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Abstract

This study focuses on the development of a probabilistic rainfall generator

for tropical cyclones (TCs) affecting Louisiana. We consider 12 storms mak-

ing landfall along the Louisiana coast during 2002–2017 and generate

ensembles of high-resolution (~5 km and 20 min) TC-rainfall fields for each

storm. We develop a data-driven multiplicative model, relating observed

rainfall to the rainfall obtained from a parametric TC rainfall model

(Interagency Performance Evaluation Task Force Rainfall Analysis [IPET])

through the product of a deterministic and a stochastic component; the for-

mer accounts for rain-dependent biases, while the latter for the stochastic

nature of the rainfall processes. As a preliminary step, we describe the over-

all bias of the IPET model as a function of total TC rainfall within the state

and maximum wind speed at landfall. We then estimate the rain-dependent

bias using a cubic spline. Finally, we characterize the random errors in

terms of their probability distribution and spatial correlation. We show that

the marginal distribution of the logarithm of the random errors can be

described by a mixture of four Gaussian distributions, and its spatial corre-

lation is estimated based on the nonparametric Kendall's τ. We then present

a methodology to generate ensembles of random fields with the specified

statistical properties. Here, the generation of probabilistic rainfall comes

from the statistical modelling of the uncertainties between IPET rainfall

and observations. While these results are valid for Louisiana and the IPET

model, the methodology can be generalized to other parametric rainfall

models and regions, and it represents a viable tool to improve our quantifi-

cation of the risk associated with TC rainfall.
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1 | INTRODUCTION

Rainfall associated with landfalling tropical cyclones (TCs)
represents a key ingredient for flooding and landslides
(e.g., Bucknam et al., 2001; Fuhrmann et al., 2008; Villarini
et al., 2014a; Aryal et al., 2018), leading to major societal
and economic repercussions (e.g., Rappaport, 2014;
Czajkowski et al., 2017). These impacts are felt especially
along the coast, where an increased concentration of popu-
lation and wealth has led to increased vulnerabilities to
these storms (e.g., Klotzbach et al., 2018). Images of the
extreme TC rainfall and flooding paint a tragic reality, and
highlight the severity of impacts on communities
(e.g., Miniussi et al., 2020).

Louisiana is an area of the country significantly affected
by these storms. Hurricane Katrina (2005) had an indelible
influence on Louisiana's appreciation of TC impacts.
Though Hurricane Katrina illustrated severe TC wind and
storm surge impacts in the state and along the Gulf coast,
recent years have witnessed additional severe TC events for
which flood risk has been due in large part to TC-related
rainfall. During the historic 2020 North Atlantic hurricane
season, Tropical Storm Cristobal and Hurricanes Laura,
Delta, and Zeta generated maximum storm total precipita-
tion values of 16, 26.4, 25.9, and 18.7 cm over Louisiana,
respectively. Additionally, Hurricane Sally, which made
landfall as a Category-2 hurricane near Gulf Shores
(Alabama) produced a staggering 76.2 cm of rain along the
Alabama coastline. The year prior, Hurricane Barry (2019)
approached Louisiana accompanied by grim forecasts of
extreme precipitation over heavily populated southeastern
Louisiana, though fortunately only 10–20 cm were ulti-
mately recorded in the New Orleans and Baton Rouge
metro areas (Cangialosi et al., 2019). Consequently, Louisi-
ana state authorities are increasingly interested in the sup-
erimposed, nonlinear effects of coincident TC storm surge
and hydrological flooding, termed transition zone flooding
(Bilskie and Hagen, 2018). While the methodology for sim-
ulating peak surge inundation associated with a prescribed
TC path, size, and intensity is well established (e.g.,
Luettich and Westerink, 2004; Resio, 2007; Nadal-
Caraballo et al., 2015) the best approach for pairing the
hypothetical TC with a representative precipitation field is
less clear.

Several different parametric approaches have been
proposed and developed to characterize the rainfall asso-
ciated with TCs. The primary advantage of these rainfall
models lies in their ability to produce a smooth, tempo-
rally varying precipitation surface using basic TC diag-
nostic variables (e.g., central pressure deficit, radius of
maximum winds [RMW]) either directly recorded or eas-
ily derived from historical datasets such as HURDAT2
(Landsea and Franklin, 2013), Extended HURDAT data
(Demuth et al., 2006), and the International Best Track

Archive for Climate Stewardship (IBTrACS; Knapp
et al., 2010). For instance, the Rainfall Climatology and
Persistence (R-CLIPER)model (Marks andDeMaria, 2003;
Tuleya et al., 2007) only requires the position of the storm
and the corresponding maximum wind speed; however,
R-CLIPER primitively assumes that the rainfall fields are
azimuthally symmetric, ignoring the effects of vertical
wind shear on TC precipitation.

