 40 8 6 16 15 16 7
120 20 16 4 32 14 32 6
160 10 24 2 64 12 64 4
200 0 28 128 8 128 0
32 0 254 0
(a) TC0639-TC0399 (b) TC0639-TC0399 (c) TC0639-TC0399
mean: —0.062 , stdv: 0.429 mean: 0.065 , stdv: 0.3 mean: -0.032 , stdv: 0.233
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FIGURE 1

mean variance difference

mean error difference

Stationwise differences between high-resolution (TC0639) and low-resolution (a—c, TC0399) and (d—f, TC0255) ensemble characteristics at

day 5 over Europe (~1,300 stations). (a,d) show mean differences (K), (b, e) mean ensemble variance differences (K?), and (c, f) mean root mean squared

error differences (K). Statistics are computed for ensembles with 50 members each

height difference between station and model representation
(AT /Az = —0.0065 K/m).

A basic comparison of the statistics of lower- and
higher-resolution forecasts is shown in Figure 1. The distri-
butions of mean differences at the station level are plotted:
differences in terms of mean ensemble forecast, mean ensem-
ble variance, and mean forecast error, as measured by the root
mean squared error of the ensemble mean. The comparison
is performed considering ensembles of the same size (50) in
order to focus on the impact of the model resolution and not
on the impact of the ensemble size. The statistics shown in
Figure 1 are valid for forecasts at day 5, for stations located in
Europe.

Ensembles with different model resolutions have on aver-
age very small mean differences, but they can exhibit large
mean differences (up to 2 K) at certain locations (Figure 1a,d).
The ensemble forecasts at high resolution (TC0639) have
on average a larger mean variance (Figure 1b,e) and a
smaller mean error (Figure lc,f) at the station level than

ensemble forecasts at a lower resolution. Here again, the
station-to-station variability can be large. Comparing (a, b, ¢)
with (d,e,f) shows that the differences in terms of vari-
ance and error are slightly larger when the difference of the
underlying model resolutions increases.

3 | ENSEMBLE MODEL OUTPUT
STATISTICS

As mentioned earlier, the normal distribution provides a good
model for temperature, however one has to appropriately link
the predictive PDF with the ensemble members.

3.1 | Model and parameter estimation

The EMOS approach suggested by Gneiting et al. (2005) con-
siders the mean and variance of the predictive PDF to be
affine functions of the ensemble forecasts and the ensemble
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variance, respectively. If fi,f,....fx denote the ensemble
forecasts for temperature for a given location, time and lead
time, the associated predictive distribution of temperature
will be

N(a+bifi+- - +bgfx, c+dS?), (1

with .
2 . 1 _—2
§* = kz},(fk 7%

where ]7 denotes the ensemble mean.

In a multi-model context with exchangeable ensemble
groups, Gneiting (2014) suggests using the same coefficients
within a given group (also Fraley et al., 2010). Hence, if
we have M ensemble members divided into K exchangeable
groups, where the kth group contains M; > 1 ensemble mem-

bers <Zf=1 My=M ) and has mean f, the EMOS predictive
distribution will be

N(a+bif +- - +bkfg, c+dS?), )

with §? denoting again the ensemble variance.

According to the optimal score estimation approach of
Gneiting and Raftery (2007), model parameters a, by, ..., bg
and c¢,d are determined by optimizing the mean value of
a proper scoring rule as a function of the parameters over
suitably chosen training data. Scoring rules measure the fore-
cast skill by numerical values assigned to pairs of forecasts
and observations, and for predictive distributions the most
popular ones are the logarithmic score, that is, the negative
logarithm of the predictive PDF evaluated at the verifying
observation (Gneiting and Raftery, 2007) and the continu-
ous ranked probability score (CRPS; Gneiting and Raftery,
2007; Wilks, 2011). Given a (predictive) cumulative distribu-
tion function (CDF) F(y) and real value (observation) x the
CRPS is defined as

CRPS (F,x) := / (FO) = Ty ) dy A3)

o0

=E[X —x| - %ElX ~ X',

where Iy denotes the indicator of a set H, whereas X and
X' are independent random variables with CDF F and finite
first moment. The right-hand side of Equation 3 shows that
the CRPS has the same unit as the observation, moreover for
a normal distribution it has a simple closed form (Gneiting
et al., 2005). One should also mention that both CRPS and
logarithmic score are negatively oriented, that is the smaller
the better, and optimization with respect to the latter provides
the maximum-likelihood estimates of the model parameters.

