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ENSEMBLES 
 

Deliverable D1.17 

 

Authors: Antje Weisheimer (ECMWF) 

 
Due: month 60 

 

 

Updated comparison of the multi-model, perturbed physical 

parameters and stochastic physics approaches to tackle model 

uncertainties in the seasonal-to decadal hindcasts and first attempt 

to combine the three methodologies into one system accounting 

for model error 

 

 

Introduction 
 
Climate predictions on seasonal time-scales are now made routinely at a number of 
operational meteorological centres around the world, in many cases using 
comprehensive coupled dynamical models of the atmosphere, oceans and land 
surface. The non-linear nature of the climate system makes dynamical climate 
forecasts sensitive to uncertainty in both the initial state and the model used for their 
formulation. Uncertainties in the initial conditions are accounted for by generating an 
ensemble from slightly different atmospheric and ocean analyses. Uncertainty in 
model formulation arises due to the inability of dynamical models of climate to 
simulate every single aspect of the climate system with arbitrary detail. Climate 
models have limited spatial and temporal resolution, so that physical processes that 
are active at smaller scales (e.g. convection, orographic wave drag, cloud physics, 
mixing) must be parameterized using semi-empirical relationships.  
 
In ENSEMBLES, three approaches to address model uncertainty in seasonal-to-
decadal predictions have been explored: 

1. The multi-model (MM) method empirically samples errors that occur due to 
structural inadequacy in individual climate models by using models with 
different formulations and parameterizations (Palmer et al. 2004; Weisheimer 
et al., 2009). This approach relies on the fact that global climate models have 
been developed somewhat independently at different climate institutes, using 
different numerical schemes to represent the dynamics and applying different 
parameterizations of physical processes. 
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2. Given that some of the most important model uncertainties are in the 
specification of the parameters that are used in the physical 
parameterizations (Murphy et al., 2004; Stainforth et al., 2005), the perturbed-
parameter (PP)  approach samples model uncertainty by creating ensembles 
of alternative variants of a single model in which multiple uncertain 
parameters are perturbed. 

3. Due to the finite spatial resolution of climate models, the representation of 
processes on spatial scales smaller than the truncation scales, and their 
feedback onto larger scales, remains subject to considerable uncertainty. The 
impact of unresolved scales can be approximated by stochastic physics 
elements that either act as perturbations to the physical tendencies or via 
energy backscatter processes from the sub-grid scales to the resolved scales 
(Palmer, 2001; Palmer et al., 2009).  

 
 
The individual systems (MM, PP and SP) and their performance have already been 
described in a number of ENSEMBLES reports, all of which are publicly available 
from the ENSEMBLES web pages:  
 

• D1.4: A new multi-model coupled model ensemble system for seasonal to 
decadal forecasts will be created and installed at ECMWF, with capabilities to 
run, in addition, perturbed parametrizations, and stochastic physics. 

 
• D1.8: Updated assessment in terms of forecast quality and potential 

economic value of the relative merits of the multi-model approach, the 
perturbed parameter approach, and the stochastic physics approach, to 
representation of model uncertainty in seasonal to decadal forecasts 

 
• D1.13: Scientific report/paper documenting the seasonal hindcast skill of the 

most recent version of the stochastic physics scheme developed at ECMWF 
 

• D1.18: Forecast quality assessment of the seasonal-to-decadal Stream 2 
hindcasts. 

 
• M1.2: Preliminary assessment of the relative merits of the multi-model 

approach, the perturbed parameter approach, and the stochastic physics 
approach, to representing model uncertainty in seasonal to decadal forecasts. 
Recommendations to the ENSEMBLES project concerning the design of the 
production ensemble system 

 
Furthermore, the work by Doblas-Reyes et al., 2009 discusses the relative merits of 
the three forecast systems on seasonal and annual forecast ranges in the somewhat 
preliminary stream 1 ENSEMBLES s2d simulations. It concludes that the three 
ensemble s show, in general, similar levels of skill when ensembles of the same size 
were used. However, the multi-model ensemble using all available ensemble 
members has improved quality with respect to all other systems, mainly from the 
larger ensemble size. 
 
In this report we analyse, for the first time, the performance of the combined 
ENSEMBLES forecasting systems in seasonal time scales that include all of the 
above mentioned three approaches to model uncertainty. For an additional 
comparison of the three forecasting systems MM, PP and SP the reader is referred to 
Deliverable D1.18 (Forecast quality assessment of the seasonal-to-decadal Stream 2 
hindcasts), which also includes a detailed description of the stream 2 experimental 
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set-up. Because this report is the first of its nature and due to the limited time 
available for this study, results presented are a first attempt only and point to future 
research priorities in the area of combining the best aspects of the forecasting 
systems and future implications for the development of methodologies to tackle 
model uncertainty in weather and climate models. Clearly, more assessment of a 
wider range of aspects is needed.  
 

Forecast skill of tropical sea surface temperatures (SSTs) 
 
The tropics are an important source of seasonal predictability, especially due to 
ENSO in the tropical Pacific and its global teleconnections. Here we first analyse 
forecasts of tropical SSTs with a special focus on the Pacific region because of their 
importance to the predictability of seasonal climate anomalies elsewhere around the 
globe. 
 
Figure 1 shows the evolution of tropical SST forecast error (RMS error of the 
ensemble mean), ensemble spread around the ensemble mean and anomaly 
correlation over forecast lead time for the three forecast systems MM, PP and SP. 
For comparison, a simple statistical persistence forecast is included as a reference. 
 
Because the SP ensemble was, so far, only run for a subset of the complete stream 
2 hindcast period, the statistics for all three systems is calculated for the common 
hindcast period 1991-2005 based on two start dates per year in May and November 
(further details can be found in D1.18). The MM ensemble consists of a total of 45 
members, whereas the PP and SP ensembles have 9 ensemble members each. For 
the SP ensembles, two versions of the parameter configurations for the stochastically 
perturbed physical tendency scheme have been used. In version #7, larger 
perturbations to the first scale were applied together with a 60-day de-correlation 
time scale for the second scale. In version #15, moderate perturbations of the first 
scale, slightly reduced perturbations (compared to #7) on the second scale and a de-
correlation time scale of 30 days were used, see Palmer et al., 2009. 
 
It can be seen in Fig 1 that, overall, the forecast error is smallest for the MM with a 
very good match between forecast error and ensemble spread. In a reliable 
forecasting system the error should match the spread of the ensemble. While the PP 
ensemble also reveals a good forecast error evolution, its ensemble spread is too 
small indicating an under-dispersive ensemble. For the SP, the ensemble spread 
follows the forecast error very well over the first 5 forecast months or so, but at this 
forecast range the error is growing larger than in the other two systems with the 
ensemble being too dispersive. The SP ensemble using #15 (Fig 2) indicates a more 
reliable forecasting system because the error and spread are in good agreement. 
 