Improving on this limitation, Lonfat et al. (2007) intro-
duced the Parametric Hurricane Rainfall Model (PHRaM)
which utilized R-CLIPER as the initial TC rainfall field, but
then spatially redistributes the R-CLIPER estimate via two
additional terms that account for the asymmetrical effects
of shear and topography. Lastly, the Interagency Perfor-
mance Evaluation Task Force Rainfall Analysis
(IPET, 2006), based on Lonfat et al. (2004) and Chen
et al. (2006), adopted elements of both aforementioned
schemes, whereby a simple parametric model produces a
symmetric precipitation surface; the asymmetrical effect of
vertical wind shear is then crudely incorporated by multi-
plying all rainfall rates to the right of the direction of
motion by 1.5×. Lastly, the PDF Precipitation-Climatology
and Persistence (P-CLIPER) resembles R-CLIPER, but
improves upon it by adding the frequency parameter, f,
ranging from −90 to 90% which can be perturbed to reflect
a deviation from the mean TC rainfall intensity (Geoghegan
et al., 2018). Brackins and Kalyanapu (2020) provided a
detailed description, extensive review, and thorough evalua-
tion of the R-CLIPER, IPET, and PHRaM models as well as
seven configurations of P-CLIPER (i.e., f values of −90,
−60, −30, 0, +30, +60, and +90), ultimately concluding that
IPET tends to work the best in terms of storm total rainfall
above 75 mm. However, Brackins and Kalyanapu (2020)
also warned that the performance of these parametric rain-
fall models is currently insufficient for flood studies.

Another group of models is based on the characteriza-
tion of the physical processes at play. For instance,
Langousis and Veneziano (2009) developed an extension
of the formulation by Smith (1968). Their model included
a physically based component to describe the relationship
between mean rainfall and some of the storms' character-
istics (e.g., RMW, translation velocity), and a statistical
part to describe the rainfall variability. Based on its con-
figuration and the fact that it does not account for land-
fall effects, this model is best suited for open-water. Some
of the shortcomings in Langousis and Veneziano (2009)
were addressed by Lu et al. (2018), in which the authors
developed a physics-based model capable of representing
TC rainfall over the oceans and land (see also Zhu
et al., 2013).

All these approaches provide valuable contributions
towards improving our characterization of this hazard.
Even though these methodologies have different levels of
complexity and sophistication, one thing that they
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generally have in common is an attempt to develop the
“best” or “most likely” representation of the rainfall field
associated with these storms and are deterministic in
nature. The development of probabilistic models of rain-
fall associated with these storms has received much less
attention in the literature. The generation of probabilistic
rainfall generally comes from the uncertainties in the TC
track and its characteristics (e.g., Jing and Lin, 2020; Ko
et al., 2020; Yussouf et al., 2020), with only few excep-
tions focused on the probabilistic modelling of TC rainfall
(Langousis and Veneziano, 2009). For instance,
Langousis and Veneziano (2009) proposed an approach
in which the mean rainfall field associated with these
storms is obtained using a physically based model, with
the stochastic component that describes the rainfall vari-
ability at both large (i.e., among storms) and small
(e.g., rainbands, local convection) scales.

Here we take a different point of view: rather than
trying to develop a model with smaller and smaller
uncertainties, our aim is to embrace these errors and
characterize them explicitly. When incorporating
predicted rainfall into design of protection systems, devel-
opment of flood risk maps, or early-warning systems, it is
critical to acknowledge and attempt to quantify uncer-
tainty. As noted by Ben-Haim (2012), the performance of
a system under “most likely” conditions is a “distinct and
independent attribute” from the sensitivity of its perfor-
mance to deviations from those conditions. Risk scholars
working in complex systems (including flood risk man-
agement) emphasize the need to design systems that are
robust to uncertainty, arguing for satisfying performance
over a wide range of scenarios rather than optimal perfor-
mance in the most likely scenario (Lempert et al., 2003;
Keller et al., 2008; Cox, 2012; Aven, 2013; Johnson and
Geldner, 2019). In the context of managing flood risk,
research has examined the impact of uncertainty in
topography, roughness coefficients, and flow data on
inundation maps (Jung and Merwade, 2012), but less
attention has been given to uncertainty in rainfall.