The choice of the training data is important for statistical
post-processing. For estimating the EMOS model parame-
ters, a rolling training period is applied and the estimates are
obtained using ensemble forecasts and corresponding validat-
ing observations for the preceding n calendar days. Given a
training period length, there are two traditional approaches
for selecting the training data (Thorarinsdottir and Gneit-
ing, 2010). In the global (regional) approach, parameters are

estimated using all available forecast cases from the training
period resulting in a single universal set of parameters across
the entire ensemble domain. It requires quite short training
periods, but usually it is unsuitable for large and heteroge-
neous observation domains. For local parameter estimation,
one has distinct parameter estimates for the different stations
obtained only using training data of the given station. To avoid
numerical stability problems, local EMOS requires much
longer training periods (e.g. Hemri et al., 2014 address opti-
mal training period length for different weather quantities),
but if the training data is large enough, it will usually out-
perform the regional approach. To combine the advantages of
local and regional EMOS, Lerch and Baran (2017) introduced
two semi-local methods where the training data for a given
station is augmented with data from stations with similar char-
acteristics. The choice of similar stations is based either on
suitably defined distance functions or on clustering. Here we
focus on the clustering-based semi-local estimation, where
the observation sites are grouped into clusters using k-means
clustering of feature vectors depending both on the station cli-
matology and the forecast errors of the raw ensemble during
the training period. A regional parameter estimation is then
performed within each cluster. With the help of this method,
one can get reliable parameter estimates even for short train-
ing periods and the obtained models may outperform the local
EMOS approach (Lerch and Baran, 2017). Hence, section 4
focuses mainly on results corresponding to semi-local EMOS
post-processing.

3.2 | Verification scores

The fundamental aim of probabilistic forecasting is to access
the maximal sharpness of the forecast distribution subject to
calibration (Gneiting et al., 2007), where the former refers to
the concentration of the predictive distribution and the latter
to the statistical consistency between the predictive distri-
butions and the validating observations. A standard tool of
quantifying the predictive performance of probabilistic fore-
casts both in terms of calibration and sharpness is the mean
CRPS over all forecast cases.

Besides the CRPS, one can also consider Brier scores (BS;
Wilks, 2011, section 8.4.2) for the dichotomous event that the
observed temperature x exceeds a given threshold y. For a
predictive CDF F(y), the Brier score is defined as

BS (F,x:y) i= (FO) = Tjzn) s

(e.g. Gneiting and Ranjan, 2011), and note that the CRPS
is the integral of the BS over all possible thresholds. In the
results provided in section 4, we consider as thresholds the
5, 10, ..., 90, and 95 percentiles of the corresponding station
climatology for the verification period.

Further, let ¢, (F) denote the r-quantile (0 < 7 < 1) of a
CDF F(y), that is

q:(F) :=F7'(¢) :=inf{y : F(y) > 7},
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and consider the loss function

o) : 7lxl,
pr\X) .=
(I —7)lx|,

Then for a given value x, the quantile score (QS; e.g.
Bentzien and Friederichs, 2014) is defined as

QS.(F,x) := pe(x = g (F)).

In the present study QS values corresponding to the 2, 5,
10, 20, 50, 80, 90, 95, and 98 percentiles of the predictive
distribution and the raw ensemble are considered. Note that,
to evaluate CRPS, BS and QS of the raw ensemble, one has
to replace the predictive CDF by the empirical one.

The improvement in BS and QS with respect to a reference
predictive distribution F.s can be measured with the help of
the Brier skill score (BSS) and the quantile skill score (QSS)
defined as

ifx >0,
ifx < 0.

BS (F,x;y)

BSS (F, Fret, x; =1-——
( oo y) BS (Fref,X;y)

and
QS., (F . x)

QS (Frer,x)’
respectively (Friederichs and Thorarinsdottir, 2012). Obvi-
ously, in contrast to the BS and QS, the corresponding
skill scores are positively oriented, that is the larger the
better.

Finally, point forecasts such as ensemble/EMOS medians
and means are evaluated using mean absolute errors (MAEs)
and root mean squared errors (RMSEs), where the former is
optimal for the median and the latter for the mean (Gneiting,
2011), although for the normal EMOS model these quantities
coincide. As mean of QSs,, the quantile score of the median
forecast, over all forecast cases is exactly half of the MAE, in
what follows we will report only the RMSE values.

As suggested by Gneiting and Ranjan (2011), to assess the
statistical significance of the differences between the verifica-
tion scores, we make use of the Diebold—Mariano (DM) test
of equal predictive performance, as it allows us to account for
the temporal dependencies in the forecast errors (Diebold and
Mariano, 1995). Baran and Lerch (2018) give more details
about the DM test. Further, confidence intervals for mean
score values and mean score differences are obtained with the
help of 2,000 block bootstrap samples using the stationary
bootstrap scheme with mean block length according to Politis
and Romano (1994).

