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Recorded	  century-‐scale	  increase	  in	  Atlan:c	  hurricane	  ac:vity	  
consistent	  with	  es:mated	  impact	  of	  changing	  observing	  system	  
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Vecchi	  and	  Knutson	  (2008),	  	  
Landsea	  et	  al.	  (2009),	  
Vecchi	  and	  Knutson	  (2011)	  
Villarini	  et	  al.	  (2011.b)	  

Adjustments	  to	  storm	  counts	  
are	  based	  on	  ship/storm	  track	  
loca6ons	  and	  density	  
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Evaluate	  hi-‐res	  model	  simula:ons	  with	  homogenized	  datasets	  
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North	  Atlan:c	  
Hurricane	  Counts	  

East	  Pacific	  
Hurricane	  Counts	  

Observed	   Model	  Mean	   Model	  Range	  

•  When	  forced	  with	  observed	  SST,	  a	  100km	  version	  of	  GFDL-‐HiRAM	  recovers	  aspects	  of	  
century-‐scale	  changes	  in	  North	  Atlan:c	  hurricane	  ac:vity.	  

•  Suggests	  decadal	  variability	  in	  East	  Pacific	  may	  not	  be	  synchronized	  with	  North	  Atlan:c.	  

Vecchi,	  Zhao	  and	  Held	  (2011,	  in	  prep)	  
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Use	  homogenized	  data	  to	  build	  sta:s:cal	  models	  for	  
explora:on	  and	  projec:ons	  
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When we consider the linear trend over two different
periods (2001–50 and 2001–2100) from the entire 12-
model suite, we do not find an obvious pattern across the
different radiative forcing scenarios. The large inter-
model spread in the various projections masks the ten-
dency for the multimodel average to show a slight
increasingly negative trend with increasing greenhouse
gas forcing. There are three main reasons that could
explain the very different outcomes from the different
models in these scenarios: internal (unforced) climate
variability within each model, differences in the pre-
scription and model response to nongreenhouse gas
forcings (e.g., aerosol, ozone, and changes in land use–
land cover), and differences in model description and
parameterization of the physical processes that lead to
different sensitivity to greenhouse gas increases. We
distinguish between the greenhouse gas and nongreen-
house gas forcings here in particular because the
greenhouse gas forcing is relatively consistent across the
different models, whereas the nongreenhouse gas forc-
ings are specified, and responded to, in substantially
different ways among the different models. Therefore,
similar patterns of response across the models would

suggest a dominant influence of the (common) green-
house gas forcing.
We attempt to provide a first quantitative description

of the relative contribution of each of these three com-
ponents. The relative impact of internal climate vari-
ability versus total response to climate forcing agents
was examined by computing the correlation coefficient
between the 12-model response vectors for three dif-
ferent scenarios (SRES A2, A1B, and B1). In other
words, we ask to what extent do the models that tend to
show relatively smaller/larger changes in one scenario
also show it in the other scenarios? If the pattern of
ordering of the trends across scenarios is inconsistent,
then we can infer that the spread is largely driven by
either unforced climate variations or by differences in
forcings and responses to nongreenhouse gas forcings.
Focusing on the 2001–2100 trends in SRES A2, SRES
A1B, and SRES B1 (Fig. 6 and Table 2), we obtain
correlation coefficients of the model response across
scenarios between 0.68 and 0.74, indicating that differ-
ences in the model response to total forcing in those
scenarios explain about half of the variance in the
tropical storm response, and with the remaining half
originating from the unforced climate variability and the
nongreenhouse gas forcing/response.
The importance of the internal variability is under-

scored by examining the variability in the slopes from an
ensemble of 10 different GFDL CM2.1 model runs for
the SRES A1B scenario that differ only in their initial
conditions (Fig. 5, middle panel): over the period 2001–
50, the variance for the 10 slopes is equal to 6.2, which is
about 42% of the variance exhibited by the 12 climate
models for the same scenario. Even though each model
has a different internal variability and the results for the
GFDL CM2.1 model cannot be generalized to all of the
other ones, from these estimates we speculate that close
to half of the variability in the results can be attributed to
internal variability. As a third more direct way to esti-
mate the impact of the internal climate variability of the
models on the linear trends, we have examined the
preindustrial control runs for all 12 models, resampling
the data, creating 1000 12-member sets of 100-yr linear
trends and comparing the spread of these to the spread
of the 3 scenarios. In this case, we estimate the internal
climate variability in the models as responsible for close
to 50% of the spread in the projections. Based on these
auxiliary calculations, we conclude that about half of the
variability exhibited by the different models in these
scenarios comes from internal climate variability, with
the rest due to differences in the specification of or the
response to radiative forcing.
To attempt to isolate the role of differences in non-

greenhouse gas forcings in these models on the spread

FIG. 4. Slopes of the regression lines for three periods (2001–
50, 2051–2100, and 2001–2100) for all the 24 available climate
models. These results are based on the projections for the twenty-
first century of the tropical storm counts for the North Atlantic
basin under the SRES A1B scenario, using both tropical Atlantic
and tropical mean SSTs as covariates in the statistical model
(based on the model constructed using NOAA’s ERSSTv3b da-
taset). The solid black curves represent the probability density
function for a Gaussian distribution fitted to the 24 climate
models (gray dots; the mean m and the standard deviation s are
included). In the box plots, the limits of the whiskers repre-
sent the 5th and 95th percentiles, the limits of the boxes repre-
sent the 25th and 75th percentiles, and the horizontal lines and
the squares inside the boxes are the median and the mean,
respectively.
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Projec:ons	  of	  North	  Atlan:c	  TS	  Count	  Trends	  
Using	  Observa:onally-‐based	  Sta:s:cal	  Model	  	  

and	  SST	  Projected	  by	  23	  CGCMs	  
Family	  of	  sta:s:cal	  models	  based	  on	  
observed	  hurricane	  ac:vity	  and	  SST.	  
	  
