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Model	  Evalua+on	  
•  Evalua+on	  of	  model	  forecasts	  is	  an	  indispensible	  
component	  of	  the	  model	  development	  effort.	  

•  Standard	  performance-‐oriented	  metrics,	  such	  as	  ACC	  and	  
RMSE,	  are	  rou+nely	  used	  in	  opera+onal	  centers	  for	  
forecast	  verifica+on.	  NCAR	  DTC	  also	  developed	  model	  
evalua+on	  tools	  (MET).	  	  

•  Physics-‐oriented	  diagnos+cs	  focus	  on	  the	  cri+cal	  
processes	  or	  phenomena	  and,	  through	  evalua+on	  of	  key	  
variables,	  shed	  light	  on	  the	  deficiencies	  of	  the	  physical	  
parameteriza+on	  or	  other	  errors	  in	  a	  model.	  

•  In	  brevity,	  physics-‐oriented	  evalua+on	  not	  only	  provides	  
informa+on	  on	  how	  well	  a	  model	  performs	  but	  also	  on	  
why	  a	  model	  may	  fail	  in	  a	  certain	  aspect.	  	  



Over-‐arching	  Objec+ve	  
•  Objec5ve:	  develop	  physics-‐oriented	  diagnos+c	  tools	  to	  

assist	  the	  development	  of	  the	  NOAA’s	  Next	  Genera+on	  
Global	  Predic+on	  System	  (NGGPS)	  under	  the	  R2O	  Ini+a+ve	  	  	  

•  Expected	  outcome:	  a	  suite	  of	  diagnos+c	  tools	  with	  general	  
applicability	  across	  models	  	  

•  In-‐depth	  evalua+on	  of	  model	  forecasts	  using	  physics-‐
oriented	  metrics	  helps	  to	  “improve	  the	  physical	  
parameteriza1ons	  to	  allow	  for	  efficient,	  accurate	  and	  more	  
complete	  representa1ons	  of	  physical	  processes	  and	  their	  
interac1ons	  across	  scales”	  and	  helps	  to	  “achieve	  a	  world	  
class	  global	  predica1on	  system”,	  which	  is	  highly	  relevant	  to	  
the	  priority	  of	  the	  R2O	  ini+a+ve.	  	  



Two	  Foci	  

1.   Prominent	  Mo5on	  Systems	  
–  Tropical	  Cyclones	  
– MJO	  
–  Blocking	  
–  Teleconnec+ons	  

2.   Specific	  Physical	  Processes	  
– Moist	  convec+on:	  cumulus	  parameteriza+on,	  CWV-‐precip	  
rela+onship,	  Q1/Q2	  diagnoses	  

– Model	  representa+on	  of	  different	  cloud	  regimes:	  evalua+on	  of	  
the	  model	  clouds	  using	  satellite	  simulators	  

o  Level 1: Performance-oriented evaluation  

o  Level 2: Physics-oriented evaluation 

o  Level 3: Evaluation of predictability 



Outline	  of	  the	  Report	  

•  Major	  Accomplishments	  in	  FY16	  
– Evalua+on	  of	  Tropical	  Cyclones	  and	  the	  MJO	  in	  
GEFS	  (a	  brief	  summary)	  

– Predictability	  of	  Tropical	  Cyclones	  at	  Different	  
Time	  Scales	  

•  Priority	  Focus	  for	  FY17	  
•  Transi+on	  to	  EMC	  	  
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a) Tropical cyclones 
Performance-oriented metrics have been developed by the NCAR-Developmental 

Testbed Center (DTC) for the track and intensity verification of individual storms2. These 
metrics evaluate the track and intensity errors of individual storms but do not reveal the 
systematic errors of a model. As shown in Fig. 4, the tropical cyclogenesis location shifts 
more than 15 degrees northward over the western North Pacific in the GEFS reforecasts 
(Hamill et al. 2013). Large errors are also found over the East Pacific and East Atlantic. 
Over the western North Pacific, a large number of tropical cyclones develop in a 
monsoon trough. A close look at the seasonal mean circulation indicates that the 
monsoon trough is too weak over the tropical West Pacific and the subtropical ridge is 
too weak in the north (Fig. 5), resulting a northward displacement of the center of action 
for tropical cyclones. The weak monsoon trough over the western North pacific is 
consistent with the dry bias shown in the precipitation evaluation (Fig. 1). Further 
evaluation will be done to examine the seasonality and regional distribution of tropical 
cyclones, the control of tropical cyclone activity by the large-scale conditions, the 
prediction skill in different synoptic conditions. 