Part of the assumption behind our approach is that
there is an inherent stochastic component associated with
these storms and their associated rainfall, with small pertur-
bations to the environmental conditions in which the
storms developed that would have had potentially large
impacts in terms of their track, strength, and rainfall. There-
fore, the goal of this study is to develop an ensemble gener-
ator of rainfall associated with synthetic (i.e., hypothetical)
or observed TCs making landfall along the Louisiana coast,
that can be used to better quantify the risk associated with
these storms through efforts such as the Louisiana
Watershed Initiative (https://www.watershed.la.gov/)
or Louisiana's Coastal Master Plan (Fischbach et al., 2017).

The paper is structured as follows. Section 2 presents
the data and the methodology, followed by a description

of the results in Section 3. Finally, Section 4 summarizes
the main points of the study and concludes it.

2 | DATA AND METHODOLOGY

The observed rainfall data are obtained from the Stage IV
Quantitative Precipitation Estimates (QPE) products over
the continental United State (CONUS) (http://www.emc.
ncep.noaa.gov/mmb/ylin/pcpanl/stage4/) released by the
National Centers for Environmental Prediction (NCEP),
and available since 2002. We use Stage IV data as the ref-
erence because of its high spatial and temporal resolution
(i.e., ~4 km and hourly) and because it showed a good
performance with respect to rain gage data (e.g., Villarini
et al., 2011; Luitel et al., 2018). We will consider the Stage
IV rainfall as the true rainfall.

In terms of the TC data, we use the Extended
HURDAT data (Demuth et al., 2006; http://rammb.cira.
colostate.edu/research/tropical_cyclones/tc_extended_be
st_track_dataset/). It is available since 1988 and includes
the storm name, month, day, time, year, latitude (deg N),
longitude (deg W), maximum wind speed (kt), minimum
central pressure (hPa), RMW speed (nm), eye diameter
(nm), pressure of the outer closed isobar (hPa), radius of
the outer closed isobar (nm), and radii (nm) of 34 kt, 50
kt, and 64 kt wind to the northeast, southeast, southwest,
and northwest of the storm centre, respectively.

Here we consider storms post 2002 corresponding to
the availability of Stage IV QPE, and focus on all the
12 storms that made landfall along the Louisiana coast
(Figure 1): Tropical Storm Bertha (2002), Hurricane
Isidore (2002), Hurricane Lili (2002), Tropical Storm Bill
(2003), Tropical Storm Matthew (2004), Hurricane Cindy
(2005), Hurricane Katrina (2005), Hurricane Rita (2005),
Tropical Storm Bonnie (2010), Tropical Storm Lee (2011),
Hurricane Isaac (2012), and Tropical Storm Cindy (2017).
Detailed information about these storms is provided by
the National Hurricane Center (https://www.nhc.noaa.
gov/data/#tcr). The only storm we have not included is
Hurricane Ivan (2004) because of its recurving track.

The first step in our approach is to generate storm total
rainfall via a parametric TC rainfall model. Among the
existing parametric models, we have selected to use the
IPET model. Recently, Brackins and Kalyanapu (2020)
examined the performance of four different parametric TC
rainfall models, and found that IPET exhibited the most
skill in reproducing high total precipitation. Here we pro-
vide just a brief overview of this model, and point the inter-
ested reader to the IPET (2006). The IPET rainfall model is
a piecewise function that generates a single precipitation
rate for all areas within the RMW (units: nm), and a sec-
ond, exponentially decaying precipitation rate for areas
beyond the RMW. Both regions of precipitation are
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parameterized using the TC's central pressure deficit (ΔP;
units: hPa) in the fashion shown below:

RIPET rð Þ= 1:14+0:12ΔP,r≤RMW

1:14+0:12ΔPð Þe−0:3 r−RMW
RMWð Þ,r>RMW

(
, ð1Þ

where RIPET rð Þ is the mean rainfall intensity (mm�hr−1)
generated by IPET, and r is the radial distance (km) from
the TC centre. To account for azimuthal asymmetry,
IPET crudely applies a 1.5× exaggeration factor to the
modelled rainfall on the right-hand side of the storm azi-
muth. The diagnostic variables shown in the expression
above were retrieved from the Extended HURDAT
dataset, with all inputs linearly interpolated to 20-min
resolution from HURDAT's 6-hourly entries during the
lifetime of the storm to yield a smoother sequence of
RIPET fields. Each RIPET surface was multiplied by
0.333 hr (i.e., 20min/60min�hr−1) to produce a 20-min
rainfall accumulation and all 20-min totals were summed
to produce a single storm-total TC precipitation field esti-
mate over Louisiana (storm total RIPET termed Rm). The
IPET rainfall footprint decays exponentially beyond
the RMW (Equation (1)); here we calculate IPET rainfall
for every storm over a fixed area from 10�N to 40�N and
100�W to 70�W. All IPET estimates were generated at
0.05 decimal degrees (~5 km) spatial resolution and vali-
dated against the Stage IV QPE data, which were reg-
ridded to the same spatial domain and resolution as the
IPET rainfalls.

