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Challenges related to the design and use of a convection-permitting ensemble
(CPEPS) are discussed. In particular the scale-dependent predictability of precip-
itation and the use of a CPEPS as well as its potential added value over global
ensemble prediction systems (EPS) are investigated. Forecasts of precipitation from
the operational CPEPS in Finland, Norway and Sweden (MEPS) are used for the
investigations. It is found that predictability for scales smaller than ∼60 km is lost
rapidly within the first 6 h of the forecast with the smallest predictable scale grow-
ing more slowly to ∼100 km over the following 18–24 h. However, there is large
case-to-case variability and the ensemble perturbations fail to become fully satu-
rated, especially in winter, suggesting a weakness in the design of the ensemble. The
added value of CPEPS over deterministic forecasts and coarser resolution EPSs is
discussed with summary statistics and case-studies. It is shown that the added value
varies between seasons and lead times. For precipitation there is an added value
for both severe precipitation events and for precipitation/no precipitation decisions.
The added value is higher in summer compared to winter and for shorter lead times
compared to longer lead times.
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1 INTRODUCTION

The classical view of predictability is that the skill of a
forecast, measured as the correlation between the forecast
and an analysis or observations, immediately goes to zero
at higher wave numbers (smaller scales), and with a loss
of skill (growth of error) progressively penetrating to lower
wave numbers with forecast range (e.g. Lorenz, 1969; Boer,
2003). The forecast time at which the predictability limit
is reached is therefore shorter for forecasts of small-scale
features than for large-scale features. The chaotic nature of
the atmosphere imposes a finite limit on the predictability
of atmospheric processes – this is known as the intrinsic
predictability and can be thought of as the maximum pre-
dictability attainable with a perfect model with minimal initial

condition errors (Lorenz, 1969). However, current numeri-
cal weather prediction (NWP) models are imperfect and have
uncertainties associated with both the initial conditions and
modelling procedures. This further limits predictability and
gives rise to the concept of practical predictability, that is, the
predictability of a particular forecasting model. For the pur-
poses of this article, the emphasis is on practical predictability
rather than intrinsic predictability.

When predictability was investigated in the European Cen-
tre for Medium-range Weather Forecasts (ECMWF) model
for temperature at 850 hPa (T850) (Simmons, 2003), three
regimes of forecast skill were found. The largest scales
(low spatial wave numbers), which represent climatologically
forced structures for which errors grow slowly, have little
impact on short-range forecasts. The expected, classical error
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growth was found at intermediate scales where forecast skill
goes to zero immediately at small scales and with loss of pre-
dictive skill penetrating to larger spatial scales with forecast
time, and saturated by the 10-day forecast limit. Unexpected
behaviour was found at small scales (high spatial wave num-
bers) where instead of the rapid error saturation and loss of
skill, skill appeared to exist up to day 10. It can be argued that
the latter is due to the atmosphere’s interaction with topog-
raphy, changes in surface roughness, thermodynamic forcing
at coastlines, lakes, snow/ice margins and other static forcing
mechanisms.

Jung and Leutbecher (2008) compared the predictability
for deterministic forecasts (HRES) with that for probabilistic
forecasts (IFSENS) from ECMWF for 500 hPa geopotential
(Z500). They also found that the skill for the sub-synoptic
scale was much lower than for the synoptic scales. However,
they showed that the skill was substantially higher for IFSENS
than for HRES. Such a result highlights the importance of a
probabilistic approach for weather forecasts, especially at the
small scales.

In recent years convection-permitting ensemble prediction
systems (CPEPSs) with grid spacing typically between 1
and 4 km have been developed and are used by many Met
Services (e.g. Gebhardt et al., 2008; Bouttier et al., 2012;
Romine et al., 2014; Schwartz et al., 2015; Bouttier et al.,
2016; Frogner et al., 2016; Hagelin et al., 2017). Due to the
limitations on the predictability at these scales, as discussed
above, an assessment on the scale-dependent predictability
of such a system, and to what extent it adds value over a
global EPS, is important, in order to justify the cost of run-
ning a CPEPS. For convection-permitting models, it is more
instructive to analyse predictability as a function of spatial
scale for near-surface weather parameters than for Z500. In
a more recent study by Surcel et al. (2015), predictability
for precipitation was investigated in a 10-member ensemble
with 4 km grid spacing. They found that, on average for the
22 cases under study, the smallest predictable scale grew as
a function of lead time following a power law. In this arti-
cle we also focus on precipitation and take a closer look at
two challenges connected with CPEPS: scale-dependent pre-
dictability, where the method of Surcel et al. (2015) is used,
and the use of CPEPS and to what extent it adds value over a
global EPS. By choosing these two challenges, two very dif-
ferent perspectives of probability forecasts are discussed: (a)
The study of scale-dependent predictability gives guidance as
to which scales and forecast times can be trusted. Addition-
ally, studying the way new developments and perturbation
techniques alter the scale-dependent error growth, it can also
be used as a tool in the development process. (b) The possi-
ble added value of CPEPS over global EPS gives guidance
on when it is beneficial to use a CPEPS. For the develop-
ers it points to what situations (parameters, forecast lengths,
seasons, etc.) to focus on when improving the system.

Both the predictability dependence on scale and the use
and possible added value of CPEPS will be illustrated using

FIGURE 1 The operational domain for MEPS used for the data analysis
and examples [Colour figure can be viewed at wileyonlinelibrary.com]

precipitation forecasts from MEPS (MetCoOp ensemble pre-
diction system). MetCoOp is the operational cooperation
between the national meteorological institutes of Finland,
Norway and Sweden, and MEPS is the operational EPS of the
cooperation and is described in section 2. Predictability stud-
ies with MEPS are in section 3 using the method of Surcel
et al. (2015). In section 4 we discuss the possible added value
of MEPS over IFSENS and over its deterministic control. We
also illustrate added value with two case-studies from MEPS.
Section 5 consists of discussions and conclusions.