Combining the PP and SP ensembles results in the error-spread characteristics 
displayed in Figures 4 and 4. Here, the combination was done using equal weights 
without taking into account the relative performance of each system. The combined 
system performs very well in terms of its reliability. In particular, the underestimation 
of the spread in PP could be compensated for and the RMSE is slightly reduced. 
 
If all three forecasting systems MM, PP and SP are combined (Fig 6 and 7), again 
using equal weighting, the results are further improved compared to Fig 4 and 5. 
However, the improvement is rather marginal and the combined system converges to 
the MM ensemble. Given that the MM consists of 45 members, whereas PP and SP 
each only have 9 members, this result is not surprising. The combined system in Fig 
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6 and 7 shows an even better agreement between RMSE and spread for the first 
couple of forecast months than the MM. 
 
 
Equatorial Pacific 
Results for the eastern equatorial Pacific region Niño3 are summarised in a similar 
manner in Figures 8-13, while Figures 14-19 (Figures 20-25) show results for the 
central (western) equatorial Pacific region Niño3.4 (Niño4). In the equatorial Pacific, 
again the MM performs very well with smallest forecast errors and a very good match 
between the errors and ensemble spread (sometimes even a slight over-dispersion). 
The PP not only develops relatively large forecast error in the early forecast range, 
but also its ensemble generates too little spread in these areas compared to its 
RMSE leading to unreliable SST forecasts. These problems become more severe the 
further west in the equatorial Pacific one goes. The SP shows a good agreement 
between errors and spread in Niño3, but becomes over-dispersive in Niño3.4. This is 
especially the case for version #7. The forecast errors of the SP system are, in 
general, still larger than for the MM. 
 
Combining PP and SP results in a forecasting system for the equatorial Pacific that 
tries to compensate the individual forecast errors and increases the spread from the 
two systems. Because of the relative large errors in PP, the combined system 
performs less well than the MM even though the reliability of the combined forecasts 
has improved. The combination of MM, PP and SP suffers from similar problems. 
 

Global near-surface temperature and precipitation skill 
assessment 
Large-scale assessment 
We now come to the predictability of more global-scale climate anomalies on 
seasonal time scales and focus the attention on the surface variables near-surface 
temperature and precipitation. In this section we present results based on forecast 
scores computed over 6 large-scale regions, namely the tropical land areas, the 
tropical ocean, NH extra-tropical land areas, the NH extra-tropical ocean, SH extra-
tropical land areas and the SH extra-tropical ocean. As skill measures we 
concentrate on the anomaly correlation coefficient (ACC) based on the ensemble 
mean and the Brier Skill Score (BSS) as a probabilistic skill measure.  
 
The estimation of skill measures are affected by sampling uncertainty. An ensemble 
with n members can, at best, resolve relative frequencies (or probabilities) of 1/(n+1). 
It is also well-known that some skill scores, e.g. the BSS, suffer from a negative bias 
for small ensemble sizes (Müller et al., 2005; Weigel et al. 2007). These problems 
make it very difficult, if not impossible, to compare scores obtained from ensembles 
of different sizes.  
 
One way around the problem is to create ensembles of similar sizes by re-sampling 
the larger ensemble (MM) so that it matches the size of the smaller ensembles (PP 
and SP). With this approach one needs to ensure that the re-sampling is robust, i.e. 
that the basic statistical properties of the forecasts are not changed in the re-sampled 
ensemble of smaller size. One way to test this is to compare BSS that take into 
account some aspects of the impact of the ensemble size (debiased BSSd after 
Müller et al., 2005 and Weigel et al. 2007; infinite ensemble size BSS(∞) after Ferro, 
2007) for the re-sampled ensemble of smaller size and the full ensemble. The 
agreement of these corrected scores between the smaller size re-sampled ensemble 
and the full-size ensemble can be taken as an indication whether the re-sampling and 
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correction work correctly. To our knowledge, there are no corrected versions of other 
scores available. 
 
Following these ideas, the full 45-member MM ensemble has been re-sampled to 
match the ensemble size of 9 and 18 for the PP and SP and combined PP+SP 
ensembles, respectively. The re-sampled MM ensembles with 9 or 18 ensemble 
members are called “reduced MM” ensembles, see D1.18. Figure 25 shows how the 
different skill measures ACC, BSSd and BSS(∞) compare for the full and reduced MM 
ensembles. As can be seen, there is a very strong bias of the ACC towards larger 
ensemble sizes. The BSSd is consistently larger for the reduced MM which seems to 
indicate that the re-sampling of the full MM to obtain a reduced MM is sub-optimal. 
The same problem occurs for BSS(∞) for the 9-member reduced MM emphasising 
that this reduced MM is not a very representative sampling of the full MM. The 18-
member reduced MM shows better agreement of the BSS(∞) compared to the full 45-
member MM. 
 
Figures 26 and 27 show results for a comparison of the three forecasting systems 
based on BSSd and BSS(∞). While, on average, the MM, either full or reduced, 
shows most often the largest scores, there are interesting cases where PP and SP 
become very competitive to the MM. For example, BSSd for SP and PP+SP vs MM in 
Fig 26 shows an approx. equal performance of the two systems. Also, the 
combination of PP+SP performs equally well as the MM when analysing the BSS(∞) 
in Fig. 27. 
 
Global characteristics 
Despite the draw-back of the inevitable impact of ensemble size on the ACC, Fig 28 
and 29 show global maps of ACC for near-surface temperature for the three systems 
plus their combinations PP+SP and MM+PP+SP for two different lead times of 2-4 
and 5-7 months for start dates in November. It can be seen that the overall level of 
skill os quite comparable between the forecast systems. Differences occur mainly on 
smaller-scale regional levels. For example, PP reveals slightly negative scores over 
Europe while MM and SP show neutral skill. Over the Labrador Sea, the PP 
ensemble has largest correlations with the other two systems showing a reduced 
level of skill. Combining the three systems does not have a very huge effect on the 
ACC overall, but it can improve the skill locally depending on the exact location.  
 
Some more insight into the effect of combining different forecasting systems can be 
obtained from looking at the ratio between the ensemble spread and the RMS errors 
in Fig. 30 and 31. As mentioned above, in a reliable ensemble forecasting system the 
ensemble spread should approximately equal the RMSE. The tropical belt of under-
dispersive forecasts in the PP system can clearly be seen. For other regions of the 
world though the PP system has enough spread or even is over-dispersive. 
Combining the systems increase the spread/RMSE ratios which is beneficial for most 
tropical ocean regions where both PP and SP are a bit under-dispersive.  
 
