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The prediction of precipitation by two ocean–atmosphere ensemble systems is compared
with observations and each other over a broad range of time-scales. The systems are the 2015
version of the Australian Bureau of Meteorology’s Predictive Ocean–Atmosphere Model
for Australia (POAMA) with a T47 atmosphere, and the 2011 version of the European
Centre for Medium-range Weather Forecasts’ (ECMWF) monthly system with a variable
atmospheric resolution of T639 to T319. To facilitate the comparison across a seamless
range of time-scales, verification against observations is performed using data averaged over
time windows equal in length to the forecast lead time, from 1 day to 4 weeks. In addition to
this ‘actual’ skill, potential skill is computed by taking one ensemble member as truth and
computing how well the other members forecast that member.
Overall, ECMWF shows higher actual skill than POAMA across all time-scales and in
both the Tropics and extratropics, as expected given its greater sophistication. ECMWF is
particularly more skilful than POAMA in the Tropics for the shorter leads. Consistent
between the two systems, however, is that as lead time and averaging window are
simultaneously increased the near-equatorial skill remains approximately constant, whereas
it drops in all other latitude bands. As a result, both systems show much higher skill in the
Tropics than extratropics for the 1 week time-scale and beyond, with that skill concentrated
over the equatorial Pacific.
Although potential skill in both systems is almost everywhere higher than their actual
skill, there remains a strong similarity in the spatial patterns of potential and actual skill
for the longer time-scales. Within-model comparisons of potential and actual skill show
largest differences for POAMA in the Tropics at short lead times, and largest differences for
ECMWF in the Southern Hemisphere high latitudes (50–70◦ S). The implications of these
findings are discussed.
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1. Introduction
Previously, Zhu et al. (2014) examined the skill of the Predictive
Ocean–Atmosphere Model for Australia (POAMA) for predicting
precipitation over a large range of time-scales (from 1 day to
∼1 month). It was shown that the highest skill, as measured by
the correlation of the model ensemble mean with observations,
was found in the extratropics at lead times of a few days or less,
but as the lead time increases extratropical skill decreased rapidly
whereas tropical skill did not, so that at lead times of a week or
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more the highest skill was found in the Tropics. At a finer level
of detail, skill was found to also vary regionally and seasonally,
depending on the varying influence of predictable modes and
phenomena.
Zhu et al. (2014) also advocated the usefulness of a
new ‘seamless’ verification approach whereby the verification
averaging window is increased at the same rate as the forecast
lead time. Comparisons with skill from persistence allowed for
further physical understanding of the sources of skill as well
as for the identification of model system deficiencies. However,
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Table 1. Summary of the coupled ocean–atmosphere forecast systems and hindcasts used in this analysis.
System abbreviation
ECMWF
POAMA

Atmospheric model resolution

Ensemble size

Start dates used

Hindcast period used

T639 L62 (≤10 d) T319 L62 (>10 d)
T47 L17

15
33

1 February, 1 May, 1 August, 1 November
As above

1997–2008
As above

Although more hindcasts were available, for a meaningful comparison we chose to use only hindcasts from the exact same dates from each system and only used those
for which the GPCP observations were also available. All skill calculations were performed on the coarser ∼2.5◦ grid of the POAMA system.

questions remained on whether the results were model dependent,
especially given the relatively low atmospheric resolution (T47) of
POAMA.
Questions also remained on how the results of Zhu et al. (2014)
would look with model potential (or perfect) skill, calculated by
taking one of the ensemble members as an example reality and
seeing how well the mean of the remaining members forecasts
that member. This is a commonly computed statistic (e.g. Becker
et al., 2013; Boer et al., 2013; Holland et al., 2013) that is a measure
of the upper bound of realizable skill in the hypothetical model
world, thereby providing further information about a modelling
system, although it has its limitations (Kumar et al., 2014).
In this article we therefore extend the results of Zhu et al.
(2014) in two ways: (i) by including a higher-resolution
global prediction system in the comparison of skill; and (ii)
by including computations of model potential skill in the
comparison.
As in Zhu et al. (2014), one of the models used is the
Bureau of Meteorology’s POAMA version 2M. POAMA was
originally developed as a seasonal prediction system and is
competitive with other international models on that range
(Barnston et al., 2012; Langford and Hendon, 2013), with a
sophisticated ensemble generation strategy (Hudson et al., 2013).
However, its atmospheric resolution is relatively low with an
approximately 250 km grid size and 17 vertical levels. We
therefore compare its skill with a system employing much higher
atmospheric resolution: that of the European Centre for Mediumrange Weather Forecasts (ECMWF) ‘monthly’ forecasting system
(Vitart, 2004, 2014), with a variable horizontal resolution of
30–60 km and 62 vertical levels. By comparing hindcasts from
very different systems, the generality of the previous results on
tropical versus extratropical skill can be tested.
Comparisons are also made with model potential skill, both
between the models and with the actual skill. These comparisons
with potential skill require careful interpretation since potential
skill is not only related to the existence of a predictable signal,
but is also related to the spread of the model ensemble, whether
or not this spread is realistic or not. However, we argue that
the locations and time-scale of largest difference between actual
and potential skill can help guide future system development,
although defining the pathway to system improvement is
difficult.
2. Data and method
2.1.