2 THE METCOOP ENSEMBLE
PREDICTION SYSTEM: MEPS

MEPS has served as an operational CPEPS for Finland, Nor-
way and Sweden since November 2016. MEPS is based on
the HIRLAM–ALADIN Research on Mesoscale Operational
NWP in Euromed – Applications of Research to Operations
at Mesoscale (HARMONIE-AROME) configuration of the
ALADIN-HIRLAM system (Termonia et al., 2018). The
general aspects of the non-hydrostatic dynamics and physi-
cal parametrization are described by Termonia et al. (2018)
and the details specific to the HARMONIE-AROME con-
figuration in Bengtsson et al. (2017). The forecast model is
run with 2.5 km grid spacing with 65 levels in the vertical
and spans 900× 960 grid points in the zonal and meridional
directions respectively, see Figure 1. Note that there is no dis-
tinction between the control and perturbed members in terms
of resolution, nor does MetCoOp run a higher-resolution
forecast in addition to MEPS. The data assimilation system
applied on the control member is based on three-dimensional
variation (3D-Var) with a 3 h cycle using a combination
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of conventional and non-conventional observations such
as radar reflectivity, Global Navigation Satellite System
(GNSS) total delay, satellite radiances and Advanced Scat-
terometer (ASCAT) winds (Müller et al., 2017). The cut-off
time for observations to enter the data assimilation is 1 h
and 15 min. The surface initial condition is controlled by
an optimal interpolation-based method for two-metre tem-
perature (T2m), two-metre relative humidity (RH2m) and
snow (Giard and Bazile, 2000). The ensemble runs with nine
perturbed members, each of them running their own surface
assimilation with a cycle of 6 h. Each member is perturbed
in three different ways with respect to initial and boundary
conditions. At first, perturbations are constructed in pairs
by subtracting two ECMWF HRES forecasts 6 h apart but
valid at the same time, similar to the “scaled lagged average
forecasting” method (SLAF: Ebisuzaki and Kalnay, 1991;
Hou et al., 2001). Different perturbations are constructed for
the different members by using increasingly long forecast
lengths. The differences are scaled so that the perturbations
for all members have the same magnitude. Secondly, the
initial atmospheric state is perturbed for each member by
adding perturbations calculated similarly to those for the
boundaries to the control analysis. Finally, the initial surface
uncertainty is modelled by randomly perturbing sea-surface
temperature (SST), soil water and temperature, roughness
and albedo following Bouttier et al. (2016). Each member
runs to 54 h starting at 0000, 0600, 1200 and 1800 UTC and
is delivered to the forecasters 2 h and 30 min after nominal
time.

3 SCALE-DEPENDENT PREDICTABILITY
OF HOURLY PRECIPITATION
ACCUMULATIONS IN MEPS

In this section, the predictability of precipitation for MEPS is
explored. This is done in terms of the scale dependency of the
predictability of patterns for hourly precipitation. Surcel et al.
(2015) developed a method to assess the scale dependence of
predictability from an ensemble forecast as “the loss of pre-
dictability of the model state.” It is based on the assumption
that the forecast lead time at which the ensemble members
become fully decorrelated for a particular spatial scale is the
time at which there is no longer predictability at that spatial
scale. They find that for hourly precipitation, averaged over 22
separate cases, the spatial scale at which predictability is lost
follows a power law as a function of lead time; on average, the
predictability of meso-𝛾 scales (2–20 km) is lost after the first
hour, and the predictability of meso-𝛽 scales (20–200 km) is
lost at around 18 h lead time.

A common method to assess the spatial predictability and
spatial skill of precipitation forecasts is the fractions skill
score (FSS: Roberts and Lean, 2007). The method com-
pares the spatial similarity between forecasted precipitation
and observed precipitation (Roberts, 2008; Schwartz et al.,

2010; 2017) and/or the similarity between ensemble members
(e.g. Dey et al., 2014; 2016a; 2016b) for different thresholds.
However, we choose to use the method of Surcel et al. (2015)
to gauge the scale dependence of predictability for hourly pre-
cipitation forecasts from MEPS since this method aggregates
all possible thresholds into a single measure. Sixty precipi-
tation cases were chosen that occurred in Norway within the
operational lifetime of MEPS (8 November 2016–28 Febru-
ary 2018, at the time of writing). To ensure a sufficient range
of precipitation scales, and in particular theoretically less
predictable small-scale heavy precipitation, events were cho-
sen by ranking the 95th percentiles of observed hourly and
daily precipitation accumulations and choosing the top 30
from each. Some of the top 30 hourly precipitation events
occurred on the same day as each other, and some of the top
30 daily events had top 30 hourly events on the same day.
This resulted in a total of 54 cases that can be classified as
18 1-hour precipitation events, 24 daily precipitation events
and 12 cases that were both hourly and daily precipitation
events.

For each event, the 0000 UTC operational forecast issued
on that day is used in the predictability analysis. This is jus-
tified since in each case precipitation was well established
in the model domain at initialisation time. Following Surcel
et al. (2015), the scale-dependent variance of a precipita-
tion field was obtained by computing the power spectrum
from the discrete cosine transform (DCT: Denis et al., 2002)
of the field. To obtain the optimum contribution of each
element of the DCT to the one-dimensional (1-d) wave num-
bers, the method of Ricard et al. (2013) was used to dis-
tribute power between the wave numbers. The power ratio of
the ensemble was found for each spatial scale, 𝜆, following
Equation 1:

R(𝜆) =
∑N

i=1 PXi (𝜆)
PXT

(𝜆)
, (1)

where PXi(𝜆) is the variance of the field X for the ith ensemble
member, XT =

∑N
i=1 Xi, and N is the number of ensem-

ble members. The largest spatial scale at which R(𝜆)= 1
is the scale at which the ensemble members become fully
decorrelated as the covariance becomes zero.