A summary of ACC and spread/RMSE scores for temperature over all grid points is 
presented in Fig 32. It indicates that, on average, combining PP and SP improves the 
scores. Relatively little additional improvement is achieved by further combining the 
reduced MM.  
 
Results for precipitation in Fig 33 - 35 show again a relatively similar level of skill 
between the different systems.  
 
A probabilistic analysis of temperature and precipitation has been carried out in terms 
of BSS(∞).  Results are presented in Figures 36 - 38. Again, the overall level of skill 
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of the three systems MM, PP and SP is comparable. Combining especially PP and 
SP can be beneficial to further improve the skill. However, the improvement is not 
massive. 
 
Figures 40 and 41 show two examples of reliability diagrams for the individual and 
combined systems. They demonstrate that even two unskilful systems combined into 
one larger system can benefit and result in a skilful combined prediction system. 
 

Probabilistic skill assessment of temperature and 
precipitation for standard land regions  
 
We now discuss the skill of the three systems and their combinations on terms of 
temperature and precipitation forecasts for 21 standard land regions around the 
globe. The definitions of the regions follow Giorgi and Francisco (2000). Figures 41-
44 show tables with a summary of BSS(∞) for MM, PP and SP. The events 
considered are cold/warm seasonal-mean temperature and dry/wet seasons, for 2-4 
months ahead. Positive (negative) scores are indicated as green (red) cells and 
mean more (less) skilful probabilistic hindcasts than issuing a forecast solely based 
on knowledge of climatology. Strong bold colours denote statistically significant 
scores. Just by eye one gets the impression that the best scores are obtained with 
the MM. A further comparison as to which of the three systems results, for each 
region and event, in the highest score is displayed in Figures 45-48. For temperature 
forecasts, the MM system “wins” most often closely followed by SP #7. The best 
precipitation scores seem to be dominated by the SP ensemble, no matter which 
version of it. 
 
Finally, Figures 49-52 show a similar comparison but now also includes the 
combined PP+SP and MM+PP+SP systems. The main conclusions from above still 
hold with MM being very good at the temperature forecasts and SP outperforming the 
other two systems for precipitation still hold. The combined systems, especially 
PP+SP, have the potential to further improve the results for some specific regions, 
events and seasons.  

Conclusions 
Overall, we find that the multi-model ensemble gives seasonal predictions 
competitive with (and in some respects better than) those obtained in previous 
projects, while the stochastic and perturbed parameter techniques provide promising 
indications that a similar level of performance can potentially be achieved through the 
application of systematic techniques for the sampling of uncertainties in a single-
model system. 
 
In agreement with the findings in Doblas-Reyes et al., (2009), one can conclude from 
the presented results that the three ensembles show, in general, similar levels of skill 
when ensembles of the same size were used. For example, interesting cases where 
PP and SP become very competitive to the MM have been found. However, the 
multi-model ensemble using all available ensemble members has improved quality 
with respect to all other systems, mainly from the larger ensemble size. Differences 
on the regional level exist.  
 
The combination of PP and SP has the potential to overcome, or compensate, some 
of the specific problems of the two individual systems, e.g. large RMSE in the 
equatorial Pacific for PP and too large an ensemble spread for SP. By further 
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combining the MM ensemble with PP and SP, the additional improvement is rather 
marginal and the combined system converges to the MM ensemble. However, this 
behaviour is subject to the weighting of the individual ensemble members. If equal 
weighting is applied then, due to its nature, the MM dominates the combined system. 
If a sub-sample of the full MM is used, questions of statistical robustness of such a 
reduced MM remain open. Further research is definitely needed in this area. 
 
This report presents a very first and incomplete attempt to analyse the potential effect 
on forecast quality of a combined system. It pointed to future research priorities in the 
area of combining the best aspects of the forecasting systems and indicates future 
implications for the development of methodologies to tackle model uncertainty in 
weather and climate models. Clearly, more assessment of a wider range of aspects 
is needed. 
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List of Figures 
 
Fig 1: Forecast skill of SSTs over the tropics from the three forecasting systems 

using version #7 for the stochastic physics ensemble. The top part shows the 
evolution of RMSE (red solid lines) and ensemble spread (red dashed lines) 
over lead time for the common hindcast period 1991 to 2005 based on May 
and November start dates. The lower part shows anomaly correlation. For 
comparison, a simple statistical reference forecast (persistence) is also 
shown in black. 

 
Fig 2: Similar to Fig 1, but using version #15 for the stochastic physics ensemble.  
 
Fig 3: Similar to Fig 1, but comparing the multi-model ensemble (left) and the 

combination of perturbed physics and stochastic physics version #7.  
 
Fig 4: Similar to Fig 3, but using the stochastic physics version #15.  
 
Fig 5: Similar to Fig 1, but comparing the multi-model ensemble (left) and the 

combination of multi-model, perturbed physics and stochastic physics version 
#7.  

 
Fig 6: Similar to Fig 5, but using the stochastic physics version #15.  
 
Fig 7: Similar to Fig 1, but for Niño3 SSTs. 
 
Fig 8: Similar to Fig 7, but using version #15 for the stochastic physics ensemble.  
 
Fig 9: Similar to Fig 7, but comparing the multi-model ensemble (left) and the 

combination of perturbed physics and stochastic physics version #7.  
 
Fig 10: Similar to Fig 9, but using the stochastic physics version #15.  
 
Fig 11: Similar to Fig 7, but comparing the multi-model ensemble (left) and the 

combination of multi-model, perturbed physics and stochastic physics version 
#7.  

 
Fig 12: Similar to Fig 11, but using the stochastic physics version #15.  
 
Fig 13: Similar to Fig 1, but for Niño3.4 SSTs.  
 
Fig 14: Similar to Fig 13, but using version #15 for the stochastic physics ensemble.  
 
Fig 15: Similar to Fig 13, but comparing the multi-model ensemble (left) and the 

combination of perturbed physics and stochastic physics version #7.  
 
Fig 16: Similar to Fig 15, but using the stochastic physics version #15.  
 
Fig 17: Similar to Fig 13, but comparing the multi-model ensemble (left) and the 

combination of multi-model, perturbed physics and stochastic physics version 
#7.  

 
Fig 18: Similar to Fig 17, but using the stochastic physics version #15.  
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Fig 19: Similar to Fig 1, but for Niño4 SSTs.  
 
Fig 20: Similar to Fig 19, but using version #15 for the stochastic physics ensemble.  
 
Fig 21: Similar to Fig 19, but comparing the multi-model ensemble (left) and the 

combination of perturbed physics and stochastic physics version #7.  
 
Fig 22: Similar to Fig 21, but using the stochastic physics version #15.  
 