QSS (F, Frer,x) 1= 1

4 | RESULTS

4.1 | Preliminaries

As mentioned in the Introduction, EMOS calibration is
applied to different dual-resolution ensemble forecasts for
2m temperature. In what follows, let fu 1,fu2, ..., fam, and
Sfutfios ... fum, denote the higher- and lower-resolution
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ensemble members, respectively, and denote bny andj_‘L the
corresponding ensemble means. As ensemble members of a
given resolution can be considered exchangeable, model (2)
reduces to

N (a+bufy +bify, c+ds?), )

with by = 0 for pure higher-resolution (M = 0) and
by = 0 for pure lower resolution (My = 0) configurations
and S? being the variance of the pooled ensemble defined
by Equation 1. Following the ideas of Gneiting et al. (2005),
model parameters are estimated by minimizing the mean
CRPS of the predictive distributions and validating obser-
vations corresponding to the forecast cases of the training
data.

For the case of TC0399-TCo0639 combinations, stationwise
statistical tests of equality of the variances and distributions
of the two full-size ensembles (My = 50, M, = 200) suggest
treating the variances of the component ensembles separately
by considering the predictive distribution

N (a+bufy +bify, ¢ +duS% +diS?), ®)

with $% and S? denoting the variances of the high- and
low-resolution components, respectively. However, at least
for the TC0639-TC0399 combination, the verification scores
of the more complex model (5) do not differ significantly from
those of model (4), so all our calibration results are obtained
using the latter.

As the dataset at hand covers only the boreal summer 2016
(92 calendar days), one has to consider a relatively short train-
ing period length that still allow reliable parameter estimation
to leave enough data for model verification. As a trade-off
between the two requirements, calibration is performed using
a rolling 30-day training period. This means that verifica-
tion scores are calculated for ensemble forecasts initialized
between 1 July and 31 August 2016 and the correspond-
ing validating observations. Obviously, the forecast periods
are shifted by 1-15days according to the lead times of the
ensemble predictions.

As global EMOS is not justifiable for global data, local
and semi-local approaches to parameter estimation are con-
sidered. Similar to Lerch and Baran (2017), the k-means clus-
tering of stations is based on 24-dimensional feature vectors
consisting of 12 equidistant quantiles of the climatological
CDF and 12 equidistant quantiles of the empirical CDF of
forecast errors of the ensemble mean over the training period.
Two hundred clusters are considered, which yields a simi-
lar mean station number per cluster as in Lerch and Baran
(2017). Local EMOS estimates 4 to 5 parameters from 30
forecast—observation pairs while semi-local EMOS estimates
the same parameters from about 600 forecast—observation
pairs. Therefore, the latter should be able to constrain the
parameters much better.

In order to highlight the differences between local and
semi-local approaches, a very short 10-day training period is
also investigated.
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FIGURE 2 (a,b) Mean CRPS values (the lower the better) of global dual-resolution ensemble forecasts for 2 m temperature and (c, d) the difference in mean
CRPS (the lower the better) from the reference pure high-resolution ensemble with 95% confidence intervals, LHPC scenario. Resolutions are (a, ¢)
TC0399-TC0639 and (b, d) TC0255-TC0639 [Colour figure can be viewed at wileyonlinelibrary.com]

To be fully consistent with the results for the raw ensem-
ble, EMOS predictive distributions are obtained using the
orographically corrected ensemble forecasts. Local EMOS
does not require such a preliminary bias correction but, for
semi-local EMOS, the use of this correction yields improved
skill in terms of verification scores because local variability
within a cluster can still be represented through the orographic
correction.

4.2 | Calibration of mixtures for large supercomputer

For raw ensemble forecasts, both resolution combina-
tions prefer balanced mixtures practically for all lead
times, i.e. (40,40) for TC0399-TCo0639 and (16,15) for
TC0255-TCo0639. This can be clearly observed in Figure 2
showing the mean CRPS values of dual-resolution ensem-
ble forecasts for 2 m temperature and the difference in mean
CRPS with respect to the pure high-resolution case as a
function of lead time. It is expected that the optimal reduc-
tion of biases that are not shared among the different res-
olutions helps to explain why the balanced mixtures turns
out to be best. Work by Leutbecher and Ben Bouallegue
(2018, personal communication) is investigating this aspect
quantitatively.

Results in Figure 2 are consistent with other studies that
examined the sensitivity of the skill of ensemble forecasts to
horizontal resolution and ensemble size. For instance, Ray-
naud and Bouttier (2017) show qualitatively consistent results

at shorter lead times for experimentation with a limited-area
ensemble at resolutions of 2.5 and 1.3 km and ensemble sizes
up to 34 members. Horizontal resolution is more important at
shorter lead times while ensemble size matters more at longer
lead times.