The power ratio as a function of spatial scale for all 54
events is shown in Figure 2a for all lead times from 1 to 48 h.
It is clear that the power ratio increases with lead time, but
unlike Surcel et al. (2015) the power ratio does not reach a
value of 1. This implies that the ensemble members do not
become fully decorrelated over the forecast, suggesting that
there is some inherent predictability for the smaller spatial
scales. However, the horizontal part of the power ratio curves
suggests that the level of decorrelation remains the same for
all spatial scales shorter than ∼100 km for lead times longer
than ∼10 h. There is also a small reduction in the power ratio
for scales smaller than ∼10 km. To get an impression of the
scales at which the decorrelation does not reach the maxi-
mum, the power ratio curves were normalised to the 95th
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FIGURE 2 Scale-dependent predictability of hourly precipitation forecasts averaged over 54 MEPS cases. (a) The power ratio as a function of spatial scale
(𝜆) for lead times from 1 (dark) to 48 h (light), (b) as (a) except the power ratio is normalised to the 95th percentile for each lead time, (c) the decorrelation
length-scale as a function of lead time with the thick solid line showing a logarithmic fit with the 95% confidence interval of that fit shown in the grey shading,
(d) the distribution (kernel fit) of decorrelation length-scales for each forecast for each lead time from 1 to 24 h - the shading is indicative of the length-scale
with darker shades approximately representing meso-𝛾 scales, becoming lighter for meso-𝛽 scales [Colour figure can be viewed at wileyonlinelibrary.com]

percentile1 for each lead time (Figure 2b) and the largest spa-
tial scales at which the normalised curves drop below 1 were
identified (Figure 2c). These results suggest that there is a
rapid loss of predictability in the first 5 h of the forecast for
spatial scales below ∼60 km and a slower loss of predictabil-
ity for the larger scales for longer lead times. The loss of
predictability with lead time has an approximate logarithmic
relationship (Figure 2c), but there is, however, considerable
variability between cases (Figure 2d).

The fact that the ensemble members do not become fully
decorrelated suggests that the perturbations in MEPS may not
be sufficient to completely model the uncertainty at scales
below∼100 km. However, this lack of complete decorrelation
may also be due to the combination of summer and winter
events used in the analysis. Winter events are typically charac-
terized by large-scale precipitation, which is inherently more
predictable, interacting with coastal and orographic forc-
ing mechanisms in the western and southern coastal regions
of Norway. Such enhancement mechanisms mean that the
small-scale structures are likely to be anchored to orographic

1The 95th percentile of each power ratio curve was set to the value of 1 and
all other values are indexed relative to that point.

and coastal features in each ensemble member and thus the
members do not become fully decorrelated. This would also
go some way to explaining the drop in the power ratio for
scales below ∼10 km.

The scale-dependent predictability analysis was repeated
for only the 18 1-hour precipitation events, most of which
occurred in the summer, and only the 24 daily precipitation
events, all of which occurred in the winter or autumn. The 1
h events were typically characterized by mesoscale systems
coming from the south with strong embedded convection,
while the daily events mostly consisted of synoptic-scale sys-
tems from the west that led to stationary precipitation with
orographic enhancements over the western coastal regions of
Norway. For the 1 h events, the power ratio is much closer
to 1 for the smaller scales (Figure 3a) than for all 54 events
(Figure 2a). Conversely, for the daily events (Figure 4a), the
maximum power ratio is lower than that for all 54 events
(Figure 2a). As was done for all 54 cases, the power ratios are
normalised (Figures 3b and 4b) and the largest spatial scale at
which the power ratio falls below 1 is identified for each lead
time (Figures 3c and 4c). For the 1 h precipitation events, the
spatial scales at which predictability is lost (Figure 3c) grows
more slowly to ∼50 km after 6 h compared with ∼65 km after
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FIGURE 3 (a–d) As Figure 2 except for the 18 most extreme hourly precipitation cases [Colour figure can be viewed at wileyonlinelibrary.com]

6 h for the daily precipitation events (Figure 4c). Furthermore,
the case-to-case variability is smaller for the 1 h precipitation
events (Figure 3d, compare Figure 4d).

For MEPS, there is a clear degradation in the spatial scale
of predictability in the first hours of the forecast, with scales
smaller than ∼65 km being unpredictable beyond 6 h lead
time for daily precipitation events (Figure 4c). For 1 h precip-
itation events, spatial scales smaller than ∼50 km have some
predictability for up to 6 h lead time (Figure 3c). It should
be noted that the method used here gives an indication of
the spatial scales that have practical predictability for MEPS
without giving any indication of the quality of the forecasts.
Comparing these results with those of Surcel et al. (2015),
the loss of predictability of the smaller scales in the first
5–6 h is similar for MEPS, but for longer lead times MEPS
has predictability for scales around 100 km, compared with
around 200 km in Surcel et al. (2015). This may be a result of
MEPS being higher resolution than the experiments of Sur-
cel et al. (2015) (2.5 km compared with 4 km). However, it
should be noted that horizontal grid spacing is not the only
difference – the forecasts considered in this article are also
done using a different model over a different domain for dif-
ferent events compared to Surcel et al. (2015), so the results
are not directly comparable. A comparison was also done with
IFSENS (not shown), but the lack of decorrelation between

the members was much more pronounced (power ratio< 0.5)
in the first 24 h of the forecast, probably due to perturbations
in IFSENS being tuned to maximize error growth at longer
lead times. Normalising the power ratios suggested a decor-
relation length-scale of approximately 60 km for the first 24 h
of the forecast, but the low power ratio makes it difficult to
conclude that this is a true reflection of predictability and not
simply a lack of spread in the ensemble.