Fig 23: Similar to Fig 19, but comparing the multi-model ensemble (left) and the 

combination of multi-model, perturbed physics and stochastic physics version 
#7.  

 
Fig 24: Similar to Fig 23, but using the stochastic physics version #15.  

 
Fig 25: Skill score comparison of the reduced multi-model ensembles (using 9 or 18 

members) with the full multi-model ensemble (using 45 members). The top 
row show results of the 9-member reduced multi-model ensemble versus the 
full multi-model ensemble. The bottom row show results of the 18-member 
reduced multi-model ensemble versus the full multi-model ensemble. Scores 
shown are anomaly correlation (ACC), debiased Brier Skill Score (BSSd) and 
the Brier Skill Score for an infinite-size ensemble (BSS∞). The scores are 
computed for near-surface temperature and precipitation for 6 large-scale 
regions over the stream 2 hindcast period on lead times of 2-4 and 5-7 
months. The numbers indicate the percentage of (significant) wins of one 
ensemble over the other. 

 
Fig 26: Skill score comparison of the perturbed parameters (left), stochastic physics 

(middle) and combined perturbed parameters and stochastic physics (right) 
ensembles with the full and reduced multi-model ensembles. The top row 
show results with the full multi-model ensemble. The bottom row show results 
with the reduced multi-model ensemble. Scores shown are debiased Brier 
Skill Score (BSSd). As in Fig 25 the scores are computed for near-surface 
temperature and precipitation for 6 large-scale regions over the common 
hindcast period 1991-2005 on lead times of 2-4 and 5-7 months. The 
numbers indicate the percentage of (significant) wins of one ensemble over 
the other. 

 
Fig 27: Similar to Fig 26, but for the Brier Skill Score for an infinite-size ensemble 

(BSS∞).  
 
Fig 28: Anomaly correlation of near-surface temperature in DJF for the different 

forecasting systems reduced multi-model (MM), perturbed physics (PP), 
stochastic physics (SP and the combination of PP & SP and reduced MM * 
PP & SP. Start date: November, common hindcast period 1991-2005.  

 
Fig 29: Similar to Fig 28, but for MAM, that is Nov start date and lead time 5-7 

months. 
 
Fig 30: As in Fig 28, but for the ratio of ensemble spread to RMSE in DJF. 
 
Fig 31: As in Fig 30, but for MAM. 
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Fig 32: Comparison of anomaly correlation (top) and ensemble spread to RMSE ratio 
(bottom) for near-surface temperature for the different forecasting systems 
over the common hindcast period, the two start dates and different lead times. 

 
Fig 33: Similar to Fig. 28, but for precipitation in JJA. 
 
Fig 34: As in Fig 33, but for the ratio of ensemble spread to RMSE. 
 
Fig 35: Similar to Fig 32, but for precipitation. 
 
Fig 36: Comparison of BSS∞ of near-surface temperature over all tropical ocean grid 

points for the different forecasting systems. Results for anomalies in the lower 
(top) and upper (bottom) terciles are shown. 

 
Fig 37: Similar to Fig 36, but for all NH extra-tropical land grid points.  
 
Fig 38: Similar to Fig 36, but for precipitation over all tropical ocean grid points.  
 
Fig 39: Reliability diagrams of near-surface temperature over the tropics in JJA (lead 

time 2-4 months) falling in the lower tercile for the different forecasting 
systems. 

 
Fig 40: Similar to Fig 39, but for global ocean in lower tercile in SON (lead time 5-7 

months). 
 
Fig 41: BSS(∞) of the multi-model ensemble for 21 standard land regions. Shown are 

the scores (multiplied by 100) for lower and upper tercile near-surface 
temperature and precipitation events in JJA and DJF (lead time 2-4 months) 
calculated over the common hindcast period 1991-2005. Positive (negative) 
scores are indicated by green (red) cells. Scores that are significantly different 
from zero at a 90% level appear in bold font. 

 
Fig 42: Similar to Fig 41, but for the perturbed physics ensemble. 
 
Fig 43: Similar to Fig 41, but for the stochastic physics ensemble using version #15. 
 
Fig 44: Similar to Fig 41, but for the stochastic physics ensemble using version #7. 
 
Fig 45: Comparison of the BSS(∞) for temperature events (see Fig 41) between the 

multi-model (MM), the perturbed physics (PP) and the stochastic physics (SP) 
ensembles. For each region and event, the system with the largest score is 
displayed; see colour code at the right of the table. The percentages indicate 
the number of cases each of the systems has the largest score. For SP, 
version #7 is used. 

 
Fig 46: Similar to Fig 45, but for the stochastic physics ensemble using version #15. 
 
Fig 47: Similar to Fig 45, but for precipitation. 
 
Fig 48: Similar to Fig 47, but for the stochastic physics ensemble using version #15. 
 
Fig 49: Comparison of the BSS(∞) for temperature events (see Fig 41) between the 

multi-model (MM), the perturbed physics (PP), the stochastic physics (SP), 
the combination of PP+SP and the combination of MM+PP+SP ensembles. 
For each region and event, the system with the largest score is displayed; see 
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colour code at the right of the table. The percentages indicate the number of 
cases each of the systems has the largest score. For SP, version #7 is used. 

 
Fig 50: Similar to Fig 49, but for the stochastic physics ensemble using version #15. 
 
Fig 51: Similar to Fig 49, but for precipitation. 
 
Fig 52: Similar to Fig 51, but for the stochastic physics ensemble using version #15. 
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May and Nov start dates

ENSEMBLES multi-model perturbed physics
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version #7

Fig 1: Forecast skill of SSTs over the tropics from the three forecasting systems using version #7 for the 
stochastic physics ensemble. The top part shows the evolution of RMSE (red solid lines) and ensemble 
spread (red dashed lines) over lead time for the common hindcast period 1991 to 2005 based on May and 
November start dates. The lower part shows anomaly correlation. For comparison, a simple statistical 
reference forecast (persistence) is also shown in black.
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Fig 2: Similar to Fig 1, but using version #15 for the stochastic physics ensemble. 
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Fig 3: Similar to Fig 1, but comparing the multi-model ensemble (left) and the combination of perturbed 
physics and stochastic physics version #7. 
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Fig 4: Similar to Fig 3, but using the stochastic physics version #15.
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Fig 5: Similar to Fig 1, but comparing the multi-model ensemble (left) and the combination of multi-model, 
perturbed physics and stochastic physics version #7. 
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Fig 6: Similar to Fig 5, but using the stochastic physics version #15.
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Fig 7: Similar to Fig 1, but for Niño3 SSTs. 
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Fig 8: Similar to Fig 7, but using version #15 for the stochastic physics ensemble. 
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Fig 9: Similar to Fig 7, but comparing the multi-model ensemble (left) and the combination of perturbed 
physics and stochastic physics version #7. 
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Fig 10: Similar to Fig 9, but using the stochastic physics version #15.
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Fig 11: Similar to Fig 7, but comparing the multi-model ensemble (left) and the combination of multi-
model, perturbed physics and stochastic physics version #7. 



