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ABSTRACT

This paper describes the development of a model framework for Forecasts of Hurricanes Using
Large-Ensemble Outputs (FHLO). FHLO quantiÞes the forecast uncertainty of a tropical cyclone (TC) by
generating probabilistic forecasts of track, intensity, and wind speed that incorporate the state-dependent
uncertainty in the large-scale Þeld. The main goal is to provide useful probabilistic forecasts of wind at Þxed
points in space, but these require large ensembles [O(1000)] to ßesh out the tails of the distributions. FHLO
accomplishes this by using a computationally inexpensive framework, which consists of three components:
1) a track model that generates synthetic tracks from the TC tracks of an ensemble numerical weather pre-
diction (NWP) model, 2) an intensity model that predicts the intensity along each synthetic track, and 3) a TC
wind Þeld model that estimates the time-varying two-dimensional surface wind Þeld. The intensity and wind
Þeld of a TC evolve as though the TC were embedded in a time-evolving environmental Þeld, which is derived
from the forecast Þelds of ensemble NWP models. Each component of the framework is evaluated using
1000-member ensembles and four years (2015Ð18) of TC forecasts in the Atlantic and eastern PaciÞc basins.
We show that the synthetic track algorithm generates tracks that are statistically similar to those of the
underlying global ensemble models. We show that FHLO produces competitive intensity forecasts, especially
when considering probabilistic veriÞcation statistics. We also demonstrate the reliability and accuracy of the
probabilistic wind forecasts. Limitations of the model framework are also discussed.

1. Introduction

Tropical cyclones (TCs) are complex weather systems
that bring ßooding, storm surge, high winds, and other
hazards to many coastal and island locations. Each year,
TCs cause billions of dollars in damage to businesses and
property and result in the loss of numerous lives (Pielke
et al. 2008). To mitigate such losses and allow vulnerable
populations to undertake life-saving preparations, TC
forecasts must be provided with sufÞcient lead time and
be reasonably accurate and reliable. Forecasts of TCs
have traditionally been separated into two categories:
1) track forecasts, which predict the location of the TC
center, and 2) intensity forecasts, which, in the Atlantic

basin, predict the 1-min maximum sustained surface
wind anywhere in the storm (Landsea and Franklin
2013). The forecasting community has used such metrics
to quantify errors in forecast models. Through sub-
stantial model improvements, better observations, and
improved data assimilation methods, forecast skills
for track and intensity have been steadily improving
(DeMaria et al. 2014).

One of the advantages of separating TC forecasts into
track and intensity is that it allows for straightforward
evaluation of model performance. However, there are
some signiÞcant drawbacks with this approach. First, by
deÞnition, deterministic forecasts do not quantify the
uncertainty in the track and intensity of a TC, which can
be an issue if the intensity of the TC strongly depends
on its track. The concept of quantifying forecast uncer-
tainty is not new. In 1992, the National Meteorological
Center (NMC) and the European Centre for Medium-
Range Weather Forecasts (ECMWF) began running
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ensemble numerical weather prediction (NWP) systems
to forecast the range of future weather conditions, by
slightly perturbing the initial conditions and model
physics of each member of the ensemble NWP system
(Tracton and Kalnay 1993; Molteni et al. 1996). Since
then, ensemble forecasts have proven to be vital to ad-
vancing probabilistic forecasts of weather, which in turn
allow us to quantify weather-related risks (Gneiting and
Raftery 2005).

The various components of the TC forecast (e.g.,
track, intensity, size, rainfall) affect the speciÞc hazards
(e.g., wind speed, waves, surge inundation, and riverine
ßood inundation) that are experienced at a given loca-
tion. The speciÞc impacts that then result depend on the
vulnerability and exposure of the asset at that location.
Thus, the ability to quantify the uncertainty of TC wind
speed forecasts is of utmost importance, especially for
vulnerable communities. Much work on the intrinsic
predictability of TCs has focused on the importance of
both large-scale inßuences (Emanuel et al. 2004; Zhang
and Tao 2013; Kieu and Moon 2016) and convective-
scale processes (Van Sang et al. 2008; Sippel and Zhang
2008; Judt et al. 2016). Initial condition uncertainty in
the intensity and inner-core moisture has also been
suggested to play a signiÞcant role in TC forecast un-
certainty (Emanuel and Zhang 2016, 2017). In light of
this, deterministic forecasts of TCs may be highly mis-
leading, and probabilistic forecasts that can sample the
inherent forecast uncertainty are preferred. It is no sur-
prise, then, that ensemble prediction systems (EPSs) have
enhanced probabilistic forecasts of TCs (Majumdar and
Finocchio 2010; Hamill et al. 2011). Another approach to
generating members of an ensemble is to combine the
predictions of many different, independent, models, as is
done for some ÔÔsuperensembleÕÕ models (Williford et al.
2003; Vijaya Kumar et al. 2003); in fact, even a simple
average of the forecasted tracks from a variety of dy-
namical models has been shown to outperform any of
the individual models (Goerss 2000).