4 ADDED VALUE OF MEPS

4.1 Added value compared to IFSENS
and deterministic forecasts

CPEPS should add value to a weather forecast compared
with deterministic high-resolution runs (e.g. against its
own control run) and against coarser resolution (global)
EPSs. Partly, this is shown when comparing EPS systems
using probabilistic verification scores. A traditional approach
for evaluating a probabilistic system is to look at the spread,
measured as the standard deviation of the ensemble members
with respect to the ensemble mean, and skill, measured as the
root-mean-square error (RMSE), of the system. Figure 5
shows a comparison of the spread and skill of IFSENS and
MEPS for a range of near-surface parameters. In both this and
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FIGURE 4 (a–d) As Figure 2 except for the 24 most extreme daily precipitation cases [Colour figure can be viewed at wileyonlinelibrary.com]

later figures, verification scores and probabilities are based on
the full set of available members since the purpose is to com-
pare currently available operational models. The total number
of ensemble members is 51 for IFSENS, and 10 for MEPS.
MEPS has higher spread and lower or equal RMSE compared
to IFSENS, which gives a better spread–skill relationship.

Verification such as in Figure 5 is often what is presented to
show the added value of regional systems. However, we want
to investigate the added value of MEPS in more depth. A first
criterion for added value is that there should be some differ-
ences between MEPS and the system it is supposed to add
value to (hereafter referred to as the potential added value). In
addition, this difference should bring MEPS forecasts closer
to the observations, improve verification scores (Figure 5)
and/or increase the value of the forecast for end-users (here-
after referred to as the added value). In the following,
we investigate forecasts of precipitation/no-precipitation. For
simplicity, probabilities are estimated by grid-point ensemble
probability, hereafter EP (Schwartz and Sobash, 2017), based
on the number of members with exceedance of the threshold
in a given grid box. No further post-processing or calibration
is applied if not mentioned. Further calibration, for example,
neighbourhood methods, might therefore have an influence
on the results presented below.

In Figure 6, probabilities for precipitation (defined as accu-
mulated precipitation >0.2 mm in 12 h) based on IFSENS,

IFSENS control, MEPS and MEPS control during a one-year
period are compared (upper panels). The probabilities from
the deterministic control runs are binary (i.e. 0 or 100%). For
a large portion of the time period, IFSENS and MEPS prob-
abilities are similar to the probabilities obtained from their
control runs. However, the potential added value increases
from +18 h forecasts to +54 h forecast in accordance with
a general increase in the uncertainty with lead time as
reflected in a larger ensemble spread. The potential added
value of MEPS versus MEPS control is larger than for
IFSENS versus IFSENS control for the shorter lead times
while it becomes smaller for +54 h. Comparing the probabil-
ities from MEPS and IFSENS reveal that they often agree,
but MEPS forecasts dry conditions more often than IFSENS.
Convection-permitting models represent showers directly and
will therefore have larger dry areas, whereas models with con-
vection parametrization schemes represent the average effect
over a wider area and will likely have fewer dry points.
For +18 h forecasts MEPS forecasts lower probabilities than
IFSENS ∼40% of the time, higher probabilities ∼10% of the
time and the same probability ∼50% of the time.

The middle panels of Figure 6 show time series of the
daily potential added value. The smoothing of the time series
hides a high day-to-day variability, most likely depending
on the weather itself. Furthermore, the potential added value
is largest between MEPS and IFSENS and between the two
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(a) (b)

(c) (d)

FIGURE 5 Spread (dashed) and skill (solid) for IFSENS (orange) and MEPS (black) for month in 2018. (a) S10m, (b) MSLP, (c) T2m and (d) 12 h
accumulated precipitation. Closed circles indicate where differences between IFSENS and MEPS are statistically significant at the 95% confidence level.
Statistical significance of the differences was calculated using a bootstrap method with 1,000 replicas sampled from the forecasts and observation data with
replacement

control runs. This indicates that potential added value orig-
inates both from the resolution/model itself and from the
ensemble compared with the control. In addition, there is a
tendency for larger potential added value of MEPS and MEPS
control in the warm season. This seems reasonable due to
more small-scale precipitation. To investigate the added value
further we use the Brier Skill Score (BSS). Instead of using
for example a climatology as reference, we use the different
model systems as a reference so the added value can easily
be measured between model systems. In doing so we are far
from discussing all aspects of the complex datasets, but BSS
is related to decision making for (some) end-users that want
to make binary decisions based on some probabilities from
the forecast. In addition, BSS can be computed for both EPSs
and deterministic runs.

The time series of BSS show that IFSENS and MEPS score
better (BSS> 0) than their control runs, that is, the ensem-
ble consistently adds value to its control run (lower panel
Figure 6). Similarly, MEPS scores systematically better than
IFSENS for the shortest lead times. However, for longer lead

times MEPS only adds value in the warm season. To a large
extent, this seasonal and lead time dependency is also found
when comparing the control runs only. It is therefore possi-
ble that this added value originates from the model system
itself and maybe not necessarily be from the ensemble set-up.
The score calculation was also repeated using 10 IFSENS
members to account for the difference in ensemble members
between the systems. However, this reduction in the num-
ber of members gave only a modest decrease in the skill of
IFSENS in Figure 6 (not shown). In this comparison, the dif-
ference in ensemble size therefore contributes little to the
differences seen between IFSENS and MEPS.