Statistical post-processing substantially changes this pic-
ture. As depicted in Figure 3, semi-local EMOS signifi-
cantly decreases the mean CRPS for all lead times, and the
differences between the predictive performance of the vari-
ous mixture combinations is strongly reduced: more so for
TC0399-TCo0639 than for TC0255-TC0639. Local EMOS
yields very similar results (not shown).

Differences in mean CRPS with respect to the pure
high-resolution case are shown in Figure 4. After day 8,
the pure low-resolution ensemble outperforms the pure
high-resolution one both for TC0399-TCo0639 and
TCo0255-TCo0639 resolutions, whereas for short lead times,
semi-local EMOS prefers balanced combinations, which
are also optimal in the raw ensemble. Note that for longer
lead times, score differences based on local EMOS are more
variable leading to wider confidence intervals. Hence, in the
remaining part of this section we present mainly the results
of the semi-local EMOS calibration.

To investigate the statistical significance of differences
between the mean CRPS values corresponding to various
combinations, stationwise DM tests were performed. Figure 5
shows the proportion of stations with significantly different
mean CRPS at a 5% level for different lead times for local
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LHPC scenario. Resolutions are (a) TC0399-TC0639 and (b) TC0255-TC0639 [Colour figure can be viewed at wileyonlinelibrary.com]
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(lower triangle) and semi-local (upper triangle) parameter
estimation approaches. In general, longer lead times resultin a
smaller proportion of stations with significant difference both
for local and semi-local EMOS post-processing and the val-
ues in the first column and row of each matrix are consistent
with Figure 4, respectively.

A natural question to investigate is whether stations with
significant difference in mean CRPS between the optimal
combination and the reference pure high-resolution case
exhibit some clear spatial pattern. However, visualization of
stations with significant difference on a 5% level on maps does
not reveal any connection to their location.

The analysis of Brier skill scores with thresholds equal
to the 5,10, ...,95 percentiles of the corresponding station
sample climatology for the verification period leads us to

similar conclusions. BSS values with respect to the pure
high-resolution case of semi-local EMOS post-processed
forecasts displayed in Figure 6 are fully consistent with the
graphs in the bottom row of Figure 4. At days 1 and 5, the bal-
anced combinations have the best forecast skill for all thresh-
olds, whereas at day 10 all other combinations outperform the
pure high-resolution one.

Figure 7 shows differences of quantile skill scores for
ensemble configurations post-processed with semi-local
EMOS. All differences are with respect to the pure
higher-resolution configuration. For the median (50% quan-
tile; c,d), results are fully consistent with the CRPS differ-
ences. For the more extreme quantiles (2% and 98%; a, b and
e, f respectively), score differences are comparable to those
for the median but the confidence intervals tend to be larger.
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In any case, quantile score differences between configurations
are statistically not strongly significant for the longer lead
times.

Finally, consider the root mean squared errors of EMOS
median forecasts. Figure 8 displays difference in RMSE
values of semi-local EMOS post-processed combinations
from the reference pure high-resolution case. Note that

for both mixtures the graphs are very similar to the ones
in Figure 4c,d and the same similarity of differences in
mean CRPS (Figure 4a,b) and RMSE (not reported) can be
observed for local EMOS as well.

One can conclude that for the LHPC scenario, all exam-
ined verification scores show a consistent picture. In case
of the TC0399-TC0639 mixture up to day 9 the balanced
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combination (40,40) has the best predictive performance,
whereas from day 10 all combinations outperform the ref-
erence pure high-resolution one, however the difference
between the scores of combinations involving TC0399 fore-
casts are often very small. This situation differs from the case
of the raw ensemble where the balanced combination exhibits
the best forecast skills for all lead times (Figure 2a, c). For the
TC0255-TC0639 mixture the balanced combination (16,15)
is clearly preferred up to day 5; from day 10 again all com-
binations outperform the reference pure high-resolution one,
but with more pronounced differences than for the other mix-
ture. For long lead times, the pure low-resolution ensemble
performs very well and the ordering of combinations again
differs from the one based on the raw ensemble forecasts,
which identify a balanced combination as best for all lead
times (Figure 2b, d).

4.3 | Calibration of mixtures for small supercomputer

Now, we examine dual-resolution configurations for the
small HPC scenario. In terms of the raw ensemble, the bal-
anced combinations ((8,6) for TC0399-TCo0639 and (16,7)
for TC0255-TC0639) are the most skilful for short lead
times, whereas for longer lead times, the larger the ensem-
ble size, the better, i.e. a pure low-resolution ensemble has
the best forecast skill (Figure 9). Results differ from the
large supercomputer scenario because the maximum ensem-
ble size for TC0o639 is much smaller here. The skill of
the eight-member TC0639 ensemble is considerably worse
than the skill of all other dual-resolution combinations from
a lead time of 5days (8days) for the combinations with
TCo0399 (TCo0255). This is consistent with the sensitivity of
the CRPS to ensemble size as documented for instance by
Leutbecher (2018).
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Statistical post-processing with semi-local EMOS signifi-
cantly improves the calibration in terms of the mean CRPS
and reduces the differences between the various combina-
tions consistent with LHPC results (Figure 10). The score
differences are shown in Figure 11 for local and semi-local
EMOS. Both parameter estimation approaches provide an
overall consistent ranking: at smaller lead times, the more bal-
anced combinations are best, whereas for longer lead times
the larger the ensemble size, the better the performance.

