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Abstract
In the twenty-first century, the effects of sea-level rise (SLR) and more intense tropical cyclones
(TCs) are increasing compound coastal inundation worldwide. To facilitate the adaptation efforts
being made by coastal communities, here, we use a coastal surge-wave model together with a novel
statistical approach to incorporate the six joint probability density functions (PDFs) of five landfall
TC parameters and SLR values, instead of the traditional five-parameter approach, which considers
the five PDFs of TCs with prescribed SLR values as boundary conditions. The five-parameter
approach determines the 1% annual chance of coastal inundation by conducting numerous sets of
surge-wave simulations, each for a different SLR scenario, for the future TC ensemble. The
six-parameter approach, however, uses a future TC and SLR ensemble to conduct only one set of
surge-wave simulations without the subjective selection of an SLR scenario, and is much less
uncertain and much more efficient. In this paper, we focus on the 1% risk of inundation in a large
coastal flood plain in southwest Florida by incorporating intensifying TCs and accelerating SLR
under a representative concentration pathway 8.5 climate scenario in 2100. The 1% risk of
inundation determined by the six-parameter approach is comparable to that obtained from the
traditional approach forced with the expected SLR value in 2100. The total inundation volume,
total inundation area, average inundation height, and maximum inundation height are expected to
dramatically increase by (5.7, 2.4, 2.6, and 2.5) times, respectively, compared to their 1982–2009
values. The coastal inundations caused by TCs and SLR are found to interact nonlinearly over the
coastal flood plain. Near the coast, TCs account for 70%–80% of the total 1% inundation risk for
1 m of SLR and 30%–70% for 2 m of SLR. Therefore, future inundation analyses must consider
TCs and their nonlinear interaction with SLR-induced inundation. These findings will inform local
communities and help them to develop coastal adaptation plans.

1. Introduction

Coastal flood vulnerability has been significantly
increasing all over the world due to a gradually accel-
erating sea-level rise (SLR) [1–3], intensifying trop-
ical cyclones (TCs) [4–6], and changing exposure
[7, 8]. The SLR accompanying the current warming
will lead to higher storm inundation and sea level,
assuming that all other factors are unchanged [6].
Future TCs, particularly those in the North Atlantic

basin, have been predicted by most climate mod-
els to become more intense in the twenty-first cen-
tury [4–6]. Coastal communities have experienced a
dramatic increase in TC-induced flood damage [7],
which is highly dependent on the local conditions,
including floods, waves, infrastructure, SLR, the land-
scape, and their interactions [8]. To minimize future
flood damage, regional- and local-scale adaptation
plans need to be developed based on our best under-
standing of how intensifying TCs and accelerating
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SLR will impact local coastal flood vulnerability in
the twenty-first century. The status quo probabil-
istic coastal flood analysis framework [9] needs to be
improved to incorporate the impacts of future TCs
and SLR in a changing climate.

Despite a few studies of future storm surges at
coastal stations [10–12] over a continental scale due
to TCs and SLR, studies of future flood hazards in
large coastal floodplains (which are needed for coastal
management and infrastructure decisions) are scarce.
A recent study [13] simulated the effect of two SLR
scenarios during two hypothetical TCs on coastal
flooding in Jamaica Bay, NY, while others [14, 15]
have studied the increase in flood frequency due
to SLR, assuming that there will be no significant
changes in storminess. Condon and Sheng [16] used
a coastal surge-wave model and the joint probabil-
ity method with optimal sampling (JPM-OS) to sim-
ulate the 2100 coastal flooding in southwest Florida
(SWFL), incorporating SLR and TCs with increasing
intensity but decreasing frequency. The JPM-OS con-
sidered the five-parameter (5P) joint probabilities of
the five characteristics of landfalling TCs to simulate
probabilistic coastal flooding using specified SLR val-
ues (with different probabilities) at the open bound-
ary of the coastal model.

