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Using	
  NOAA-­‐ESRL	
  retrospecEve	
  forecasts:	
  	
  	
  
RetrospecEve	
   forecasts	
   for	
  week-­‐2,	
   2-­‐meter	
   temperature	
   from	
   the	
  Global	
  
Ensemble	
   System	
   for	
   1985-­‐2010	
   used	
   to	
   esEmate	
   model	
   climatology,	
  
including	
  the	
  mean	
  and	
  variance,	
  correlaEon	
  with	
  observaEons.	
  
	
  

•  Current	
  operaEonal	
  NCEP	
  Global	
  Ensemble	
  Forecast	
  
System	
  (GEFS)	
  as	
  of	
  February	
  2012	
  

•  T254L42	
  (about	
  ½	
  degree	
  grid	
  spacing)	
  in	
  week	
  1	
  and	
  
T190L42	
  (about	
  ¾-­‐degree)	
  in	
  week	
  2	
  

•  Daily	
  0Z	
  cycle	
  11	
  ensemble	
  members,	
  	
  
•  10	
  perturbaEons	
  +	
  control	
  
•  4	
  cycles	
  x	
  21	
  members	
  per	
  day	
  in	
  real-­‐Eme	
  GEFS	
  

•  1985-­‐2010	
  
	
  
•  IniEal	
  condiEons	
  from	
  Climate	
  Forecast	
  System	
  

Reanalysis	
  (CFSR)	
  (2011	
  and	
  real-­‐Eme	
  using	
  GDAS)	
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Week-­‐2	
  reliability	
  of	
  reforecast-­‐calibrated	
  GEFS	
  probabiliEes	
  
compared	
  to	
  NAEFS,	
  bias-­‐corrected	
  GEFS	
  and	
  uncorrected	
  GEFS	
  

(3	
  years	
  2011-­‐2013)	
  

Comparison	
  of	
  reliability	
  of	
  CPC	
  week-­‐2	
  probability	
  forecasts	
  including	
  official	
  manual	
  
forecasts,	
  raw	
  GEFS,	
  bias-­‐corrected	
  GEFS	
  component	
  of	
  NAEFS,	
  NAEFS	
  MME,	
  and	
  reforecast-­‐
calibrated	
  GEFS.	
  	
  
	
  



Some	
  ideas	
  up	
  front	
  
•  The	
  predictable	
  signal	
  can	
  be	
  esEmated	
  from	
  the	
  variance	
  of	
  

the	
  ensemble	
  mean	
  (magnitude	
  of	
  anomalies)	
  and	
  ensemble	
  
spread	
  is	
  an	
  esEmate	
  the	
  uncertainty.	
  	
  

	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  (There	
  are	
  various	
  defini/ons	
  of	
  predictability.)	
  
•  Because	
  variance	
  is	
  addiEve,	
  	
  signal	
  variance	
  plus	
  spread	
  should	
  

approximately	
  equal	
  variance	
  in	
  observaEons;	
  	
  This	
  means	
  our	
  
esEmates	
  of	
  predictability	
  are	
  mean	
  and	
  variance	
  bias	
  adjusted.	
  	
  	
  	
  

	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  (Should	
  both	
  signal	
  and	
  noise	
  variance	
  be	
  adjusted?	
  	
  Or	
  only	
  noise	
  variance?)	
  
	
  

•  Predictability	
  is	
  determined	
  from	
  the	
  model-­‐predicted	
  correlaEons	
  
calculated	
  from	
  the	
  signal	
  and	
  ensemble	
  spread.	
  	
  

•  Comparing	
  this	
  to	
  the	
  realized	
  correlaEon	
  of	
  forecasts	
  to	
  
observaEons	
  tells	
  us	
  if	
  the	
  current	
  predicEon	
  capacity	
  matches	
  
predictability	
  esEmates.	
  

•  Trends	
  can	
  be	
  fit	
  to	
  the	
  predictability,	
  both	
  model-­‐esEmated	
  
and	
  realized,	
  as	
  well	
  as	
  to	
  the	
  difference	
  between	
  the	
  model	
  
climatology	
  and	
  the	
  observed	
  climatology,	
  i.e.	
  bias.	
  

•  Are	
  trends	
  in	
  bias	
  an	
  indicaEon	
  that	
  systemaEc	
  bias	
  between	
  
the	
  ensemble	
  mean	
  and	
  observaEons	
  is	
  changing?	
  	
  	
  
•  Some	
  	
  of	
  the	
  “bias”	
  changes	
  can	
  be	
  seasonal	
  climate-­‐state	
  dependent!	
  

	
  	
  	
  	
  	
  	
  	
  	
  	
  (Both	
  the	
  mean	
  climate	
  state	
  and	
  the	
  observa/onal	
  analysis	
  change.)	
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Using	
  Ensembles	
  for	
  Predictability	
  EsEmates	
  

What	
  do	
  we	
  mean	
  by	
  predictability?	
  
