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Main	
  challenge:	
  

•  Climate	
  model	
  simula.ons:	
  low	
  horizontal	
  
resolu.on	
  –	
  computa.onally	
  compa.ble	
  with	
  
long	
  simula.ons,	
  mul.ple	
  future	
  scenarios	
  
and	
  mul.ple	
  ensemble	
  members.	
  

•  Tropical	
  cyclones:	
  accurate	
  simula.on	
  
necessary	
  to	
  run	
  models	
  with	
  high	
  horizontal	
  
resolu.on.	
  

•  Simula.on	
  of	
  TCs	
  in	
  climate	
  models	
  a	
  difficult	
  
task.	
  



Historical	
  perspec.ve	
  I	
  

•  Since	
  1970s:	
  climate	
  models	
  produce	
  
disturbances	
  similar	
  to	
  Tropical	
  Cyclones	
  
(TCs)	
  

•  	
  Loca.on,	
  seasonality,	
  tracks,	
  life.me:	
  
“compa.ble”	
  with	
  observa.ons	
  

	
  



Historical	
  Perspec.ve	
  II:	
  
1st	
  paper	
  discussing	
  tropical	
  cyclones	
  in	
  climate	
  models:	
  	
  
Manabe,	
  Holloway	
  and	
  Stone,	
  JAS	
  1970	
  
•  Cyclonic	
  vor.ces	
  in	
  observed	
  TC	
  regions	
  
•  Low-­‐resolu.on	
  model:	
  417	
  km	
  (Equator)	
  to	
  655	
  km	
  (Poles)	
  
	
  

	
  Manabe	
  et	
  al.,	
  J.	
  Atmos.	
  Sci.,	
  1970	
  



Historical	
  Perspec.ve	
  III	
  

•  Structure	
  somewhat	
  similar	
  to	
  observed	
  TCs	
  
•  Vor.ces	
  with	
  low	
  pressure	
  values,	
  heavy	
  
precipita.on,	
  strong	
  convergence	
  near	
  the	
  
surface	
  and	
  divergence	
  in	
  the	
  upper	
  
troposphere	
  

•  Forma.on	
  with	
  warm	
  over	
  warm	
  sea	
  surface	
  
temperatures	
  (SSTs)	
  

•  Main	
  biases:	
  large	
  size	
  and	
  weak	
  intensity	
  –	
  
due	
  to	
  low	
  horizontal	
  resolu.on	
  



Historical	
  Perspec.ve	
  IV:	
  

•  Bengtsson,	
  Böfger	
  &	
  Kanamitsu,	
  Tellus	
  A,	
  
1982:	
  TCs	
  in	
  the	
  ECMWF	
  model	
  (1	
  year)	
  –	
  
sensi.vity	
  to	
  SST.	
  	
  

•  1980s:	
  substan.al	
  progress	
  in	
  forecas.ng	
  
individual	
  storms.	
  Necessary	
  requirements:	
  
– Horizontal	
  high-­‐resolu.on	
  
– Surface	
  layer	
  fluxes	
  with	
  adequate	
  resolu.on	
  
– Parametriza.ons	
  of	
  boundary	
  layer,	
  cumulus	
  
convec.on,	
  radia.ve	
  processes	
  



Improvements	
  
with	
  increasing	
  

model	
  
resolu.on	
  

Bengtsson	
  et	
  al.	
  1995	
  	
  



Historical	
  Perspec.ve	
  V:	
  
Climate	
  Change	
  &	
  Tropical	
  Cyclones	
  

•  First	
  study	
  -­‐	
  Broccoli	
  &	
  Manabe	
  (1990):	
  
simula.ons	
  with	
  2xCO2	
  vs.	
  control:	
  
– TC	
  like	
  storms	
  tracked	
  in	
  both	
  models	
  
–  	
  Results	
  were	
  inconclusive,	
  depending	
  on	
  cloud	
  
treatment.	
  

•  Launch	
  of	
  a	
  new	
  way	
  of	
  studying	
  the	
  
interac.on	
  of	
  TCs	
  and	
  climate	
  change	
  



Historical	
  Perspec.ve	
  VI	
  
•  First	
  studies	
  analyzing	
  the	
  impact	
  of	
  climate	
  
change	
  on	
  tropical	
  cyclone	
  ac.vity	
  in	
  the	
  1990s	
  
(Broccoli	
  &	
  Manabe,	
  1990;	
  Haarsma	
  et	
  al.	
  1993;	
  
Bengtsson	
  et	
  al.	
  1996).	
  

•  Double	
  CO2	
  vs.	
  control	
  	
  

Haarsma	
  et	
  al.,	
  Clim.	
  Dyn.,	
  1993	
  



Alterna.ve	
  approaches	
  

•  Genesis	
  indices	
  applied	
  to	
  climate	
  models	
  
•  Dynamical	
  Downscaling	
  
•  Sta.s.cal-­‐dynamical	
  downscaling	
  	
  
•  Sta.s.cal-­‐dynamical	
  forecasts	
  



Genesis	
  Indices	
  

Emanuel	
  &	
  Nolan	
  GPI	
  	
  
Camargo	
  et	
  al.	
  2007	
  

Tippef	
  et	
  al.	
  2011	
  TCGI	
  
Camargo	
  et	
  al.	
  2014	
  



Genesis	
  Indices	
  &	
  Climate	
  Change	
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Synthe.c	
  tracks	
  –	
  large-­‐scale	
  
environment	
  from	
  climate	
  models	
  

To the extent that one has reliable characteriza-
tions of the interannual to interdecadel variation of 
atmospheric winds, for example, owing to El Niño 
(Gray 1984), the Atlantic Multidecadel Oscillation 
(Goldenberg et al. 2001), or the North Atlantic 
Oscillation (Elsner et al. 2000), and tropical cyclo-
genesis distributions, or a prediction of how they 
might change in a future climate, the second track 
method (and, to a lesser extent the first) can be used 
to estimate corresponding changes in hurricane 
wind risk. This is a subject of ongoing research by 
our group. One factor that is known to inf luence 
hurricane intensity is upper-ocean thermal vari-
ability. We are working to characterize the statistics 
of such variability and to incorporate this in our 
wind risk models.

ACKNOWLEDGMENTS. The authors are grateful for 
very helpful reviews by Chris Landsea and two anonymous 
reviewers.

APPENDIX A: SYNTHETIC TRACK GEN-
ERATION USING MARKOV CHAINS. Our 
statistical approach to constructing synthetic tracks 
can be divided into three phases. First, a smooth, 
discrete space–time genesis probability distribution is 
constructed from the HURDAT (Jarvinen et al. 1984) 
track database and genesis events are sampled from 
this distribution. (For this purpose, we use data only 
from 1970 and later, when global storm detection by 
satellite is regarded as being complete.) Second, each 
sample is integrated forward in 6-h steps as a Markov 
chain (Lange 2003), using translation speed and 
direction and their rates of change as state variables. 
Transition probabilities for the Markov chain are con-
structed using variable-resolution, kernel-smoothed 
nonparametric densities conditioned on a prior state, 
time, and position.

The Markov chain model is motivated by the fact 
that the temporal autocorrelation spectra of speed 
and angles suggest meaningful correlation length 
scales of no longer than three (6 h) time units, in-
dicating a colored process that is well modeled as a 
Markov process (Lange 2003). We chose these state 
variables because we found that they can better repre-
sent track continuity than a latitude–longitude–time 
parameterization. We use kernel-smoothed, variable-
resolution representations (Wand and Jones 1994), 
motivated by the necessity to produce distributions 
that are not prone to sampling failures.