While regional- and local-scale probabilistic
coastal flood maps for the twenty-first century are
needed for adaptation planning and infrastructure
management, there are several major challenges.
First, there are considerable uncertainties in the pre-
diction of future TCs by climate models and down-
scaling models [4, 6, 7], which is also the case for
the prediction of future SLR [1–3]. A comprehensive
uncertainty analysis of future TC predictions, how-
ever, requires extensive data from many models and
is beyond the scope of this paper. Here, we focus on
the statistical method of integrating the probability
density functions (PDFs) of TCs and SLR, instead of
a sensitivity study on the effect of coastal inundation
vulnerability to climate and downscaling models.

We consider the TCs predicted by the Florida State
University global spectral model (FSUGSM) [17, 18],
a global atmospheric model (based on the sea sur-
face temperature (SST) and fluxes predicted by the
CAMESM2 [19] global climate model for represent-
ative concentration pathway 8.5 (RCP8.5) [20, 21] in
2100) downscaled by a 12 km resolution regional cli-
matemodel weather research forecast (WRF) [22]. To
estimate the impact of climate change due to global
warming, the RCPs, which consist of a set of green-
house gas concentration pathways, have been used
for climate predictions. RCP 8.5 assumes that green-
house gas emissions will continue to rise throughout
the twenty-first century and that the radiative forcing
value in the year 2100 will be +8.5 W m−2 relative
to the pre-industrial value [20, 21]. While the accur-
acy of the TCs predicted by FSUGSM-WRF for 2100
is uncertain, TCs predicted by the FSUGSM-WRF for

the period from 1990–2010 were found to produce
a 1% risk of coastal inundation in SWFL, which is
similar to that determined using historical TC data
in 1982–2009 [23]. The SLR under RCP8.5 could
reach as much as 2 m by 21002. However, it should
be noted that the SLR could exceed 2 m if marine
ice-cliff instability processes are included in the pro-
jections, but these high-end sea-level rise projections
cannot provide an unambiguous probability distribu-
tion [24]. PDFs of the global mean sea level (GMSL)
and the regional/local sea level (RSL) at Naples, Flor-
ida, in 2100 were provided by Jevrejeva et al [25]
and Kopp et al [1], respectively. The projections from
Kopp et al [1] include estimates for the expected con-
tributions to the relative sea-level rise from vertical
land motion for specific tidal gauge locations. The
vertical landmotion contribution varies spatially, and
therefore projections differ for the Fort Myers and
Naples tidal gauges in the study area, but the differ-
ence is very small, and the Naples tidal gauge data is
representative of the SWFL.

Another major challenge is the additional uncer-
tainty and prohibitive computational requirements
associated with the status quo 5P JPM-OS for TCs
and selected SLR scenarios. Coastal surge and wave
simulations for each TC ensemble must be conduc-
ted formany SLR values (with different probabilities).
Here, we present a novel statistical method to reduce
the uncertainty and computational effort of assess-
ing probabilistic coastal flooding in the twenty-first
century by incorporating the six-parameter (6P) joint
probabilities of TC characteristics and SLR. We focus
on a large coastal flood plain in SWFL (figure 1)which
is highly vulnerable to coastal flooding due to a high
SLR projection, frequent TCs, a low elevation with
flat coastal bathymetry and topography, and growing
population and development. While the uncertain-
ties associated with coastal surge-wave models have
been addressed elsewhere [9, 26], we will compare the
probabilistic coastal floods simulated by two coastal
models, CH3D (Curvilinear-grid Hydrodynamics in
3D)-SWAN Simulating WAves Nearshore) [27–31]
and SLOSH (Sea, Lake, and Overland Surge from
Hurricanes) [31], which have different model phys-
ics and grid resolutions.

