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Outline	  
	  

q Overview	  of	  Subseasonal-‐to-‐Seasonal	  (S2S)	  Project	  

q Predic3ve	  skill	  of	  precipita3on	  in	  the	  subseasonal	  range	  
(2-‐8	  week	  leads)	  

o  Forecast	  skill	  and	  precipita3on	  intensity	  

o Winter	  season	  over	  the	  United	  States	  

o  Summer	  season	  over	  South	  America	  

q  Conclusions	  

	  



Weather	  Forecasts	  in	  the	  Short-‐to-‐Medium	  Range	  

Predictability	   Ini3al	  Condi3ons	  



Seasonal	  Forecasts	  
Seasonal	  Forecasts	  became	  opera3onal	  

Predictability	   Boundary	  Condi3ons	  



Seamless	  weather-‐climate	  predic3on	  
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Subseasonal	  range	  	  
2-‐8	  weeks	  



Subseasonal	  to	  Seasonal	  (S2S)	  Predic3on	  Research	  Project	  

* “Improve forecast skill and understanding on 
sub-seasonal to seasonal timescales - 
emphasis on high-impact weather events”	

* “Promote the initiative’s uptake by 

operational centers and exploitation by the 
applications community” 	

* “Capitalize on the expertise of weather and 

climate research communities to address 
issues of importance to the Global Framework 
for Climate Services”	  

Focus: 2 weeks-1 season forecast range	  
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q Madden	  Julian	  Oscilla3on	  

q Stratospheric	  ini3al	  condi3ons	  
q Land/ice/snow	  ini3al	  condi3ons	  
q Sea	  surface	  temperatures	  

Sources	  of	  Poten3al	  Predictability	  in	  the	  
Subseasonal	  Range	  
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S2S	  Subprojects	  	  

Extreme	  Weather	  Subproject	  	  
Lead:	  Frederic	  Vitart	  ECMWF	  

q Assess	  the	  predictability	  of	  
extreme	  events	  such	  as	  heat,	  cold	  
waves,	  floods	  at	  the	  sub-‐seasonal	  
to	  seasonal	  3me	  scale	  

q Sub-‐seasonal	  predic3on	  of	  tropical	  
storms.	  	  	  

q Case	  studies	  of	  extreme	  weather	  
with	  strong	  societal	  impact	  
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Near	  real	  3me	   Reforecasts	  Lead	  



Extreme	  precipita3on	  

USA	  



Research	  Ques3ons	  

v  Is	  there	  skill	  in	  probabilis5c	  forecasts	  of	  
precipita5on	  in	  the	  subseasonal	  range?	  	  

v How	  does	  the	  predic3ve	  skill	  of	  precipita5on	  vary	  
as	  a	  func3on	  of	  precipita3on	  intensity?	  	  

v  Is	  heavy	  precipita3on	  more	  predictable	  than	  light-‐
to-‐moderate	  precipita5on?	  

v How	  does	  the	  predictability	  of	  heavy	  precipita3on	  
vary	  across	  different	  clima3c	  regimes?	  
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Objec3ve:	  Examine	  S2S	  probabilis3c	  forecast	  skill	  of	  
precipita3on	  in	  the	  con3guous	  United	  States	  
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Winter	  Precipita3on	  Climatology	  

NCEP/CPC	  Unified	  Gridded	  precipita3on	  

	  1	  Nov-‐31	  Mar	  



Methodology	  	  
q  Reforecast	  data	  

Probabilis3c	  forecasts	  of	  precipita3on	  	  
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Model	   Forecast	  
range	  

Spa3al	  
resolu3on	   Members	   Frequency	  

ECMWF	  
(CY41R2)	  

46	  day	   1°	  lat/lon	   11	  (control	  +	  10	  
Perturba5ons)	  

2	  Ini5aliza5ons	  
per	  week	  (M,	  H)	  

q  Period:	  1	  November	  –	  31	  March,	  1995-‐2015	  (20-‐yrs)	  
q  Verifica3on:	  CPC	  Unified	  precipita3on	  gridded	  data	  
q  Intermediate	  steps	  

o  Interpolate	  model	  forecasts	  to	  CPC	  Unified	  precipita3on	  grid	  
o  Es3mate	  daily	  mean	  model	  bias	  (lon,	  lat,	  lead)	  	  
o  Remove	  daily	  mean	  model	  bias	  from	  forecasts	  
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Probabilis3c	  forecasts	  of	  precipita3on	  	  