Tracks are terminated using two criteria: the first 
is a termination probability density function (PDF) 
constructed in a similar manner to the genesis PDF 
from HURDAT and, the second is when searches 
at multiple space–time resolutions fail to provide 
evidence for a transition. We continue tracks over 
land and cold water, because our intensity estima-
tor will naturally allow storms to decay under such 
circumstances. All of the Atlantic track data were de-
rived from the HURDAT track database maintained 
by the NOAA Tropical Prediction Center, covering 
the period of 1851–2002. For the purpose of deriving 
track-displacement statistics, we used data from this 
entire period, though comparison with calculations 
using only post-1970 data show some differences (see 
appendix B). We have also used TPC and JTWC track 
data to generate tracks in other ocean basins, but do 
not report on those results here.

Details of this track synthesizer are presented in 
the online supplement (DOI:10.1175/BAMS-87-3-
Emanuel) to this paper. Here we present some statisti-
cal analyses of tracks generated using this method.

Figure A1 compares a sample of 60 tracks generated 
by this technique to a random sample of HURDAT 
tracks. In general, the shape of the tracks is similar, 
though the synthetic tracks are a bit smoother. Figure 1 

FIG. A1. Sixty random tracks from (a) the Markov chain method, and (b) HURDAT data.
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Sta.s.cal-­‐Dynamical	
  Downscaling	
  

stratification of the upper ocean is not considered here. Earlier
work showed that order 10% increases in ocean mixed layer
thickness have very minor effects on tropical cyclone activity (18),
but future work will incorporate modeled changed in upper ocean
thermal structure.
When driven by National Center for Atmospheric Research/

National Centers for Environmental Prediction (NCAR/NCEP)
reanalyses during the period 1980–2006, this downscaling tech-
nique with a constant rate of random seeding produces results
that explain as much of the observed variance and trends in
North Atlantic tropical cyclone activity as do certain global
models (11, 19) and the regional downscaling model of Knutson
et al. (20), which was also driven by NCAR/NCEP reanalysis
data. The technique captures well the observed spatial and sea-
sonal variability of tropical cyclones around the globe, as well as
the effects of such climate phenomena as El Nino Southern
Oscillation (ENSO) and the Atlantic Meridional Mode (9).
When driven by reanalysis data that extend over much of the
20th century, the downscaling technique captures observed
trends in storm frequency in all ocean basins except for the
eastern North Pacific (21). Thus, there are objective reasons to
have some confidence in the ability of the downscaling technique
to simulate the effects of climate and climate change on tropical
cyclone activity. An important advantage of this technique over
explicit simulation with global and regional models is that its
high resolution of the storm core allows it to capture the full
intensity spectrum of real storms.
Our downscaling technique requires a single global calibra-

tion of the rate of seeding. Here we calibrate the seeding rate
used by each model so as to produce 80 events globally with
maximum 1-min winds at 10 m altitude exceeding 40 knots (kn),
averaged over the historical period 1950–2005. Because some of
the events included in our dataset have maximum winds less than
40 kn, the total storm frequencies shown here may have 1950–
2005 averages slightly larger than 80. It should also be noted that,
in contrast to Emanuel et al. (9), we downscale each year of
model data separately. We ran 600 events per year globally,
for each of the years in the span 1950–2100, using historical
simulations for the period 1950–2005 and the Representative
Concentration Pathway 8.5 (RCP8.5) scenario for the period
2006–2100. This large number of events keeps the strictly random
(Poisson) interannual variability of global storm counts at less
than 5%.

Results
Fig. 1 shows a box plot of the global frequency of downscaled
tropical cyclones, averaging each simulation over 10-y blocks. An
increase in global mean frequency during roughly the first three
quarters of the 21st century is indicated, with a total increase in
the range of 10–40%. Fig. 2, displaying the change in track
density averaged over the five models, shows that most of the
increase in frequency is in the North Pacific, but with substantial
increases in the North Atlantic and South Indian oceans as well.
One distinct advantage of our downscaling technique is that it

captures the full spectrum of storm intensity (17), in contrast with
direct global model simulations, which truncate the high-intensity
events (11) that do a disproportionate amount of total tropical
cyclone damage (22, 23). One convenient measure of tropical
cyclone intensity is the power dissipation index, an estimate of the
total amount of kinetic energy dissipated by tropical cyclones over
their lifetimes (24). The power dissipation index is the integral
over the lifetime of the storm of its maximum surface wind cubed.
Here we also accumulate global power dissipation over each 10-y
block from 1950 to 2100 and display the result in Fig. 3. Averaged
over the six models, power dissipation increases by about 45%
over the 21st century. Of this increase, very nearly half comes
from the increase in the frequency of events discussed previously;
the other half comes from an increase in the cube of the surface
winds. This is reflected in a 40% increase globally in hurricanes of
Saffir–Simpson category 3 and higher.
The spatial distribution of the increase in power dissipation is

illustrated in Fig. 4. Consistent with the increase in track density,
most of the increase in power dissipation is in the North Pacific,
but with significant increases in the western part of the North
Atlantic and in the South Indian Ocean as well. Averaged over
the six models, the power dissipation at landfall increases by
about 55% over the 21st century, consistent with the increase in
basin-wide power dissipation. (Landfall power dissipation is de-
fined at the cube of the surface winds at the last 2-h snapshot of
a tropical cyclone before landfall. Landfall is defined in terms of
1/4 × 1/4 degree bathymetry.)
Overall, these results project substantial increases in tropical

cyclone activity under the RCP8.5 emissions pathway, at least for
the six models used here. In the next section, these results are
analyzed and compared and contrasted with previous work.

Analysis and Comparison with Previous Work
Although the physics underlying the frequency of tropical cyclo-
genesis are not well understood, several indices have been de-
veloped that empirically relate observed tropical cyclogenesis rates
to environmental variables thought to be important in controlling
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Fig. 1. Global annual frequency of tropical cyclones averaged in 10-y blocks
for the period 1950–2100, using historical simulations for the period 1950–
2005 and the RCP8.5 scenario for the period 2006–2100. In each box, the red
line represents the median among the six models, and the bottom and tops
of the boxes represent the 25th and 75th percentiles, respectively. The
whiskers extend to the most extreme points not considered outliers, which
are represented by the red + signs. Points are considered outliers if they lie
more than 1.5 times the box height above or below the box.
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change. In general, there are substantial increases 
in power dissipation in the western North Pacific 
and decreases in the Indian Ocean and through the 
Southern Hemisphere, while the tendency is some-
what indeterminate in the eastern North Pacific, 
with large variability from one model to the next. 
Four out of the seven models show appreciable in-
creases in the North Atlantic, with the remaining 
three showing no change or decreases.

Figure 8b shows the percentage change in the 
frequency of all events that achieve a peak wind 
speed of at least 21 m s–1. There is a general ten-
dency toward decreasing frequency of events in the 
Southern Hemisphere, but the percentage change 
in frequency is not usually as large as the decrease 
in power dissipation, showing that the latter is also 
affected by decreasing intensity and/or duration. 
Changes in overall frequency in the eastern North 

Pacific are indeterminate, but six out of seven models 
show increases in the western North Pacific and 
five out of seven models show increasing frequency 
in the North Atlantic. Overall, the tendency of 
storm frequency is somewhat indeterminate in the 
Northern Hemisphere, but declines in the Southern 
Hemisphere.