Our TC rainfall model takes the lead from Ciach
et al. (2007) and the further developments in Villarini

et al. (2014b). We summarize the main steps involved in
the estimation of the model components in Figure 2.
Given the IPET rainfall (Figure 2a), we start by correcting
for the bias in a storm's total rainfall (i.e., not varying
from pixel to pixel or as a function of rainfall magnitude),
which allows us to quantify and correct for the overall
over- or under-estimation of the TC rainfall by the IPET
model (Figure 2b). Given the dependence of the
IPET rainfall on storm characteristics (e.g., RMW speed,
TC's central pressure deficit), it is reasonable to assume
that the bias may vary from storm to storm:

Bi=
Ro,i

Rm,i
, ð2Þ

where i = 1, 2, …, 12 (12 storms considered here), Ro,i and
Rm,i are the storm total rainfall during the storm i derived
from Stage IV observations and the IPET model, respec-
tively, aggregated over the nonzero pixels. A bias value
larger (smaller) than 1 indicates that the IPET model
under-estimates (over-estimates) rainfall with respect to
the Stage IV data.

Because we want to develop a generator that is appli-
cable beyond the 12 storms considered here, we need to
estimate the bias as a function of different storm
characteristics:

B0
i= f x1,x2,…,xnð Þ, ð3Þ

where xk (k = 1, 2, …, n) represents the kth storm charac-
teristics, and f(�) a function that maps storm characteris-
tics xk to B0

i (dependent upon the data). Here we will
consider maximum sustained wind, minimum sea level
pressure and translation velocity at landfall, and storm
total rainfall across the area in Louisiana within a
200-km buffer of a storm's track as potential factors. We
select the best model with respect to the adjusted coeffi-
cient of determination (i.e., R

2
value). Notice the super-

script symbol for the bias in Equation (3) compared to
Equation (2): this indicates that the bias value is based on
the fitted function, not one estimated from the 12 TCs.

Therefore, if we define Rm,i lð Þ to be the modelled rain-
fall at location (i.e., pixel) l for storm i, we first adjust the
location-specific rainfall totals by the fitted overall bias
factor B0

i (Figure 2c) from Equation (3):

R0
m,i lð Þ=B0

i �Rm,i lð Þ: ð4Þ

Note that the effect of this step is to correct the storm
total rainfall by applying the same correction factor at
every location. However, this does not mean that the
adjusted value from this step will match observed totals
at each location. Thus, we next turn to estimating the
residual spatial errors.

FIGURE 1 Track of the 12 tropical cyclones that made landfall

over Louisiana between 2002 and 2017 and that are considered in

this study [Colour figure can be viewed at wileyonlinelibrary.com]
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Similar to Ciach et al. (2007) and Villarini et al. (2014b),
we consider a multiplicative error model, in which the true
rainfall Ro at location l can be described as:

Ro lð Þ=h R0
m lð Þ� � � ε lð Þ, ð5Þ

where R0
m is the precipitation from the IPET model after

correcting for overall bias (see Equation (4)). Notice that we
have dropped the subscript i as we will be pooling all the
storms together. The function h(R0

m lð Þ) is the deterministic
component, while ε lð Þ is the random component; the for-
mer accounts for the rain-dependent bias, while the latter
for the residual fluctuations. Even though the relation-
ship between true and IPET-based rainfall could be
described by a number of other formulations, here we have
selected a multiplicative error model based on the results by
Tian et al. (2013), Villarini and Krajewski (2010), and

Villarini et al. (2014b). In the development of the model, we
will focus on an area of 200km around the TC track and
intersecting Louisiana.

The next step is the estimation of the deterministic
component h(�) to capture the relationship between
observed and modelled rainfall (Figure 2d). This sys-
tematic component varies from pixel to pixel and
allows capturing the potential dependence of the bias
on modelled rainfall. There are different ways in
which it can be estimated (e.g., Villarini et al., 2008).
Here we will use a cubic spline, with its degrees of
freedom estimated by means of leave-one-out cross-
validation.