2. Results

2.1. Probabilistic coastal inundationmaps for the
current climate and 2100 under RCP8.5
Using CH3D-SWAN and JPM-OS, we developed
probabilistic coastal inundation maps for the cur-
rent climate (1982–2009) [23] and 2080–2100 under
RCP8.5 based on the TCs predicted by the FSUGSM-
WRF. The probabilistic coastal inundation maps for
2080–2100 were developed in three different ways: (a)
5P JPM-OS, using the PDFs of the five TC character-
istics and the expected value of the GMSL specified
at the open boundary of the coastal model domain;

2



Environ. Res. Lett. 17 (2022) 044055 Y P Sheng et al

Figure 1. Study domain of SWFL coupled to the basin-scale domain (left), the domain of the climate model (middle), and the
domain of CH3D-SWAN with a simplified coastline CREF (right).

(b) 6P JPM-OS, using the six PDFs of the five TC
characteristics and the GMSL; and (c) 6P JPM-OS,
using the six PDFs of the five TC characteristics and
the RSL at Naples tide station.

2.2. 1% annual chance coastal inundationmaps
developed using 5P JPM-OS for the current climate
The 1%annual chance coastal inundationmap shown
in figure 2(a) was developed using CH3D-SWAN and
5P JPM-OS with historical TC data for 1982–2009.
The PDFs of five TC characteristics (Pc, Rm,Vf, θ, L0),
i.e. (the central pressure deficit, the radius of max-
imum wind, the forward speed, heading, and land-
fall location) were considered in the selection of the
optimal TCs. While the maximum 1% inundation
reached more than 2 m, there is significant spatial
variation in the inundation height over the coastal
flood domain. The 1% annual chance flood eleva-
tion at the Naples tide station compares well with
that determined from the historical water-level data at
Naples using the peak over threshold (POT) method
[11]. The inundation area and inundation height
agree well with the 1% annual chance still-water elev-
ation for the region developed by the Federal Emer-
gency Management Agency.

2.3. 1% annual chance inundationmaps obtained
using 5P JPM-OS and the expected GMSL for 2100
JPM and JPM-OS were used with the PDFs of
(Pc, Rm, Vf, θ, L0) of TCs predicted by FSUGSM-
WRF for 2100 under the RCP8.5 scenario, while the
expected value of the GMSL (0.9m, see section 4) was
specified at the open boundary of the coastal model
domain. The 5P JPM considers an ensemble of 20 625
TCs, out of which, 150 optimal TCs were selected
by 5P JPM-OS, following the optimal TC selection
method [23]. The 1% inundation maps produced by
JPM-OS and a prescribed SLR of 0.9 m with CH3D-
SWAN are shown in figure 2(b). Both the inundation
height and the total inundation area (TIA) are more
than doubled compared to the current climate values
shown in figure 2(a).

2.4. 1% annual chance inundationmaps obtained
using 6P JPM-OS and the GMSL for 2100
The 1% annual chance coastal inundation map
developedwith 6P JPM-OSusing the PDFs of (Pc,Rm,
Vf, θ, L0, GMSL) for 2100 under the RCP8.5 scenario
is shown in figure 2(c). The map was produced using
the CH3D-SWAN results for 350 optimal TC&SLR
combinations instead of the full JPM ensemble of
103 125TCand SLR combinations. SLOSHwas found
to overestimate the coastal inundation due to its
simpler physics and lower resolution. However, the
highly efficient SLOSH was used solely to determ-
ine the optimal TC&SLR combinations for the 6P
JPM-OS to save computational time. The optimal
TCs determined by SLOSH were found to be very
similar to those determined by the CH3D-SWAN
in the 5P JPM-OS [23]. Although we could not
verify the agreement between the CH3D-SWAN res-
ults obtained by 6P JPM and 6P JPM-OS, inundation
maps produced by the 6P JPM-SLOSH and the 6P
JPM-OS-SLOSH agreed extremely well, with a coef-
ficient of determination (R2) of 0.99 and a root mean
square error (RMSE) of 0.16 m.