Since the wind Þeld of a TC can span hundreds of
kilometers, the position and intensity of a TC are in-
sufÞcient for specifying the conditions at Þxed points. In
practice, interested parties should be more concerned
about the wind speed probability distribution at a single
location (pointwise wind speed probabilities), rather
than the TCÕs maximum wind speed or exact center lo-
cation. Unfortunately, due to computational constraints,
ensemble NWP models are typically run with inade-
quate horizontal resolution to resolve strong gradients
in pressure and temperature that are commonly found
in TCs, which often leads to large underestimation of
the wind speeds in the simulated TCs (Gentry and
Lackmann 2010; Gopalakrishnan et al. 2011). To make

matters worse, an ensemble NWP system usually does
not have enough ensemble members to ßesh out the
highest wind speeds of a pointwise wind distribution.
Inadequate horizontal resolution and small ensemble
size mean that it is impractical to use the (insufÞciently)
resolved wind Þelds from ensemble NWP models to
produce well-resolved probabilistic, pointwise forecasts
of wind speeds.

To address these issues and communicate the point-
wise uncertainty of TC winds, DeMaria et al. (2009)
developed the Monte Carlo probability 1 (MCP) model
to estimate the pointwise probability of surface winds
exceeding the 34-, 50-, and 64-kt (1 kt’ 0.51 m s2 1) wind
speed thresholds. For each forecast, the MCP model
generates computationally inexpensive track and inten-
sity realizations by adding random errors to the National
Hurricane CenterÕs ofÞcial forecasts for track, intensity,
and wind radii. The errors are sampled from the ofÞcial
forecast track/intensity/wind radii error distributions over
the most recent 5 years. However, this method forces the
uncertainty in the model to exactly equal the observed
average error; in practice, this usually does not reßect the
state-dependent uncertainty for a given forecast. Since
the forecast uncertainty for each TC can vary greatly,
the climatological uncertainty may poorly reßect the
true uncertainty in the track/intensity/wind radii fore-
casts.DeMaria et al. (2013) improved the MCP model to
separate the climatological error distributions into three
categories, based on the Goerss predicted consensus
error (GPCE), a parameter that measures the extent of
the track spread among an ensemble system (Goerss
2007). Goerss (2007)showed that the degree of uncer-
tainty of a forecast could be coarsely predicted based
on a low, medium, or high GPCE, and separated the
climatological error bins accordingly. While the inclusion
of GPCE improved the sharpness of the probabilistic
wind forecasts, the MCP model still uses climatologically
based forecast errors (stratiÞed by basin) to generate
uncertainty in the ofÞcial forecast. Ensemble-based
uncertainties, on the contrary, characterize the state-
dependent uncertainty in the large-scale system. Therefore,
a model that is able to draw upon the uncertainty repre-
sented in the ensemble members of an NWP model, while
maintaining the computationally inexpensive components
of the MCP model, could improve on probabilistic wind
speed forecasts.

We aim to develop a computationally inexpensive
pointwise TC wind speed prediction framework that is

1 The National Hurricane CenterÕs operational version of this
model is called the Tropical Cyclone Wind Speed Probabilities
Product.

1714 W E A T H E R A N D F O R E C A S T I N G V OLUME 35

D
ow

nloaded from
 http://journals.am

etsoc.org/w
af/article-pdf/35/5/1713/4986082/w

afd190255.pdf by guest on 05 Septem
ber 2020



capable of incorporating the state-dependent forecast
uncertainty. To be practical, the framework should be
capable of quickly generating the large number of en-
semble members necessary to create a robust proba-
bilistic forecast. Our proposed framework will address
these concerns by using a large-ensemble prediction
system in which the ensemble members are computa-
tionally cheap, stochastic realizations reßecting the
uncertainty derived from dynamical ensemble models.
Furthermore, our framework is designed to readily scale
with advancements in the physics, resolution, and size
of ensemble NWP models, especially since there is still
much room for improvement in forecasting the intensity
of TCs (Emanuel and Zhang 2016).