 
Fig.  4 Tropical cyclone genesis density function from (a) the IBTrACS, (b) GEFS 1-7-
day reforecasts; (c) the difference between the two (units: tropical cyclone counts per 
year per 10ºX10º box centered at each 2.5º grid point). Data are derived for the time 
period 1985-2012. 

!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!
2!See!the!User’s!Guide!at!http://www.dtcenter.org/met/users/docs/users_guide/MET>
TC_Users_Guide_v5.0.pdf!

Cape Verde islands. Over the eastern North Pacific, the
dipole-pattern biases in the TDF are consistent with the
southeastward shift of the genesis center. In the Southern
Hemisphere and the Indian Ocean, the overprediction
of the TDF is consistent with the overprediction of
genesis. Overall, the track biases can be partly attrib-
uted to the genesis biases. Figure 3d shows a poleward
shift of the TDF in both hemispheres in the week-2
reforecasts compared to the week-1 reforecasts.

4. Impact of environmental condition biases on TC
prediction

a. Biases in tropical cyclogenesis

The TC climatology in the GEFS shows some regional
biases. Since TC genesis depends on large-scale environ-
mental conditions, it is natural to ask which mean state
errors in the model contribute to the genesis biases. We
will use the genesis potential index (GPI) to address this

FIG. 2. The climatological annual mean TC GDF [number of TCs (108 3 108)21 yr21] during
1985–2012 from (a) IBTrACS, (b) the ensemble mean GEFS week-1 reforecasts, (c) the dif-
ference between the GEFS week-1 reforecasts and IBTrACS, and (d) the difference between
the GEFS week-1 and -2 reforecasts.
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Physics-‐oriented	  Evalua+on	  to	  Link	  Tropical	  Cyclogenesis	  Biases	  
to	  the	  Model	  Physics:	  An	  Example	  

Biases	  of	  Tropical	  Cyclogenesis	  in	  GEFS	  

Large	  biases	  in	  tropical	  cyclogenesis	  exist	  on	  the	  
regional	  scale.	  

TC	  genesis	  biases	  are	  related	  to	  biases	  in	  diff.	  large-‐scale	  
circula5ons	  over	  diff.	  basins	  	  
•  a	  weaker-‐than-‐observed	  monsoon	  trough	  over	  the	  

West	  Pacific	  
•  a	  southward	  displaced	  ITCZ	  over	  the	  East	  Pacific	  
•  hyperac+ve	  Africa	  easterly	  waves	  over	  the	  East	  

Atlan+c	  

a	  dry	  bias	  in	  column	  water	  vapor	  
(CWV)	  and	  precipita5on	  is	  ini5ated	  

too	  early	  with	  respect	  to	  CWV	  
accumula5on	  in	  the	  GEFS	  à	  

Deficiencies	  in	  the	  cumulus	  scheme.	  	  

bias inCWVindicates the underprediction (overprediction)
of heavy (light) precipitation in the GEFS, which is con-
firmed in Fig. 8c. Compared to the CMORPH findings,
the GEFS underpredicts moderate-to-heavy precipitation
(.30mmday21) by over 70%. Consistent with CWV, the
negative bias in precipitation increases with the forecast
lead times. The frequency of drizzle-to-light (15–30mm)
precipitation is slightly underpredicted in the day-8 re-
forecast and overpredicted in the day-16 reforecast.

The early initiation of precipitation with respect to the
CWV is consistent with hyperactive convection over
West Africa. This was also confirmed by Bombardi et al.
(2015), who found deep convection was triggered too
frequently in the SAS scheme. The underprediction of
heavy precipitation is consistent with the weaker mon-
soon trough in the GEFS than observed (Fig. 5). A
weaker monsoon trough along with negative genesis
biases over the western North Pacific was also found in

FIG. 8. (a) The average daily precipitation rate (mmday21) in 1-mm-wide bins of the CWV
(mm; smoothed by cubic interpolation), (b) the probability distribution of CWV (%), and
(c) the relative probability distribution differences of precipitation rate (%) between theGEFS
day-8 and -16 reforecasts and CMORPH results over the tropical ocean areas (208S–208N) for
2003–12. The average daily precipitation rate was stratified into 15-mmday21 wide bins. The
black solid lines indicate the precipitation rate and CWV of version-7 SSMIS; yellow, red, and
green lines (or bars) show the cases in CFSR (day 0), and the GEFS day-8 and -16 reforecasts,
respectively.
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Why	  are	  we	  interested	  in	  predictability?	  