Changes in the mean duration and intensity 
of events are shown in Figs. 8c,d. Here we follow 
Emanual (2007) in defining duration as

  (1)

where N is the sample size, Vi
max is the maximum 

wind of storm i at any given time, Vi
smax is the lifetime 

maximum wind of storm i, and τi is the lifetime of 
each storm. This velocity-weighted duration assigns 

FIG. 8. Change in basinwide tropical cyclone (a) power dissipation, (b) frequency, (c) intensity, and (d) dura-
tion from the last 20 yr of the twentieth century to the last 20 yr of the twenty-second century, as predicted 
by running 2,000 synthetic events in each basin in each period of 20 yr. The different colors correspond to the 
different global climate models, as given in the legends. See text for definitions of intensity and duration. The 
change here is given as 100 multiplied by the logarithm of the ratio of twenty-second- and twentieth-century 
quantities. Note that (a) is the sum of (b)–(d). The values of the changes averaged across all models are given 
by the numbers in black.
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Figure 2 Tropical storm/hurricane tracks (observed and simulated) for the ten least and most active years. a–f, Active (a,c,e) or inactive (b,d,f) years are based on
observed tropical storm counts during 1980–2006. The colour along the track denotes storm intensity, with Saffir–Simpson Category 2–5 intensity levels for hurricanes
based on central pressure criteria. a,b shows observed storms (52 and 130 storms, respectively), c,d shows the control storms (82 and 145 storms, respectively) and
e,f shows the warm-climate storms (58 and 109 storms, respectively). TS: tropical storms; HR1–5: Saffir–Simpson category 1–5 hurricanes.

centre. This is in reasonable quantitative agreement with a previous
hurricane modelling study22. A caveat is that there is some evidence
(see Supplementary Information, Fig. S6) that the control model’s
composite hurricane precipitation rates are higher than observed23.

As in previous studies, there is no indication that the region
of Atlantic tropical storm formation expands with greenhouse
warming (see Supplementary Information, Fig. S7). Storms
typically develop in the control simulation, and in observations,
over SSTs in excess of a ‘threshold’ temperature of about
26 �C. In the warmer climate, given the relatively homogeneous
tropical warming, the ‘threshold’ temperature for storm formation
increases in the model by the same amount as the mean tropical
SSTs (Fig. 4d,e). Consequently, no pronounced expansion of the
tropical storm formation region is simulated. This ‘threshold’
temperature for cyclone formation is clearly climate dependent,
and is closely related to the temperature needed for a saturated
parcel near the surface to be suYciently buoyant to rise to the
tropical tropopause.

The decrease in hurricane and tropical storm occurrence is
slightly more evident in the western than eastern half of the basin
(see Supplementary Information, Fig. S7). This is qualitatively
similar to occurrence trend patterns since the late 1800s in a
recent tropical storm reconstruction15. Consequently, the simulated
number of landfalling hurricanes decreases by more than the
hurricane count itself (about 30% versus 18%; Supplementary
Information, Fig. S3). We note that the band of increased vertical
shear and decreased mid-tropospheric relative humidity stretching

across the Caribbean in the multimodel ensemble projections17

should suppress activity more in the western half of the basin than
in the east. As the detailed spatial pattern of shear and humidity
change diVers among the CMIP3 models17, this result may not
be robust.

Uncertainties in the large-scale climate projections will translate
into uncertainties in the downscaled tropical storm projections in
ways that have not yet been quantified. Here, we use only the time-
mean changes projected by the CMIP3 climate models. We assume
that changes in the time-mean state are the dominant control
over tropical cyclone formation and that the CMIP3 ensemble
mean provides the best available projection of these changes. Any
simulated changes in atmospheric variability from the CMIP3
models are neglected, but our confidence in such changes obtained
using current models is low.

Further simulations are underway with our downscaling model
using mean climate changes generated by individual CMIP3 models
rather than the ensemble mean across the models. Preliminary
results suggest that the spread in hurricane activity projections
obtained using individual models will be substantial (as also
suggested in a recent study using a diVerent modelling strategy24).
As an initial example, we used the mean climate change from one
model (GFDL CM2.1) that we expected would be more favourable
than the ensemble mean for increased hurricane activity, on the
basis of changes in large-scale shear over the Atlantic. A sample
of 13 simulated seasons shows relatively little change in tropical
storm (�8%) or hurricane counts (+7%), but a relatively large

nature geoscience ADVANCE ONLINE PUBLICATION www.nature.com/naturegeoscience 3
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Significant	
  progress	
  in	
  TC	
  simula.on	
  in	
  
climate	
  models	
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CURRENT	
  CLIMATE	
  MODELS	
  	
  
TROPICAL	
  CYCLONE	
  ACTIVITY	
  



Current	
  Climate	
  models	
  

•  TC	
  ac.vity:	
  part	
  of	
  the	
  diagnos.cs	
  of	
  climate	
  
models,	
  as	
  resolu.on	
  increases.	
  

•  Analysis	
  of	
  TC	
  ac.vity	
  in	
  various	
  .me-­‐scales:	
  
from	
  sub-­‐seasonal,	
  including	
  seasonal	
  towards	
  
decadal	
  and	
  longer	
  (climate	
  change).	
  

•  TC	
  forecasts	
  and	
  projec.ons	
  are	
  part	
  of	
  
seamless	
  predic.ons	
  approach.	
  



TC	
  Climatology	
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TCs	
  in	
  the	
  CMIP5	
  models	
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“Downscaling”:	
  SST	
  anomalies	
  

trend. The linear trend is then multiplied by 0.8 so that it
is consistent in magnitude with the period used for the
multimodel ensemble mean. The SST anomalies are
computed separately for each month at each grid point.
Figure 12 shows the mean SST anomalies for the ASO
season. Note, for example, that the HadCM3 anomaly is
relatively large in the Pacific and relatively small in the
Atlantic while ECHAM5 has the largest average
anomalies over the ocean domain (408S–408N). We in-
crease the CO2 in the model atmosphere to a value
consistent with the A1B scenario for the period in
question. We do not modify the sea ice extent for sim-
plicity, assuming that, with prescribed SSTs, sea ice
perturbations have little influence on the tropical cli-
mates of interest here.

One possible methodology is to add these SST anom-
alies to the time-varying SSTs for the period modeled in
the previous section. To try to simplify the analysis and
save computational resources, we have instead chosen
to generate simulations prescribing climatological–SST
simulations (i.e., seasonally varying SSTs with no in-
terannual variability). By perturbing this climatology
with the various seasonally varying but otherwise time-
invariant anomalies, the hope is to generate more stable
statistics, without the possible complication that the re-

sponse might depend on the phase of ENSO, for ex-
ample. Each of these climatological and perturbed runs
is of 10 yr long.

An unforeseen discovery in generating the climato-
logical storm simulations was that the climatological
solutions in the Atlantic were quite sensitive to the
choice of climatology. Our initial experiments utilized
for the control of the climatological–SST simulation
were calculated from an average over 1982–2000 using
the National Oceanic and Atmospheric Administration
(NOAA) Optimum Interpolation SST analysis dataset
(Reynolds et al. 2002). This simulation produces fewer
storms in the Atlantic than the time mean of simulations
described in the previous section that utilized the Met
Office HadISST dataset (3.5 yr21 as compared with
5.5 yr21). In searching for the reason, we generated an
additional climatological simulation with the time av-
erage (1982–2005) of the HadISST data and find the
number of Atlantic storms to be roughly 5 yr21, similar
to the mean of the time-varying simulations. For this
reason, we have carried out two sets of climate change
experiments with the same set of SST anomalies but two
different control climatological–SST simulations.