CPEPSs are specifically designed to target high precipi-
tation events. To investigate this, BSS for high-precipitation
events, defined by exceedance of the 99th percentile of the
observed 12 h accumulated precipitation, are presented in
Table 1. The numbers are given together with 95th percentile
confidence intervals to indicate statistical significance. Sim-
ilar averaged numbers with precipitation/no-precipitation are
included for comparison and underline that the major features
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FIGURE 6 Examples of (potential) added value for +18 h (left) and +54 h (right) forecast for probability of precipitation > 0.2 mm in 12 h for all 170
Norwegian stations. First row show cumulative distribution of the difference in forecasted probabilities (potential added value) between IFSENS control and
IFSENS ensemble (black), MEPS control and IFSENS control (light blue), MEPS control and MEPS ensemble (blue) and between MEPS ensemble and
IFSENS ensemble (red). The second row show the same, but as a time series per day, while the third row show the Brier Skill Score of IFSENS ensemble
with IFSENS control as reference forecast, MEPS ensemble with MEPS control as reference forecast, MEPS control with IFSENS control as reference
forecast and MEPS ensemble with IFSENS ensemble as reference forecasts (real added value). A 20 days moving filter has been applied on the time series to
remove some of the day to day variability

TABLE 1 Brier Skill Score (including 95th percentile confidence interval by bootstrapping) for exceedance of observed 99th percentile 12 h accumulated
precipitation for cold (October–March precipitation >17.8 mm/12 h) and warm (April–September precipitation >21.2 mm/12 h) season

Warm season+ 18 h
>17.8 mm/12 h
(0.2 mm/12 h)

Warm season+ 54 h
>17.8 mm/12 h
(0.2 mm/12 h)

Cold season+ 18 h
>21.2 mm/12 h
(0.2 mm/12 h)

Cold season+ 54 h
>21.2 mm/12 h
(0.2 mm/12 h)

MEPS control versus IFSENS control − 0.04+ 0.05
− 0.14 (+ 0.26+ 0.27

+ 0.24) − 0.02+ 0.06
− 0.11 (+ 0.17+ 0.18

+ 0.16) + 0.13+ 0.20
+ 0.03 (+ 0.12+ 0.13

+ 0.10) + 0.10+ 0.17
+ 0.02 (+ 0.07+ 0.09

+ 0.06)
IFSENS versus IFSENS control + 0.27+ 0.30

+ 0.23 (+ 0.18+ 0.19
+ 0.18) + 0.33+ 0.36

+ 0.29 (+ 0.25+ 0.26
+ 0.25) + 0.25+ 0.29

+ 0.21 (+ 0.17+ 0.18
+ 0.17) + 0.34+ 0.38

+ 0.31 (+ 0.27+ 0.28
+ 0.26)

MEPS versus MEPS control + 0.36+ 0.40
+ 0.32 (+ 0.28+ 0.29

+ 0.28) + 0.31+ 0.34
+ 0.27 (+ 0.25+ 0.26

+ 0.24) + 0.25+ 0.29
+ 0.21 (+ 0.22+ 0.23

+ 0.22) + 0.29+ 0.32
+ 0.25 (+ 0.21+ 0.22

+ 0.20)
MEPS versus IFSENS + 0.10+ 0.15

+ 0.04 (+ 0.35+ 0.35
+ 0.34) − 0.05+ 0.01

− 0.12 (+ 0.16+ 0.18
+ 0.15) + 0.12+ 0.19

+ 0.05 (+ 0.17+ 0.18
+ 0.16) + 0.03+ 0.09

− 0.04 (+ 0.00+ 0.01
− 0.01)

For comparison the numbers for precipitation/no-precipitation (>0.2 mm/12 h) are included in parentheses. Positive values indicated added value of the first system
compared over the second system (i.e. MEPS add value to MEPS control). Approximately 57,000 cases (forecast – observation pairs) are used per season and forecast
length.

discussed in Figure 6 are statistically significant. MEPS also
adds value compared to IFSENS for high-precipitation thresh-
olds, but only for the shorter lead times. However, the added
value is less than for precipitation/no-precipitation. No added
value is also seen when comparing the control runs from
MEPS and IFSENS for high-precipitation events in summer.
Most likely, the use of only raw grid-point probabilities penal-
izes MEPS (control) and highlights the need for more MEPS
members and/or post-processing making use of neighbour-
hood information. Another common pattern is that the added
value of both IFSENS and MEPS compared with their con-
trol runs are higher for high-precipitation thresholds than
for precipitation/no-precipitation. Using 10 IFSENS mem-
bers again modifies the numbers slightly, but does not change
the conclusions (not shown).

In the following, we present two severe precipitation cases
to further discuss the potential added value and challenges of

CPEPSs. The first case is a summer severe flash flood, and the
second case is a large-scale precipitation weather event in the
cold season. Based on the numbers in Table 1 it is believed
that MEPS should add value in both cases.

4.2 Flash flood 6 August 2016

On the morning of 6 August 2016 a weak low-pressure sys-
tem was located between Norway and Denmark (Figure 7a).
Warm air was present to the south and east, and cold air to the
north and west. High humidity at low levels and cold air aloft
reduced the vertical stability of the system and heavy convec-
tive precipitation developed early in the morning and moved
slowly eastward. The most intense precipitation lasted for
about 12 h. Estimated precipitation amounts based on radar
reflectivity are shown in Figure 7b and give a good spatial
picture of the precipitation, but underestimate the rain-gauge
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(a) (b)

FIGURE 7 (a) Mean-sea-level pressure from IFS HRES (ECMWF) analysis valid at 0600 UTC 6 August 2016, and (b) estimated 12 h accumulated
precipitation based on radar reflectivity in the region close to the low-pressure centre [Colour figure can be viewed at wileyonlinelibrary.com]

(a) (b)

FIGURE 8 (a) Forecasts with +24 h lead time of 12 h accumulated precipitation from IFSENS control and (b) IFSENS grid-point ensemble probability
>10 mm in 12 h [Colour figure can be viewed at wileyonlinelibrary.com]

observations. Several sites measured more than 30 mm in 1 h,
more than 50 mm in 12 h and several private measurements
suggested precipitation above 100 mm in 24 h.

In the following we compare IFSENS (all members),
IFSENS control, MEPS (all members) and MEPS con-
trol forecasts for 12 h accumulated precipitation. In August
2016 MEPS had pre-operational status with four daily runs
and nine ensemble members with lead times up to +36 h
(control run up to +66 h). In IFSENS, the forecasts were
consistent with time from approximately 4 days ahead, but
with a more pronounced signal for the shorter lead times

(not shown). However, the forecasts underestimated the
precipitation amounts. IFSENS control indicated 10–20 mm,
probabilities for more than 20 mm were hardly seen (not
shown), while the probability of more than 10 mm was high
west of the low-pressure centre (Figure 8).