Statistical significance of score differences between con-
figurations has also been computed stationwise (not shown).
The longer the lead time, the smaller is the proportion of sta-
tions where differences are significant. Compared with the
LHPC scenario, at day 1 the pattern is similar to Figure 5a,b.
At day 5, the proportions are smaller than for LHPC both for
TC0399-TC0639 and TC0255-TCo0639 mixtures, whereas at
day 10, there are more stations where the difference in mean
CRPS is significant in SHPC than in LHPC, which can be

explained by the fact that, at longer lead times, the ensemble
size is particularly important in the SHPC scenario.

For TCo0399-TCo0639 mixtures, the Brier skill scores
with respect to the reference pure high-resolution case
(Figure 12a,c,e) at day 1 indicate the advantage of the most
balanced combination (8,6); at day 5 all combinations involv-
ing low-resolution members outperform the post-processed
pure high-resolution ensemble, whereas at day 10 the order-
ing clearly reflects the ensemble size, that is the larger the
better. For the TC0255-TC0639 mixtures (Figure 12b,d,f),
combinations with larger ensemble sizes are considered and
both at days 1 and 5 the post-processed 128-member pure
low-resolution ensemble underperforms the eight-member
pure high-resolution one and the effect of the ensem-
ble size on the predictive performance dominates only at
day 10. Note that the results for the Brier scores are fully
consistent with those for the CRPS (Figures 12 and 11,
respectively).
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Further, similar to the LHPC scenario, the 50% quantile
skill score differences with respect to the reference pure
high-resolution case (not shown) are in line with the results
for the CRPS. For the tails, the benefit of the various com-
binations with respect to the pure high-resolution case are of
similar amplitude as that for the LHPC scenario, and espe-
cially for the TC0399-TC0639 mixture the differences are
often non-significant.

Finally, evaluation of the accuracy of the mean of different
post-processed dual-resolution ensemble forecasts in terms of
the root mean squared error shows the same picture as the
verification scores for probabilistic forecasts. The differences
in RMSE values from the reference pure high-resolution case
for semi-local EMOS (not shown) are very similar to those
for the CRPS.

Similar to the LHPC scenario, all investigated verification
scores indicate similar conclusions. The balanced combina-
tion (8,6) and (16,7) are preferred up to 4 days, although
the differences compared to combinations (16,4) and (32,6),
respectively, are very small. For TCo399-TCo0639 after day 7,
whereas for TC0255-TCo0639 after day 9, the post-processed
pure low-resolution ensemble shows the best predictive per-
formance, and for long lead times the forecast skill depends
on the ensemble size. This behaviour is rather similar to that
seen in the raw ensemble (compare Figures 9 and 11).

4.4 | Calibration using a very short training period

Additional results have been obtained using a 10-day train-
ing period in order to compare improvements from local and

semi-local EMOS post-processing. The TC0399-TCo0639
ensemble configurations of the LHPC scenario have been cal-
ibrated for lead times up to 5days. For local EMOS, this
implies ten forecast—observation pairs are used to estimate
4-5 parameters, whereas semi-local EMOS uses on average
around 225 forecast—observation pairs for the same purpose
for the price of having a universal set of parameters within
each cluster. For verification, we use data of the same 62
calendar days as in sections 4.2 and 4.3, i.e. ensemble fore-
casts initialized between 1 July and 31 August 2016 and the
corresponding validating observations.

Table 2 lists verification scores for lead times 1 and 5 days
and the corresponding 95% confidence intervals. Note that all
post-processing approaches for all combinations substantially
outperform the raw ensemble. For the 30-day training period,
there is no clear preference for local EMOS or semi-local
EMOS. However, one should mention that the uncertainty
in score differences of local EMOS post-processed forecasts
is much higher, especially for longer lead times. In contrast,
for the ten-day training period, semi-local EMOS is clearly
superior to local EMOS. Thus, clustering-based semi-local
estimation of EMOS parameters provides a reasonable alter-
native to the local approach, especially in situations where
ensemble data cover only a rather short time period.