POAMA-2M forecast system

POAMA version 2M (Hudson et al., 2013) currently produces
the Bureau of Meteorology’s operational monthly and seasonal
forecasts, and is expected to be replaced in 2017. Several
improvements incorporated in this version of POAMA have made
it applicable for forecasting the weekly time-scale as well (Hudson
et al., 2013). These improvements include the use of perturbed
atmosphere and ocean initial conditions generated from a coupled
breeding scheme (which samples initial condition uncertainty and
was found to improve forecast reliability compared to using a
simple time-lagged ensemble; Hudson et al., 2013), as well as
the use of three different model configurations so as to sample
forecast uncertainty due to model errors.
The atmospheric component of this POAMA system is a
spectral model with resolution T47 (∼250 km grid) and 17
c 2016 Royal Meteorological Society


vertical levels. The ocean component has a zonal resolution
of 2◦ and a varying meridional resolution of 0.5◦ –1.5◦ with 25
vertical levels. The unperturbed initial conditions are provided
by separate data assimilation schemes for the ocean (Yin et al.,
2011) versus the atmosphere and land (Hudson et al., 2011). For
the atmosphere and land, these initial conditions are created
by nudging towards the 40-year ECMWF Re-Analysis (ERA-40:
Uppala et al., 2005) for 1980 to August 2002, and to the Bureau’s
operational global numerical weather prediction (NWP) analysis
thereafter.
Perturbations to the initial conditions of the central member
are generated using a coupled breeding scheme. Ten perturbed
states are produced, giving 11 different initial states that are input
to three different configurations of the model, differentiated
by their use of a different convective parametrization or flux
correction, providing a 33-member ensemble (Hudson et al.,
2013). This description applies to both the hindcasts and real-time
forecasts.
As described in Zhu et al. (2014), this modelling system
contains some representation of the main sources of predictability of weather and climate (out to several seasons),
but it does not include the observed increasing atmospheric
concentration of CO2 (it is fixed at 345 ppm; Hope et al.,
2015), and also uses constant climatologies for ozone and
sea ice.
Although POAMA-2M hindcasts are available from six start
dates per month for the period 1981–2014, we only use the
hindcasts from start times on the 1st of the month for the
months of February, May, August and November for 1997–2008
so as to match the available starting times from the ECMWF
hindcasts, and the available years of observations (Table 1).
Our analysis here of four starts per year for 12 years equates
to only 48 hindcasts in total, which is far fewer than the 117
(in austral summer) and 108 (winter) hindcasts analysed in
Zhu et al. (2014). However, comparison of the results with Zhu
et al. (2014) gives us confidence that these new results are still
meaningful.
2.2.