Methodology	  	  

q 	  Subseasonal	  Emphasis	  ⇒	  compute	  weekly	  mean	  precipita3on	  
	   	   	   	   	   	  (to	  reduce	  noise)	  

q  Fit	  Gamma	  Probability	  Distribu3on	  Func3on	  	  

o  Valida3on	  data	  
o  Forecasts:	  1-‐week	  lead	  

50th	  Percen3le	  

Nov-‐Mar	  Precipita3on	  

PDF	  

10	  20	  30	  40	   60	  70	  80	  90	  

Probability	  forecast	  categories	  

Ø  Prob  =!"#$< !↓'#"$↑)* 	  

Ø  Prob  =!"#$> !↓'#"$↑)* 	  

10th	  20th	  30th	  40th	  
Percen3les	  

50th	  60th	  70th	  80th	  
90th	  Percen3les	  
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Probabilis3c	  forecasts	  of	  precipita3on	  	  

!",-= ./0-#"  ,1  0#0-#"2  1,"#$32)456  #7#5)/),)39  
5/0-#"  ,1  0#0-#"2 	  

Probability	  forecast	  categories	  

Ø  Prob  =!"#$< !↓'#"$↑)* 	  

Ø  Prob  =!"#$> !↓'#"$↑)* 	  

10th	  20th	  30th	  40th	  
Percen3les	  

50th	  60th	  70th	  80th	  
90th	  Percen3les	  

q  Valida3on:	  1	  Nov-‐31	  Mar,	  1995-‐2015	  
q  Each	  season:	  	  

o  44	  Ini3aliza3ons	  
o  Each	  ini3aliza3on	  ⇒	  forecasts	  out	  to	  1-‐6	  week	  leads	  

q  Total:	  880	  forecasts	  for	  each	  lead	  	  



Valida3on	  of	  Probabilis3c	  forecasts	  

:;= ∑==%↑.▒( ?↓= − @↓= )↑)  /
. 	  

:;;=%− :;/:;↓A#1  	  

:;↓A#1 = !",-↓B940 (%− !",-↓B940 )	  

?↓= :  {?↓% , ?↓) , ?↓,   …   ?↓= …    ?↓. }	  Forecast	  Probabili3es	  

Observa3ons	   @↓= :  {@↓% , @↓) , @↓,   …@↓= …    @↓. }	  Ok	  =	  	  
0	  ≡	  No	  event	  	  
1	  ≡	  Event	  	  

Brier	  Score	  

Brier	  Skill	  Score	  

ProbClim	  ≡	  
Climatological	  
probability	  
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?↓= ∈[0,%]	  

For	  a	  given	  precipita3on	  forecast	  category	  (!↓#"$↑)* )	  and	  lead	  3me:	  



17	  

Is	  there
	  skill	  in

	  proba
bilis3c

	  

forecas
ts	  of	  pr

ecipita
3on	  in	  

the	  

subsea
sonal	  r

ange?	  
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Brier	  Skill	  Score	   :;;=%− :;/
:;↓A#1  	  
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Brier	  Skill	  Score	  

Another	  way	  to	  look	  at	  it	  

q  Divide	  USA	  in	  three	  sectors	  

q  Compute	  percentage	  of	  sector	  with	  	  

	  BSS	  >	  Threshold	  
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0000	  



Probabilis3c	  forecast	  skill	  

@↓4  =!(@↓% / ?↓4 )= %/.↓4  
∑=∈ .↓4 ↑▒@↓=  	  

?↓= :  {?↓% , ?↓) , ?↓,   …   ?↓= …    ?↓. }	  Forecast	  Probabili3es	  
Observa3ons	   @↓= :  {@↓% , @↓) , @↓,   …@↓= …    @↓. }	  

01	  ≡	  yes	  event	  

“It	  tells	  how	  well	  
each	  forecast	  is	  
calibrated”	  

BSS	  
(single	  number)	  Forecast	  Quality:	  	   ,	   Reliability	  Diagram	  

Condi3onal	  Average	  
Observa3on	  

Refinement	  
Distribu3on	  

!(?↓4 )= .↓4 /. 	   Ni	  ≡	  number	  3mes	  each	  
prob.	  forec.	  was	  used	  

“It	  tells	  if	  model	  
discerns	  different	  

outcomes	  

Reliability	  Diagrams	  
Refinement	  Distribu3ons	  
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Wilks	  2011	  
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Reliability	  Diagrams	  
Average	  over	  USA	  

Prec	  >	  50th	  Percen3le	  
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Reliability	  Diagrams	  
Average	  over	  USA	  

Prec	  >	  70th	  Percen3le	  
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Is	  there	  skil
l	  in	  

probabilis3
c	  forecasts	  

of	  precipita
3on	  in	  the	  

subseasona
l	  range?	  	  

Probably	  
Yes	  but	  fo

recasts	  

need	  calib
ra3on	  
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How	  do
es	  the	  p

redic3ve
	  skill	  of	  

precipita
3on	  var

y	  as	  a	  fu
nc3on	  o

f	  

precipita
3on	  inte

nsity?	  	  
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How	  does	  the	  predic3ve	  skill	  of	  precipita5on	  vary	  as	  
a	  func3on	  of	  precipita3on	  intensity?	  	  