5 | CONCLUSIONS

The EMOS calibration leads to substantial improvements in
skill for all examined single- and dual-resolution ensemble
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forecasts. For instance, the CRPS decreases from values
around 1.3K to values just under 1.0K at day 3 using the
semi-local EMOS. The improvements are large, although not
as large as those reported by Hemri et al. (2014). Their raw
ensemble forecasts have significantly larger CRPS values than
ours. We attribute this difference to having applied an oro-
graphic correction to the forecasts. Our 'raw forecasts’ have
been adjusted with a simple correction that is proportional to
the altitude difference between the model orography and the
station height while Hemri et al. (2014) showed results for
uncorrected forecasts.

In terms of calibration methodology, the clustering-based
semi-local estimation of EMOS parameters provides a reason-
able alternative to the local approach, especially in situations
where ensemble data cover only a rather short time period.
This is fully in line with results reported by Lerch and Baran

(2017), where multi-model ensemble forecasts of wind speed
over Europe and North Africa were calibrated.

The EMOS calibration parameters were obtained by opti-
mizing skill in terms of the CRPS. EMOS improves not
only the probabilistic forecasts but also the accuracy of point
forecasts like the ensemble mean or the median. Moreover,
when comparing ensemble configurations after calibration,
score differences for the Brier score and the quantile score
show fairly consistent rankings of the ensemble configura-
tions across different event thresholds and probability levels,
respectively.

What emerges as the best single- or dual-resolution config-
uration can change due to EMOS calibration. For instance,
the TC0399-TCo0639 dual-resolution configuration (40, 40)
is best at all lead times for raw forecasts in the large super-
computer scenario. After calibration, this configuration is still
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TABLE 2 Verification scores of 2 m temperature (K) with 95% confidence intervals for the raw ensemble, local and semi-local EMOS post-processed
forecasts using 10-day and 30-day training periods, TC0399-TCo0639 mixture, LHPC scenario. Lower values imply more skilful forecasts for all metrics

Combination

(0,50)

Model

Raw ensemble

Local EMOS, 10d

Semi-local EMOS, 10d

Local EMOS, 30d

Semi-local EMOS, 30d

CRPS

RMSE

QS2

QS50

QS98

1.258 (1.237,1.279)
0.925 (0.910,0.939)
0.894 (0.878,0.909)
0.851 (0.833,0.868)
0.869 (0.850,0.887)

2,068 (2.037,2.103)
1.720 (1.692,1.747)
1.683 (1.654,1.710)
1.617 (1.586,1.646)
1.648 (1.613,1.679)

Day 1

0.391 (0.364,0.419)
0.134 (0.130,0.139)
0.105 (0.102,0.109)
0.097 (0.094,0.101)
0.093 (0.090,0.097)

0.754 (0.744,0.765)
0.626 (0.616,0.636)
0.619 (0.609,0.629)
0.591 (0.579,0.602)
0.606 (0.593,0.618)

0.340 (0.330,0.350)
0.111 (0.108,0.113)
0.086 (0.085,0.088)
0.081 (0.079,0.084)
0.081 (0.079,0.083)

(40,40)

Raw ensemble

Local EMOS, 10d

Semi-local EMOS, 10d

Local EMOS, 30d

Semi-local EMOS, 30d

1.226 (1.205,1.249)
0.935 (0.920,0.950)
0.889 (0.873,0.903)
0.846 (0.828,0.864)
0.864 (0.845,0.881)

2.053 (2.020,2.088)
1.733 (1.707,1.757)
1.671 (1.645,1.696)
1.605 (1.576,1.633)
1.637 (1.606,1.667)

0.351 (0.327,0.377)
0.141 (0.137,0.146)
0.106 (0.102,0.110)
0.099 (0.096,0.102)
0.093 (0.090,0.097)

0.752 (0.741,0.764)
0.630 (0.620,0.640)
0.615 (0.604,0.625)
0.587 (0.575,0.599)
0.602 (0.589,0.615)

0.292 (0.283,0.301)
0.117 (0.114,0.120)
0.085 (0.084,0.087)
0.082 (0.080,0.085)
0.080 (0.078,0.082)

(120,20)

Raw ensemble

Local EMOS, 10d

Semi-local EMOS, 10d

Local EMOS, 30d

Semi-local EMOS, 30d

1.270 (1.250,1.292)
0.935 (0.920,0.950)
0.894 (0.878,0.908)
0.847 (0.829,0.864)
0.869 (0.851,0.886)

2.093 (2.063,2.127)
1.732 (1.706,1.757)
1.679 (1.651,1.704)
1.606 (1.575,1.634)
1.645 (1.611,1.674)

0.362 (0.335,0.388)
0.141 (0.138,0.146)
0.106 (0.102,0.110)
0.099 (0.096,0.102)
0.093 (0.090,0.097)

0.771 (0.761,0.781)
0.630 (0.621,0.639)
0.619 (0.608,0.628)
0.588 (0.576,0.598)
0.606 (0.593,0.613)