ECMWF monthly forecast system

The ECMWF monthly system we analyse is the version that
was operational from November 2010 to May 2011, namely the
Integrated Forecast System (IFS) cycle 36R4 (Forbes et al., 2012).
This system employed a variable atmospheric resolution through
the forecast cycle and was only coupled to an ocean after day 10
(Vitart et al., 2008). The atmospheric model was integrated for the
first 10 days with a T639 resolution (∼30 km grid) and 62 vertical
levels with persisted sea-surface temperature (SST) anomalies. At
day 10 the horizontal resolution was lowered to T319 (∼60 km
grid) and coupled to an ocean model with an approximate 1◦
by 1◦ horizontal resolution with equatorial refinement and 29
vertical levels. During the first 10 days the uncoupled ocean
model was forced by fluxes provided by the atmosphere forecast
model. The ocean initial conditions at day 0 came from the near
real-time component of the operational ocean analysis system
(Balmaseda et al., 2007) and during the first 10 days the ocean was
constrained by the same persisted SST anomalies as used for the
atmosphere.
Unperturbed atmospheric initial conditions were taken from
the ECMWF Interim Re-Analysis (ERA-Interim: Dee et al.,
2011). An additional 14 ensemble members were created by
Q. J. R. Meteorol. Soc. (2016)
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Figure 1. Schematic of the time window and lead time definitions used in this analysis, consistent with Zhu et al. (2014). The horizontal axis represents forecast time
from the initial condition. The expression ‘1d1d’ refers to an averaging window of 1 day at a lead time of 1 day. Similarly, ‘2d2d’ represents an averaging window of
2 days at a lead time of 2 days, and so on. Note that 1d1d is what is often called ‘day 2’ in other publications, and 1w1w is what is often called ‘week 2’.

perturbing the ocean and atmosphere initial states. Perturbations
to the atmosphere were produced using the singular vector
method (Buizza and Palmer, 1995) and by randomly perturbing
the tendencies in the atmospheric physics during the model
integrations (Palmer, 2001). The ensemble of ocean initial
conditions was produced by applying a set of random wind stress
perturbations during the ocean data assimilation (Vialard et al.,
2005). This ECMWF system, and its similar versions, has been
documented to well represent and predict many of the important
sources and examples of weather and climate variability (Bechtold
et al., 2008; Vitart et al., 2010; Webster et al., 2011). However,
like POAMA it used a fixed atmospheric CO2 concentration
and ozone climatology. For sea ice, this ECMWF system took
advantage of its known persistence (Blanchard-Wrigglesworth
et al., 2011): observed sea ice anomalies were computed with
respect to the past 5-year climatology, and these anomalies were
persisted from the initial condition up to day 15 and then reduced
towards zero over the next 30 days. Table 1 lists the hindcast dates
used.

2.5.

We take the approach of widening the time-averaging window
of the forecast and verifying observational data when looking at
longer lead times following Zhu et al. (2014). A schematic of this
approach and the terminology we use to label it is provided in
Figure 1. Our intention is to provide a seamless transition from
weather to climate in this verification. Note that ‘1d1d’ is what is
commonly referred to as ‘day 2’ in other publications and ‘1w1w’
is commonly referred to as ‘week 2’. The longest window and lead
time combination we consider is 4 weeks (i.e. 4w4w). 4w4w is
roughly equivalent to ‘month 2’. We also study the intermediate
window/lead times of 2d2d, 4d4d, and 2w2w, providing a total
of six different time-scales. This approach of varying both the
time-averaging window and lead time is similar to that used
previously by Rodwell and Doblas-Reyes (2006).
3. Results
3.1.

2.3.

Skill comparison between POAMA and ECMWF

Observations

To verify the model hindcasts we use the Global Precipitation
Climatology Project (GPCP) daily precipitation with 1◦ resolution
(Huffman et al., 2001). The GPCP data are a blended
product derived from both station observations and satellite
measurements. The satellite data are sourced from both
geostationary and polar-orbiting platforms. For verification, we
interpolate the GPCP analyses and ECMWF forecasts to the
POAMA atmospheric model grid (∼2.5◦ grid). Our analysis
therefore concentrates on scales of ∼250 km and above, providing
a reasonable representation of synoptic-scale weather. Known
problems exist in the GPCP data at high latitudes (Bolvin
et al., 2009); however, our results and survey of the literature
give us enough confidence to show results to a latitude
of 80◦ .
2.4.