The paper is organized as follows.Section 2describes
the datasets used in this study. A detailed description of
Forecasts of Hurricanes Using Large-Ensemble Outputs
(FHLO) is provided in section 3, followed by an evalu-
ation of the model framework in section 4. Section 5
concludes with a summary and discussion.

2. Data

In this study, we use forecast data from EPSs as the
primary inputs to FHLO. We use two EPSs in particular:
the 51-member global ensemble of ECMWF, and NOAAÕs
21-member Global Ensemble Forecast System (GEFS).
Both ensembles are run multiple times per day and
provide an estimate of forecast uncertainty. All ensemble
forecast data are obtained from an online portal gen-
erously made available by the THORPEX Interactive
Grand Global Ensemble (TIGGE) project ( Bougeault
et al. 2010; Swinbank et al. 2016). The data are obtained
on a 0.58 3 0.58resolution grid. The analyzed tracks of
TCs in ensemble forecast models are obtained from
the TIGGE Model Tropical Cyclone Track Dataset
(National Centers for Environmental Prediction et al.
2008), which is obtained from the Research Data
Archive (RDA) maintained by the National Center
for Atmospheric Research (NCAR).

We also require initial conditions at each initialization
time. For the ECMWF ensemble, we use the reanalysis
Þelds from the ERA5 atmospheric reanalysis (Hersbach
2016; Copernicus Climate Change Service 2017). Note
that these Þelds can have signiÞcant differences from
the analysis Þelds of the operational ECMWF model.
However, we require high-resolution soundings in order
to estimate the potential intensity. Since the high-
resolution analysis Þelds of the operational ECMWF
model are not available to the public, we have used the
ERA5 Þelds. For the GEFS, we use the analysis Þelds
from the Global Forecast System (GFS) analysis Þelds
at each model initialization time, obtained through the

RDA at NCAR ( National Centers for Environmental
Prediction 2015). All analysis Þelds are obtained on a
0.258 3 0.258 resolution grid. As part of initialization,
we also require initialization of the TC itself. To obtain
real-time estimates of TC position, intensity, and wind
structure, we obtain automated tropical cyclone fore-
casting (ATCF) a-decks for each model initialization
time (Sampson and Schrader 2000).

To obtain real-time estimates of the sea surface tem-
perature, we use the National Centers for Environmental
InformationÕs 0.258Optimum Interpolation Sea Surface
Temperature (OISST) dataset (Reynolds et al. 2008).
The sea surface temperature data is provided daily.

Finally, we use the HURDAT2 best track data to
evaluate the performance of the model (Landsea and
Franklin 2013).

3. The large-ensemble model for tropical cyclones

In this work, we model TCs by assuming that a TC
vortex is embedded within an evolving large-scale en-
vironmental Þeld that ultimately determines the TCÕs
intensity. From an ensemble NWP model, such as the
GEFS, we estimate environmental quantities relevant
to the intensity of a TC, such as the saturation entropy
deÞcit and vertical wind shear (Emanuel et al. 2004). By
deriving these quantities from multiple members of an
ensemble model, we can sample the internal variability
in each environmental Þeld. The track module of the
large-ensemble model generates realistic tracks from
the set of ensemble TC tracks. These tracks, combined
with the various environmental Þelds along these tracks,
serve as input into FAST (Emanuel 2017), a fast TC
intensity model that emulates an idealized, axisym-
metric TC model ( Emanuel et al. 2004). FAST evalu-
ates the intensity, or maximum azimuthal wind speed,
along a speciÞed track through one realization of the
large-scale environmental Þeld. Finally, the intensity and
environmental Þelds are used as inputs into a parametric
surface wind model, to generate a full spatial wind Þeld of
the TC (Chavas et al. 2015). Figure 1 summarizes the
overall ßow of information in the large-ensemble model.
Each component of the complete model framework is
explained in depth in the following sections.

a. Synthetic track model

In this section, we describe a track algorithm that
draws information from the ensemble track covariance
to generate a large number of statistically indistinguish-
able synthetic tracks. The model is physically motivated
by the beta-and-advection model (Marks 1992), which
assumes that TCs are advected by some large-scale
steering ßow. Since we do not expect the large-scale
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ßow to have considerable ßuctuations on short (hourly)
time scales, we expect there to be some correlation be-
tween the translational speed vector from one time step
to the next. Note that the forecasted center of TCs is
typically output in 3- or 6-h increments.