0.300 (0.291,0.309)
0.117 (0.114,0.120)
0.086 (0.084,0.088)
0.082 (0.079,0.085)
0.081 (0.079,0.083)

(160,10)

Raw ensemble

Local EMOS, 10d

Semi-local EMOS, 10d

Local EMOS, 30d

Semi-local EMOS, 30d

1.289 (1.267,1.311)
0.937 (0.922,0.953)
0.896 (0.881,0.911)
0.848 (0.829,0.865)
0.871 (0.852,0.889)

2.109 (2.078,2.139)
1.736 (1.710,1.760)
1.685 (1.657,1.710)
1.608 (1.575,1.635)
1.648 (1.613,1.678)

0.373 (0.346,0.402)
0.142 (0.138,0.147)
0.106 (0.102,0.110)
0.099 (0.096,0.102)
0.093 (0.090,0.097)

0.774 (0.764,0.785)
0.631 (0.622,0.641)
0.621 (0.610,0.632)
0.588 (0.576,0.599)
0.607 (0.594,0.619)

0.311 (0.302,0.320)
0.118 (0.115,0.120)
0.087 (0.085,0.089)
0.082 (0.079,0.085)
0.081 (0.078,0.083)

(200,0)

Raw ensemble

Local EMOS, 10d

Semi-local EMOS, 10d

Local EMOS, 30d

Semi-local EMOS, 30d

1.304 (1.282,1.326)
0.943 (0.928,0.959)
0.913 (0.897,0.928)
0.869 (0.849,0.887)
0.888 (0.867,0.908)

2.121 (2.092,2.152)
1.754 (1.727,1.779)
1.718 (1.690,1.742)
1.650 (1.618,1.678)
1.681 (1.646,1.713)

0.406 (0.378,0.433)
0.136 (0.132,0.141)
0.108 (0.104,0.112)
0.099 (0.096,0.102)
0.095 (0.092,0.098)

0.776 (0.766,0.787)
0.639 (0.628,0.649)
0.632 (0.620,0.643)
0.604 (0.591,0.615)
0.619 (0.606,0.632)

0.345 (0.334,0.356)
0.113 (0.111,0.115)
0.089 (0.086,0.091)
0.083 (0.080,0.086)
0.083 (0.080,0.085)

Day 5

(0,50)

Raw ensemble

Local EMOS, 10d

Semi-local EMOS, 10d

Local EMOS, 30d

Semi-local EMOS, 30d

1.391 (1.369,1.417)
1.205 (1.175,1.235)
1.142 (1.112,1.171)
1.099 (1.070,1.124)
1.102 (1.073,1.128)

2.425 (2.382,2.471)
2.226 (2.173,2.279)
2.135 (2.081,2.185)
2.070 (2.014,2.121)
2.073 (2.018,2.122)

0.277 (0.260,0.296)
0.166 (0.159,0.176)
0.129 (0.123,0.137)
0.118 (0.114,0.123)
0.110 (0.106,0.116)

0.909 (0.896,0.924)
0.819 (0.800,0.839)
0.794 (0.774,0.813)
0.767 (0.746,0.786)
0.773 (0.751,0.791)

0.243 (0.234,0.253)
0.140 (0.135,0.144)
0.107 (0.104,0.111)
0.102 (0.098,0.105)
0.098 (0.095,0.101)

(40,40)

Raw ensemble

Local EMOS, 10d

Semi-local EMOS, 10d

Local EMOS, 30d

Semi-local EMOS, 30d

1.377 (1.354,1.402)
1.226 (1.195,1.256)
1.142 (1.111,1,172)
1.101 (1.072,1.128)
1.100 (1.071,1.127)

2.418 (2.373,2.468)
2.266 (2.204,2.322)
2.138 (2.077,2.191)
2.073 (2.019,2.129)
2.070 (2.018,2.122)

0.253 (0.237,0.270)
0.174 (0.167,0.182)
0.129 (0.123,0.137)
0.119 (0.114,0.124)
0.110 (0.106,0.115)

0.908 (0.893,0.925)
0.831 (0.809,0.852)
0.794 (0.771,0.812)
0.768 (0.747,0.788)
0.771 (0.750,0.790)

0.216 (0.209,0.224)
0.147 (0.142,0.152)
0.108 (0.104,0.112)
0.103 (0.099,0.106)
0.098 (0.095,0.101)

(120,20)

Raw ensemble

Local EMOS, 10d

Semi-local EMOS, 10d

Local EMOS, 30d

Semi-local EMOS, 30d

1.403 (1.380,1.429)
1.225 (1.195,1.256)
1.144 (1.113,1.173)
1.101 (1.075,1.128)
1.103 (1.075,1.130)

