
 



Run!!! 



 



Key points 

  There is model uncertainty in weather and climate predic4on. 

  It is essen4al to represent model uncertainty. 

  In weather (NWP) the problem is well defined, because we 
can use observa4ons to determine model uncertainty. 

  On the climate scales the es4ma4on of model uncertainty is 
more challenging, since verifying data is limited  

  Stochas4c parameteriza4ons are star4ng to become a 
alterna4ve to other model‐error representa4ons 



Multiple scales of motion 

10 m 100 m 1 km 10 km 100 km 1000 km 10000 km 

Turbulence Cumulus 
clouds 

Cumulonimbus 
clouds 

Mesoscale  
Convective 
systems 

Extratropical  
Cyclones 

Planetary  
waves 

Large Eddy Simulation (LES) Model 

Cloud System Resolving Model (CSRM) 

Numerical Weather Prediction (NWP) Model 

Global Climate Model 

1mm 

Micro- 
physics 

Spa4al scales are associated with a range 
of  temporal scales here omiFed. Mul4‐
scale nature. 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The closure problem 

The “spectral gap” 
argument (Stull 1960) 



The closure problem 

The “spectral gap” 
argument (Stull 1960) 

Parameteriza4ons 



Kinetic energy spectra 

Nastrom and Gage, 1985 



Limited vs unlimited predictability in 
Lorenz 1969 

 Rotunno and Snyder, 2008  

 see also: Tribbia and Baumhefner 2004  



Spectral gap not necessary for stochastic 
parameterizations  



Kinetic energy spectra 

Nastrom and Gage, 1985 



The “ Gap” 



The uncertainty“ Gap” 

Dycore  
community 

Physics 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Closing he uncertainty“ Gap” 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ECMWF Workshop on Model Uncertainty,  
20 – 24 June 2011 

 Recommenda<on of Working Group 2:                                                                   
Merits and drawbacks of different methods of represen<ng model 
uncertainty 

1  Design concepts for the systema<c comparison of different schemes 
represen<ng model uncertainty across a range of space and <me‐scales, 
both in full and hierarchically less complex models (including small planet). 

2  The principles the different model uncertainty schemes are based upon 
should be stated (boNom‐up)  

3  The effects of different schemes genera<ng spread should be compared and 
validated (top‐down). 



ECMWF Workshop on Model Uncertainty,  
20 – 24 June 2011 



ECMWF Workshop on Model Uncertainty,  
20 – 24 June 2011 



Model error in NWP 

  Represent/sample 
subgrid‐scale 
fluctua4ons (SPPT) 

  Represent 
structural model 
error (SKEBS) 

2t

0t

1t

analysis 

RMS error 

ensemble mean 



Representing model error in ensemble 
systems 

 The mul4‐parameter approach: each ensemble member 
uses the control physics, but the parameters are varied 
from one ensemble member to the next  

 The mul4‐parameteriza4on approach: each ensemble 
member uses a different set of parameteriza4ons (e.g. for 
cumulus convec4on, planetary boundary layer, 
microphysics, short‐wave/long‐wave radia4on, land use, 
land surface) 

 Stochas4c parameteriza4ons: each ensemble member is 
perturbed by a stochas4c forcing term that represents the 
sta4s4cal fluctua4ons in the subgrid‐scale fluxes 
(stochas4cally perturbed physics tendencies) as well as 
altogether unrepresented interac4ons between the 
resolved an unresolved scale (stochas4c kine4c energy 
backscaFer) 



Using NWP to constrain climate 
parameters 

Rodwell and Palmer, 2007 

See also: Stainforth et al. 
2005, Phillips et al. 2004 
(CAPT) 



Sources for uncertainty  in weather and climate 

Weather 
  Large sensi4vity to ini4al condi4ons 

  Parameter perturba4ons insufficient 

  Stochas4c parameteriza4ons well 
established 

  Mul4‐models very skillful, but imprac4cal 

  Boundary condi4ons secondary(maybe for 
regional models) 

  Biases large, but not as limi4ng as in 
climate  

Climate 
  Smaller sensi4vity to ini4al 

condi4ons 

  Parameter perturba4ons effec4ve 

  Stochas4c parameteriza4ons not 
(yet) well established 

  Mul4‐model = model of opportunity, 
(generated by different centers) 

  Boundary and forcing essen4al 
(scenarios) 

  Large biases 



Dependency of Multi‐Models 

Masson and Knutti, 2008 

If many models agree, 
how do you know if they 
are correct or just 
related? 
‐ Also relevant DMIP 



Stochastic parameterizations in weather 
and climate models 

“I believe the ultimate climate 
models…will be stochastic, 
i.e. random numbers will 
appear somewhere in the time 
derivatives.” (Lorenz, 1975) 



Stochastic parameterization schemes  

Stochas4c kine4c‐energy 
backscaFer scheme (SKEBBS) 

  Ra4onale: A frac4on of the 
dissipated kine4c‐energy is 
scaFered upscale and 
available as forcing for the 
resolved flow. 

Stochas4cally perturbed 
parameteriza4on scheme (SPPT) 

  Ra4onale: Especially as 
resolu4on increases, the 
equilibrium assump4on is no 
longer valid and fluctua4ons 
of the subgrid‐scale state 
should be sampled. 