MEPS control had already forecasted the large-scale pre-
cipitation signature of the event at +66 h, and indicated
more than 50 mm locally (100 mm in smaller regions) in all
forecasts with lead times of +60 h and shorter (Figure 9).
The challenge for the operational forecasters was to deter-
mine the maximum precipitation amount, in which region

http://wileyonlinelibrary.com
http://wileyonlinelibrary.com
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FIGURE 9 MEPS control 12 h accumulated precipitation, with lead times of +66, +60, +54, +48, +42, +36, +30, +24, +18 and +12 h starting with +66 h
in upper left corner and ending with +12 h in lower right corner. Legend same as Figures 7b and 8a [Colour figure can be viewed at wileyonlinelibrary.com]

FIGURE 10 MEPS members 12 h accumulated precipitation, with lead time +24 h. Control run (upper left) and then member 1, 2, 3, 4 on upper row, and 5,
6, 7, 8, 9 on lower row. Legend same as Figures 7b and 8a [Colour figure can be viewed at wileyonlinelibrary.com]

and in what accumulation period. At +36 h ahead, when the
full MEPS ensemble became available, all members indi-
cated similar development as MEPS control, but with the
local precipitation maxima at different locations (not shown).
In Figure 10, MEPS forecasts with +24 h lead time for all
members are shown. Locally, all members forecast more
than 50 mm in smaller areas, but with a large spread in
the location of the most intense precipitation. This addi-
tional information from all members makes the expectations
of severe precipitation amounts between 50 and 100 mm
more confident. However, it can be argued that this was
already confirmed by the consistency between MEPS con-
trol updates and that a simpler time-lagged ensemble would
have worked well in this case. In addition, the exact locations
and total areas of severe precipitation are still challenging to
forecast.

In section 3 it was shown that the spatial scales for which
precipitation is unpredictable grow rapidly with forecast time.

Therefore, in order to extract more information, we compare
the grid-point ensemble probability (EP, defined in the pre-
vious section) with a neighbourhood maximum probability
approach (NMP). The latter is defined as the frequency of
members where at least 2% of a neighbourhood area expe-
riences an exceedance of some threshold (Schwartz and
Sobash, 2017). The first probability gives the probability of
exceedance of the threshold at a specific point (grid cell),
while the latter gives the probability of exceedance some-
where in the vicinity of a point. These probabilities therefore
serve different user requirements (i.e. exceedance in single
location or somewhere in an area).

The appropriate choice of neighbourhood area varies with
for example, precipitation type, topographic forcing, precip-
itation threshold, lead time and model configuration. Based
on our experience with MEPS control we chose 15× 15
grid cells or 37.5 km× 37.5 km. The choice of minimum 2%
area in the calculations is slightly arbitrary, but we want

http://wileyonlinelibrary.com
http://wileyonlinelibrary.com
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(a) (b)

FIGURE 11 Probabilities based on MEPS for more than 50 mm in 12 h calculated by probability (a) in one grid cell, EP, and (b)within a neighbourhood
area, NMP. Both forecasts with lead time 24 h [Colour figure can be viewed at wileyonlinelibrary.com]

FIGURE 12 Same as Figure 11b, but for lead times from left to right: +36, +30, +24, +18 and +12 h. Legend same as Figure 11 [Colour figure can be
viewed at wileyonlinelibrary.com]

to look at the extreme precipitation amounts, but exclude
potential single “grid-point storms.” Again we focus on the
exceedance of 50 mm in 12 h which is appropriate to this par-
ticular event. In general, the appropriate threshold depends
on for example, user requirements, model and observed
climatology.

Figure 11 shows the calculated probabilities by EP and
NMP. The EP shows low probabilities for severe precip-
itation. However, these probabilities might hide important
information in a warning perspective. Opposite to this the
NMP approach shows much higher probabilities for severe
precipitation. The difference arises from the high uncertainty
in location since all members indicate severe precipitation
(Figure 10).

The NMP signal of severe precipitation is consistent for all
lead times (Figure 12). Notice that for the early forecasts (+36,
+30 and +24 h) the maximum probability is slightly west of
the low-pressure centre. In later forecasts (+18 and +12 h) the
maximum probabilities move slightly eastward in accordance
with what was observed (Figure 7b).

For this event, the control run of MEPS and its mem-
bers made the operational forecasters more confident in the

expectations of severe precipitation amounts. However, it was
still challenging to pinpoint areas at risk, but the forecasts with
shortest lead times (+18/+12 h) highlighted the areas with the
most intense observed precipitation. Other severe convective
situations have resulted in similar experiences. To optimize
the added value of CPEPS it might be useful to rethink how
weather warnings are issued and distributed to end-users in
these types of situation.

4.3 Large-scale precipitation; extreme weather Birk
2017

On 22 and 23 December 2017, a deep low-pressure system
developed northeast of Iceland and moved eastwards over
north Norway, Sweden and Finland (Figure 13a). South of
the system a southwesterly flow with warm and humid air
masses resulted in large precipitation amounts with rain as
high up as 1,500 m above sea level at the Norwegian west
coast. Based on the expected precipitation amounts in combi-
nation with snow melt, an extreme weather warning, named
Birk, was issued by MET-Norway. Observations show that
accumulations of more than 100, 70 and 50 mm in 24 h were

http://wileyonlinelibrary.com
http://wileyonlinelibrary.com


FROGNER ET AL. 101

(a) (b)

FIGURE 13 (a) Mean-sea-level pressure from IFS HRES (ECMWF) analysis valid at 0000 UTC 23 December 2017, and (b) observations of 24 h
accumulated precipitation between 0600 UTC 22 December and 0600 UTC 23 December. Red, orange, yellow and green squares are more than 100, 70, 50
and 10 mm in 24 h, respectively

observed at 10, 27 and 56 stations, respectively, covering a
large part of the Norwegian west coast (Figure 13b).