In light of this, we model the distribution of TC
translational speeds using a Markov-chain solution. This
means we condition on the previous time step transla-
tional speed, ut2 1 and yt2 1, where ut2 1 and yt2 1 are the
zonal and meridional translational speeds at time step
t 2 1, respectively, to determine the translational speed
at the next discrete time step. Mathematically, this cor-
responds toP(ut, ytjut2 1, yt2 1). To properly describe this
conditional distribution, we expand this as

P(ut, ytjut2 1, yt2 1) 5
P(ut2 1, yt2 1, ut, yt)

P(ut2 1, yt2 1)
.

Next, we model both joint probability distributions as a
mixture of k Gaussian distributions:

P(ut2 1, yt2 1, ut, yt) 5 �
k

i5 1
wiN(mi, Si), and

P(ut2 1, yt2 1) 5 �
m

j5 1
wjN(mj,Sj),

where wi are the weights of each Gaussian mixture, such
that � k

i5 1 5 1. The quantities mi, mj, Si, and Sj must
be estimated using the track displacements from the
ensemble model. In this study, we setk 5 1, though
future work can explore how increasing k affects the
track model.

Given (ut2 1, yt2 1), we can step the model forward
by drawing from the conditional probability above.
Integrating forwards in time will generate a synthetic
track. The statistical algorithm is relatively fast, as 1000
synthetic tracks can be generated in approximately Þve
minutes on a conventional laptop. For robustness, we
require that at least 75% of the global ensemble member
tracks have not dissipated before proceeding to the next
time step.

Note that this method directly depends on the skill of
the ensemble prediction system. While this means that
the accuracy of the ensemble covariance algorithm
should scale alongside the general accuracy of ensemble
NWP models, it also indirectly ties the track algorithm

to how accurately the ensemble NWP models simulate
the intensity of the analyzed TC. If the TC dissipates too
early in the ensemble prediction model, the ensemble
track covariance model will generate tracks that also
dissipate too early.

Since a potentially unlimited number of synthetic
tracks can be generated, robust probabilistic statistics
can also be generated.Figure 2 shows an example of the
corresponding 75-km strike probability for the forecast
of Hurricane Irma (2017), initialized at 0000 UTC
5 September 2017. While we observe that the density of
the 75-km strike probability corresponds well with the
density of the actual ensemble tracks for this single case, a
large sample size with probabilistic evaluation is needed
to fully evaluate the quality of the frameworkÕs track
predictions. This will be further examined in section 3d.

b. Intensity model

The intensity model evaluates the surface azimuthal
wind speed along a particular track. Though any com-
putationally inexpensive intensity model can be used in
the large-ensemble framework, we choose to use the
FAST system, a pair of coupled, nonlinear ordinary
differential equations that describe the evolution of V,
the maximum azimuthal wind, and m, an inner-core
moisture variable that is bounded between 0 and 1
(Emanuel and Zhang 2017; Emanuel 2017). The choice
was motivated primarily because the system is framed
around physically based parameters that can be easily
derived from ensemble Þelds. The equations are in-
cluded below:

dV
dt

5
1
2

Ck

h
abV2

pm3

|�����{z�����}
(1)

2 (1 2 gm3)V 2

|����������{z����������}
(2)

2

6
6
4

3

7
7
5 , (1)

dm
dt

5
1
2

Ck

h
(1 2 m)V
|������{z������}

(3)

2 xSm
|�{z�}

(4)

2

6
4

3

7
5 , (2)

b 5 12 «2 k , (3)

g 5 «1 ak , (4)

«5
Ts 2 To

Ts

, and (5)

FIG . 1. Flow of information in FHLO.
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k 5
«
2

Ck

Cd

L y

Rd

qs*
Ts

, (6)

where Ck is the surface enthalpy coefÞcient,Cd is the
surface drag coefÞcient,h is the atmospheric boundary
layer depth, Vp is the potential intensity, a is an ocean
interaction parameter that varies between 0 and 1,
x is the midlevel saturation entropy deÞcit, S is the
250Ð850-hPa vertical wind shear,Ts is the surface
temperature, To is the outßow temperature, L y is a
constant latent heat of vaporization, Rd is the dry gas
constant, qs* is the surface saturation speciÞc humidity,
and « is the thermodynamic efÞciency [seeEmanuel
(2017)for further details]. Note that in Emanuel (2017),
x 5 2.2, which is a typical value for the saturation en-
tropy deÞcit, but as discussed presently, we will evaluate
its time-evolving value from the global ensemble. The
behavior of this system is controlled by four key terms:
1) a spinup term that represents intensiÞcation of the
vortex toward its potential intensity because of surface
ßuxes, 2) a spindown term from the thermodynamic
dampening inßuence of downdrafts in the inner core,
3) a moistening term that represents surface moisture
ßuxes from the ocean, and 4) a drying term that mimics
eddy entropy ßuxes into the TCÕs eyewall. Though re-
markably simple, the FAST equations do have some
limitations, which are discussed in the conclusion.