Potential of stochastic parameterization 
to  reduce model error 

  Stochas4c 
parameteriza4ons can 
change the mean and 
variance of a PDF 

  Impacts variability of 
model (e.g. internal 
variability of the 
atmosphere) 

  Impacts systema4c error 
(e.g. blocking 
precipita4on error) 

Weak noise 

Multi-modal Unimodal  

Potential 

PDF 

Strong noise 



Stochastic kinetic‐energy backscatter 
scheme 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Fig. 1. a) Instantaneouspattern of the stochasticstreamfunction forcing. b) Power spectrum

of the total dissipation (dashed), the kinetic-energy spectrum of the streamfunction pattern

(dash dot) and the e ective streamfunction forcing (solid) after weighting with the total dis-

sipation rate. Line denotespower-law behavior with a slope of +0.46.
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Rationale: A fraction of the dissipated energy is scattered upscale and acts as 
forcing for the resolved-scale flow 

ψ ′

du/dt = duphys/dt + dustoch/dt 



Stochastic kinetic‐energy backscatter 
scheme 



Representing initial uncertainty by an 
ensemble of states  

  Represent ini4al uncertainty 
by ensemble of states 

  Flow‐dependence: 
   Predictable states 

should have small 
ensemble spread 

   Unpredictable states 
should have large 
ensemble spread 

  Ensemble spread should 
grow like RMS error  

  True atmospheric state 
should be indis4nguishable 
from ensemble system  

2t
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1t

analysis 

RMS error 

ensemble mean 



Buizza et al., 2004 

The RMS error grows faster than 
the spread  

 Ensemble is underdispersive 

 Ensemble forecast is 
overconfident    

 Underdispersion is a form of 
model error 

 Forecast error =  ini;al error + 
model error + boundary error 

Underdispersivness of  ensemble systems 



Verification against  Observations 



Spread‐Error Consistency in WRF 
 (without obs error estimate) 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Will uncertainty decrease as model 
resolution increases? 



Will uncertainty decrease as model 
resolution increases? 



Multiple 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motion 

10 m 100 m 1 km 10 km 100 km 1000 km 10000 km 

Turbulence Cumulus 
clouds 

Cumulonimbus 
clouds 

Mesoscale  
Convective 
systems 

Extratropical  
Cyclones 

Planetary  
waves 

Large Eddy Simulation (LES) Model 

Cloud System Resolving Model (CSRM) 

Numerical Weather Prediction (NWP) Model 

Global Climate Model 

1mm 

Micro- 
physics 



Potential of stochastic parameterization 
to  reduce model error 

  Stochas4c 
parameteriza4ons can 
change the mean and 
variance of a PDF 

  Impacts variability of 
model (e.g. internal 
variability of the 
atmosphere) 

  Impacts systema4c error 
(e.g. blocking 
precipita4on error) 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Bias of z500 in IFS 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Fig. 3. Mean systematic error of 500 hPa geopotential height fields (drawn as shading) for

extended boreal winters (December–March) of the period 1990-2005. Errors are defined with

regard to the observed mean field (contours), consisting of a combination of ERA-40 (1990-

2001) and operational ECMWF analyses (2002-2005). Shown are the systematic error of ex-

periments (a) low-resolution (LOWRES), (b) stochastic kinetic-energy backscatter (STOCH),

(c) high-resolution (HIGHRES) and (d) improved deterministic parameterizations (PHYS).

Significant differences at the 95% confidence level based on a Student’s t-test are hatched.

Berner et al. 2011 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Frequency‐
Wavenumber 
spectra of OLR 
in IFS 

a) Power: Symmetric Tropical OLRA (noaa)
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b) Power: Symmetric Tropical OLRA (noaa)
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c) Power: Symmetric Tropical OLRA (eto4)
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d) Power: Symmetric Tropical OLRA (eto4)
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e) Power: Symmetric Tropical OLRA (ezeu)
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f) Power: Symmetric Tropical OLRA (ezeu)
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g) Power: Symmetric Tropical OLRA (eut3)
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h) Power: Symmetric Tropical OLRA (eut3)
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i) Power: Symmetric Tropical OLRA (f8o8)
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j) Power: Symmetric Tropical OLRA (f8o8)
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Fig. 6. Mean wavenumber-frequency spectra for the symmetric component of daily tropical

outgoing longwave radiation anomalies (in K2) during December-March for the period (1990-

2005) before (a,c,e,g,i) and after (b,d,f,h,j) a background has been removed (see text for de-

tails). The mean annual cycle has been removed prior to the computation of the wavenumber-

frequency spectra. The wavenumber-frequency spectra are depicted for (a,b) satellite data

from NOAA and for experiments (c,d) LOWRES, (e,f) STOCH, (g,h) HIGHRES and (i,j)

PHYS.

Berner et al. 2012 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Confronting climate models with data: 
Spread/Error Relationship of T 

CNTL 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WRF‐DART:RMS innovations of T2 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Does accuracy still matter? 

  “If we want ensemble systems that represent 
uncertainty, why should we solve the dynamical 
equa4ons with high accuracy?”  

  Especially when people like me come along and spend 
their lives puing random numbers in the equa4ons 

  G. ShuFs, T. Allen, J. Berner, 2008: “Vor4city 
confinement” 

  T. N. Palmer, 2012: “Stochas4c processors” 

  Problem: Is the error bounded? 



Key points 

  There is model uncertainty in weather and climate 
predic4on. 

  It is essen4al to represent model uncertainty. 

  In weather (NWP) the problem is well defined, because 
we can use observa4ons to determine model 
uncertainty. 

  In the climate sciences the es4ma4on of model 
uncertainty is more challenging.  

  Stochas4c parameteriza4ons are star4ng to become a 
alterna4ve to other model‐error representa4ons 



Extras 



How to design an ensemble system: 

Mul4‐models  
  Each member has different 

invariant distribu4on/
climatology  

  Pro: Samples Bias 

  Con: Not a distribu4on 

Stochas4c 
parameteriza4ons 

  All members have the same 
underlying distribu4on 

  As the core models improve 
all members improve at the 
same 4me 


