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Forecasts of week 2 for the public

• Presentation similar to seasonal forecasts
• Terciles from station data
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How should this diagram be interpreted?

What’s the uncertainty of these forecasts?

Can forecasts of this kind also be 
obtained for other regions and 
lead-times?

Forecasts of week 2 for the public
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Climate scenarios

Data basis (ENSEMBLES)
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What can we learn from seasonal forecasts?

(e.g. GCMs)
Technical similarities

(e.g. El Niño)
Processes 

• Boundary forcing
• Inherently probabilistic
• Ensembles
• Multi-models 

Conceptual analogies

Interpretation
Construction

Consequences
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The big difference: Verification

Forecast 1 Observation 1

Forecast 2 Observation 2

Forecast N Observation N

• Can literally sample projection uncertainty
• Can quantify model confidence objectively
• Can rank models according to their skill
• Can explore optimum ways of model-combination

N ~ 30 



8Lessons learnt from seasonal forecasting | Andreas Weigel 
ECMWF User Meeting | 11 June 2010

The “mechanics” of multi-model 
combination in seasonal 

forecasting
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A conceptual view

Climatology of 
observations

Weigel et al, 2009, Mon. Wea. Rev.
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Boundary forcing
(e.g. anomaly in SST) 

=> Prescribed forcing 
constrains distribution 
of possible outcomes

A conceptual view

Weigel et al, 2009, Mon. Wea. Rev.
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A reliable ensemble 
forecast correctly 
samples the distribution 
of possible values.

A conceptual view

Weigel et al, 2009, Mon. Wea. Rev.
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ECMWF

In reality, seasonal 
forecasts are often
overconfident.

ε

ε

A conceptual view

Weigel et al, 2009, Mon. Wea. Rev.
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Weigel et al, 2009, Mon. Wea. Rev. 

ECMWF + UKMO + MF

Combination of 
overconfident forecasts 
increases reliability

A conceptual view
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MULTI-MODEL (“SIMPLE”)

Skill of multi-models

Model weighting:

Assign weights to models by 
optimizing skill metric over 
hindcasts

Example: Ignorance score

ECMWF

UKMO

Forecast skill of JJA 2m temperature, 1960-2001, lead-time 1 month
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Weigel et al, 2008, Quart. J. Roy. Met. Soc 
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MULTI-MODEL (“WEIGHTED”)

-0.6

0.6

0

S
ki

ll 
(R

P
S

S
d)

Forecast skill of JJA 2m temperature, 1960-2001, lead-time 1 month

Weigel et al, 2008, Quart. J. Roy. Met. Soc 
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Skill of weighted multi-models

Weigel et al, 2010, J. Clim, in press

Model weighting works

Model weighting is risky

Weights need to be robust 
and truly reflect the underlying 
uncertainties.

If weights are not robust, more 
information may be lost than 
could potentially be gained.

Weight robustness depends 
on length on training data (and 
other factors…) 
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Consequences for multi-decadal 
climate projections
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Weighting  = Determining model uncertainty

Seasonal forecasts:
Many experiments

Climate projections:
One experiment

Make inference on 
probability by analy-
zing characteristics

Need to pick the 
“right” characteristics

What is the probability of throwing a “one” with this die?

Extrapolation problem: 
Is model performance 
during control period 
representative for 
scenario period?

There is a risk that model weights, however obtained, are not 
representative of future projection uncertainties and thus not robust.
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Tnow Tfuture

Temp.

Tmodel1 Tmodel2

εM1 εM2

A conceptual view of climate change

Weigel et al, 2010, J. Clim., in press

Can average the two projections and 
systematically assess the multimodel 
projection error for various configurations:

- with and without weights
- with correct or wrong weights
- for different model errors
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Effects of weighting
Increase of 
error (MSE)

Decrease of 
error (MSE)

Benchmark

Both models 
have same skill

Model 2 inifintely 
better than Model 1

Equal weights

Weigel et al, 2010, J. Clim., in press
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Optimal weights

Effects of weighting
Increase of 
error (MSE)

Decrease of 
error (MSE)

Benchmark

Both models 
have same skill

Model 2 inifintely 
better than Model 1

Equal weights

Weigel et al, 2010, J. Clim., in press
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Worst possible weights

Effects of weighting

Optimal weights

Equal weights

Increase of 
error (MSE)

Decrease of 
error (MSE)

Benchmark

Both models 
have same skill

Model 2 inifintely 
better than Model 1

Weigel et al, 2010, J. Clim., in press



24Lessons learnt from seasonal forecasting | Andreas Weigel 
ECMWF User Meeting | 11 June 2010

Random weights

Effects of weighting

Optimal weights

Equal weights

Increase of 
error (MSE)

Decrease of 
error (MSE)

Benchmark

Both models 
have same skill

Model 2 inifintely 
better than Model 1

Weigel et al, 2010, J. Clim., in press
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Conclusions

A decision to weight climate models should be taken with great care. 
More can be lost by applying “wrong” weights than could potentially be 

gained by “correct” weights.

To obtain robust weights, we need to know how, and whether at all, 
metrics of present day model performance map into future projection 

uncertainty.

=> At the moment, equal weighting may well be the safer way to go. 

Results are consistent with what is known from seasonal
forecasting
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