Both IFSENS and MEPS indicated snow melting condi-
tions in areas with severe precipitation (not shown). The
potential added value of MEPS was therefore limited to
forecasts of precipitation. The potential for anomalous pre-
cipitation (and warm air) was indicated several days ahead
by the Extreme Forecast Index (EFI: Lalaurette, 2003) and
Shift of Tails (SOT: Tsonevsky and Richardson, 2012) prod-
ucts from ECMWF. Despite being in the high end of its own
climatology, IFSENS underestimated the observed precipita-
tion amounts with forecasts of more than 50 mm in 24 h (lead
time +30 h), but most likely less than 70 mm (Figure 14a,b).
However, the spatial coverage of the precipitation was well
forecasted.

As in the convective case above, MEPS forecasted higher
precipitation amounts than IFSENS. Forecast updates for
MEPS control for +66 h and shorter are very consistent,
but both MEPS and IFSENS forecasted higher precipitation
amounts for shorter lead times (+54 and +30 h forecasts from
MEPS are shown in Figure 15). However, compared to the
observations in Figure 13b, MEPS control also underesti-
mated the precipitation amounts.

All MEPS members were available for +54 h lead time and
shorter. For this event we only show the EP probabilities. The
NMP approach that was useful in the convective case will
in this situation basically cover large areas with little spatial
information.

MEPS produces high probabilities for severe precipita-
tion (Figure 15) with increasing probabilities with decreas-
ing lead times. Figure 15 also shows a rapid transition
from probabilities of either 0 or 100% indicating little

spread among the MEPS members. A key question is if this
behaviour indicates a highly predictable situation or an under-
estimation of the uncertainty by MEPS. Most likely it is a
combination since IFSENS shows a similar behaviour and the
updates of the MEPS forecasts are quite consistent.

We should also note that the MEPS probabilities inherit
the systematic error of the HARMONIE-AROME system,
for example, precipitation release occurring too late over
ocean/coastal areas with an onshore wind component result-
ing in precipitation maxima too far inland. Such model errors
might be a larger challenge for CPEPSs than for global EPSs
since systematic errors have a tendency to manifest in weather
variables that are the target of CPEPSs and not necessar-
ily in the large-scale variables that are more targeted by
global EPSs.

For this large-scale precipitation event the finer-resolution
model system produces higher precipitation maxima. How-
ever, it is more doubtful if the ensemble of fine-resolution
members in itself adds significant value, but that might
depend on the use and user needs. In Figure 16 we zoom in
to the catchment scale to get more small-scale details. MEPS
control gives a more realistic picture of the spatial variabil-
ity than IFSENS control. However, further investigation is
needed to see how MEPS adds value (e.g. by forcing hydrol-
ogy models) on the small-scale variability in such situations.

5 DISCUSSION AND CONCLUSIONS

Challenges related to limited predictability and use
of CPEPSs have been discussed in this article, illustrated
by the operational CPEPS for Norway, Sweden and Finland,
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(a) (b)

FIGURE 14 (a,b) IFSENS forecasts initialized at 0000 UTC 22 December 2017 and valid for the 24 h accumulation period from 0600 UTC 22
December–0600 UTC 23 December 2017. Panel (a) shows 24 h accumulated precipitation from control run, panel (b) shows probabilities of more than 50 mm in
24 h (yellow/red), more than 70 mm in 24 h (blue) and more than 100 mm in 24 h (purple). All probabilities calculated by fraction of members in a grid cell, EP

MEPS. The predictability of precipitation was investigated
for hourly extremes and daily extremes as a function of spatial
scale and lead time using a spectral decomposition approach
in section 3. However, such an analysis does not say anything
about the quality of a forecast compared with what was actu-
ally observed. In section 4, the added value of using ensemble
forecasts opposed to deterministic forecasts as well as using
a high-resolution ensemble compared with a low-resolution
ensemble was investigated for precipitation and assessed in
relation to observed precipitation. Both the average behaviour
of the models over a one-year period, and the behaviour of
the models for two very distinct extreme precipitation events
were assessed. Ideally the unpredictable model scales should
be identical to the unpredictable atmospheric scales, or in
other words, the practical predictability should be the same
as the intrinsic predictability. In practice this is not possi-
ble. Relatively large errors in the initial conditions, errors
in lateral boundary conditions (LBCs) and model error will
result in error growth that gives rise to limited practical pre-
dictability. The study presented in this article can be used in
working towards getting the practical predictability closer to
the intrinsic predictability by: (a) Designing better perturba-
tions for the initial conditions, model and LBCs, as it was
suggested by the scale-dependent predictability diagnosis in
section 3 that there is a weakness in the design of MEPS.
The scale-dependent predictability diagnosis highlights what
scales are affected by the proposed perturbations and for
what scales and forecast lengths predictability is improved
or not. (b) Introducing new observation types, or analysis
algorithms, and study to what extent it results in a decreased
error of the initial conditions which in turn gives rise to
higher predictability on smaller scales.