Forecast time window definition

Measure of skill

We measure skill/accuracy using correlation of the ensemble
mean precipitation forecast anomalies with the observed GPCP
anomalies (hereafter CORa). These correlations are computed
over time (i.e. using data from the 48 different start times), and
are computed separately for each grid point and each lead time.
Anomalies are formed for the observations and hindcasts by
removing their respective climatologies. The model climatology
is lead-time dependent to account for model drift (Stockdale,
1997). Further details of the calculation are provided in Zhu et al.
(2014).
c 2016 Royal Meteorological Society


Maps of CORa for the window/lead time combinations of 1d1d,
1w1w and 4w4w are displayed in Figure 2 using all 48 hindcast start
times (Table 1). Higher positive values indicate greater agreement
between the predicted and observed anomalies, i.e. higher skill.
Most obvious in these maps is that the ECMWF system shows
mostly higher skill than POAMA, especially at the shorter lead
times. Despite this skill difference, however, the overall result
from Zhu et al. (2014) still holds for each system: an overall shift
of the areas of highest skill from the extratropics to Tropics as the
lead time is increased.
Compared to the CORa maps presented in Zhu et al. (2014;
their Fig. 5), the POAMA maps in Figures 2((b), (d), (f)) have
similar correlation values, but more spatial noise. The greater
noise can be explained by the fewer years and fewer start dates
used in the current work so as to match what was available from
the ECMWF system. A simple calculation of statistical significance
suggests that the error bars (i.e. noise) for the correlations
presented here would be about 1.5 times larger than those in
Zhu et al. (2014). Comparisons of the correlations at individual
grid points should therefore be avoided. Another difference to
Zhu et al. is that the maps in this article are presented using
data from all seasons, rather than being separated into austral
summer versus boreal summer. We did this as there were too few
ECMWF hindcasts to make conclusions from seasonally stratified
results. Despite these computational differences, the same general
conclusions can be made; that is, a shift of the areas of highest
skill from the extratropics to Tropics with lead time.
We now compare the POAMA correlation maps (Figures 2(b),
(d), (f)) with those from the ECMWF system (Figures 2(a), (c),
Q. J. R. Meteorol. Soc. (2016)
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Figure 2. Maps of CORa actual skill for precipitation for (a, b) 1d1d, (c, d) 1w1w, and (e, f) 4w4w, for (a, c, e) ECMWF and (b, d, f) POAMA, using data for the years
1997–2008.

(e)). Overall the spatial patterns of CORa are similar. Perhaps
the strongest similarity between POAMA and ECMWF is at the
4w4w time-scale with both showing a large area of high skill
(CORa > 0.7) in the equatorial Pacific. As explained by Zhu et al.
(2014), this skill is derived from the response of precipitation
to the slowly-varying SST anomalies of the El Niño–Southern
Oscillation (ENSO). Both of the modelling systems have been
designed to capture ENSO-associated variability (through use of
coupled ocean–atmosphere models that can resolve the essential
dynamics of ENSO, such as ocean equatorially-trapped waves;
Neelin et al., 1998), so it is expected that they both show this.
However, it is interesting that the much higher model resolution
of ECMWF provides only a modest increase in skill for 4w4w.
Another similarity between ECMWF and POAMA is the poor
skill (CORa < 0.3) for all time-scales in the subtropical dry zones
over Africa, the eastern Atlantic, and eastern Pacific.
Perhaps the greatest difference between the POAMA and
ECMWF correlation maps is at the shorter 1w1w and 1d1d
c 2016 Royal Meteorological Society


time-scales, with ECMWF showing higher skill than POAMA
in most locations. This can be explained by the much higher
atmospheric resolution of the ECMWF model, its arguably
more realistic physical parametrizations, and its likely reduced
initial shock. In the case of the physical parametrizations,
Bechtold et al. (2008) reported that improvements in the ECMWF
parametrizations of convection and diffusion reduced biases in
the model climate, increased the level of activity of mesoscale to
synoptic perturbations to more realistic levels, and consequently
improved the model simulation and prediction of many fields and
phenomena, including the Madden–Julian Oscillation (MJO).
This improved MJO, for example, is likely the source of some of
the additional prediction skill displayed for the ECMWF system
through the tropical Indo-Pacific, where the MJO impact on
convection and precipitation is large (Madden and Julian, 1972;
Wheeler and Hendon, 2004). Reduced initial shock is expected
for the ECMWF system due to its use of atmospheric initial
conditions derived from a system using a similar atmospheric
Q. J. R. Meteorol. Soc. (2016)
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(a)

(b)

Figure 3. Zonally averaged CORa actual skill for precipitation, for the different time window/lead combinations in (a) ECMWF and (b) POAMA.