The response of storm frequency for each of the four
perturbations based on two different climatological–SST

FIG. 12. ASO seasonal-mean SST anomaly (K) from (a) GFDL CM2.1, (b) Met Office HADCM3, (c) MPI ECHAM5, and (d) multimodel
ensemble mean (see detailed description in the text).
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simulations is shown in Fig. 13 (as well as in Fig. 17). We
show the fractional changes in hurricane count per year
for various ocean basins. Focusing first on the North At-
lantic (Fig. 13), we find that SSTs from two models (CM2.1
and ECHAM5) tend to show an increase in hurricane
frequency, while SSTs from HadCM3 and the ensemble
mean show a reduction. If we count all tropical storms
identified by the algorithm described in appendix B, the
increases in the CM2.1 and ECHAM5 SSTs models are
much smaller or close to zero (see Fig. 13, bottom panel),
indicating some of the increase in hurricanes in these
models is due to a shift to more intense storms. For the
ensemble-mean SST anomaly, the reduction of tropical
storm and hurricane frequency are respectively 238% 6
15% and 228% 6 25%, roughly consistent with the
227% (tropical storms) and 218% (hurricanes) reduc-
tion obtained from Knutson et al. (2008) although the
latter restricted their study to the ASO season only.

The model using the HadCM3 SST anomaly generates
an especially large reduction in Atlantic storms. This
distinction is also clear if we simply examine the mean
rainfall response in the four simulations, illustrated in
Fig. 14. The simulation with the HadCM3 anomaly has
severely reduced rainfall over the Atlantic, as well as the
Amazon, distinct from the other models used here. The
explanation very likely lies in the differential warming
over the tropical Atlantic and tropical Pacific, with
the ratio of Atlantic to Pacific warming with HadCM3
SST clearly smaller than in any of the other models
considered (see Fig. 12). The coupled simulations from
the HadCM3 model in the CMIP3 database also show
a distinctive severe drying over the Amazon and adja-
cent Atlantic Ocean. Our atmosphere-only simulations,
with different atmospheric and land models, captures
this distinction qualitatively, suggesting that it is pri-
marily a result of the SST anomaly pattern and not the
details of the atmosphere–land models, once the SST
anomaly pattern is specified.

Figure 15a compares the anomalies in the ASO season
vertical wind shear Vs (defined as the magnitude of the
vector difference between seasonal-mean winds at 850
and 200 hPa) over the Atlantic main development re-
gion (MDR; 108–258N, 808–208W) in the various SST
anomaly simulations with the number of hurricanes sim-
ulated by this model, including also the ensemble-mean
responses for each year of the 4 observed-SST simula-
tions. The mean over the all years of these simulations is
shown as well, as is the climatological–SST simulations
used as a control for the anomaly simulations. There is
a clear negative correlation with coefficient of 20.8. The
linear regression coefficient for the AMIP ensemble-
mean data points is 21.5 hurricanes per year (m s21)21

wind shear. This shear metric also helps explain the dif-
ference between the two climatological–SST simulations.
The Reynolds SST produces fewer Atlantic storms and
also stronger ASO vertical wind shear.

Figure 15b compares the simulated Atlantic hurricane–
shear relationship with observations obtained by re-
gression of the observed hurricane count versus vertical
wind shear calculated from the NCEP–NCAR rean-
alysis. For this comparison we use data points from
all four individual realizations. The model produces a
slope of 21.32 hurricanes per year (m s21)21, similar
to the observed values of 21.25 hurricanes per year
(m s21)21. However, the model ASO mean shear over
the MDR is about 2 m s21 weaker than that in NCEP–
NCAR reanalysis (;10 m s21). The model-simulated
year-to-year variation of ASO wind shear also correlates
well with the NCEP–NCAR reanalysis with a coefficient
of 0.61 (not shown). This number is smaller than
the model—observation correlation in hurricane count

FIG. 13. Fractional changes in annual (top) hurricane and (bot-
tom) tropical storm count for the North Atlantic basin from the
four SST anomaly simulations based on two different control cli-
matological–SST simulations. Error bars show the 90% confidence
level assuming the sampling distributions are normally distributed.
The legend shows the two control climatological–SST simulations.
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FIG. 17. Fractional changes in annual hurricane counts (as in Fig. 13a), but for the (a) east Pacific, (b) west Pacific, (c) North Indian, (d)
Northern Hemisphere, (e) South Pacific, (f) South Indian, (g) Southern Hemisphere, and (h) the global ocean. Error bars show the 90%
confidence level assuming the sampling distributions are normally distributed.
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tests, focusing on the Atlantic, suggested that this dif-
ference was of negligible importance for this study, but
after all realizations were completed it became evident
that there was a small difference in the total storm ac-
tivity, which was more significant in the east Pacific.
(The difference is less than 1 hurricane per year in the
North Atlantic and between 1 and 2 in the east Pacific.)
It is for this reason that we normalize the AMIP and
FCST ensembles separately. The normalization will not
influence the correlations between the model and the
observations, but will reduce the model’s RMSE slightly
(while we have computed this bias correction with the
full FCST ensemble, excluding the prediction year from
this correction makes little difference).

Both the ensemble mean and the full range over the
ensemble are shown in Fig. 1. The correlation between
the ensemble mean hurricane counts and the observations

is 0.78 for the AMIP experiments. This is slightly lower
than the value in ZHLV (0.83), due to the addition of the
years 2006–08. The reduction in correlation is entirely
due to 2006, for which all members of the ensemble
predict more hurricanes than were observed. From the
AMIP to the FCST experiments we see a reduction in
skill that can be measured by an increase in the RMS
count error from 1.91 to 2.34 and the drop in the cor-
relation from 0.78 to 0.69.

While one expects a few observations to lie outside of
the range spanned by all 9 of these realizations, 2006 and
1996 seem to stand out as years for which this atmo-
spheric model is least successful, with the former year
being too active in the model and the latter too quies-
cent. In contrast, neither the AMIP nor the FCST en-
semble spreads have difficulty in encompassing the peak
activity in 2005.

FIG. 1. (a) North Atlantic July–December hurricane counts for each year for the period of
1982–2008. IBTrACS observations (red circles), five-member ensemble mean from the FCST
experiments (blue squares), and the maximum and minimum number for each year from the
five-member integrations (shaded area). (b) As in (a), but for the AMIP experiments with four-
member ensemble. Model time series are normalized as described in text.
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FIG. 6. As in Fig. 5 but for western North Pacific. FIG. 7. Ensemble simulation of number of tropical storms and
observed number of tropical storms over the western North Atlantic.
The solid line represents observed tropical storm numbers. The dotted
line represents the mean tropical storm numbers of the elements of
the ensemble. Each circle represents the tropical storm number of
one element of the ensemble.