Coastal inundation maps produced using the
expected GMSL value of 0.9mwith 5P JPM and JPM-
OS (figure 2(b)) are very similar to those produced
with the 6P JPM and JPM-OS (figure 2(c)). This is
because the nonlinear effect of SLR on storm surge is
comparable for different levels of SLR [32, 33].

2.5. 1% annual chance inundationmaps obtained
using 6P JPM-OS with RSL
The 1% annual chance coastal inundation map
developedwith 6P JPM-OSusing the PDFs of (Pc,Rm,
Vf, θ, L0, RSL) for 2100 under the RCP8.5 scenario is
shown in figure 2(d). The inundation is very similar
to that shown in figure 2(c), because the GMSL is very
similar to the RSL at Naples. However, in other places,
such as New Jersey and New York [1, 34], the GMSL
and RSL can be significantly different; hence, the RSL
should be used to develop future coastal inundation
maps.
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Figure 2. One percent annual chance inundation maps: (a) for the current climate, obtained using 5P JPM-OS, (b) for 2100,
obtained using 5P JPM-OS with a 0.9 m SLR, (c) for 2100, obtained using 6P JPM-OS with TCs and GMSL, and (d) for 2100,
obtained using 6P JPM-OS with TCs and RSL.

2.6. Comparison of 1% inundationmetrics for four
scenarios
Table 1 shows a comparison of the 1% inundation
risks obtained using the four different scenarios in

terms of the 1% inundation metrics: total inunda-
tion volume (TIV), TIA, average inundation height
(AIH), andmaximum inundation height (MIH). TIA
and TIV are defined as follows [35]:
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Table 1. One percent inundation statistics for the maps shown in figure 1. TIV= total inundation volume, TIA= total inundation area,
AIH= average inundation height, MIH=maximum inundation height.

Year Scenario TIV (109 m3) TIA (109 m2) AIH (m) MIH (m)

1892–2009 5P JPM-OS with TC 2.8 2.6 1.1 2.4
2080–2100 5P JPM-OS with TC & E(GMSL) 15.4 5.8 2.8 6.1
2080–2100 6P JPM-OS with TC & GMSL 16.0 6.1 2.8 6.2
2080–2100 6P JPM-OS with TC & RSL 15.1 6.1 2.7 6.1

TIA=

ˆ ˆ

Landward Area

dxdy (1)

TIV=

ˆ ˆ

Landward Area

[Hmax (x,y)−H0 (x,y)]dxdy

(2)

where Hmax (x,y) and H0 (x,y) are the maximum
water level and the land elevation at the land cell
(x,y), respectively, for each scenario. MIH = max-
imum inundation height, while the AIH is the average
value of the MIH over the entire domain. These stat-
istics have been used as objective metrics to quantify
the TC-induced flood hazard over a coastal flood
plain by a single TC as well as the 1% flood due to
a TC ensemble [35–37].

While the coastal inundationmaps for 2080–2100
shown in figures 2(b)–(d) and the inundation met-
rics (table 1) agree very well, the inundation met-
rics for 2080–2100 are dramatically higher than those
for the current climate (1982–2009), which agree
well with those for the period of 1990–2010 [23].
The 2080–2100 inundation metrics are alarmingly
(5.7, 2.4, 2.6, and 2.5) times those for the period
1982–2009 for (TIV, TIA, AIH, and MIH) respect-
ively. These results contain uncertainties associated
with the prediction of future TCs by climate and
downscaling models, coastal model simulation, the
statisticalmethod, aswell as other factors that are neg-
lected in this analysis (e.g. precipitation and chan-
ging land use features over time, etc). A compre-
hensive study to address these uncertainties is needed
but is beyond the scope of this study. Further dis-
cussion will be provided in the next section of this
paper.

The simulated inundation metrics (TIV, TIA,
AIH, and MIH) for 2080–2100 under the RCP4.5
scenario with 1 m of SLR determined by the
FSUGSM-WRF and the GFDL6-KE [7, 36] are (2.71,
1.84, 1.88, and 3.45) times and (2.14, 1.44, 1.68, and
3.40) times the corresponding values for the current
climate, respectively.