Once we have estimated the deterministic part, we can
turn our attention to the random component (Figure 2e):

ε lð Þ= Ro lð Þ
h R0

m lð Þ� � : ð6Þ

IPET-based 
rainfall

• For the 12 TCs considered, compute the total precipitation from

the IPET model

Estimate the
overall bias

• It varies from storm to storm and does not depend on a given pixel

• Develop a model that describes the dependence of the overall 

bias on TC characteristics

Bias correct the
IPET rainfall

• Correct the IPET rainfall with respect to the overall bias

• This step mitigates the issues associated with the over- or under-

estimation of TC rainfall by the IPET model

Estimate the
rain-dependent 

bias

• Compute the rain-dependent bias, which varies in space as a 

function of the IPET rainfall (after correction for the overall bias)

• It is estimated based on a cubic spline

Compute the
random

component

• A multiplicative error model is selected. The random component is

described as the ratio between the observed and IPET (corrected 

for overall and rain-dependent biases) rainfall.

Characteristics 
of the random

component

• Given the multiplicative nature of the model and to avoid negative 

rainfall, the logarithm of the random component is considered

• Estimate the distribution and spatial correlation of the random

component s to summarize its statistical properties

(f)

(e)

(d)

(c)

(b)

(a)

FIGURE 2 Flow chart summarizing the main

tasks involved in the estimation of the properties

of the TC-rainfall generator. IPET, Interagency

Performance Evaluation Task Force; TC, tropical

cyclone [Colour figure can be viewed at

wileyonlinelibrary.com]
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To fully characterize the random component, we need to
estimate its probability density function and spatial corre-
lation. Given the multiplicative nature of the error model,
to ensure that we do not get any negative rainfall values
we will focus on the modelling of (Figure 2f):

ε0 lð Þ= log ε lð Þð Þ= log
Ro lð Þ

h R0
m lð Þ� �

 !
: ð7Þ

Building on Serinaldi and Kilsby (2012) and similar to
Villarini et al. (2014b), we focus on mixtures of
n Gaussian distributions, which we can write as:

f ε0 lð Þð Þ=
Xn
j=1

wjpj ε
0 lð Þð Þ, ð8Þ

where n represents the total number of components for
the mixture of distributions, pj the jth Gaussian probabil-
ity density function, while the weights wj (j = 1, …, n)
need to satisfy the conditions

Pn
j=1wj=1 and 0<wj<18j.

We use the Schwarz Bayesian Criterion (SBC;
Schwarz, 1978) to select the number of components n.
We will compute the SBC value for an increasing number
of components and select the mixture with the lowest
SBC. We evaluate the goodness of fit of our mixture of
distributions by comparing empirical and fitted cumula-
tive density and survival functions.

The next step is the estimation of the spatial correlation
of the random component to reflect the expectation that
values at one pixel are more closely related to values at
nearby pixels rather than distant ones. Because of the non-
Gaussian nature of the error distribution, we cannot use
Pearson's correlation coefficient; we instead employ
Kendall's τ because it does not require distributional assump-
tions (e.g., Serinaldi, 2008), and use the weighted average of
the spatial correlations for each storm (the weights are based
on the sample size used to compute the value of Kendall's τ
for a given distance between two pixels).

Once we estimate the components of the random
error, the final step is the development of a generator that
can reproduce the estimated characteristics. Here we will
follow an approach similar to the one detailed in Villarini
et al. (2014b) and build on the concept of copulas
(e.g., Genest and Favre, 2007; Salvadori and De
Michele, 2007; Nelsen, 2010). We adopt a meta-Gaussian
copula because of its correspondence to a meta-Gaussian-
random field in high dimensions. Therefore, our steps
include performing a normal quantile transformation to
obtain marginals that are close to the Gaussian distribu-
tion. In terms of spatial correlation, we transform the

Kendall's τ to the corresponding Pearson's correlation
coefficient ρ as (e.g., Fang et al., 2002):

τ=
2
π
sin−1ρ: ð9Þ

Using Equation (9), we obtain the Pearson's correlation
coefficient ρ that we need as input for our generator.
Here we use a power law model to describe the spatial
dependence (e.g., Chilès and Delfiner, 2012):

C dð Þ=exp −
d
a

� �α� �
, ð10Þ

where d is the distance between pixels, and a and α are
two parameters that we need to estimate.

Therefore, we will need to generate Gaussian-
distributed random fields with the spatial structure
described by Equation (10). Once we use the inverse of
the normal quantile transformation, we will have spa-
tially correlated error fields, with the marginals that are
described by a mixture of n Gaussian distributions, and
the spatial correlation based on the estimated Kendall's τ.

It is worth highlighting that, while our focus here is
on the IPET rainfall model, other deterministic TC rain-
fall models could have been used; in that case, the
parameters of our statistical model would need to be re-
estimated given that they are specific to a given TC rain-
fall model.

All the calculations are performed in R (R Core
Team, 2019) using the freely available gamlss (Rigby and
Stasinopoulos, 2005; Stasinopoulos and Rigby, 2007)
and RandomFields (Schlather et al., 2015) packages.