FIG. 8. As in Fig. 7 but for the western North Pacific.

display a tropical storm season ranging from January
to December, with a maximum in August–September.
Over the north Indian Ocean (not shown) it has been
observed that tropical storms occur primarily during two
short periods of the year: May–June and October–No-
vember. Their frequency is much higher during the sec-
ond period. The model is successful in simulating the
occurrence of the first tropical storm period, with a max-
imum number in June, but fails to simulate the tropical
storms occurring in October–November. Over the
Southern Hemisphere (not shown) the monthly number
of observed tropical storms is close to the number of
model tropical storms, except during the period of the
maximum in January–February, when the model sim-
ulates fewer tropical storms than are observed.

c. Interannual variability
Gray (1979) noted that a property of observed tropical

storms is that their total number displays very little in-
terannual variability. The annual tropical storm total
number from 1980 to 1988 had a standard deviation of
7.4 according to observations. The model simulates a
standard deviation of 5.25, which is small compared to
the average total number of model tropical storms,
which is 70.
Over the western North Atlantic the observations

(Fig. 7) display a small number of tropical storms in
1982, 1983, 1986, and 1987. Figure 7 shows that the
model is able to simulate a low mean number of tropical
storms during the years 1982, 1986, and 1987, and the
mean number of tropical storms generated by the model
has an interannual variability close to observations, ex-
cept in 1983 and 1984. Over the western North Pacific
(Fig. 8) the model simulates tropical storm number in-
terannual variability similar to the observed, but with
more amplitude. Over the eastern North Pacific (Fig. 9)
the model simulates realistic interannual variability in
tropical storm number, although the climatological num-

ber of tropical storms is much less in the model than
in observations. Over the south Indian Ocean (not
shown) and the Australian Basin (not shown) the ob-
servations display a reduced number of tropical storms
in 1983 and 1987. The model simulates these decreases
over the Australian Basin, but gives the opposite inter-
annual variability over the south Indian Ocean. Over
the South Pacific (Fig. 10) the observations display an
increase in the number of tropical storms in 1983 and
1987, when the model simulates a decrease. This may
be related to the fact that tropical storms are created
further eastward than in the real world over the Southern
Hemisphere.
Several previous studies pointed out that the inter-

annual variability of tropical storm frequency over some
ocean basins was a consequence of El Niño events; Gray
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FIG. 9. As in Fig. 7 but for the eastern North Pacific. FIG. 10. As in Fig. 7 but for the South Pacific.

TABLE 2. Linear correlation for each ocean basin between observations and the mean of the 9-member ensemble.

Total WNA ENP WNP NI SI AUS SP

Correlation 0.41 0.56 0.545 0.66 20.63 20.66 0.57 20.775
Significance 0.69 0.89 0.88 0.945 0.93 0.93 0.87 0.977

(1984) noticed that the western North Atlantic hurricane
number was reduced during El Niño events, and Cayan
and Webb (1992) conclude that this is also true for the
eastern North Pacific. Pan (1981) and Chan (1985) iden-
tified a strong connection between northwest Pacific
tropical cyclone frequency and El Niño events. Wu and
Lau (1992) found, in agreement with Pan (1981) and
Chan (1985), that there is a strong correlation between
eastern tropical Pacific sea surface temperature anom-
alies and the number of tropical storms generated by
their R15 model in the western North Pacific.
One simple way to evaluate the ability of the model

to simulate realistic interannual variations of tropical
storm frequency is to examine the linear correlation be-
tween the observations and the mean of the 9-member
ensemble. The results for each basin are displayed in
Table 2.
The correlation is highest over the western North Pa-

cific and is greater than 0.5 over the eastern North Pa-
cific, western North Atlantic, and Australian Basin. This
suggests that the model simulates realistic interannual
variations in the number of tropical storms over these
basins with some skill. The correlation is highly neg-
ative over the north Indian Ocean, the south Indian
Ocean, and the South Pacific, which indicates that the
model has an unrealistic behavior over these three ba-
sins.
Table 3 presents the linear correlations between the

interannual variability of tropical storm numbers over
the western North Atlantic simulated by the model for
each member of the ensemble and the observed. It ap-
pears from this table that only 2 members of the en-

semble (members 4 and 9) have a linear correlation with
observations greater than the linear correlation between
the mean of the ensemble and observed number of trop-
ical storms. This result, which is similar over all basins,
illustrates how useful ensemble runs are in comparison
with a single run. The high correlations obtained over
the western North Atlantic, eastern North Pacific, and
western North Pacific are mainly due to the use of large
ensembles. This result is in agreement with previous
studies (Leith 1974; Murphy 1988), who showed that
an ensemble run by filtering the noise generated by the
model performs better than most of the individual runs
that are part of the ensemble.

6. Potential predictability of tropical storm
number
The term ‘‘potential predictability’’ has been used

with different meanings in numerous previous studies
(Madden 1976; Madden 1981; Shukla 1981; Hayashi
1986; Chervin 1986). In the present study, the ensemble
simulation is said to have potential predictability if the
ensemble distribution of tropical storm numbers for a
given year can be distinguished from the model ‘‘cli-
matological’’ distribution of this quantity in a statisti-
cally significant way. In other words, this 9-member
ensemble displays potential predictability if the simu-
lation it provides for a given year is significantly dif-
ferent from the simulation produced by randomly se-
lecting 9 elements from the model climatological dis-
tribution. The model climatological distribution is de-
fined in this study as being the 9-yr ensemble

Vitart	
  et	
  al.	
  1997	
  

TROPICAL CYCLONE ACTIVITY IN AGCMS 597

J F M A M J J A S O N D
0

0.5

1

1.5

2

Month

N
T

C

(a)

North IndianEcham3
Echam4
NSIPP
OBS.

J F M A M J J A S O N D
0

1

2

3

4

5

6

Month

N
T

C

(b)

Western North Pacific

J F M A M J J A S O N D
0

0.5

1

1.5

2

2.5

3

3.5

4

Month

N
T

C

(c)

Eastern North Pacific

J F M A M J J A S O N D
0

0.5

1

1.5

2

2.5

3

3.5

Month

N
T

C

(d)

Atlantic

Fig 6. Average NTC per month in the models and observations in the period 1961–2000 in the Northern Hemisphere: (a) North Indian; (b) western
North Pacific; (c) eastern North Pacific; (d) North Atlantic.

intercorrelated. A follow-on question would be whether any one
(or two) of the variables would provide a sufficiently inclusive
summary of the entire set. To help shed light on this issue, corre-
lations among the four main variables listed above are examined
for the globe, by hemisphere and by basin for the observations
and the three models.3 Additionally, principal component (PC)
analyses are performed using the correlation matrices as input.4

Our results (not shown) reveal that enough independent infor-
mation is present in all variables to warrant attending to them,
particularly when they may have differing implications with re-
spect to the preservation of life and property.

Collectively, the analyses described in this section have shown
that the models have many of the features of observed tropical
cyclone behavior, although with clearly identifiable biases that
vary with model and basin. Given the low resolution of the mod-
els, this result may be viewed as a favorable indication of what

3In forming the correlations, the square root of MACE is used to ac-
commodate the linearity of the correlation and thereby maximize the
potential strength of its relationships.
4In this PC analysis, the role often played by the grid points of a field is
assumed here by the several tropical cyclone variables.

might be possible using these numerical tools. Even presently,
biases do not necessarily preclude prognostic usability.

4. Tropical cyclone activity characteristics
and simulation skill

In this section we explore the characteristics of the tropical cy-
clone activity by region and the extent of reproducibility of the
observed interannual variabilities of the tropical cyclone vari-
ables in the three AGCMs forced by observed historical SST.
The indicated levels of reproducibility imply the degree to which
the models could be relied upon in real-time forecast settings. In
gauging such possibilities, one must take into account that the
SST itself would be predicted, so that expected skills would gen-
erally be lower than the upper limit as found here using observed
(as if perfectly predicted) SST.