The FAST equations are integrated forwards in time
using a RungeÐKutta fourth-order numerical scheme
with a time step of 450 s. As inEmanuel (2017), we set
Ck 5 1.2 3 102 3, h 5 1400 m,« 5 0.33,k 5 0.1. Thus,
given an initial intensity and inner-core moisture, as well
as the vertical wind shear, saturation entropy deÞcit, and
potential intensity along a track, we can solve for the
time evolution of V and m. It is worth nothing that in
order to properly calculate a, the ocean interaction pa-
rameter that modulates Vp, one needs the ocean mixed
layer depth hm as well as the subÐmixed layer thermal

stratiÞcation G. For simplicity, we choose to use clima-
tological values for hm and G (Levitus 1982). Future
work will incorporate this information from a real-time
ocean forecast model. Ocean mixing is switched off
whenever the subÐmixed layer depth is larger than the
depth of the ocean. Finally, a 0.258bathymetric dataset
is used to determine when the center of the TC is over
land, during which the potential intensity is set to zero.

In this framework, the three most important envi-
ronmental quantities that inßuence the intensity of a TC
are 1) vertical wind shear, 2) saturation entropy deÞcit,
and 3) potential intensity. These dynamic and thermo-
dynamic quantities are deÞned to be environmental
Þelds, and thus should be evaluated assuming that the
considered TC does not exist. To progress with the
perspective of modeling a TC in a synthetic environ-
ment, we need to remove any effects on these Þelds that
are induced by an analyzed TC.

c. Environmental quantities

1) VERTICAL WIND SHEAR

To calculate the environmental vertical wind shear,
the circulation induced by the TC must be removed. One
method, for instance, averages winds over some dis-
tance larger than the radius of the inner core of the TC
(DeMaria and Kaplan 1994), while other methods set
the vorticity and divergence to zero within a speciÞed
distance from the TC center, and invert the Poisson
equation to Þnd the streamfunction and velocity po-
tential associated with the vortex (Davis et al. 2008;
Galarneau and Davis 2013). Since we desire a continuous
spatial Þeld of environmental winds uenv, we choose the
latter method, setting the relative vorticity and divergence
of the environmental Þeld to zero within an inversion radius
of r* from the vortex center. We use r* 5 400 km, where
the magnitude of the axisymmetric component of the vor-
texÕs relative vorticity becomes comparable to that of the

FIG . 2. The 75-km strike probability, for Hurricane Irma in the Atlantic basin, using 1000
synthetic tracks generated from the ECMWF ensemble. Forecast initialized at 0000 UTC
5 Sep 2017. Overlaid lines depict TC centers from the ECMWF ensemble.
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environmental Þeld. Note that r* 5 400 km is around the
middle range of r* values used byGalarneau and Davis
(2013), and close to the median outer radius of TCs, inferred
using scatterometer data (Chavas and Emanuel 2010).
Fixing r* is perhaps not the best choice, asGalarneau and
Davis (2013)showed that the resulting environmental winds
are in fact sensitive to r*. Future work could include sto-
chastic perturbations to r*, or optimizing r* from environ-
mental proÞles of relative vorticity. DeÞning zvortex and
dvortex as the vorticity and divergence identiÞed as part of
the vortex, respectively, we have

=2cvortex 5 zvortex

=2F vortex 5 dvortex

uvortex 5 =F vortex 1 k̂ 3 =c vortex

u 5 uenv 1 uvortex , (7)

where u is the wind velocity vector, c is the stream-
function, F is the velocity potential, = is the gradient
operator, and =2 is the Laplacian operator. To solve
for uvortex, we must invert the Laplacian operator on a
sphere to obtain the corresponding streamfunction and
velocity potential. Details on this inversion are included
in the appendix. After calculation of the environmental
wind at 250- and 850-hPa, we subtract the two to obtain
the environmental vertical wind shear. We chose these
two levels based onDeMaria and Kaplan (1994), who
found that the vertical wind shear between the 250- and
850-hPa levels correlates well with intensity changes
in tropical cyclones, though alternative pressure levels
could also be used to calculate the vertical wind shear.