Use	  two	  predictors:	  
-‐  Tropical	  Atlan:c	  SST	  (posi:ve)	  
-‐  Tropical-‐mean	  SST	  (nega:ve)	  
	  
Consistent	  with	  high-‐res	  dynamical	  
models,	  understanding	  on	  controls	  
to	  hurricanes	  &	  “cheap”.	  

Rate = ea+bSSTATL!cSSTTRO
Knutson	  et	  al.	  (2008)	  Swanson	  (2008),	  Vecchi	  et	  
al.	  (2008),	  	  Zhao	  et	  al.	  (2009,	  2010),	  Villarini	  et	  
al.	  (2010,	  2011.a.,.c),	  Villarini	  and	  Vecchi	  (2011)	  

Villarini	  et	  al.	  (2011.c)	  
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Sta:s:cal	  models	  allow	  us	  to	  es:mate	  sources	  of	  uncertainty	  
for	  hurricane	  ac:vity	  projec:ons	  

!
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Par::oning	  for	  North	  Atlan:c	  SST	  
resemble	  that	  for	  other	  regional	  SSTs:	  	  
•  Short	  term:	  Variability	  
•  Medium	  term:	  Response	  
•  Long	  term:	  Forcing	  &	  	  Response	  

Even	  though	  Atlan:c	  SST	  a	  predictor,	  
par::oning	  for	  NA	  Tropical	  Storms	  
dis:nct:	  	  
•  Short	  term:	  Variability	  
•  Medium	  term:	  Response	  &	  Variability	  
•  Long	  term:	  Response	  &	  Variability	  

Villarini	  et	  al.	  (2011),	  Villarini	  and	  Vecchi	  (2011,	  in	  prep.)	  
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Merge	  mul:ple	  tools	  and	  understanding	  to	  build	  experimental	  long-‐lead	  
hurricane	  forecast	  system:	  skill	  from	  as	  early	  as	  October	  of	  year	  before	  
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Run	  Hi-‐Res	  AGCM	  in	  
many	  different	  

climates.	  	  
Count	  storms.	  

Build	  sta:s:cal	  
model	  of	  the	  
response	  of	  

hurricanes	  in	  HiRAM	  

Use	  CM2.1	  (and	  CFS)	  
to	  forecast	  future	  

values	  of	  Atlan:c	  and	  
Tropical	  SST	  

Apply	  
Stat	  

model	  to	  
Predicted	  

SST	  

Make	  Predic:on	  
of	  Full	  PDF	  of	  
Hurricane	  
Ac:vity	  

Ini6alized	  January	  

Vecchi	  et	  al.	  (2011)	  

May	  &	  onward	  
forecasts	  fed	  to	  
NOAA	  Seasonal	  
Outlook	  Team	  
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Poten:al	  Decadal	  Predictability:	  Idealized	  studies	  indicate	  hurricane	  
counts	  have	  some	  predictability	  when	  MOC	  predictable	  

7	  
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Mul:-‐year	  hurricane	  forecasts	  show	  strong	  retrospec:ve	  correla:on:	  
What	  does	  this	  mean	  for	  actual	  forecasts?	  
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FORECAST	  TYPE	   CORRELATION	  
PERSISTENCE	   0.36	  
UNINITIALIZED	   0.42	  
YEAR	  0-‐4	  INIT	   0.63	  
YEAR	  1-‐5	  INIT	   0.66	  
YEAR	  2-‐6	  INIT	   0.61	  
YEAR	  3-‐7	  INIT	   0.59	  
YEAR	  4-‐8	  INIT	   0.53	  
YEAR	  5-‐9	  INIT	   0.61	  

2011-‐2015	  from	  2011	  

2016-‐2020	  from	  2011	  

Retrospec:ve	  1961-‐2008	  ini:alized	  predic:on	  of	  5-‐year	  averaged	  North	  Atlan:c	  hurricane	  count	  	  

Observa:ons	  
Ini:alized	  pre-‐1968	  
Ini:alized	  pre-‐1995	  
Ini:alized	  post-‐1995	  

50	  years	  is	  a	  rela:vely	  short	  record	  
with	  mul:ple	  changes	  in	  observing	  
system,	  and	  one	  big	  “change-‐point”:	  
Difficult	  to	  confidently	  assess	  skill.	  

Co
un

t	  
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Summary	  
•  Recorded	  century-‐scale	  increase	  in	  Atlan:c	  hurricane	  

frequency	  consistent	  with	  observing	  system	  changes.	  
•  Homogenized	  records	  &	  model-‐based	  dynamical	  insight	  allow	  

simple	  sta:s:cal	  models	  to	  be	  built.	  
•  Sta:s:cal	  models	  allow	  for	  projec:ons	  across	  many	  GCMs.	  

Key	  uncertainty	  sources:	  
–  GCM	  response	  in	  paierns	  of	  SST	  
–  Internal	  variability	  (some	  may	  be	  predictable,	  some	  not)	  

•  Skillful	  long-‐lead	  (mul:-‐season	  and	  mul:-‐year)	  experimental	  
forecasts	  using	  hybrid	  system:	  sta:s:cal	  models	  built	  on	  
dynamical	  models	  +	  coupled	  predic:on	  systems	  	  

9	  
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