4.1. Number of tropical cyclones

The annual cycle of NTC per month for each basin of the North-
ern Hemisphere is shown in Fig. 6 in the three models and in
observations. The month to which a tropical cyclone is attributed
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TROPICAL CYCLONE ACTIVITY IN AGCMS 599

Table 6. Correlations between NTC in the models and observations, by basin, for relevant seasons in the period 1971–2000. Only models and
basins with at least one season with significant correlation are shown (total possible number of cells is 168). Bold entries indicate correlation
values that have significance at the 95% confidence level

Basin Model MJJ JJA JAS ASO SON OND JJASON Jan–Dec

WNP ECHAM3 0.37 0.29 0.24 0.33 0.20 0.10 0.36 0.40
WNP ECHAM4 0.31 0.25 0.27 0.46 0.30 0.13 0.26 0.50
ENP ECHAM4 0.47 0.42 0.33 0.39 0.29 0.10 0.42 0.40
ATL ECHAM3 −0.04 0.39 0.56 0.33 0.12 0.02 0.53 0.55
ATL ECHAM4 −0.10 0.28 0.43 0.42 0.29 0.20 0.52 0.52
ATL NSIPP 0.22 0.52 0.38 0.31 0.06 0.14 0.38 0.45

Basin Model NDJ DJF JFM FMA MAM AMJ NDJFMA Jul–Jun

SI ECHAM4 0.00 0.05 0.05 0.31 0.39 0.38 0.21 0.14
AUS ECHAM4 0.02 0.34 0.43 0.51 0.35 0.24 0.41 0.38
SP ECHAM3 0.64 0.49 0.44 0.52 0.50 0.39 0.72 0.73
SP ECHAM4 0.53 0.42 0.31 0.39 0.31 0.24 0.52 0.60
SP NSIPP 0.36 0.34 0.38 0.51 0.38 0.00 0.62 0.68
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Fig 7. Time series showing the interannual variability of the NTC in the western North Pacific over the period 1961–2000: (a) models (ensemble
mean) and observations, (b) ECHAM4 and observations. In (b), ECHAM4 is shown in box plots, which span the 25th to 75th percentiles; the crosses
(+) are the ensemble members outside that range and the curve connecting the asterisks (∗) shows the ensemble mean in each year.
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Fig 7. Time series showing the interannual variability of the NTC in the western North Pacific over the period 1961–2000: (a) models (ensemble
mean) and observations, (b) ECHAM4 and observations. In (b), ECHAM4 is shown in box plots, which span the 25th to 75th percentiles; the crosses
(+) are the ensemble members outside that range and the curve connecting the asterisks (∗) shows the ensemble mean in each year.
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forecasts may exhibit skill in forecasts of regional TC
activity. We further hypothesize that, particularly for
longer leads when the model biases are able to emerge
more fully, forecasts of regional TC activity with the
flux-adjusted version of FLOR should outperform those
with the standard version of FLOR. We expect FLOR-
FA to outperform FLOR in regional TC activity fore-
casts both because of its improved forecasts of basinwide
activity (Fig. 8) and because it has an improved track
climatology.
For much of the NHPacific andAtlantic basins there is

significant skill in forecasts of regional TC activity ini-
tialized 1 July over the period 1981–2011 using FLOR
and FLOR-FA (Fig. 11, top) measuring the retrospective
performance of forecasts of regional TC activity using
Rrank. The largest correlations tend to be in marine re-
gions and at themargins of themodeled and observed TC
density. There are significant retrospective correlations
over some land areas, indicating the potential for some
skillful seasonal forecasts of regional TC activity over
land, although most land areas do not show skill.
The longer multiseason lead forecasts initialized in

1 April and 1 January show a rapid decrease in retrospec-
tive skill in the FLOR forecasts (left column of Fig. 11),
with only spotty regions of significant skill in January
forecasts.However, FLOR-FA retains significant skill over
broad areas for longer, with the January-initialized

forecasts of regional TC activity in FLOR-FA compa-
rable to those initialized in April in FLOR. Flux ad-
justment leads to substantial improvement in FLOR’s
ability to predict regional TC activity, although the skill
near land decays rapidly for both FLOR and FLOR-FA.
The strongest correlations, apparent over the longest
leads, are evident in the west Pacific, generally collocated
with the region exhibiting a strong connection to ENSO,
including the narrow strip extending over Taiwan and
southeastern China (Fig. 5). This collocation suggests that
skillful ENSO forecasts are likely to be behind the skill in
the west Pacific; this remarkable long-lead prediction skill
reflects in part the reduced ‘‘spring predictability barrier’’
in FLOR relative to CM2.1 (Jia et al. 2014, manuscript
submitted to J. Climate). The North Atlantic (centered in
the Caribbean Sea and western Gulf of Mexico) and
central Pacific regions of persistent skill are not regions
with as strong a connection to ENSO as the west Pacific
(Fig. 5), suggesting that skillful forecasts of other climate
phenomena are influential. We hypothesize that pre-
dictions of theAMMare important for theNorthAtlantic
skill (Vimont and Kossin 2007, Kossin and Vimont 2007),
and that distinguishing between extreme andmoderate El
Niño events (e.g.,Vecchi andHarrison 2006; Vecchi 2006;
Lengaigne and Vecchi 2010) may provide some of the
skill in the east and central Pacific. These hypotheses are
currently being tested.

FIG. 10. Comparison of retrospective forecast skill for North Atlantic hurricane frequency from the (left) dy-
namical and (right)HyHuFS seasonal predictions with FLOR-FAwith those of othermethodologies in the published
literature. In this figure, in contrast to Fig. 8, we use the Pearson correlation against observed hurricane frequency as
ourmeasure of skill, since it was used in these other published studies. The correlations with FLOR-FAare computed
over the same periods as each published study, with the colors of the symbols indicating the method to which FLOR-
FA is being compared. The various symbols indicate the initialization month for the predictions. The 1:1 line is
indicated in dashed gray.
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FIG. 6. Composites of track density anomaly during (left) EP El Niño, (center) CP El Niño, and (right) La Niña for five individual model
ensemble mean and (bottom)MMEmean. The anomalies circled by light white lines are above the 90% significance level. The boxes with
dashed lines denote the MDR.
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of atmospheric realizations for a fixed set of ENSO events.
This can effectively enhance the signal-to-noise ratio
(Kumar andHoerling 1995) and thereby provides a more
reliable estimate for the ENSO-forced variability of the
Atlantic TCs.