2) MIDLEVEL VENTILATION

Midlevel ventilation, or the entrainment of low-
entropy environmental air into a TC at midlevels, is one
pathway by which vertical wind shear can interact with
a TC and cause it to weaken (Simpson and Riehl 1958;
Tang and Emanuel 2010). In the ventilation hypothesis,
vertical wind shear leads to asymmetric processes that
induce eddy ßuxes and mixing between the TC eyewall
and its environment. If the environmental air is sufÞciently
low in entropy, downdrafts will occur in the eyewall and
disrupt warming of the inner core. For a TC with a satu-
rated inner core, the normalized eddy ßuxes that result
from such ventilation are proportional to xS [see the
appendix of Tang and Emanuel (2012)], where S is the
250Ð850-hPa vertical wind shear, andx is a scalar that
represents the saturation entropy deÞcit normalized by the
airÐsea thermodynamic disequilibrium, as in Eq.(8):

x 5
sm* 2 senv

ss* 2 sb

. (8)

The pseudoadiabatic entropy s can be approximated
following Bryan (2008):

s5 cp log
�

T
T0

�
2 Rd log

�
pd

p0

�
1

L yq
T

2 RyqlogðH Þ,

where cp is the speciÞc heat of dry at constant pressure,
q is the speciÞc humidity,H is the relative humidity, pd

is the dry pressure,Ry is the water vapor gas constant,sm*
is the inner-core saturation entropy, senv is the envi-
ronmental entropy, ss* is the saturation entropy at the sea
surface, and sb is the entropy at the boundary layer.
To calculate x at a Þxed pressure levelp from gridded
data, we Þrst assume that temperature perturbations on
pressure surfaces are small, and that the inner core is
saturated (Emanuel et al. 2008), such that the numerator
becomes

sp* 2 sp ’

"
L yq*

T
ð12 H Þ1 RyqlogH

#�
�
�
�
�
p

.

To evaluate these quantities, we assume that the air at
the sea surface is saturated and at the same temperature
and pressure as the sea surface. We also assume that
sb 5 sLCL* 5 sp*, wheresLCL* is the saturation entropy at the
lifted condensation level. The Þrst step assumes adi-
abatic motion from the boundary layer to the lifted
condensation level, which is deÞned as the top of the
boundary layer, and the last step follows from moist
convective neutrality. Then, we have

xp 5

�
L yq*T 2 1ð12 H Þ1 RyqlogH

� ��
p

ss* 2 sp*
.

While the environmental saturation deÞcit is typically
evaluated at p 5 600 hPa (Emanuel 2013), consistent
with the midlevel ventilation hypothesis, the 600-hPa
level is not available through the TIGGE database.
Instead, we calculatexp at p 5 500 hPa andp 5 700 hPa
and take the gridpoint maximum between the two levels.
To obtain the x used in FAST, we take the Nth per-
centile of the distribution of the saturation entropy
deÞcit within renv of the TC center. Since any down-
drafts that occur near the core are detrimental to the
TC, we take relatively large values of N. The saturation
entropy deÞcit typically increases away from the core,
since deep convection near the inner core saturates the
midlevels, such that if N is large enough, we are effec-
tively diagnosing an environmental entropy deÞcit. To
calculate the denominator, we take the median of the
airÐsea thermodynamic disequilibrium over the inner
200 km from the TC center. When the airÐsea disequi-
librium is negative, which can occur, for instance, at cold
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SSTs, we setx 5 xd. We also capx to a value of xd. We
estimated the optimal values of N, renv, and xd, by
Þnding values that minimized the mean absolute error
in intensity. We found N 5 90th percentile and renv 5
1000 km for the Atlantic basin, N 5 50th percentile and
renv 5 900 km for the eastern PaciÞc basin, andxd 5 4.
The large differences in N between the two basins is
largely a result of differences in climatology; the density
of tropical cyclone forecasts maximizes in thermody-
namically favorable environments in the Atlantic, while
the opposite is true in the eastern PaciÞc.