1991-2005
May and Nov start dates

ENSEMBLES multi-model perturbed physics stochastic physics
version #15

ENSEMBLES multi-model

Fig 12: Similar to Fig 11, but using the stochastic physics version #15. 
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Fig 13: Similar to Fig 1, but for Niño3.4 SSTs. 
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Fig 14: Similar to Fig 13, but using version #15 for the stochastic physics ensemble. 



1991-2005
May and Nov start dates

ENSEMBLES multi-model perturbed physics stochastic physics
version #7

Fig 15: Similar to Fig 13, but comparing the multi-model ensemble (left) and the combination of perturbed 
physics and stochastic physics version #7. 
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Fig 16: Similar to Fig 15, but using the stochastic physics version #15. 
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Fig 17: Similar to Fig 13, but comparing the multi-model ensemble (left) and the combination of multi-
model, perturbed physics and stochastic physics version #7. 
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Fig 18: Similar to Fig 17, but using the stochastic physics version #15. 
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Fig 19: Similar to Fig 1, but for Niño4 SSTs. 
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Fig 20: Similar to Fig 19, but using version #15 for the stochastic physics ensemble. 
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Fig 21: Similar to Fig 19, but comparing the multi-model ensemble (left) and the combination of perturbed 
physics and stochastic physics version #7. 
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Fig 22: Similar to Fig 21, but using the stochastic physics version #15. 
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Fig 23: Similar to Fig 19, but comparing the multi-model ensemble (left) and the combination of multi-
model, perturbed physics and stochastic physics version #7. 
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Fig 24: Similar to Fig 23, but using the stochastic physics version #15. 
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Fig 25: Skill score comparison of the reduced multi-model ensembles (using 9 or 18 members) with the 
full multi-model ensemble (using 45 members). The top row show results of the 9-member reduced multi-
model ensemble versus the full multi-model ensemble. The bottom row show results of the 18-member 
reduced multi-model ensemble versus the full multi-model ensemble. Scores shown are anomaly 
correlation (ACC), debiased Brier Skill Score (BSSd) and the Brier Skill Score for an infinite-size ensemble 
(BSS∞). The scores are computed for near-surface temperature and precipitation for 6 large-scale regions 
over the stream 2 hindcast period on lead times of 2-4 and 5-7 months. The numbers indicate the 
percentage of (significant) wins of one ensemble over the other.
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Fig 26: Skill score comparison of the perturbed parameters (left), stochastic physics (middle) and 
combined perturbed parameters and stochastic physics (right) ensembles with the full and reduced multi-
model ensembles. The top row show results with the full multi-model ensemble. The bottom row show 
results with the reduced multi-model ensemble. Scores shown are debiased Brier Skill Score (BSSd). As 
in Fig 25 the scores are computed for near-surface temperature and precipitation for 6 large-scale regions 
over the common hindcast period 1991-2005 on lead times of 2-4 and 5-7 months. The numbers indicate 
the percentage of (significant) wins of one ensemble over the other.
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Fig 27: Similar to Fig 26, but for the Brier Skill Score for an infinite-size ensemble (BSS∞). 



ACC for near-surface temperature in DJF
(Nov start dates, lead time 2-4 months)
common hindcast period: 1991-2005

reduced MM (9) PP (9) SP (9)

PP+SP (18) redMM+PP+SP (27)

Fig 28: Anomaly correlation of near-surface temperature in DJF for the different forecasting systems
reduced multi-model (MM), perturbed physics (PP), stochastic physics (SP and the combination of PP & 
SP and reduced MM * PP & SP. Start date: November, common hindcast period 1991-2005. 



ACC for near-surface temperature in MAM
(Nov start dates, lead time 5-7 months)
common hindcast period: 1991-2005

reduced MM (9) PP (9) SP (9)

PP+SP (18) redMM+PP+SP (27)

Fig 29: Similar to Fig 28, but for MAM, that is Nov start date and lead time 5-7 months.



Ratio ensemble spread/RMSE for near-surface temperature in DJF
(Nov start dates, lead time 2-4 months)
common hindcast period: 1991-2005

reduced MM (9) PP (9) SP (9)

PP+SP (18) redMM+PP+SP (27)

Fig 30: As in Fig 28, but for the ratio of ensemble spread to RMSE in DJF.



Ratio ensemble spread/RMSE for near-surface temperature in MAM
(Nov start dates, lead time 5-7 months)
common hindcast period: 1991-2005

reduced MM (9) PP (9) SP (9)

PP+SP (18) redMM+PP+SP (27)

Fig 31: As in Fig 30, but for MAM.



near-surface temperature over all global grid points
common hindcast period: 1991-2005
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Fig 32: Comparison of anomaly correlation (top) and ensemble spread to RMSE ratio (bottom) for near-
surface temperature for the different forecasting systems over the common hindcast period, the two start 
dates and different lead times.



ACC for precipitation in JJA
(May start dates, lead time 2-4 months)
common hindcast period: 1991-2005

reduced MM (9) PP (9) SP (9)

PP+SP (18) redMM+PP+SP (27)

Fig 33: Similar to Fig. 28, but for precipitation in JJA.



Ratio ensemble spread/RMSE for precipitation in JJA
(May start dates, lead time 2-4 months)
common hindcast period: 1991-2005

reduced MM (9) PP (9) SP (9)

PP+SP (18) redMM+PP+SP (27)

Fig 34: As in Fig 33, but for the ratio of ensemble spread to RMSE.



precipitation over all global grid points
common hindcast period: 1991-2005
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Fig 35: Similar to Fig 32, but for precipitation.



Brier Skill score (∞) for near-surface temperature over all tropical ocean grid points
common hindcast period: 1991-2005
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Fig 36: Comparison of BSS∞ of near-surface temperature over all tropical ocean grid points for the 
different forecasting systems. Results for anomalies in the lower (top) and upper (bottom) terciles are 
shown.



Brier Skill score (∞) for near-surface temperature over all NH extratropical land grid points
common hindcast period: 1991-2005
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Fig 37: Similar to Fig 36, but for all NH extra-tropical land grid points. 



Brier Skill score (∞) for precipitation over all tropical ocean grid points
common hindcast period: 1991-2005
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Fig 38: Similar to Fig 36, but for precipitation over all tropical ocean grid points. 