•  The	
  ensemble	
  mean	
  is	
  an	
  esEmate	
  of	
  the	
  predictable	
  

component	
  of	
  the	
  future	
  state,	
  also	
  known	
  as	
  signal	
  S	
  

	
  
•  The	
  ensemble	
  spread	
  about	
  the	
  mean	
  is	
  an	
  esEmate	
  of	
  

the	
  unpredictable	
  noise,	
  N	
  

•  By	
  these	
  esEmates,	
  signal	
  and	
  noise	
  are	
  dependent	
  on	
  
the	
  state	
  of	
  the	
  climate	
  system	
  at	
  Eme,	
  t.	
  	
  (Predictability	
  
may	
  be	
  dependent	
  on	
  ENSO,	
  or	
  MJO	
  state,	
  or	
  ?)	
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•  Kernel	
  dressing	
  calibraEon	
  of	
  ensemble	
  member	
  forecasts	
  (Unger	
  et	
  al.,	
  2009);	
  	
  
•  Shi0s	
  in	
  the	
  probability	
  distribu5on	
  indicate	
  the	
  strength	
  of	
  the	
  signal	
  



•  Shiks	
  in	
  the	
  probability	
  distribuEon	
  indicate	
  the	
  strength	
  of	
  the	
  signal	
  
•  Spread	
  of	
  ensemble	
  members	
  determine	
  the	
  uncertainty	
  or	
  noise	
  



Using	
  Ensembles	
  for	
  Predictability	
  EsEmates(2)	
  

•  A	
  measure	
  of	
  the	
  predictability	
  of	
  the	
  future	
  climate	
  state	
  specific	
  
to	
  a	
  subset	
  of	
  iniEal	
  condiEons	
  is	
  the	
  signal-­‐to-­‐noise	
  ra/o	
  	
  
	
  

	
  
	
  
i.e.	
  	
  The	
  variability	
  of	
  the	
  ensemble	
  mean	
  rela/ve	
  to	
  the	
  variability	
  of	
  
the	
  ensemble	
  members	
  about	
  the	
  mean.	
  

•  The	
  variance	
  of	
  the	
  ensemble	
  mean	
  and	
  members	
  can	
  be	
  used	
  as	
  
an	
  esEmate	
  of	
  the	
  potenEal	
  skill	
  of	
  forecasts.	
  (Variance	
  is	
  
addiEve.)	
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PotenEal	
  CorrelaEon	
  as	
  a	
  funcEon	
  of	
  the	
  signal-­‐to-­‐noise	
  raEo,	
  and	
  
ensemble	
  size	
  (blue:1	
  member,	
  green:	
  10;	
  black:	
  infinite	
  ensemble)	
  

•  This	
  places	
  an	
  upper	
  limit	
  on	
  predictability	
  as	
  a	
  funcEon	
  of	
  
the	
  SNR	
   	
  (courtesy	
  of	
  Emily	
  Riddle)	
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Changes	
  in	
  predictability	
  
•  We	
  can	
  consider	
  the	
  linear	
  changes	
  over	
  a	
  number	
  of	
  years	
  

•  Linear	
  trends	
  can	
  be	
  calculated	
  for	
  signal	
  (S),	
  noise	
  (N),	
  SNR,	
  and	
  
the	
  potenEal	
  predictability	
  indicated	
  by	
  the	
  predicEon	
  of	
  the	
  
correlaEon	
  by	
  the	
  model	
  (R).	
  	
  	
  

	
  
It	
  is	
  a	
  reasonable	
  assump1on	
  that	
  the	
  predictability	
  of	
  par1cular	
  

characteris1cs	
  of	
  the	
  climate	
  system	
  may	
  change	
  as	
  the	
  
background	
  climate	
  state	
  changes	
  

Apparent,	
  predictability	
  may	
  appear	
  to	
  change	
  with	
  changing	
  
observa1onal	
  networks.	
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•  Weekly	
  mean	
  forecast	
  
temperatures	
  over	
  the	
  
U.S.	
  by	
  year	
  

•  25-­‐year	
  climatology	
  in	
  
red	
  

•  PDF	
  shiking	
  each	
  year	
  
with	
  interannual	
  
variability	
  



•  Weekly	
  mean	
  forecast	
  
temperatures	
  over	
  the	
  
U.S.	
  by	
  year	
  

•  25-­‐year	
  climatology	
  in	
  
red	
  

•  PDF	
  shiking	
  each	
  year	
  
with	
  interannual	
  
variability	
  



•  MulE-­‐decadal	
  
temperature	
  trends	
  
apparent	
  in	
  
intraseasonal	
  forecasts	
  



•  Shik	
  towards	
  
warmer	
  
temperatures	
  in	
  
more	
  recent	
  years	
  



•  Increase	
  in	
  the	
  
frequency	
  of	
  extremes	
  



•  Temperature	
  trends	
  are	
  significant	
  fracEon	
  of	
  weekly	
  Emescale	
  variability	
  