3) POTENTIAL INTENSITY

The potential intensity of a TC is a theoretical upper
bound on its maximum wind speed (Emanuel 1986).
Potential intensity has been veriÞed as a reasonable
upper bound on the intensity of real TCs (Emanuel
2000), and is deÞned as

V 2
p 5

Ts 2 To

To

Ck

Cd

(k* 2 k),

where k is the enthalpy of the boundary layer air, andk*
is the saturation enthalpy of the sea surface. To calculate
potential intensity, an environmental sounding with a
high resolution in the vertical is required. Since potential
intensity must be evaluated at the eyewall of a TC, we
must remove the effect of the global ensemble systemÕs
warm-core anomaly, which acts to reduce the buoyancy
of a parcel lifted from the surface. Previous methods that
attempt to account for this deÞciency use time-lagged
potential intensity Þelds (Emanuel et al. 2004). One
weakness of this method is that it ignores any short-term
variability of potential intensity. Instead, we opt to smooth
out the effects of an analyzed TC. To remove the ther-
modynamic effect of an analyzed TC, we apply a 9-box
smoother across a 108 3 108 grid box centered on the
TC, to the temperature, speciÞc humidity, and sea level
pressure Þelds, holding the boundary Þxed and smoothing
inwards. This Þrst-order approximation successfully re-
moves the potential intensity minimum near the vortex
center and allows us to obtain a robust estimate of the
environmental potential intensity. In this study, we cal-
culate the spatially varying potential intensity using the
analysis (initialization) Þelds, which have a high vertical
resolution. The potential intensity Þeld is then kept Þxed
throughout the forecast, though the potential intensity
of the TC can still change as it moves in space.

d. Wind model

Since FAST outputs the maximum surface azimuthal
wind speed, we use a parametric wind model and another
parameterization to obtain the full TC wind Þeld as well as

the maximum surface wind speed. We Þrst obtain the
axisymmetric wind proÞle by using the physically based
wind model developed byChavas et al. (2015). We chose
this model because of its basis on physical principles,
though other wind models, such as the radii-CLIPER
model (Knaff et al. 2007), could be used as well. The
wind model developed in Chavas et al. (2015)separates
the axisymmetric wind Þeld into two regions, a con-
vecting inner region, and a subsiding outer region, and
the equations are below for convenience:

Minner

Mm

5
2(r=rm)2

11 (r=rm)2 , and

› Mouter

› r
5

2Cd

Wcool

(rV )2

r2
0 2 r2

,

where M 5 rV 1 (1/2)fr2 is the angular momentum per
unit mass,Minner (Mouter) is the angular momentum in
the inner (outer) region, r is the radius from the vortex
center, V is the azimuthal wind, r0 is the outer radius (or
radius of vanishing wind), rm is the radius of maximum
winds, Wcool is the subsidence rate from tropospheric
radiative cooling, and M m(rm, Vm) is the angular
momentum at the radius of maximum wind, whereVm

is the maximum azimuthal wind speed. Because we
lack observations of Wcool, we set 2Cd/Wcool 5 1 s m2 1,
for simplicity, though the model does have some de-
pendence on the strength of Wcool (Chavas and Lin
2016). The full axisymmetric wind Þeld can be resolved
by Þxing two of the three free parameters,rm, r0, andVm.
The maximum azimuthal wind speedVm is readily ob-
tained from FAST, and we choose to specifyr0 (details
on selecting r0 are described in section 3e). After ob-
taining the surface axisymmetric wind Þeld, we apply a
second model to obtain the asymmetric component of
the wind Þeld. This model is based on the isallobaric
wind, which occurs whenever the vortex propagates with
respect to the low-level wind, which will happen when
there is vertical wind shear S. In a reference frame
moving with the low-level vortex, vorticity must be
increasing downshear of the vortex center, and for
this to happen, there must be low-level convergence.
We crudely take this into account by representing the
vorticity in terms of the maximum azimuthal wind V
divided by a vortex radial length scale, and the vortex-
relative vorticity advection by the shear vector times
this vorticity divided by the same length scale. This
yields the low-level convergence downshear of the
low-level vortex. The associated convergent velocity
component is then obtained by integrating over the
same length scale. With some empirical adjusting of
constants, this results in
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unet 5 V 1 Gut 1 0:1S
jVj
15

, and

G 5 min
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11 tanh

�
f 2 35

10

�
�
,

where V is the axisymmetric wind,ut is the translational
speed of the vortex, S is the 250Ð850-hPa vertical wind
shear (m s2 1), f is the latitude of storm center, jV j is the
magnitude of the axisymmetric wind (kt), and unet is the
net wind at the surface. Finally, the maximum surface
wind speed is determined by taking the maximum mag-
nitude of unet over the domain.