3.2.

Potential skill/predictability

We now consider model potential (or perfect) skill (or
predictability), following the definition of Buizza (1997), as has
been used in numerous studies (e.g. Rodwell and Doblas-Reyes,
2006; Becker et al., 2013; Boer et al., 2013; Holland et al., 2013). For
each prediction system, one ensemble member is selected as reality
(i.e. replacing observations), and the remaining members are used
for the computation of the ensemble mean. The potential skill is
c 2016 Royal Meteorological Society
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model (i.e. ERA-Interim), whereas for POAMA they are derived
using models that are more different to POAMA (i.e. ERA-40 and
the Bureau’s operational NWP analysis). It is of note that a slightly
earlier version of the ECMWF system also came out as ‘noticeably
better’ in a comparison of precipitation prediction skill with
contemporary systems from Japan and the USA, as presented in
Li and Robertson (2015). Using weekly-average precipitation and
two different measures of skill, the ECMWF system was found to
be noticeably better in both measures.
Further comparison of the ECMWF and POAMA skill is
provided in Figure 3, showing the zonally averaged CORa for
all six time-scales (reminiscent of similar zonally averaged skill
figures, but for monthly averages, in Chen et al. (2010) and Kumar
et al. (2011)). Once again, the generally higher skill for ECMWF
(Figure 3(a)) is apparent. For example, the zonally averaged CORa
for POAMA is ∼0.4 at the Equator (for all time-scales), whereas
for ECMWF it varies from ∼0.55 for the 4-week time-scale to
∼0.65 for the 1-day time-scale. Of particular note in this figure is
the somewhat different latitudinal profile for the 1d1d and 2d2d
curves in the two systems: POAMA shows a dip in skill for tropical
latitudes from 20◦ S to 20◦ N, whereas the ECMWF system does
not have this dip. That is, the ECMWF system displays generally
just as much skill in the Tropics as extratropics even at these
very short time-scales. This was somewhat of a surprise given our
previous results in Zhu et al. (2014) based on just POAMA, and
the work of Ebert et al. (2003) based on an analysis of several
then-operational numerical weather prediction models, which
showed lower short-range skill (as measured by the bias score and
equitable threat score) in the Tropics.
Another view of the tropical versus extratropical skill is
provided in Figure 4, showing the variation of CORa in different
latitude bands as a function of lead time. For POAMA the shortrange skill is clearly higher in the extratropical latitude bands than
the Tropics, while more skilful prediction emerges in the Tropics
after the 4-day lead time. For ECMWF, there is higher skill in
the Tropics than extratropics at the longer lead times, but the
10◦ S–10◦ N band is almost as skilful as the extratropical bands
at the shorter lead times as well. Despite this difference, in both
models there is a clear emergence of more skilful prediction in the
10◦ S–10◦ N band for the 1-week time-scale (i.e. a 1-week average
at a lead of 1 week) and beyond. This shows the uniqueness and
importance of near-equatorial atmosphere–ocean dynamics for
these longer time-scales.
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Figure 4. Zonally averaged CORa actual skill for precipitation over specified
latitude ranges versus forecast window/lead times from 1d1d to 4w4w for (a)
ECMWF and (b) POAMA. Note that the spacing of the time-scale is based on the
logarithm of the lead time.

then computed in the same way as the actual skill by correlating
the new ensemble mean with the selected member. This is repeated
for all members and then averaged. The potential skill therefore
answers the question of how well the model can predict its
future given the growing spread of the ensemble members. High
potential skill is therefore an indicator of the existence of a
larger predictable signal (in the model) and/or of lower ensemble
spread. Usually, but not always, potential skill is higher than
actual skill (Kumar et al., 2014), and the difference between them
can be interpreted as a deficiency in the system and used as a
focus for system improvement, such as in the model, in the initial
conditions, or in the ensemble spread. Observational errors may
also contribute to a difference, since observational errors would
tend to make the skill computed against observations (i.e. the
calculated actual skill) be artificially low, but would not affect the
Q. J. R. Meteorol. Soc. (2016)
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Figure 5. As in Figure 2, but for potential skill.