3 | RESULTS

The first step in the development of the generator is
the calculation of the overall bias (Table 1). When we
pool all the storms together, the total overall bias is
equal to 0.63, which means that the IPET model tends
to overestimate TC rainfall with respect to the Stage IV
observations. There is, however, variability in the
values of B among the different storms (Table 1), ranging
from 0.20 (Bertha, 2002) to 1.98 (Lili, 2002). In the spirit
of Equation (3), we have examined the dependence of B
on different storm characteristics, including the mini-
mum pressure, translation velocity and maximum wind
speed at landfall, and modelled rainfall. After examining
different combinations of predictors and functional rela-
tionships, we have found that the model with the largest
adjusted coefficient of determination is:
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log10 B0ð Þ=1:43+0:005 �x1−0:353 � log10 x2ð Þ, ð11Þ

where x1 is the maximum wind speed at landfall
(in knots) and x2 is the total rainfall (in mm) within
200 km of the storm track and intersecting Louisiana.

Overall, this simple relationship can generally cap-
ture the observed values (the correlation coefficient is
equal to 0.7), with the advantage that it provides a
functional form to correct the IPET model: for any
observed or synthetic storm, once we use IPET to
determine the modelled rainfall across Louisiana and
around the storm track and the maximum wind speed
at landfall, we can obtain a value of B0 based on
Equation (11).

The results in Table 1 highlight the performance of
this first layer of bias correction. Here, we correct the pre-
cipitation associated with each storm based on the func-
tional form of B0 in Equation (11). In general, there is
a tendency for the bias values to move towards 1
(i.e., overall unbiased estimate), with an overall bias of
1.09 when we consider all the storms together (compared
to 0.63 based on the original model simulations). This is
also visualized in Figure 3, where the scatterplots prior to
this step (left panel) exhibited considerable variability,
with the traces for the individual storms that are visible.
After bias correction (right panel), the situation improves
significantly, with points that are now much more tightly
grouped and closer to the 1:1 line. We have also com-
puted the root-mean-square error (RMSE) between

observations and IPET model before and after bias-cor-
rection: prior to the bias correction, the RMSE was equal
to 91mm, while it decreases to 59mm after correcting for
the overall bias, highlighting the improvements associ-
ated with the bias correction.

After the estimation of the overall bias, we can focus
on the rain-dependent bias. This task is performed
using a cubic spline, shown in Figure 3 (right panel).
Overall, the rain-dependent bias tends to be around the
1:1 line up to about 200 mm. As the modelled rainfall
increases further, there is a switch towards over-
estimation, especially for the larger values (i.e., above
250 mm).

We evaluate the robustness of these results through
leave-one-out cross validation: we remove one storm at
the time and use the information from the remaining
11 storms to estimate the overall and rain-dependent
biases; we then evaluate how well our model predicts the
independent storm. As shown in Table 1, the results for
the overall bias are generally comparable to what we
computed when using all the storms. When we plot the
observed rainfall against the modelled rainfall after bias
correction and leave-one-out cross validation (Figure 4,
left panel), the results are largely consistent with what
obtained pooling all the storms together (Figure 4, right
panel). The largest difference is for the trace of Hurricane
Katrina (2005), which is outside of the cloud of points
against the 1:1 line in the left panel of Figure 4. This is
because the maximum wind speed at landfall associated
with this storm is the largest among all the TCs

TABLE 1 Summary of the overall bias values for the individual storms (first 12 rows) and after pulling all the storms together (last row)

based on the original model outputs (second column), after applying the bias correction in Equation (11) using all the storms (third column)

or through leave-one-out cross validation (last column)

Storm name (year) Original bias value After bias correction
After bias correction
(cross-validation)

Bertha (2002) 0.20 0.52 0.40

Isidore (2002) 0.41 0.75 0.72

Lili (2002) 1.98 1.91 2.15

Bill (2003) 0.91 1.12 1.14

Matthew (2004) 1.41 2.03 2.35

Cindy (2005) 1.46 1.11 1.16

Katrina (2005) 0.59 0.44 0.26

Rita (2005) 1.43 1.36 1.54

Bonnie (2010) 0.62 0.65 0.46

Lee (2011) 0.52 1.57 1.97

Isaac (2012) 0.45 0.92 0.90

Cindy (2017) 0.45 0.92 0.91

Total 0.63 1.09 1.03
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considered here, leading to a coefficient of 0.009 for x1 in
Equation (11), much larger than for any other storm; this,
in turn, leads to an overall bias value of 0.26 compared to
0.44 if all the TCs were considered (Table 1). The results
of the cross-validation for the rain-dependent bias suggest

that, while there is some variability, the overall pattern is
consistent with respect to what we estimated using all
the storms (Figure 4, right panel).