•  Large	
  areas	
  exceed	
  0.5	
  standard	
  deviaEons	
  

CFSR	
  standardized	
  (weekly)	
  linear	
  temperature	
  trend	
  
for	
  25-­‐year	
  period	
  (1985	
  to	
  2010)	
  

16	
  

May	
  to	
  September	
  November	
  to	
  March	
  



•  Decadal	
  changes	
  in	
  the	
  model	
  climate	
  are	
  similar	
  to	
  iniEalizaEon	
  
reanalysis	
  

•  Many	
  significant	
  differences	
  globally	
  (bias	
  in	
  the	
  trends)	
  

Model	
  week-­‐2	
  standardized	
  linear	
  temperature	
  trend	
  
for	
  25-­‐year	
  period	
  (1985	
  to	
  2010)	
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May	
  to	
  September	
  November	
  to	
  March	
  



•  Bias	
  changes	
  are	
  significant	
  fracEon	
  of	
  variability	
  
	
  
•  Changes	
  in	
  bias	
  over	
  Eme	
  are	
  highly	
  variable	
  	
  by	
  locaEon	
  and	
  season	
  

Standardized	
  trends	
  in	
  bias	
  of	
  model	
  week-­‐2	
  forecasts	
  
for	
  25-­‐year	
  period	
  (1985	
  to	
  2010)	
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May	
  to	
  September	
  November	
  to	
  March	
  



•  Decadal	
  changes	
  in	
  signal	
  strength	
  are	
  variable	
  	
  by	
  locaEon	
  and	
  season	
  

•  Is	
  this	
  changes	
  in	
  observaEons?	
  	
  Decadal	
  variability	
  of	
  the	
  climate	
  system?	
  
	
  Chance	
  changes	
  in	
  climate	
  variability?	
  

Model	
  week-­‐2	
  standardized	
  trend	
  in	
  signal	
  
for	
  25-­‐year	
  period	
  (1985	
  to	
  2010)	
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May	
  to	
  September	
  November	
  to	
  March	
  



•  NegaEve	
  trend	
  in	
  the	
  climate	
  noise	
  in	
  North	
  America.	
  (Beoer	
  iniEal	
  
condiEons?)	
  

•  Weak	
  trends	
  in	
  noise	
  overall	
  

Model	
  week-­‐2	
  standardized	
  trend	
  in	
  noise	
  
for	
  25-­‐year	
  period	
  (1985	
  to	
  2010)	
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May	
  to	
  September	
  November	
  to	
  March	
  



•  PotenEal	
  posiEve	
  trend	
  in	
  skill	
  in	
  the	
  Summer	
  hemisphere	
  

Trend	
  in	
  model-­‐predicted	
  poten5al	
  correla5on	
  (predictability)	
  
for	
  25-­‐year	
  period	
  (1985	
  to	
  2010)	
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May	
  to	
  September	
  November	
  to	
  March	
  



•  Some	
  similariEes	
  in	
  spaEal	
  paoern	
  of	
  trends	
  in	
  correlaEon	
  to	
  observaEons	
  
compared	
  to	
  the	
  model-­‐only	
  potenEal	
  correlaEon	
  trends	
  (previous	
  slide)	
  

•  Lower	
  observed	
  correlaEon	
  relaEve	
  to	
  potenEal	
  correlaEon	
  results	
  in	
  greater	
  
increase,	
  as	
  the	
  signal	
  increases	
  in	
  magnitude	
  

•  Is	
  this	
  what	
  a	
  beoer	
  observaEon	
  network	
  does?	
  	
  Or	
  changing	
  climate-­‐state?	
  

Model	
  week-­‐2	
  forecast	
  observed	
  correla5on	
  trend	
  
(actual	
  skill)	
  for	
  25-­‐year	
  period	
  (1985	
  to	
  2010)	
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May	
  to	
  September	
  November	
  to	
  March	
  



Forecast-­‐analysis	
  correla5on	
  skill	
  for	
  1985	
  and	
  2010	
  
using	
  the	
  observed	
  trend	
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May	
  to	
  September	
  November	
  to	
  March	
  

1985	
  

2011	
  



Model	
  week-­‐2	
  poten5al	
  correla5on	
  (predictability)	
  
for	
  1985	
  (top)	
  and	
  2010	
  (booom)	
  accounEng	
  for	
  trend	
  in	
  signal	
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May	
  to	
  September	
  November	
  to	
  March	
  

1985	
  

2011	
  



•  Growing	
  cold	
  bias	
  where	
  trend	
  is	
  greatest?	
  