4. Variability of Atlantic TCs associated with
ENSO in GCMs

The climatology and interannual variability of the an-
nual number ofAtlantic TCs are examined first. Figure 3a
shows the time series of the annual number of Atlantic
TCs from 1982 to 2009 for both observations and model
simulations, including MME mean and individual model
ensemblemeans. Both observations andMMEdisplay an

upward trend over the 28-yr period. The gray shading in
Fig. 3a denotes the range of61 standard deviation of the
spreads of the five individual model ensemble means
around the MME mean. Over 80% (23 out of 28 yr) of
the observations fall into this range. Obviously, the GFS
model has very high numbers of TCs and theGISSmodel
has low numbers of TCs.
Table 2 summarizes the TC statistics for the obser-

vations and model simulations, including the climato-
logical mean value, variance of interannual variability,
linear trend over the 28 years, anomaly correlation (AC)
between the models and observations (OBS), and root-
mean-square error (RMSE). The GFDL model (12.7)
and GSFC model (10.9) have a mean value close to the
observations (11.7). In contrast, the climatology in the

FIG. 2. Composites of (a)–(c) TC track density and (d)–(f) track density anomaly for (a),(d) EP El Niño, (b),(e) CP El Niño, and (c),(f)
La Niña years, and distribution of TC origins during (g) five EP El Niño, (h) five CP El Niño, and (i) five La Niña years derived from
observations. The anomalies circled by light white lines in (d)–(f) are above the 90% significance level estimated by the Monte Carlo test.
The boxes with dashed lines denote the main development region (MDR; 108–208N, 208–808W).
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This has also been found in Manganello et al. (2012),
which contains some discussion of this result.
The genesis density in the T1279 model has a distri-

bution similar to that observed, except for a slight
northwest shift of the highest concentration region of
cyclogenesis likely related to the precipitation bias de-
scribed above (not shown). This deficiency is mostly due
to the weakest storms, as the genesis density computed
only for typhoons, which are equivalent to hurricanes of
category 1 or higher, is realistic with the centers located
to the south/southeast of the overall distribution
(Figs. 2a,b). The track density for these stronger storms
in the T1279 model is also quite comparable to the
observed (Figs. 2d,e). The corresponding distributions
for the T159 model are much less coherent and could be
deemed unrealistic (Figs. 2c,f). The genesis potential
index analysis, which is able to separate the effect of the
large-scale fields on the cyclogenesis from the in situ
resolution effect, produces similar results for both ver-
sions of the model (not shown). This suggests that large
deficiencies in the simulation of genesis density in the
T159 model are primarily a result of low resolution.
These results are in agreement with Walsh et al. (2013),
who also found that the pattern of cyclone formation
improves with the model resolution increase.
In summary, the T1279 model shows a good corre-

spondence with observations in terms of the various TC
activity metrics presented above, especially for the

‘‘hurricane’’ strength TCs that will be at the center of
further analysis. In contrast, while the overall perfor-
mance of the T159 model is perhaps satisfactory con-
sidering its coarse resolution, it is quite poor in terms of
these stronger storms.

b. Tropical cyclone variability

1) SEASONAL CYCLE AND INTERANNUAL

VARIABILITY

The seasonal cycle of the TC frequency is fairly re-
alistic in the T1279 model with errors largely confined to
the beginning and the end of the season (not shown). The
T159 model has much larger errors, where monthly TC
frequency increases monotonically throughout the sea-
son instead of displaying a peak in August–September.
Correlations of the observed and simulated seasonal

mean TC frequencies are quite low for both models but
show much higher values for the PDI, which could in
principle capture more of the climate influence (see
Table 3). Although there is a general consensus that the
observed trend in theNWPac TC frequency over the last
35 years is insignificant (e.g.,Wu et al. 2008; Knutson et al.
2010), estimates of the trend in the PDI or other similar
integral quantities range from a 35% increase (Emanuel
2007) to an insignificant decrease (Chan and Liu 2004;
Klotzbach 2006; Kossin et al. 2007; Wu et al. 2008). The
simulated trends in the TC frequency and PDI are small

FIG. 1. (top) Frequency distributions of (a) themaximumattained 10-mwind speed and (b) theminimumSLP from
the IBTrACS data (OBS; black bars), AMIP T1279 (red bars), and AMIP T159 (green bars) for MJJASON of 1975–
2007. Inset plots show the tail of the distributions. (bottom) Future change in the frequency distributions of (c) the
maximumattained 10-mwind speed and (d) theminimumSLP for TS andAMIP at T1279 (red bars) and T159 (green
bars) based on 47 yr of data.
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ensemble storm 25 with four members (Table 2) would cause a

slow/delayed path of Koppu. Interestingly, ensemble storm 26

with 15 members during Week-3 (not shown) also matched

Koppu, but was actually a better match with the earlier Tropical

Storm 14 W Mujigae. Likewise, the close formation location and

generally westward tracks of 16 W and 14 W likely contributed

to a subjective combination during Week-4 of ensemble storm 27

with 11 members and ensemble storm 30 with four members

(Table 2). Thus, the performance of the ECMWF 32-day

ensemble for 16 W Koppu with different combinations of 15

members during Weeks-3 and -4 appears more favorable than

expected based on the performance for 15 W Choi-Wan because

14 W Mujigae was within the allowable matching separation

distance.

Typhoon 17 W Ketsana formed east of the Philippines and

moved westward across the South China Sea to Vietnam (Fig.

6). A combination of ensemble storm 7 with 19 members and

ensemble storm 12 with 5 members during Week-1 (Table 2)

that were both evaluated as having Above tracks would

represent well the Ketsana track. The Week-2 combination of

ensemble storm 15 with six members and ensemble storm 24

with seven members (Table 2) would provide a low confidence

indication of the Ketsana track. However, ensemble storm 17

with 23 members (not shown), and thus presumably higher

confidence, was far to the east and late relative to the Ketsana

track. This irregular performance is attributed to the Week-2

forecast being initiated on 10 September when 14 W Mujigae,

15 W Choi-Wan, and 16 W Koppu were simultaneously being

represented in the ECMWF ensemble model. The Week-3

forecast was initiated on 3 September when 13 W Dujuan

existed, and the 14 W, 15 W, and 16 W evolved during the period

of this integration. The difficulty of accurately predicting such an

evolution may account for the low confidence combination of six

members each for ensemble storms 16 and 17 during Week-3 for

Ketsana (Table 2). Similarly, the Week-4 ensemble storm 30 that

did have 13 members, which is only evaluated as Good since the

path is well to the north of Ketsana, may reflect the difficulty of

forecasting the evolution of earlier storms during the integration

period.

Typhoon 23 W Mirinae was part of another cluster of three

tropical cyclones including Tropical Depression 24 W and Trop-

ical Storm (according to JTWC, but not according to RSMC

Tokyo Typhoon Center) 25 W (Fig. 7). Mirinae had a long

westward track roughly along 15
o

N from 153
o

E to the central

Philippines and then to landfall on central Vietnam. When

Mirinae was in the South China Sea, TD 24 W formed to the east

of the Philippines near 15
o

N, 135
o

E, and moved northwestward

before turning sharply southward along 124
o

E before dissipating

(Fig. 7). Three days later, TS 25 W formed near 20
o

N, 157
o

E,

and after a short northwest track segment, moved eastward along

Fig. 8. Ensemble storm weighted mean vector motion (dots at 0000

UTC each 24 h) and individual member vortex tracks (thin lines)

relative to the actual track of Typhoon 23 W Mirinae (solid line with

triangles) for (a) Week-1 ensemble storm 3 forecast from 22 October

2009, (b) Week-3 ensemble storm 16 forecast from 8 October 2009,

and (c) Week-4 ensemble storm 22 from 1 October 2009.