•  “Future	  advances	  in	  the	  quality	  of	  ISI	  predic1ons	  
are	  closely	  1ed	  to	  exploi1ng	  new	  sources	  of	  
predictability	  or	  improving	  the	  representa1on	  of	  
known	  sources	  of	  predictability	  in	  current	  
forecast	  systems”	  (NRC	  report)	  
–  Iden+fy	  the	  sources	  of	  predictability	  
– Evaluate	  the	  representa+on	  the	  sources	  
– What	  are	  the	  key	  physical	  processes	  for	  skillful	  
predic+on	  of	  TCs?	  How	  are	  they	  represented?	  	  

– Help	  us	  beder	  interpret	  the	  predic+on	  skill	  



Tropical	  Cyclogenesis	  

•  Socio-‐economic	  impacts	  of	  TCs	  
•  For	  extended	  range	  forecasts,	  skillful	  
predic+on	  of	  TC	  genesis	  loca+on	  and	  +me	  is	  
cri+cal	  for	  the	  skillful	  track	  and	  intensity	  
predic+on	  

•  Skillful	  predic+on	  of	  TCG	  near	  coast	  is	  of	  
par+cular	  importance	  for	  storm	  preparedness	  



TC	  Forma+on:	  Mul+-‐scale	  Interac+on	  

Montgomery	  and	  Smith	  2010	  

•  Interannual	  Time	  Scale	  
•  Subseasonal	  Time	  Scale	  
•  Synop+c	  Scale	  



Data	  

•  Global	  Ensemble	  Forecas+ng	  System	  Reforecast-‐2	  
(GEFS-‐R),	  with	  the	  forecast	  lead	  up	  to	  16	  days	  
(1985-‐2012)	  (Hamill	  et	  al.	  2013)	  

•  GFDL	  Vortex	  Tracker	  (Marchok	  2002)	  
•  IBTrACS	  (Knapp	  et	  al.	  2010)	  
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TC indices 
•  TC	  counts:	  the	  total	  number	  of	  TCs	  within	  a	  certain	  
period	  over	  a	  certain	  basin;	  	  

•  TC	  days:	  the	  sum	  of	  the	  life	  +me	  of	  all	  TCs	  measured	  
in	  days;	  

•  Accumulated	  cyclone	  energy	  (ACE):	  integra+ng	  the	  
squares	  of	  the	  maximum	  sustained	  surface	  wind	  
speed	  over	  the	  life+me	  of	  a	  TC	  for	  all	  TCs,	  which	  is	  a	  
func+on	  of	  TC	  numbers,	  life+mes,	  and	  intensi+es.	  

•  All	  indices	  are	  derived	  from	  GEFS	  week-‐1	  or	  week-‐2	  
reforecasts	  –	  poten5al	  predic5on	  skill	  of	  GEFS	  on	  
the	  subseasonal	  to	  seasonal	  5me	  scale.	  



Interannual	  Variability	  of	  TC	  Counts	  

Week-1 Week-2
WP 0.32 0.51

EP 0.62 0.71

NA 0.51 0.48

NIO 0.21 0.41

SH 0.34 0.28

Rank Correlation with obs: 

12	  

Red: the significant 
coefficients with 95% 

confidence  



Interannual	  Variability	  of	  ACE	  

Week-1 Week-2
WP 0.82 0.80

EP 0.84 0.75

NA 0.86 0.75

NIO 0.11 0.32

SH 0.22 0.33

Rank Correlation with obs: 

13	  

Red: the significant 
coefficients with 95% 

confidence  



Pearson’s	  correla+ons	  with	  Nino	  3.4	  

Pearson’s correlations with Nino 3.4 (Jun-Nov, 1985-2012)!
TC frequency ACE

Basin Obs Week-1 Week-2 Obs Week-1 Week-2

WP 0.25 0.36 0.35 0.72 0.73 0.76

EP 0.48 0.66 0.75 0.38 0.49 0.61

NA -0.42 -0.66 -0.46 -0.48 -0.52 -0.55

All above the 95% confidence (0.32) except the one between Nino 3.4 and the observed 
TC counts over the WP. 