The analysis in section 3 was complicated by the fact
that, on average, the ensemble members in MEPS do not
become fully decorrelated for spatial scales below ∼100 km,
but instead reach a maximum level of decorrelation. This
maximum level of decorrelation increases with lead time.
For spatial scales smaller than ∼10 km, there is a small drop
in the power ratio implying a larger correlation between the
members at these scales. This increased correlation can be
explained by the influence of orographic forcing anchoring
rainfall to local topographic features as discussed in Sim-
mons (2003). For spatial scales between ∼10 and ∼100 km,
the absence of full decorrelation is a little more difficult to
explain. It is possible that there is some inherent predictability
at these scales. Separating the events used in the analysis into
1-hour and daily precipitation events supports this explana-
tion to some extent. The MEPS members for the daily events
were shown to have a lower power ratio for spatial scales
between ∼10 and ∼100 km, meaning that the ensemble mem-
bers for the daily events are more correlated than those for the
1-hour events. The daily events were dominated by large-scale
precipitation that one would expect to be more predictable
than the 1-hour events that were more convective. The two
case-studies in sections 4.2 and 4.3 clearly illustrate this
behaviour. For the warm season convective event, small-scale
precipitation features varied considerably in location giving
low probabilities for extremes at grid-point scales, but high
probabilities when larger neighbourhoods were considered.
For the cold season large-scale precipitation case-study, prob-
abilities for extremes shows a rapid transition from 0 to 100%,
indicating little variability for many spatial scales. Further-
more, the analysis for the whole year in section 4.1 showed
that, on average, MEPS adds more value over deterministic
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FIGURE 15 MEPS control 24 h accumulated precipitation (0600 UTC 22 December–0600 UTC 23 December 2017) for lead times +54 h (left) and+ 30 h
(right) in the upper row. Probabilities from MEPS for more than 50 mm in 24 h (yellow/red colours), 70 mm in 24 h (blue colours) and 100 mm in 24 h (purple
colours) for lead times +54 h (left) and +30 h (right) in lower row

forecasts for summer precipitation events than for winter. This
is likely related to the same lack of variability in the ensemble
during large-scale precipitation events.

The inability to reach full decorrelation suggests that the
perturbations used in MEPS are not sufficient to fully model
the uncertainty in the forecasts. A key difference between
MEPS and the experiments of Surcel et al. (2015) is that
MEPS only takes into account uncertainty in the initial
conditions and lateral boundaries via the SLAF method,
and at the surface by stochastic perturbations, whereas Sur-
cel et al. (2015) also take model uncertainty into account
by using different combinations of microphysics, plane-
tary boundary-layer and radiation parametrization schemes.
Further work would be needed to understand whether taking
the model uncertainty into account is the missing ingredient
for MEPS and, at the time of writing, research is ongoing

to incorporate model uncertainty into MEPS using methods
such as Stochastically Perturbed Physics Tendencies (SPPT:
Buizza et al., 1999) and Stochastic Parameter Perturbations
(SPP: Ollinaho et al., 2017).

Despite the rapid loss of predictability for precipitation in
MEPS as shown in section 3, we see that it has real added
value over both its own control and over IFSENS, except
for the latter in winter for long lead times. The added value
of MEPS is largest in summer, when predictability is lower.
MEPS compared to MEPS control also has higher added
value than IFSENS compared to IFSENS control in most
cases, so both resolution/model and EPS contributes to the
added value of MEPS over IFSENS. From the winter scores
for MEPS for +54 h (Figure 6) it seems that a better option
would be to use IFSENS for these lead times. This, and also
the variability of the scale dependence of predictability from
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FIGURE 16 Regional-scale forecasts from IFSENS control (upper left) and MEPS members for 24 h accumulated precipitation. Blue colours indicate
separate catchments. Same legend as in Figure 14a and observations from Figure 13b

case to case and from season to season, points to a complexity
both for the design and use of CPEPS: its value depends on
season, lead time and most likely also parameter. For design-
ing a CPEPS it means that the impact of the perturbations
should be assessed for different seasons. Furthermore, the
lead time at which a global EPS becomes more useful than
a CPEPS will vary depending on season and the forecast
parameter of interest.

It was illustrated in section 4 that even though MEPS scores
well overall and better than IFSENS, it is not straightforward
to use from case to case. The two cases discussed in sections
4.2 and 4.3 are very different, both in terms of scale and in
terms of the added value by MEPS. The summer flash flood
event was a case where there was clear added value of MEPS,
while for the large-scale winter case it did not really add much
over its control. In predictable situations, this is what is to be
expected. However, there are cases where small-scale uncer-
tainty exists in large-scale situations and where MEPS has
shown to add value when zooming in over, for example, a
catchment area.

It was shown in Hagelin et al. (2017) and Raynaud and
Bouttier (2017) that more members are more beneficial than
higher resolution; however, one can easily imagine very

localized weather connected with complex topography that
will benefit from higher resolution. High-resolution weather
forecasts are more capable of forecasting small-scale fea-
tures, but as discussed in the introduction, there is little skill
at those scales and even at current CPEPS resolution pre-
dictability of small scales is rapidly lost as shown in section
3. An ensemble of infinite size would be needed to cover all
possible distributions of the small-scale information. This is
obviously not achievable, hence post-processing techniques
should be an integrated part of any EPS. It was shown in
section 4 that neighbourhood methods can be a valuable tool
in assessing information from CPEPS. There are also more
sophisticated neighbourhood methods that can be used. The
so-called smart neighbourhood method uses high-resolution
datasets such as topography and land–sea mask, and inter-
polates to the nearest neighbour with the same character-
istics instead of the closest neighbour. Another example
is downscaling using a reference (Seierstad et al., 2016),
to achieve higher resolution; one could, for example, run
HARMONIE-AROME with, for example, 750 m grid spacing
for a period and then downscale MEPS from 2.5 km to 750 m
assuming that HARMONIE-AROME 750 m represents the
reality.
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To summarize the main findings in this study:

1 The inability of the MEPS members to become fully
decorrelated suggests a weakness in the design of the
ensemble, and further work is needed in order to under-
stand the reasons for this and to incorporate more
sources of uncertainty in all aspects of the system. The
scale-dependent predictability can be used as a diagnostic
in this work.

2 Despite the limited predictability of the smaller scales,
MEPS shows added value over both its deterministic con-
trol and over IFSENS, and the value of MEPS is largest
in summer, when predictability is lower, than in winter. It
is interesting to note that this is the case even though the
number of members is far smaller in MEPS (9+ 1) than in
IFSENS (50+ 1).

3 Both the increased resolution/different model and EPS
contribute to the added value of MEPS over IFSENS.

4 The value of precipitation forecasts from MEPS depends
on season, lead time and threshold.

5 With limited predictability of small scales, post-
processing should be an integrated part of any system.
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