potential skill. Whatever the cause, where the potential skill is
much higher than actual skill is deserving of additional attention
for future research and development, a view that is consistent with
the final statement in Kumar et al. (2014), who said: ‘the right
context for the use of perfect skill may be as a model diagnostic
tool’.
Figure 5 presents maps of the potential skill computed in
this manner for 1d1d, 1w1w and 4w4w, using the same colour
scale as the maps of actual skill in Figure 2. As expected, the
potential skill is almost everywhere higher than actual skill.
In addition, the potential skill of the ECMWF system almost
everywhere exceeds that for POAMA. Further, at the 1w1w and
4w4w time-scales the spatial patterns (but not magnitudes) of
potential and actual skill are quite similar for both ECMWF and
POAMA; all maps for 1w1w and 4w4w show highest skill in the
near-equatorial Pacific and patterns elsewhere are also similar.
In contrast, substantial differences in the spatial patterns appear
at the 1d1d time-scale; ECMWF shows slightly lower potential
skill in the Tropics than extratropics but POAMA shows highest
c 2016 Royal Meteorological Society


potential skill in the Tropics, and the potential skill maps do not
show the very low values of skill in the subtropical dry zones that
were apparent in actual skill. Further comparisons are provided
below.
Figure 6 shows zonally averaged potential skill for both the
ECMWF and POAMA systems as a function of latitude at different
lead times, in the same format as Figure 3. Comparing the panels
of Figure 6 with Figure 3, it is interesting that the shape and
magnitude of the line plots for the POAMA potential skill are
similar to the ECMWF actual skill, whereas the shape (but not the
magnitude) of the line plots for the ECMWF potential skill is more
like the POAMA actual skill. We will discuss this similarity of
POAMA potential skill and ECMWF actual skill when discussing
Figure 9 below.
We next show the potential skill for the different latitude
bands as a function of forecast time-scale (Figure 7). Like for
actual skill, potential skill in the 10◦ S–10◦ N band is clearly higher
than potential skill in the extratropics for the longer time-scales.
However, the emergence of higher skill in the Tropics occurs
Q. J. R. Meteorol. Soc. (2016)
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Figure 6. As in Figure 3, but for potential skill.
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Figure 8. As in Figure 4 but for potential skill (Figure 7) minus actual skill
(Figure 4).
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Figure 7. As in Figure 4, but for potential skill.

earlier for potential versus actual skill; for ECMWF it occurs
for the 4d4d forecast and for POAMA it occurs for 1d1d. This
is further evidence that tropical short-range predictability of
precipitation may be potentially higher and closer to that of the
extratropics than we previously thought (Ebert et al., 2003; Zhu
et al., 2014).
The numerical difference between potential and actual skill is
presented in Figure 8 as a function of forecast time-scale and
latitude band. As discussed above, where the difference (or gap)
c 2016 Royal Meteorological Society


is largest is deserving of additional attention for future research
and development. For ECMWF the largest gap is for the shorter
time-scales in the Southern Hemisphere high latitudes (70–50◦ S).
For POAMA the largest gap is in the Tropics, especially near the
Equator (10◦ S–10◦ N). For the latter we think this is a case where
POAMA actual skill can be substantially improved through greater
attention to the parametrization of cumulus convection (along
the lines of what has been done for ECMWF; Bechtold et al.,
2008) and higher atmospheric model resolution. This conclusion
is supported by the fact that ECMWF actual skill in the Tropics
is already much higher than POAMA actual skill, so this sets an
achievable goal for model improvement. For the ECMWF system,
we know that some of the gap in the high latitudes can be explained
by insufficient ensemble spread (personal communication with
ECMWF, 2016). But there is no reason to think that deficient
spread can explain the larger gap in the Southern Hemisphere
Q. J. R. Meteorol. Soc. (2016)
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Figure 9. Scatterplots of precipitation CORa actual skill (y-axis) versus potential skill (x-axis) for all grid points from 60◦ S–60◦ N in Figures 2 and 5. Left column
(a, d, g) is for ECMWF actual versus potential skill, middle column (b, e, h) is for POAMA actual versus potential skill, and right column (c, f, i) is for ECMWF
actual skill versus POAMA potential skill. Top row (a–c) is for 1d1d (1-day time-scale), middle row (d–f) for 1w1w (1-week time-scale), and bottom row (g–i) is for
4w4w (4-week time-scale). Green symbols for land points and blue for ocean points. The thick red line is the line of identical skill. The thin pink line is the linear
least-squares regression line for the plotted points, ‘r’ is the pattern correlation coefficient, and ‘b’ is the slope of the regression line.