e. Initialization and parameter estimation

The Þnal component of FAST pertains to initializa-
tion. A poor initialization can lead to signiÞcant errors
in the short-range forecast period (Emanuel and Zhang
2016, 2017). Since we want to include initial intensity
uncertainty in the probabilistic system, we create a syn-
thetic perturbation of the TC intensity analysis over
the past 24 h of the analyzed TC (seeappendix for de-
tails). Uncertainties in the intensity observations are
taken from climatological errors ( Landsea and Franklin
2013). For each synthetic ensemble member, we use the
environmental parameters from the analysis Þelds to
drive FAST, and add a time-varying forcing term to the
azimuthal wind [Eq. (1)] such that the modeled maxi-
mum surface wind best matches the synthetic pertur-
bation of the observed TC intensity. The initialization
period runs from 48 h before the initial forecast time
until the initial forecast time, where the forcing term to
the azimuthal wind equation then decays in magnitude
as exp[2 (t/t0)

2], where t is the forecast lead time, and
t0 5 1 day.

To initialize the wind Þeld, we take the initial anal-
ysis of the maximum extent of the 34-, 50-, and 64-kt
winds in each quadrant [obtained from the combined
automated response to query (CARQ) lines of the
ATCF a-decks], and Þnd the corresponding value of
r0 that allows the modeled asymmetric wind Þeld to
best match the analysis. Furthermore, to combat large
negative biases in the axisymmetric wind model at
radii where 3 &; r/rm &; 6 (see Fig. 9 inChavas et al.
2015), we add a shape parameterk to the axisym-
metric wind proÞle, that is, for r . rm, V(r, k) 5 V(r)k.
Then, to initialize the wind Þeld, we Þnd r0 and k such
that the full asymmetric wind Þeld best matches the anal-
ysis radii in each quadrant. Finally, if an ofÞcial forecast of
the radii in each quadrant is available, the optimal r0

and k, given the ofÞcial forecast of intensity, are used to
interpolate r0 and k forward in the forecast. Otherwise,
r0 and k are kept constant in the forecast. If an initial

analysis and forecast of the wind radii do not exist, we
set r0 5 700 km and k 5 1. This may not be realistic
but could be improved upon by using the model de-
veloped in Knaff et al. (2017), which predicts the
maximum extent of the 34-, 50-, and 64-kt winds. We do
not explicitly perturb r0, though this could be the sub-
ject of future work.

4. Evaluation of the large-ensemble model

To robustly evaluate the skill of FHLO, we run
1000-member ensemble reforecasts for all 0000 and
1200 UTC cycle TC forecast cases in the Atlantic and
eastern PaciÞc basins during the years 2015Ð18 (the
choice of 1000 members is described in the following
section). Since all of the aforementioned data used to
generate a probabilistic forecast are available in real
time, these reforecasts can be considered equivalent
to late-cycle real-time forecasts. Since the skill of
FHLO also depends on the skill of the ensemble, we
run two variations of 1000-member ensembles, one us-
ing data from the ECMWF ensemble (FHLO-ECMWF)
and the other from the GEFS (FHLO-GEFS). We also
combine the two into a 2000-member superensemble,
which we will denote FHLO-Super. We evaluate the
performance of FHLO by using the HURDAT2 best
track data as the observed track, intensity, and wind
radii of each TC (Landsea and Franklin 2013). For
each forecast case, we predict the track distribution,
intensity distribution, and probability of exceedance
for the 34-, 50-, and 64-kt wind speed thresholds.

a. Ensemble size

The choice of running 1000-member ensembles is
motivated primarily by looking at probability distribu-
tions of wind speeds from TCs at a Þxed point. To il-
lustrate this, we generate pointwise forecasts of wind
speed from Hurricane Maria at San Juan, Puerto Rico,
using the ECMWF ensemble initialized on 0000 UTC
18 September 2017 as input into FHLO. For demon-
stration, we use 100- and 1000-member FHLO-ECMWF
ensembles, as well as a 51-member FHLO-ECMWF
model that only uses the tracks from the original
ECMWF ensemble (RAW-ECMWF). Figure 3 shows
the time-varying maximum wind speed from Hurricane
Maria at San Juan, Puerto Rico, from the 1000-member
FHLO-ECMWF and the 51-member RAW-ECMWF.
From the eye test, there is a sampling issue with
RAW-ECMWF; there simply are not enough ensemble
members to resolve the tail of the distribution. To
be more quantitative, we estimate the nondimensional
damage ([0, 1]),f, that represents the fraction of property
lost [see Eq. (1) of Emanuel (2011)]:
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