2.7. Relative importance of TCs and SLR for coastal
inundation
Here, we examine the relative importance of TCs and
SLR in term of their effects on the 1% coastal flood
hazard.We consider three simulations obtained using
the TCs predicted by FSUGSM-WRF for 2100 under

the RCP4.5 scenario with three SLR values: 0, 1, and
2 m. We then subtract the inundation obtained for
SLRs of 1 and 2 m (HwithSLR) from that obtained
without SLR (HnoSLR) and obtain the percentage of
inundation due to SLR (Pc) and the percentage of
increased inundation as a fraction of the SLR (Pi):

Pc =
HwithSLR −HnoSLR

HwithSLR
(3)

Pi =
HwithSLR −HnoSLR

SLR
. (4)

As shown in figures 3(a) and (b), SLR plays a dom-
inant role at the inland boundary. Near the coast,
storm surge due to TCs accounts for 70%–80% of
the total inundation (for a 1 m SLR) or 30%–70%
(for a 2 m SLR). Therefore, TCs cannot be ignored
in the development of future coastal flood maps.
Figures 3(c) and (d) indicate that the effect of SLR
on inundation varies significantly over the floodplain,
due to nonlinear interactions between storm surge
and SLR. Near the shoreline of Rookery Bay and
Charlotte Harbor, inundation is increased by 1.6 m
due to a 1 m SLR. This shows that SLR-induced
coastal inundation can be significantly amplified or
reduced by the surge–SLR interaction, depending
on location. Hence, coastal flood maps produced
by the simple addition of an SLR value to histor-
ical estimates of the 1% inundation level are highly
inaccurate!

3. Discussion

3.1. Uncertainties of future inundation prediction
While a few studies have assessed the impact of SLR
and TCs predicted by a few climate models and
one downscaling model on future storm surges and
waves in open-water stations over the continental
scale [10, 11], no study has predicted detailed inund-
ation over a large coastal flood plain using the joint
probabilities of a large TC ensemble and SLR.

Predictions of future probabilistic coastal inund-
ation contain uncertainties from numerous sources,
including the predictions of future TCs (which
depend on climate models, downscaling models, and
RCP scenarios), SLR, coastal surge and wave mod-
els, hurricane wind models, precipitation, statist-
ical methods. A comprehensive assessment of all the
uncertainties is a gigantic task beyond the scope of
this paper. A future study will address the sensitivity
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Figure 3. Percentages of total inundation due to FSUGSM-WRF-RCP8.5 TCs and SLRs of 1 m (a) and 2 m (b). Increases in
coastal inundation as percentages of SLR values of 1 m (c) and 2 m (d).

of future probabilistic coastal inundation to predicted
future TCs by all coupled model intercomparison
project phase 5 (CMIP5) [38] and coupled model
intercomparison project phase 6 (CMIP6) [39] cli-
mate models and numerous downscaling models

[7, 22, 39, 40]. Although the detailed results are not
presented here, we found the probabilistic coastal
inundation in SWFL due to TCs predicted by
FSUGSM-WRF and GFDL6-KE [7, 36] (GFDL6 pre-
dicted TCs downloaded by Emanuel’s deterministic

6



Environ. Res. Lett. 17 (2022) 044055 Y P Sheng et al

statistical model) for RCP4.5 in 2100 to be quite
comparable.

3.2. Uncertainty and efficiency of the statistical
method
Here, we address the uncertainty associated with the
JPM and JPM-OS statistical methods and compare
the results obtained by two coastal models, CH3D-
SWAN and SLOSH. A study [25] compared the
performance of five storm surge modeling systems,
including CH3D-SWAN and SLOSH, used to simu-
late coastal flooding during a single TC as well as 1%
coastal flooding in SWFL.

