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Kiehl (2007, Geophys. Res. Lett.) 

How did the 20th 
Century warm? High 

forcing/low 
sensitivity or low 

forcing/high 
sensitivity? Why is it 

important? 

Future climate change will be driven more by 
greenhouse gases than aerosols, as aerosols have 

shorter lifetime than dominant anthropogenic 
greenhouse gases and aerosols likely to be 

regulated by air-pollution policy. “Masking” by 
aerosols will be less. Projecting warming requires 

knowledge of sensitivity. 
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In	
  GFDL	
  CM3,	
  aerosol	
  indirect	
  
effect	
  (cooling	
  by	
  cloud-­‐
aerosol	
  interacSons)	
  depends	
  
strongly	
  on	
  volume-­‐mean	
  
drop	
  radius	
  at	
  which	
  
precipitaSon	
  forms	
  

ObservaSons	
  show	
  volume-­‐mean	
  drop	
  radius	
  for	
  precipitaSon	
  formaSon	
  
around	
  10-­‐12	
  µm	
  (Gerber,	
  1996,	
  J.	
  Atmos.	
  Sci.;	
  Pawlowska	
  and	
  Brenguier,	
  
2003,	
  J.	
  Geophys.	
  Res.;	
  Boers	
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  al.,	
  2006,	
  QJRMS)	
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  Diagrams	
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  Metrics	
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  Physical	
  Processes	
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UncertainSes	
  in	
  climate	
  sensiSvity	
  related	
  to	
  cloud	
  feedbacks	
  
are	
  apparent	
  in	
  disSnct	
  cloud	
  systems	
  that	
  can	
  be	
  evaluated	
  
with	
  LES	
  and	
  CRMs,	
  in	
  turn	
  evaluated	
  against	
  observaSons.	
  
GCM/SCM	
  comparison	
  with	
  process-­‐based	
  skill	
  scores	
  can	
  
paint	
  part	
  of	
  the	
  portrait.	
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•  Process	
  realism	
  should	
  join	
  means	
  and	
  variability	
  
among	
  the	
  evaluaSon	
  metrics	
  for	
  complex	
  models.	
  