than Northern Hemisphere. This therefore suggests that there is
still more room for improvement of actual skill in the Southern
Hemisphere than Northern Hemisphere for this ECMWF system
through further improvements in the observing system and initial
conditions (e.g. Fig. 1 of Kirtman et al. (2013) and references
therein). But until improvements in actual skill are made, we
cannot say for sure.
Finally, we further analyse the relationship of actual and
potential skill in Figure 9, which presents scatter plots of actual
skill versus potential skill following the work of Kumar et al.
(2014). We put potential skill on the axis of abscissas (or xaxis) since it has less noise than the actual skill due to the use of
effectively more samples in its calculation. Three different forecast
time-scales are shown (1d1d, 1w1w and 4w4w). The comparisons
within each individual model are in the left two columns and
the mixed-model combination of POAMA potential skill versus
ECMWF actual skill is in the right column. Additionally, points
c 2016 Royal Meteorological Society


representing land points are coloured in green, and ocean points
in blue.
Similar to Kumar et al. (2014; their Fig. 2), who analysed
monthly forecasts of sea-surface temperature, most points in the
individual model plots (i.e. the left two columns) fall on the
side of the diagonal (i.e. line of identical skill) that indicates
actual skill in each system is almost everywhere less than potential
skill. The plots also indicate a linear relationship between actual
and potential skill which gets stronger with increasing lead time
(the 4w4w points have a pattern correlation coefficient of 0.65
for ECMWF and 0.68 for POAMA). These positive correlations
between actual and potential skill show that while there need not
be a relationship between them from a statistical perspective (as
argued by Kumar et al. (2014)) in practice there is a relationship
in these prediction systems. Further knowledge on the sources
of skill is provided by the distinction between ocean and land
points. Ocean points have higher skill than land points, especially
Q. J. R. Meteorol. Soc. (2016)
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at the longer leads, further demonstrating that it is slow processes
associated with the ocean, and ENSO in particular, that provide
the greatest predictability at these longer time-scales.
A final interesting comparison is made in the far right column
((c), (f), (i)) of Figure 9 of ECMWF actual skill versus POAMA
potential skill. Compared to the within-model comparisons in
the left two columns (Figures 9(a), (b), (d), (e), (g), (h)), the
cloud of points is now more centred on the line of identical skill,
although with more scatter. Noting that for a perfectly reliable
prediction system the potential skill should match the actual skill,
we hypothesize that the POAMA potential skill and ECMWF
actual skill are likely a closer estimate of the true predictability
of the climate system than either the POAMA actual skill (which
is obviously lower than the true predictability since ECMWF is
better) or the ECMWF potential skill (which is likely too high due
to insufficient ensemble spread). However, testing this hypothesis
is not possible without having a more perfect prediction system
and many matching hindcasts and observations with which to
test it.

Finally, we note that the POAMA potential skill is of a similar
magnitude and distribution to the ECMWF actual skill (Figure 6
versus Figure 3, and Figure 9), whereas the ECMWF potential
skill is generally much higher and POAMA actual skill is lower.
As explained above, this leads us to hypothesize that the ECMWF
actual skill and POAMA potential skill are likely a closer estimate
of the true predictability of the climate system than either the
POAMA actual skill or ECMWF potential skill.
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(2003). It seems that the increased resolution of the ECMWF
atmospheric model, its improved physical parametrizations, and
its likely reduced initial shock, have provided a larger relative
improvement in the Tropics. Consistent with this, the ECMWF
system has been documented to well simulate and predict tropical
weather phenomena, such as the MJO (Vitart, 2014), convectively
coupled equatorial waves (Bechtold et al., 2008), and tropical
cyclones (Vitart et al., 2010).
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that by our ‘seamless’ verification measure, the 10◦ S–10◦ N skill
remains approximately constant with forecast time-scale whereas
it substantially reduces with time-scale for all other latitudes
(Figure 4). Also consistent between ECMWF and POAMA is that
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this result points to these regions of the Southern Hemisphere as
deserving of most attention for this ECMWF system.
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