:;= ∑==%↑.▒( ?↓= − @↓= )↑)  /
. 	  Brier	  Score	  

2-‐6	  Week	  1-‐Week	  

Precipita3on	  percen3le	   Precipita3on	  percen3le	  

Average	  BS	  over	  the	  USA	  
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How	  does	  the	  predic3ve	  skill	  of	  precipita5on	  vary	  as	  
a	  func3on	  of	  precipita3on	  intensity?	  	  

2-‐6	  Week	  1-‐Week	  

:;;=%− :;/:;↓A#1  	  
Brier	  Skill	  Score	  

Precipita3on	  percen3le	   Precipita3on	  percen3le	  

Average	  BSS	  over	  the	  USA	  
where	  BSS	  >	  0	  
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How	  does	  t
he	  predicta

bility	  

of	  heavy	  pr
ecipita3on	  

vary	  

across	  diffe
rent	  clima3c	  

regimes?	  
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Objec3ve:	  Examine	  S2S	  probabilis3c	  forecast	  skill	  of	  
precipita3on	  in	  South	  America	  

q  ECMWF	  model	  

q  Same	  analysis	  

q  Different	  climate	  
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Brier	  Skill	  
Score	  
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How	  does	  the	  predic3ve	  skill	  of	  precipita5on	  vary	  as	  
a	  func3on	  of	  precipita3on	  intensity?	  	  

:;= ∑==%↑.▒( ?↓= − @↓= )↑)  /
. 	  Brier	  Score	  

1-‐Week	  

Precipita3on	  percen3le	  

2-‐6	  Week	  

Precipita3on	  percen3le	  

Average	  BS	  over	  South	  America	  
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How	  does	  the	  predic3ve	  skill	  of	  precipita5on	  vary	  as	  
a	  func3on	  of	  precipita3on	  intensity?	  	  

2-‐6	  Week	  1-‐Week	  

:;;=%− :;/:;↓A#1  	  
Brier	  Skill	  Score	  

Precipita3on	  percen3le	   Precipita3on	  percen3le	  

Average	  BSS	  over	  South	  America	  
where	  BSS	  >	  0	  
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Conclusions	  
Probabilis3c	  forecasts	  of	  precipita3on	  over	  the	  USA	  

q  ECMWF	  model	  shows	  high	  skill	  at	  1-‐week	  lead	  
q  BSS	  up	  to	  40%	  for	  Prec	  >	  50th	  percen3le	  
q  BSS	  up	  to	  80%	  heavy	  precipita3on	  (Prec	  >	  70th,	  90th	  percen3les)	  

q  ECMWF	  model	  shows	  skill	  at	  ~2-‐4	  week	  leads	  
q  Higher	  skill	  for	  heavier	  precipita3on	  (Prec	  >	  70th,	  90th	  percen3les)	  
q  Probabilis3c	  forecasts	  ⇒	  condi3onal	  biases	  ⇒	  calibra3on	  

q  Dis3nct	  behavior	  in	  forecast	  skill	  versus	  precipita3on	  intensity	  
q  1-‐week	  lead	  ⇒	  BSSMax	  	  at	  ~70-‐80	  percen3les	  
q  2-‐6	  week	  leads	  ⇒	  BSS	  increases	  linearly	  with	  Pth	  	  	  (BSS	  Min	  ~40th	  50th)	  	  	  

Probabilis3c	  forecasts	  of	  precipita3on	  over	  South	  American	  Monsoon	  
q  Somewhat	  similar	  behavior	  in	  forecast	  skill	  versus	  precipita3on	  intensity	  
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Ongoing	  Research	  

Jones,	  C.,	  J.	  and	  J.	  Dudhia,	  2017:	  Poten3al	  predictability	  during	  a	  
Madden-‐Julian	  Oscilla3on	  event.	  J.	  Climate	  	  (In	  Press)	  

Forecasts	  errors	  on	  scales	  not	  directly	  related	  to	  the	  MJO	  grow	  fast	  
in	  3me	  and	  propagate	  to	  extratropics	  ⇒	  impact	  forecasts	  

Predictability	  experiments	  with	  OpenIFS	  
q  Forecast	  errors	  on	  MJO	  and	  non-‐MJO	  scales	  	  
q  Propaga3on	  of	  forecast	  errors	  	  

Tropics	  ⇔	  Extratropics	  	  
q  Predictability	  in	  the	  subseasonal	  range	  

Atmospheric	  circula3on	  
Precipita3on	  

Thanks	  for	  the	  a-en.on	  



Tremendous	  progress	  in	  short-‐medium	  range	  
numerical	  weather	  predic3on	  
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Vilhelm	  Bjerknes	  	  
(1862-‐1951)	  

Lewis	  Richardson	  	  
(1881-‐1953)	  

Jule	  Charney	  
	  (1917-‐1981)	  

John	  von	  Neumann	  and	  the	  
ENIAC	  computer.	  