Reliability diagrams for near-surface temperature over the tropics
falling in the lower tercile in JJA (May start dates, lead time 2-4 months)

common hindcast period: 1991-2005
reduced MM (9) PP (9) SP (9)

PP+SP (18) redMM+PP+SP (27)

BSS(∞)=0.135 BSS(∞)=-0.015 BSS(∞)=0.128

BSS(∞)=0.115 BSS(∞)=0.132

Fig 39: Reliability diagrams of near-surface temperature over the tropics in JJA (lead time 2-4 months) 
falling in the lower tercile for the different forecasting systems.



Reliability diagrams for near-surface temperature over the global ocean
falling in the lower tercile in SON (May start dates, lead time 5-7 months)

common hindcast period: 1991-2005
reduced MM (9) PP (9) SP (9)

PP+SP (18) redMM+PP+SP (27)

BSS(∞)=0.073 BSS(∞)=-0.004 BSS(∞)=-0.006

BSS(∞)=0.115 BSS(∞)=0.132

Fig 40: Similar to Fig 39, but for global ocean in lower tercile in SON (lead time 5-7 months).



lowerupper lowerupper lowerupper lowerupper
Australia 11.5 13.9 3.2 6.7 7.6 7.0 0.9 3.0 positive
Amazon Basin 0.2 17.1 4.5 23.4 10.3 10.3 16.0 14.3 sign. positive
Southern South America 9.2 9.0 1.8 9.9 6.2 7.1 4.6 6.0 negative
Central America 5.9 11.6 -2.6 4.5 9.2 7.8 23.4 18.9 sign. negative
Western North America 10.2 12.2 6.3 12.5 2.4 8.1 7.2 7.8
Central North America -0.2 -7.3 -3.3 10.4 0.6 2.2 7.7 10.4
Eastern North America 4.1 -7.0 -4.5 10.1 -1.9 -1.1 8.3 10.6
Alaska -0.8 -0.9 -0.6 0.6 -1.3 0.0 4.0 -2.2
Greenland 15.1 8.7 13.2 12.3 2.6 2.8 -3.7 -3.0
Mediterranean 18.0 12.8 5.8 4.3 -1.2 1.2 -1.0 -1.3
Northern Europe -3.3 0.2 4.9 0.5 2.3 2.1 -3.1 -4.7
Western Africa 7.9 7.0 7.3 20.5 -1.5 -0.1 -0.5 1.3
Eastern Africa 9.4 7.3 -7.7 0.9 -2.8 1.8 3.9 2.5
Southern Africa 14.0 4.7 1.7 10.6 3.5 1.0 5.7 9.5
Sahel 12.9 7.2 11.5 15.4 -4.6 -3.6 -3.2 -1.5
South East Asia 8.6 12.4 11.6 13.4 14.3 9.7 8.8 8.3
East Asia 10.6 10.2 0.3 5.8 0.5 -0.5 4.7 4.6
South Asia 8.7 13.3 14.4 10.6 0.2 0.9 6.5 7.4
Central Asia 14.3 8.2 -2.4 7.1 -0.8 0.2 7.4 5.7
Tibet 16.9 16.1 -0.1 4.1 5.5 3.5 6.5 5.4
North Asia 7.3 3.9 4.2 8.5 2.4 2.6 3.1 0.6

T2m precip
JJA DJF JJA DJF

BSS(∞) for temperature and precipitation over standard land regions
multi-model ensemble (MM)

Fig 41: BSS(∞) of the multi-model ensemble for 21 standard land regions. Shown are the scores 
(multiplied by 100) for lower and upper tercile near-surface temperature and precipitation events in JJA 
and DJF (lead time 2-4 months) calculated over the common hindcast period 1991-2005. Positive 
(negative) scores are indicated by green (red) cells. Scores that are significantly different from zero at a 
90% level appear in bold font.



lowerupper lowerupper lowerupper lowerupper positive
Australia -0.3 11.0 0.5 5.2 5.1 8.0 12.4 5.2 sign. positive
Amazon Basin -13.7 2.8 -6.3 11.2 8.8 5.4 3.4 0.5 negative
Southern South America -2.8 7.2 2.9 14.7 1.3 1.6 -4.5 -1.7 sign. negative
Central America 2.4 5.5 -3.9 3.3 12.9 5.2 23.3 25.9
Western North America 6.7 -1.2 3.3 8.9 4.5 7.5 4.5 4.9
Central North America -8.5 -12.7 7.2 13.8 -3.5 -5.7 10.0 10.4
Eastern North America -9.9 -14.7 32.2 8.2 -9.6 -11.1 9.7 13.2
Alaska -0.4 -2.9 6.5 4.8 -2.3 -1.0 11.3 3.7
Greenland 12.7 -1.5 17.3 15.1 1.4 0.2 7.5 -1.7
Mediterranean 18.3 15.5 -17.5 -14.5 -6.1 -4.4 -3.0 0.1
Northern Europe 1.1 4.6 -0.6 -4.0 7.7 11.5 -1.8 -1.6
Western Africa -14.8 3.6 3.6 10.6 -10.9 -3.8 4.8 -1.6
Eastern Africa -19.5 -7.1 -3.9 -5.4 -7.0 -7.6 14.4 13.2
Southern Africa -3.2 10.2 -1.7 2.7 7.2 4.7 6.0 11.3
Sahel 9.9 13.1 6.6 15.7 -9.2 -6.7 -2.7 -2.4
South East Asia -9.3 4.2 13.9 6.1 5.5 4.8 5.6 8.3
East Asia 8.3 10.5 -4.2 10.1 5.6 1.4 8.9 3.6
South Asia 4.3 9.2 0.1 9.3 0.6 -2.7 7.0 9.4
Central Asia 14.1 11.8 -2.0 19.1 0.8 -3.1 10.3 8.4
Tibet 7.8 7.2 -10.4 3.8 -1.4 -0.9 1.2 7.8
North Asia 6.2 8.4 -1.5 12.6 3.3 2.9 2.1 -1.0

T2m precip
JJA DJF JJA DJF

Fig 42: Similar to Fig 41, but for the perturbed physics ensemble.