2.447 (2.401,2.497)
2.263 (2.204,2.321)
2.140 (2.080,2.196)
2.073 (2.020,2.125)
2.073 (2.022,2.123)

0.255 (0.238,0.272)
0.174 (0.166,0.183)
0.129 (0.123,0.137)
0.119 (0.114,0.124)
0.111 (0.107,0.116)

0.921 (0.906,0.937)
0.830 (0.809,0.851)
0.795 (0.774,0.815)
0.768 (0.749,0.787)
0.774 (0.754,0.792)

0.220 (0.213,0.227)
0.147 (0.142,0.152)
0.108 (0.104,0.112)
0.103 (0.099,0.106)
0.098 (0.095,0.101)

(160,10)

Raw ensemble

Local EMOS, 10d

Semi-local EMOS, 10d

Local EMOS, 30d

Semi-local EMOS, 30d

1.413 (1.391,1.439)
1.228 (1.199,1.258)
1.147 (1.117,1.176)
1.105 (1.077,1.131)
1.106 (1.076,1.131)

2.459 (2.416,2.509)
2.269 (2.208,2.328)
2.148 (2.085,2.205)
2.079 (2.026,2.132)
2.080 (2.027,2.130)

0.260 (0.242,0.277)
0.176 (0.168,0.185)
0.130 (0.123,0.137)
0.120 (0.115,0.125)
0.111 (0.107,0.117)

0.924 (0.910,0.940)
0.832 (0.811,0.852)
0.797 (0.775,0.816)
0.770 (0.750,0.789)
0.776 (0.755,0.793)

0.225 (0.218,0.233)
0.149 (0.144,0.153)
0.108 (0.105,0.112)
0.103 (0.100,0.107)
0.098 (0.095,0.102)

(200,0)

Raw ensemble

Local EMOS, 10d

Semi-local EMOS, 10d

Local EMOS, 30d

Semi-local EMOS, 30d

1.422 (1.397,1.446)
1.211 (1.180,1.242)
1.152 (1.122,1.180)
1.108 (1.081,1.135)
1.112 (1.084,1.139)

2.467 (2.421,2.514)
2.241 (2.182,2.296)
2.152 (2.092,2.205)
2.087 (2.028,2.138)
2.090 (2.030,2.140)

0.270 (0.253,0.287)
0.166 (0.158,0.175)
0.129 (0.122,0.137)
0.118 (0.113,0.123)
0.111 (0.107,0.117)

0.926 (0.912,0.942)
0.825 (0.805,0.845)
0.801 (0.780,0.820)
0.773 (0.754,0.792)
0.780 (0.759,0.798)

0.238 (0.231,0.246)
0.141 (0.136,0.144)
0.109 (0.105,0.113)
0.103 (0.100,0.106)
0.099 (0.096,0.102)
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best until about day 7; however, at longer lead times the other
configurations with at least 140 members are equally skilful.
Likewise, 50 members at TC0639 are as skilful as 200 mem-
bers at TC0399 resolution for the raw forecasts while, after
calibration, the 200 lower-resolution members are slightly
more skilful than the 50 higher-resolution members.

For the small supercomputer scenario, the overall ranking
is similar before and after EMOS calibration. At lead times
beyond day 7, the skill is mainly determined by the ensem-
ble size and the pure low-resolution ensemble shows the best
predictive performance.

The calibration of the ensemble forecasts with EMOS
strongly reduces the differences in skill among the equal-cost
configurations of single- and dual-resolution ensembles. This
implies that making the correct selection of the ’best res-
olution/ensemble size configuration’ is less important for
those users who will use EMOS calibrated forecasts instead
of the raw forecasts. For direct model output, non-trivial
dual-resolution ensemble forecasts of 2m temperature are
considerably more skilful than a single-resolution configura-
tion with the same computational cost. When EMOS calibra-
tion is applied, the benefit of a dual-resolution configurations
is more marginal than without calibration.

Results were discussed for spatial resolutions up to 18 km
that are affordable with computational resources avail-
able at ECMWF in 2018. Further work is planned to
assess the benefit of dual-resolution ensembles at resolu-
tions up to 9 km that will be affordable in the next 5 years.
Moreover, we remark that there is ongoing research at
ECMWEF on calibration of dual-resolution precipitation fore-
casts using quantile mapping (Gascon et al., 2019, personal
communication).

Finally, a natural question is whether more sophisticated
post-processing approaches provide the same answer. This is a
possible direction of further research, although some prelimi-
nary tests for the large HPC scenario with the computationally
far more challenging local BMA approach using 5 days lead
time have already been made. In this particular case for the
dataset at hand, BMA calibration significantly underperforms
EMOS in terms of the mean CRPS, however the CRPS val-
ues of the different combinations induce a similar ranking as
the corresponding EMOS scores.
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