Fig. 7. Another example of multiple tropical cyclone scenario with TY

23 W Mirinae and Tropical Depression 24 W and Tropical Storm 25

W with starting dates (inset) according to the JTWC best-track

(symbols at 0000 UTC each 24 h).
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 624 

Figure 2.  Example of TC activity probability maps for Typhoon Haiyan for the forecast 625 
time window of 5 - 8 days initiated at 1200 UTC 31 October 2013.  The observed and 626 
climatological TC activity probabilities are shown in panels (a) and (d), respectively, and 627 
panels (b), (c), (e), and (f) are for ECMWF, JMA, NCEP and UKMO, respectively. Note 628 
that a color bar for (d) is different from the others. 629 
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Sensi.vity	
  to	
  tracking	
  scheme	
  

scheme used. However, this is not the case for all
models. In the MRI model, the different tracking
schemes agree on the direction of the response in every
experiment (although we must keep in mind that only
two schemes are applied to this model). In the CMCC-
INGV model, the responses in an experiment never
differ between different tracking schemes by sub-
stantially more than 5%. Conversely, some models
show much lower agreement between tracking schemes.
The NCEP model shows divergent responses in the
doubledCO2 experiment and substantial differences in
the magnitudes of the responses detected in the other
experiments. For the GISS model, the schemes disagree
over the direction of the trend in every experiment. In
the increased SST experiment, the Zhao tracks show
a decrease of around 30% while the group-supplied
tracks show an increase of around 15%. This wide dis-
parity is likely a function primarily of the low overall TC
numbers in the GISS model when tracked with either
the CSIRO or Zhao schemes. Low overall genesis could

allow small disagreements over TC numbers to appear
as widely divergent responses.
As well as showing better agreement for somemodels,

the different tracking schemes also show better agree-
ment for some experiments than others. The combined
SST/CO2 experiment shows much better agreement
between schemes within each model (as well as between
models) than is seen in the increased SST experiments,
with all tracking schemes in agreement for all but the
GISS model.
These two factors suggest that differences in tracking

scheme methods and parameters produce different sen-
sitivities to both the differences in storm representation in
different models, and the changes in storm activity in al-
tered climate experiments. We will attempt to explain the
reasons for these varied sensitivities in the next section.

c. Threshold sensitivities

Differences in thresholds between the tracking schemes
seem likely to account for a substantial proportion of the

FIG. 6. Percentage change in TC numbers in each model for the three altered climate experiments relative to the
present-day experiment, as tracked by the CSIRO, Zhao, and individual group schemes. Asterisks indicate statistical
significance to at least the p 5 0.05 level.

15 DECEMBER 2014 HORN ET AL . 9207

homogenization, andNCEP shows amoderate spread of
10%. We have also examined the improvements in re-
sponse agreement with homogenization in individual
thresholds only (not shown), and find that for every
experiment, the agreement in responses is greatest with
homogenization of all three variables, indicating that the
responses show significant sensitivity to the thresholds in
all three factors.
Overall, the agreement obtained between the tracking

schemes when considering responses to altered forcing
is moderate. We will not here attempt to explain the
responses seen in the altered climate experiments. Ini-
tial analysis can be found in Held and Zhao (2011).

4. Discussion

Before discussing the results, it is worth considering
differences between the model runs that could have
complicated the relationships between the different
tracking schemes. The most obvious possibilities are the

interannually varying (instead of climatological) SSTs
used in the MRI model experiments, and the resolutions
of themodels. The use of interannually varying conditions
is likely to alter the temporal and geographic distribution
of TCs in the MRI experiments. However, it is not clear
that this year-to-year variation should have any influence
on the physical characteristics of any individual TC gen-
erated in themodel. The structure of the individual storms
is likely to be unaffected by the choice between climato-
logical or varying conditions, and therefore the relation-
ships observed between the different tracking schemes
applied to the data should also be unaffected. The same
argument applies to results in the altered climate experi-
ments; while the responses in the MRI model may differ
from those in the other models as a result of the different
experimental design, there is no reason to expect the re-
lationships between tracking schemes to vary.
When it comes to the effect of varying horizontal

resolution, there may be more reason to believe that
tracking scheme relationships may vary. As discussed in

FIG. 8. Percentage change in TC numbers in each model for the three altered climate experiments relative to the
present-day experiment, as tracked by the CSIRO, Zhao, and individual group schemes, after homogenization in
duration, wind speed, and latitude of formation. Asterisks indicate statistical significance to at least the p5 0.05 level.
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  tracks	
  

the ensembles and scenarios simultaneously. We did
sensitivity tests for the model with most storms (GFDL_E)
and determined that applying the cluster analysis to all
the scenarios simultaneously would not lead to different
results than if we applied the cluster analysis for each
scenario separately (not shown). It is important to notice
that the cluster analysis has no knowledge of which sim-
ulation the track belongs to. Therefore, as we wanted to
use the samemethodology for allmodels, themodelswith
a very low number of storms restricted us to apply the

cluster analysis to all the tracks in a model together, in-
dependently of the scenario. Once the storms are classi-
fied in clusters, we examine if there are differences in the
characteristics of the clusters for the different scenarios.
The comparison of the cluster analysis applied toNorth

Atlantic tropical cyclones in observations (Fig. 4a) with
the simulated tropical cyclones in GFDL_E (Fig. 4d)
shows encouraging results. There is a good agreement in
terms of cluster separation (Table 3) for the genesis lo-
cations (Fig. 4) between the observations and GFDL_E.

FIG. 4. North Atlantic tropical genesis locations of the tracks for observations and explicit
simulations, as separated by the cluster analysis. Cluster 1 is in dark blue, cluster 2 is in light
blue, cluster 3 is in pink, and cluster 4 is in red. The models are presented following the
alphabetical order with first the four models that were used for both explicit and downscaled
simulations and then the five other explicit simulations.

15 FEBRUARY 2015 DALOZ ET AL . 1341

FIG. 6. As in Fig. 5, but for GISS_E and GISS_D.
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Issues	
  

•  Model	
  sensi.vity	
  to	
  parametriza.ons,	
  e.g.	
  
convec.on	
  scheme	
  	
  

•  Model	
  biases	
  
•  Results	
  depend	
  on	
  model	
  TC	
  defini.on	
  –	
  not	
  
uniform	
  	
  

•  Similar	
  resolu.on	
  models:	
  TC	
  climatology	
  
(intensity,	
  frequency)	
  can	
  be	
  very	
  different	
  



Conclusions	
  

•  In	
  the	
  last	
  few	
  years	
  there	
  has	
  been	
  a	
  huge	
  
progress	
  in	
  the	
  research	
  of	
  TCs	
  in	
  climate	
  models.	
  	
  

•  The	
  HWG	
  working	
  is	
  the	
  first	
  effort	
  of	
  a	
  mul.-­‐
model	
  comparison	
  on	
  this	
  topic.	
  	
  

•  There	
  is	
  a	
  large	
  sensi.vity	
  on	
  model	
  resolu.on	
  
and	
  physics	
  in	
  climate	
  models’	
  ability	
  to	
  simulate	
  
TCs.	
  	
  

•  A	
  large	
  range	
  of	
  research	
  topics	
  is	
  now	
  possible	
  
with	
  the	
  improvement	
  in	
  the	
  ability	
  of	
  climate	
  
models	
  in	
  simula.ng	
  TCs.	
  	
  



Perspec.ve	
  

•  Remarkable	
  progress	
  
•  Seamless	
  predic.ons	
  
•  Ability	
  to	
  further	
  improve:	
  	
  

– Simula.on	
  of	
  disturbances	
  need	
  to	
  be	
  improved	
  
(e.g.	
  MJO,	
  easterly	
  waves,	
  equatorial	
  waves)	
  

– Modeling	
  improvement:	
  convec.on,	
  dynamical	
  
cores	
  

– ENSO	
  spring	
  barrier	
  
– Reliable	
  SST	
  projec.ons	
  