•  Does	
  greenhouse-­‐gas	
  parameterizaEon	
  (model	
  CO2)	
  maoer	
  in	
  week-­‐2	
  

(weather/climate)	
  forecasts?	
  

Looking	
  a	
  liole	
  more	
  precisely	
  at	
  winter	
  (Dec-­‐Jan)	
  bias	
  and	
  trends	
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Standardized	
  linear	
  
temperature	
  change	
  	
  

Standardized	
  linear	
  trend	
  of	
  	
  
ensemble	
  model	
  mean	
  bias	
  	
  

	
  



•  Decadal	
  temperature	
  trend	
  is	
  significant	
  fracEon	
  of	
  subseasonal	
  variance	
  and	
  of	
  
predictable	
  signal	
  (in	
  some	
  regions	
  in	
  various	
  seasons)	
  

•  Residual	
  variance	
  (noise)	
  aker	
  removing	
  the	
  mean	
  variance	
  (signal)	
  is	
  less	
  
changeable	
  than	
  signal	
  

•  PDF	
  shiks	
  but	
  doesn’t	
  change	
  width	
  (noise	
  decreased	
  slightly	
  over	
  N	
  America),	
  
which	
  means	
  a	
  change	
  in	
  the	
  signal	
  for	
  forecasts	
  in	
  general	
  and	
  for	
  extremes.	
  

•  The	
  systemaEc	
  bias	
  between	
  the	
  ensemble	
  mean	
  and	
  observaEons	
  is	
  also	
  
changing	
  on	
  decadal	
  and	
  interannual	
  Emescales.	
  

•  The	
  predictable	
  signal	
  also	
  appears	
  to	
  be	
  non-­‐staEonary	
  regionally	
  	
  
•  This	
  may	
  be	
  due	
  to	
  changing	
  observaEon	
  network	
  and/or	
  changes	
  in	
  climate	
  

variability	
  or	
  mean	
  state	
  

•  Many	
  more	
  realizaEons	
  of	
  the	
  climate	
  in	
  subseasonal	
  forecasts	
  than	
  seasonal	
  
•  Easier	
  to	
  separate	
  Emescales	
  of	
  variability	
  in	
  subseasonal	
  vs.	
  seasonal	
  
•  However,	
  all	
  Emescales	
  longer	
  than	
  subseasonal	
  are	
  in	
  the	
  average	
  trends	
  
•  Less	
  cases	
  make	
  it	
  more	
  difficult	
  to	
  make	
  similar	
  robust	
  assessments	
  of	
  changing	
  bias	
  

and	
  predictability	
  with	
  seasonal	
  forecasts	
  

•  Possible	
  non-­‐staEonarity	
  of	
  predictability	
  (correlaEon)	
  of	
  subseasonal	
  variability	
  
•  Why?	
  	
  Beoer	
  iniEal	
  condiEons;	
  	
  interannual	
  variability	
  (ENSO);	
  climate	
  change	
  

Summary	
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•  More	
  reliability	
  
•  Residual	
  bias	
  

More	
  slides	
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Week-­‐2	
  reliability	
  of	
  reforecast-­‐calibrated	
  GEFS	
  probabiliEes	
  
compared	
  to	
  NAEFS,	
  bias-­‐corrected	
  GEFS	
  and	
  uncorrected	
  GEFS	
  

(3	
  years	
  2011-­‐2013)	
  

Comparison	
  of	
  reliability	
  of	
  CPC	
  week-­‐2	
  probability	
  forecasts	
  including	
  raw	
  GEFS,	
  bias-­‐
corrected	
  GEFS	
  component	
  of	
  NAEFS,	
  NAEFS	
  MME,	
  and	
  reforecast-­‐calibrated	
  GEFS.	
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Comparing	
  the	
  Eme	
  series	
  of	
  model	
  error	
  from	
  the	
  hindcast	
  (red)	
  and	
  real-­‐
Eme	
  forecasts	
  (blue)	
  aker	
  bias-­‐correcEon	
  using	
  hindcast	
  period	
  (1985-­‐2010)	
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Aoempts	
  to	
  correct	
  bias	
  in	
  recent	
  summer	
  forecasts	
  –	
  
either	
  trailing	
  period	
  (yellow)	
  or	
  from	
  centered	
  period	
  in	
  real-­‐Eme	
  forecast	
  years	
  (red)	
  –	
  	
  	
  

can	
  have	
  good	
  and	
  bad	
  results	
  relaEve	
  to	
  using	
  the	
  full	
  hindcast	
  alone	
  
	
  

2012:	
  SubtracEng	
  residual	
  bias	
  
improves	
  RPSS	
  skill	
  

2013:	
  SubtracEng	
  residual	
  bias	
  
decreases	
  RPSS	
  skill	
  