BSS(∞) for temperature and precipitation over standard land regions
perturbed physics ensemble (PP)



lowerupper lowerupper lowerupper lowerupper positive
Australia 0.8 3.6 11.3 7.5 7.1 7.9 12.0 2.4 sign. positive
Amazon Basin -8.3 11.3 0.0 13.8 6.9 6.9 11.4 15.4 negative
Southern South America 8.9 10.9 -1.2 2.5 4.4 5.7 0.7 9.8 sign. negative
Central America 4.1 3.6 -8.7 -2.9 5.7 0.6 23.1 19.6
Western North America 2.7 10.0 -2.3 3.8 7.2 14.3 10.7 5.8
Central North America -8.9 -11.2 -19.9 0.4 3.8 8.9 4.0 7.8
Eastern North America -0.7 7.4 -17.9 10.7 1.6 0.6 2.5 3.2
Alaska -1.6 3.0 -3.9 -12.4 -3.2 -5.5 3.8 2.9
Greenland 5.8 -3.2 -2.5 -0.9 2.1 4.4 -2.1 -2.9
Mediterranean 21.5 11.2 0.7 18.3 -5.4 4.0 -1.5 1.1
Northern Europe -1.3 2.2 9.7 17.1 1.4 4.2 9.0 3.9
Western Africa 5.1 1.5 9.0 16.4 -3.1 -3.7 -6.2 6.7
Eastern Africa -0.1 -3.1 -15.7 9.6 -2.7 -0.7 9.8 4.9
Southern Africa 8.8 7.4 -3.3 4.6 9.5 8.9 12.2 10.4
Sahel 9.3 10.0 17.7 25.8 -11.3 1.1 -7.5 -1.3
South East Asia -5.7 1.7 -4.0 0.2 16.6 9.0 16.1 16.3
East Asia 4.0 8.4 3.1 2.1 3.0 0.1 6.1 10.4
South Asia 8.0 6.3 19.8 16.4 -2.1 0.8 21.6 14.4
Central Asia 10.5 8.2 -7.6 10.1 -5.3 6.5 8.6 5.5
Tibet 12.4 9.9 4.6 2.6 3.2 1.5 13.7 9.7
North Asia 2.8 -1.9 2.8 -0.4 4.0 3.6 -4.0 -2.0

T2m precip
JJA DJF JJA DJF

BSS(∞) for temperature and precipitation over standard land regions
stochastic physics ensemble (SP)

Fig 43: Similar to Fig 41, but for the stochastic physics ensemble using version #15.



lowerupper lowerupper lowerupper lowerupper positive
Australia 7.0 17.3 11.8 8.0 2.5 5.0 10.5 6.6 sign. positive
Amazon Basin 3.9 14.7 2.6 16.9 12.2 11.4 16.1 16.8 negative
Southern South America 16.9 8.8 4.5 9.3 3.3 9.0 -4.7 0.2 sign. negative
Central America 1.2 -0.3 0.2 -3.7 10.6 7.7 24.9 23.7
Western North America 2.8 8.0 6.4 4.7 9.1 8.4 5.7 5.3
Central North America -21.4 -20.3 -2.6 8.8 1.7 3.0 2.1 5.5
Eastern North America -13.4 -10.9 -11.3 4.0 -15.0 -6.8 7.5 2.1
Alaska 0.5 12.2 -20.3 -1.0 -4.3 -0.7 0.2 -2.5
Greenland 3.2 3.1 12.3 16.3 -6.8 -2.6 -2.2 -2.1
Mediterranean 22.7 12.2 6.2 2.6 -0.9 0.1 11.5 10.7
Northern Europe 4.6 6.3 1.5 5.2 8.2 6.0 6.6 1.6
Western Africa 7.8 -2.0 10.9 15.8 -4.8 2.4 -13.7 -0.1
Eastern Africa -9.7 -3.1 -3.7 8.2 -1.5 3.4 0.9 5.7
Southern Africa 0.0 7.7 6.0 13.6 7.8 9.2 7.7 8.9
Sahel 16.3 10.1 13.9 14.7 -10.0 -1.0 -8.2 -3.6
South East Asia -0.6 9.6 3.8 1.6 10.3 1.1 9.6 12.5
East Asia 6.4 14.1 3.1 -0.4 2.8 0.6 8.9 15.7
South Asia 12.9 15.7 13.8 18.1 2.7 1.9 5.5 10.2
Central Asia 21.1 10.1 -8.5 6.5 -1.5 0.2 2.9 1.6
Tibet 8.3 15.7 5.6 7.6 4.2 6.4 10.7 10.0
North Asia 4.2 1.6 -1.9 1.2 1.0 0.6 2.5 -1.9

T2m precip
JJA DJF JJA DJF

BSS(∞) for temperature and precipitation over standard land regions
stochastic physics ensemble (SP)

Fig 44: Similar to Fig 41, but for the stochastic physics ensemble using version #7.



cold warm cold warm best
Australia 1 3 3 3 MM 35 42%
Amazon Basin 3 1 1 1 PP 18 21%
Southern South America 3 1 3 2 SP 31 37%
Central America 1 1 3 1 84
Western North America 1 1 3 1

Central North America 1 1 2 2

Eastern North America 1 1 2 1

Alaska 3 3 2 2

Greenland 1 1 2 3

Mediterranean 3 2 3 1

Northern Europe 3 3 1 3

Western Africa 1 1 3 1

Eastern Africa 1 1 3 3

Southern Africa 1 2 3 3

Sahel 3 2 3 2

South East Asia 1 1 2 1

East Asia 1 3 3 2

South Asia 3 3 1 3

Central Asia 3 2 2 2

Tibet 1 1 3 3

North Asia 1 2 1 2

temperature
JJA DJF

Comparison of the BSS(∞) for temperature over standard land regions
MM vs PP vs SP

Fig 45: Comparison of the BSS(∞) for temperature events (see Fig 41) between the multi-model (MM), the 
perturbed physics (PP) and the stochastic physics (SP) ensembles. For each region and event, the 
system with the largest score is displayed, see colour code at the right of the table. The percentages 
indicate the number of cases each of the systems has the largest score. For SP, version #7 is used.



cold warm cold warm best
Australia 1 1 3 3 MM 38 45%
Amazon Basin 1 1 1 1 PP 22 26%
Southern South America 3 3 2 2 SP 24 29%
Central America 1 1 3 3 84
Western North America 1 1 3 3

Central North America 1 1 2 3

Eastern North America 1 3 2 3

Alaska 2 1 2 2

Greenland 1 1 2 2

Mediterranean 2 2 1 3

Northern Europe 2 2 3 3

Western Africa 1 1 3 3

Eastern Africa 1 1 2 3

Southern Africa 1 2 1 1

Sahel 1 2 3 3

South East Asia 1 1 2 1

East Asia 1 2 1 3

South Asia 1 1 3 3

Central Asia 3 3 2 2

Tibet 1 1 1 1

North Asia 1 2 1 2

temperature
JJA DJF

Comparison of the BSS(∞) for temperature over standard land regions
MM vs PP vs SP

Fig 46: Similar to Fig 45, but for the stochastic physics ensemble using version #15.