14	  



Subseasonal	  Time	  Scale:	  Can	  GEFS	  capture	  the	  
ac+ve	  and	  inac+ve	  periods	  of	  TC	  ac+vity?	  

Black:	  7-‐day	  running	  mean	  TC	  days	  or	  
weekly	  cyclone	  energy	  (WCE)	  from	  
IBTrACS,	  with	  the	  seasonal	  cycle	  
removed.	  
Red:	  Week-‐1	  GEFS	  reforecasts	  	  	  
Blue:	  Week-‐2	  GEFS	  reforecasts	  

GEFS captures the active 
and inactive periods for TC 
activity reasonably well in 
2000… what about other 

years? 

Corr. Week-1 Week-2
TC Days 0.79 0.53

WCE 0.91 0.69
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Time	  series	  of	  the	  Pearson’s	  correla+on	  between	  the	  
observed	  and	  predicted	  TC	  days	  /	  WCE	  	  

	  

95% 
confidence 

Reasonable skill in 
predicting the 

active and inactive 
TC periods (corr > 
0.6) in most years 
with the lead time 

of  7-14 days  
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But still see large 
year-to-year 

variability of  the 
correlation 

coefficients…? 



What	  modulates	  the	  subseasonal	  
predic+on	  skill?	  

17	  

Impact of ENSO Impact of MJO 

! 56!
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Figure 13 The mean correlation coefficients of the TC days (left column) and ACE (right 964 

column) with the observation stratified by different climate indices: the velocity potential 965 

MJO (VPM) indices (top panel), the Niño 3.4 index (middle panel), and the AMM index 966 

(bottom panel) in July-November during 1985-2012. The red and blue bars indicate the 967 

GEFS Week-1 and -2 reforecasts, respectively. Plus signs indicate that the difference 968 

between an anomalous group and the corresponding neutral group exceeds the 90% 969 

confidence. 970 
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Impact of AMM 

Weak	   Strong	   Lanina	   Elnino	   Nega+ve	   Posi+ve	  

Predic+on	  skill	  tends	  to	  be	  higher	  (weaker)	  in	  years	  of	  strong	  (weak)	  MJO	  ac+vity.	  	  
Higher	  skill	  during	  Elnino	  or	  Lanina	  years	  than	  in	  neutral	  years	  
No	  significant	  impacts	  of	  AMM	  were	  found	  ß	  the	  ITCZ	  biases	  in	  the	  GEFS	  

Week	  1	  
Week	  2	  



Atlan+c	  Meridional	  Mode	  (AMM)	  and	  TC	  Counts	  

Indices	   Obv.	   Week-‐1	   Week-‐2	  
Nino3.4	   -‐0.42	   -‐0.66	   -‐0.66	  
AMM	   0.74	   0.48	   0.52	  

East%Pacific%and%Atlan.c%

•  The%ITCZ%is%displaced%
southward%over%the%E.%
Pac%and%the%Atlan.c.%

•  Precipita.on%is%
overpredicted%over%
West%Sahel,%Central%
America%and%northern%
South%America.%

Precip	  
The	  AMM-‐TC	  correla+on	  in	  
the	  GEFS	  is	  weaker	  than	  the	  
observa+on	  
Likely	  due	  to	  biases	  in	  both	  
the	  Atlan+c	  TCG	  and	  the	  ITCZ	  
AMM:	  Untapped	  predictability	  	  



Synop5c	  Time	  Scale:	  TC	  genesis	  pathways	  
•  Precursors provide the local environment for TCG. 
•  McTaggart-Cowan et al.(2013) defined 5 categories of  TC genesis 

based on the synoptic-scale environment; 
•  They are categorized by two metrics: 

1.   Upper-level forcing 

2.   Low-level baroclinity 
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Non-
baroclinic

Low-level 
baroclinic

Trough 
induced Weak TT Strong TT

Upper-level 
forcing Low Low High High High

Low-level 
Baroclinity Low High Low Medium High





Synop5c	  Time	  Scale:	  Symmetric	  Extremal	  
Dependence	  Index	  (SEDI)	  