Figure 5 shows the results for the 12 storms after cor-
recting for overall and rain-dependent biases. Depending

FIGURE 4 Two-dimensional histogram between observed and modelled precipitation after correcting for the overall bias at each pixel l

based on cross validation (left panel) or after pooling all the storms together (right panel; same as the right panel in Figure 3). The red line in

the right panel represents the rain-dependent bias estimated pooling all the storms and using cubic splines, with the degrees of freedom

optimized using leave-one-out cross validation; the light grey line (black area) represents the median (the area between the 5th and the 95th

percentile) of all the rain-dependent bias functions based on leave-one-out cross validation [Colour figure can be viewed at

wileyonlinelibrary.com]

FIGURE 3 Two-dimensional histogram between observed and modelled precipitation before (Rm; left panel) and after (R0
m; right panel)

correcting for the overall bias at each pixel l using the parametric model in Equation (11). The black line in the right panel represents the

rain-dependent bias estimated using cubic splines, with the degrees of freedom optimized using leave-one-out cross validation [Colour figure

can be viewed at wileyonlinelibrary.com]
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on the storm, the bias correction either increases or
decreases precipitation totals, with results that are now
closer to the observations. One element that persists is
the tendency for these fields to be smooth. This is largely
due to the IPET model and the smooth fields that it
(as well as other aforementioned parametric TC

precipitation models) generates, and the random compo-
nent will address that issue by capturing the variability
around the deterministic function (Figure 3, right panel).

Based on Figure 5, one way to think of the random
component is by adding multiplicative “noise” to the
results in the right column. To accomplish this task, we
need to estimate its distribution and spatial correlation.
As mentioned in Section 2, we model ε0, which is the log-
arithm of the random component. One of the advantages
of modelling the logarithm of the random component,
rather than the random component itself, is that we
enforce the errors in the linear space to be strictly posi-
tive, avoiding issues related to potentially negative values
due to the multiplicative nature of our model. Based on
the results in Figure S1, a mixture of four Gaussian distri-
butions is selected based on SBC (see Table S1 for a sum-
mary of each of the components). As shown in Figure 6,

FIGURE 5 Storm total rainfall (unit: mm) associated with the

12 storms considered here (one per row). The results in the left

panels are based on Stage IV data, while those in the middle and

right panels are based on the Interagency Performance Evaluation

Task Force (IPET) model before and after bias correction [Colour

figure can be viewed at wileyonlinelibrary.com]

FIGURE 6 Comparison of the empirical (black line) and fitted

(red line; based on the mixture of four Gaussian distributions)

cumulative distribution (top panel) and survival (bottom panel)

function. The light red region represents the 95% confidence

intervals representing the sampling uncertainties [Colour figure

can be viewed at wileyonlinelibrary.com]
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the fitted distribution can reproduce well the empirical
results, providing additional supporting evidence of the
goodness of our model.

The results for the spatial correlation of ε0 are shown
in Figure 7. Because of its nonparametric nature, we start
with Kendall's τ (Figure 7, top panel), and then convert it
to the corresponding Pearson's ρ based on Equation (9).
While there is some variability in the spatial dependence
among the different TCs, the weighted average captures
well the overall patterns. Here we fit the results based on
Pearson's ρ with the power law model in Equation (10).
We estimate a value of a equal to 0.68 decimal degrees
and α equal to 1.05, which suggests that it decorrelates
(using 1/exp (~0.37) as reference) at a distance of 0.68

decimal degrees; moreover, the shape coefficient α con-
trols the behaviour of the correlation at small distances,
with a value of 1.05 indicating that correlation tends to
be close to the corresponding exponential function. Over-
all, the fitted model can reproduce well the empirical
results.

At this point, we have estimated the distribution and
spatial dependence structure of ε0, which represent the
inputs for the ensemble generator. Based on the method-
ology described in Section 2, we can generate Gaussian
random fields (which we can then back-transform to
mixtures of Gaussian distributions using the inverse of
the normal quantile transformation; Figure 8, top panel),
with the prescribed spatial correlation (Figure 8, bottom
panel). Therefore, we have developed a generator that is
able to correct the IPET outputs for overall and rain-
dependent biases and perturb them with noise that is

FIGURE 7 Plot of the spatial correlation of ε0 based on

Kendall's τ (top panel) and the corresponding results based on

Pearson's ρ (bottom panel; based on Equation (9)). The light grey

lines are the results for each of the 12 tropical cyclones (TCs), while

the blue lines represent their weighted averages (with the weights

based on the sample size for each lag). The red dashed line

represents the fitted spatial correlation function based on

Equation (10) [Colour figure can be viewed at

wileyonlinelibrary.com]