dry wet dry wet best
Australia 1 2 2 3 MM 23 28%
Amazon Basin 3 3 3 3 PP 25 31%
Southern South America 1 3 1 1 SP 33 41%
Central America 2 1 3 2 81
Western North America 3 3 1 1

Central North America 3 3 2 0

Eastern North America 1 1 2 2

Alaska 1 1 2 2

Greenland 1 1 2 2

Mediterranean 3 1 3 3

Northern Europe 3 2 3 3

Western Africa 1 3 2 1

Eastern Africa 3 3 2 2

Southern Africa 3 3 3 2

Sahel 1 3 2 1

South East Asia 1 1 3 3

East Asia 2 2 0 3

South Asia 3 3 2 3

Central Asia 2 0 2 2

Tibet 1 3 3 3

North Asia 2 2 1 1

precipitation
JJA DJF

Comparison of the BSS(∞) for precipitation over standard land regions
MM vs PP vs SP

Fig 47: Similar to Fig 45, but for precipitation.



dry wet dry wet best
Australia 3 3 2 2 MM 19 23%
Amazon Basin 3 1 3 1 PP 28 34%
Southern South America 3 1 3 3 SP 36 43%
Central America 2 3 3 2 83
Western North America 3 3 3 3

Central North America 3 1 2 3

Eastern North America 3 3 2 2

Alaska 1 3 2 2

Greenland 1 1 2 2

Mediterranean 1 1 3 3

Northern Europe 2 2 3 3

Western Africa 3 3 2 3

Eastern Africa 1 1 2 2

Southern Africa 3 3 3 3

Sahel 1 3 2 3

South East Asia 1 1 3 3

East Asia 2 2 2 1

South Asia 2 1 0 2

Central Asia 2 3 2 2

Tibet 3 3 1 2

North Asia 2 2 1 1

precipitation
JJA DJF

Fig 48: Similar to Fig 47, but for the stochastic physics ensemble using version #15.

Comparison of the BSS(∞) for precipitation over standard land regions
MM vs PP vs SP



cold warm cold warm best
Australia 1 3 3 4 MM 29 35%
Amazon Basin 3 1 5 1 PP 13 15%
Southern South America 3 4 4 2 SP 24 29%
Central America 1 1 3 1 PP+SP 12 14%
Western North America 1 1 3 1 MM+PP+SP 6 7%
Central North America 1 1 2 2

84
Eastern North America 1 1 2 1

Alaska 3 3 2 2

Greenland 1 1 2 4

Mediterranean
4 4 3 1

Northern Europe
3 4 1 3

Western Africa
1 5 4 1

Eastern Africa
1 1 4 3

Southern Africa
1 4 3 3

Sahel
3 4 3 5

South East Asia
1 5 2 5

East Asia
1 3 3 2

South Asia
3 3 1 3

Central Asia
3 4 2 2

Tibet
1 5 3 3

North Asia
1 2 1 2

temperature
JJA DJF

Comparison of the BSS(∞) for temperature over standard land regions
MM vs PP vs SP vs PP+SP vs MM+PP+SP

Fig 49: Comparison of the BSS(∞) for temperature events (see Fig 41) between the multi-model (MM), the 
perturbed physics (PP), the stochastic physics (SP), the combination of PP+SP and the combination of 
MM+PP+SP ensembles. For each region and event, the system with the largest score is displayed, see 
colour code at the right of the table. The percentages indicate the number of cases each of the systems 
has the largest score. For SP, version #7 is used.



cold warm cold warm best
Australia 1 5 4 3 MM 26 32%
Amazon Basin 1 0 5 1 PP 17 21%
Southern South America 3 3 2 2 SP 18 22%
Central America 1 1 3 4 PP+SP 9 11%
Western North America 1 1 3 4 MM+PP+SP 12 15%
Central North America 1 1 2 3 82
Eastern North America 1 3 2 3

Alaska 2 5 2 2

Greenland 1 1 2 2

Mediterranean 5 2 1 3

Northern Europe 2 2 3 3

Western Africa 1 5 4 5

Eastern Africa 1 1 4 3

Southern Africa 1 4 4 1

Sahel 5 0 3 3

South East Asia 1 5 2 5

East Asia 5 2 1 3

South Asia 5 5 3 3

Central Asia 3 4 4 2

Tibet 1 1 1 1

North Asia 1 2 1 2

temperature
JJA DJF

Comparison of the BSS(∞) for temperature over standard land regions
MM vs PP vs SP vs PP+SP vs MM+PP+SP

Fig 50: Similar to Fig 49, but for the stochastic physics ensemble using version #15.



dry wet dry wet best
Australia 1 2 2 4 MM 19 23%
Amazon Basin 4 5 3 3 PP 20 24%
Southern South America 1 3 1 1 SP 25 30%
Central America 2 1 4 4 PP+SP 14 17%
Western North America 3 3 1 1 MM+PP+SP 4 5%
Central North America 3 3 2 0 82
Eastern North America 1 1 2 2

Alaska 1 1 2 2

Greenland 1 1 2 4

Mediterranean 3 1 3 3

Northern Europe 3 2 3 3

Western Africa 1 3 2 1

Eastern Africa 3 3 2 2

Southern Africa 4 3 4 2

Sahel 4 3 4 5

South East Asia 5 5 4 3

East Asia 2 4 4 3

South Asia 4 3 2 3

Central Asia 4 0 2 2

Tibet 1 3 3 3

North Asia 2 2 1 1

precipitation
JJA DJF

Comparison of the BSS(∞) for precipitation over standard land regions
MM vs PP vs SP vs PP+SP vs MM+PP+SP

Fig 51: Similar to Fig 49, but for precipitation.



dry wet dry wet best
Australia 3 3 2 2 MM 12 14%
Amazon Basin 4 5 3 1 PP 22 27%
Southern South America 3 0 3 3 SP 30 36%
Central America 4 3 4 2 PP+SP 14 17%
Western North America 4 3 3 3 MM+PP+SP 5 6%
Central North America 3 1 2 3 83
Eastern North America 3 3 2 2

Alaska 1 3 2 2

Greenland 1 1 2 4

Mediterranean 1 1 3 3

Northern Europe 2 2 3 3

Western Africa 3 3 4 3

Eastern Africa 1 1 2 2

Southern Africa 4 3 3 3

Sahel 4 3 2 3

South East Asia 5 5 4 4

East Asia 2 4 2 5

South Asia 4 5 4 2

Central Asia 4 3 2 2

Tibet 3 3 1 2

North Asia 2 2 1 1

precipitation
JJA DJF

Comparison of the BSS(∞) for precipitation over standard land regions
MM vs PP vs SP vs PP+SP vs MM+PP+SP

Fig 52: Similar to Fig 51, but for the stochastic physics ensemble using version #15.
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