Forecast	  skill:	  Low-‐level	  baroclinic	  >	  Non-‐baroclinic	  or	  Trough	  
induced	  >	  Weak	  TT	  >	  Strong	  TT	  

21	  

SEDI:	  No	  degeneracy	  for	  rare	  binary	  events.	  higher	  score-‐>	  higher	  skill	  



Synop5c	  Time	  Scale:	  	  
RMSE	  in	  the	  Vicinity	  of	  Genesis	  

22	  

Root-mean-square error (RMSE) of  vertical shear and RH700 over 
20º x 20º box around the observed genesis center 

Forecast	  lead	  ,me	   Forecast	  lead	  ,me	  



Summary	  
•  GEFS	  skillfully	  captures	  the	  interannual	  variability	  of	  TC	  counts	  and	  ACE	  

over	  the	  North	  Pacific	  and	  the	  Atlan+c,	  which	  can	  be	  partly	  adributed	  to	  
the	  modula+on	  of	  TCs	  by	  the	  ENSO.	  

•  GEFS	  shows	  promising	  skill	  in	  predic+ng	  the	  ac+ve	  and	  inac+ve	  periods	  
of	  TC	  ac+vity	  over	  the	  Atlan+c	  on	  the	  subseasonal	  +mescales,	  but	  the	  
skill	  has	  large	  year-‐to-‐year	  fluctua+ons.	  Our	  analysis	  shows	  possible	  
impacts	  of	  the	  ENSO	  and	  the	  MJO	  on	  the	  subseasonal	  TC	  predictability.	  

•  The	  impacts	  of	  the	  AMM	  were	  not	  well-‐represented	  in	  the	  model,	  which	  
can	  be	  adributed	  to	  biases	  in	  the	  TCG	  distribu+on	  and	  the	  ITCZ	  loca+on	  -‐	  
an	  untapped	  source	  of	  predictability	  in	  the	  model. 

•  Local	  synop+c-‐scale	  environment	  affects	  TC	  predictability	  over	  the	  
Atlan+c:	  stronger	  upper-‐level	  forcing	  (weak	  TT	  and	  strong	  TT)	  is	  
associated	  with	  weaker	  predictability.. 



Priority	  Focus	  for	  FY17	  

1.  Prominent	  Mo+on	  Systems	  
–  Tropical	  Cyclones	  
– MJO	  
–  Blocking	  
–  Teleconnec5ons	  

2.  Specific	  Physical	  Processes	  
– Moist	  convec+on:	  cumulus	  parameteriza+on,	  CWV-‐precip	  
rela+onship,	  Q1/Q2	  diagnoses	  

– Model	  representa+on	  of	  different	  cloud	  regimes:	  
evalua+on	  of	  the	  model	  clouds	  using	  satellite	  simulators	  

o  Level 1: Performance-oriented evaluation  

o  Level 2: Physics-oriented evaluation 

o  Level 3: Evaluation of predictability 



Blocking	  (DJF):	  ERA-‐Interim	  vs.	  GFDL	  
Coupled	  HiRAM	  Hindcasts	  (2003-‐2013)	  



Annual	  Mean	  Blocking	  Frequency	  

•  Blocking	  frequency	  does	  not	  decrease	  with	  forecast	  lead	  +me	  
•  An	  eastward	  shiq	  of	  the	  blocking	  center	  over	  the	  Pacific	  

Longitude	  
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Transi+on	  of	  the	  Diagnos+c	  Tools	  
•  Diagnos+c	  tools	  have	  been	  tested	  with	  different	  
models	  of	  different	  spa+al/temporal	  resolu+ons	  
– Developed	  with	  GEFS;	  tes+ng	  with	  FIM	  and	  CM4	  
hindcasts	  

– A	  bug	  in	  the	  TC	  tracker	  was	  found	  in	  the	  tes+ng	  with	  
FIM	  hindcasts	  and	  reported	  to	  HWRF	  team.	  

•  Transi+on	  to	  DTC	  global	  model	  Testbed	  with	  
tes+ng	  data	  and	  documents	  (working	  with	  Ligia	  
Bernardet	  and	  Louisa	  Nance)	  	  

•  Bi-‐weekly	  global	  model	  verifica+on	  mee+ng	  
organized	  by	  Fanling	  Yang	  	  



QUESTIONS?	  