FIGURE 8 Plot of the input (grey line) and simulated (red

line; the orange region represents the area between the 5th and the

95th percentiles) cumulative distribution function (top panel) and

spatial correlation (bottom panel). In the top panel, the confidence

intervals are too small to be visible [Colour figure can be viewed at

wileyonlinelibrary.com]
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consistent with what we estimated with respect to the
observations. Given that the random component was not
dependent on the rainfall values, we are able to generate
a large ensemble of random error fields offline, which we
can then use to perturb the bias-corrected IPET fields. We
show the storm total rainfall based on observations and
three synthetic examples for each of the 12 storms in
Figure 9. The simulated fields tend to place the heavier pre-
cipitation close to the track, consistent with observations.

However, there is also rainfall that is further away from the
track that, even though it did not materialize during these
events, could have happened. These fields appear realistic
compared to the observations, even though there are differ-
ences in terms of the areas that receive some of the largest
rainfall amounts. This is because we are not performing
conditional simulations (i.e., we are not forcing to have cer-
tain values at certain locations); hence our results suggest
that there could have been other locations within the state
that could have experienced heavy precipitation and poten-
tially flooding other than those that effectively experienced
the largest impacts.

4 | CONCLUSIONS

We have proposed and developed an ensemble generator
for rainfall associated with landfalling TCs. Our focus was
on the state of Louisiana, and 12 storms that made landfall
along its coastline between 2002 and 2017. It is a multiplica-
tive model that includes two components, a deterministic
and a stochastic one. The first step corrected the storm total
rainfall associated with the IPET parametric model for the
overall bias, which we found to depend on the total amount
of modelled rainfall and maximum wind speed at landfall.
Then, we estimated the rain-dependent bias (i.e., a bias
function of the rainfall value at a given pixel) using a cubic
spline. To fully characterize the random component, we
estimated its probability distribution and spatial correlation.
Due to the multiplicative nature of our model, we focused
on the logarithm of the multiplicative errors, which we
found could be described by a mixture of four Gaussian dis-
tributions. We used Kendal's τ to estimate its correlation
structure; we then transformed it into Pearson's ρ and
parametrized using a power law correlation function. After
having estimated the model's components, we used them as
inputs for our generator, which we showed was able to
reproduce these characteristics well.

We used leave-one-out cross validation to evaluate
the robustness of our model. While the performance of
the model was generally preserved when considering
independent storms, we highlighted the role of a major
hurricane like Hurricane Katrina in impacting the
results. Based on the insights of these analyses, it is
important to include a variety of storms in the estimation
of the model's parameters to avoid extrapolating the
results too far from the training set.

Given the stochastic nature of these events, future
work could examine a wide range of possible rainfall
impacts for these historical events, providing a more com-
prehensive view of risk associated with these storms
(i.e., not just what happened but also what could have hap-
pened). Beyond re-analysis of historical events, our

FIGURE 9 Examples of the synthetic storm total rainfall

(unit: mm) associated with the 12 storms considered here (one per

row). The left row represents the observed rainfall (Stage IV),

while the remaining three columns have examples of synthetic

realizations based on the ensemble generator [Colour figure can be

viewed at wileyonlinelibrary.com]
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method could be used to better incorporate uncertainty in
rainfall distributions into estimates of compound flood
risk from rainfall, riverine overflows, and/or storm surge.

Moreover, there are several aspects worth discussing
as far as possible future developments and extensions.
Here we have focused on the IPET model to provide the
initial quantification of the TC rainfall. However, given
the data-driven nature of our approach, other TC-rainfall
simulators could be used; while our approach would be
applicable, the parameters and components of the model
would need to be estimated based on the different TC-
rainfall model.

While here we have focused on Louisiana, our model-
ling framework is not limited to this area, but could be
expanded to other coastal regions affected by landfalling
TCs; if very large domains were of interest, then a prelim-
inary step would be to identify sub-regions to capture
regional variability in precipitation and TC characteris-
tics. Furthermore, the application of this generator is not
just in a hindcast mode, but it could also be used in con-
junction with the forecasting of TCs: based on the storm
track and characteristics, once we generate the TC rain-
fall based on the IPET model, we can first bias-correct it,
and then generate ensembles of possible TC rainfall
fields; these data could then be used as input to hydro-
logic models for flood forecasting. The same line of think-
ing could be applied to global climate models and
superimpose our synthetic rainfall fields on the tracks
simulated by the global climate models.
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