The uncertainties of probabilistic coastal flood-
ing have been studied from different perspectives. A
study [41] provided a comprehensive review of the
aleatory and epistemic uncertainties of JPMand JPM-
OS for TCs and showed the epistemic uncertainty
along one transect. Another [41] discussed the return
period of Superstorm Sandy under a future climate
with a 90% confidence interval, with a focus on storm
surges at coastal tidal gauges rather than inundation
over a large coastal flood plain. Yang et al [37] applied
JPM-OS with kriging interpolation in a rapid fore-
casting andmapping system for the Florida Gulf coast
and estimated the uncertainty of the forecasted water
levels during individual TCs. In the following, we
assess the uncertainty associated with the 6P JPM and
JPM-OS used to develop the 1% inundationmaps for
2100 with a 95% confidence interval.

The root mean-square error (RMSE) of the kri-
ging interpolation can be directly estimated along
with the interpolatedwater level [23]. The annual rate
of occurrence of a water level greater than a specific
value η with a 95% confidence interval for a grid cell
inside the domain is calculated by:

P [η+ > η] =λ

ˆ
. . .

xˆ
fX (x)P [η (x)

+1.96 ∗RMSE(x)> η]dx

≈
n∑

i=1

λiP[η (xi)+1.96 ∗RMSE(x)> η]

(5)

P [η− > η] =λ

ˆ
. . .

xˆ
fX (x)P [η (x)

−1.96 ∗RMSE(x)> η]dx

≈
n∑

i=1

λiP[η (xi)−1.96 ∗RMSE(x)> η]

(6)

where RMSE(x) is the RMSE of the interpolated
water level of the test TC(x), and η+ and η− are
the upper and lower limits of the annual rate of

occurrence of the water level with a 95% confidence
interval. The upper and lower uncertainties δ+ and
δ− can be calculated as follows:

δ+ = η+ − η0 (7)

δ− = η0 − η− (8)

where η0 is the annual rate of occurrence of the water
level without any uncertainty. The upper and lower
uncertainties are then divided by η0 to calculate the
upper and lower uncertainty percentages P+ and P−.
Figures 4 and 5 show the upper and lower uncertain-
ties and uncertainty percentages of the 1% inunda-
tionmaps obtained using 6P JPM-OS and 5P JPM-OS
with expected GMSL value, E(GMSL), respectively.
For the 6P case, the upper and lower uncertainties are
within 1 m in the nearshore area and decrease further
inland. The upper and lower uncertainty percentages
are less than 20% in the nearshore area and increase to
50% further inland. For the 5P case, the upper uncer-
tainty reaches 2 m at some nearshore location, which
is higher than the lower uncertainty. Both the uncer-
tainty and the uncertainty percentage obtained from
6P JPM-OS aremuch lower than those obtained from
5P JPM-OS, mainly because 6P JPM-OS selects and
utilizes more optimal TCs, compared to 5P JPM-OS.
These account for the uncertainties of kriging inter-
polation, but not the uncertainties of other factors,
such as storm surge models [9, 26], the Holland wind
model [42], the CMIP5 [38] and CMIP6 [43] climate
models, various downscaling models [7, 22, 39, 40],
etc.

Figures 4 and 5 clearly show that the 6P JPM-
OS with the TC and SLR ensemble contains much
less uncertainty than the 5P JPM-OS with the pre-
scribed expected GMSL value, and hence should
be the preferred method for developing probab-
ilistic coastal flood maps. Moreover, the normal-
ized computational time and disk space required
to produce high-resolution inundation maps using
6P JPM-OS are much smaller than those of the
other methods, as shown in SI-1 (available online at
stacks.iop.org/ERL/17/044055/mmedia).

3.3. CH3D-SWAN vs SLOSH results
Due to its very high efficiency, SLOSH was used for
the determination of optimal storms in the JPM-OS.
The optimal storms were used by both SLOSH and
CH3D-SWAN to determine the 1% coastal inund-
ation. The 1% coastal inundations determined by
SLOSHwith JPM and JPM-OS are comparable. How-
ever, the SLOSH results show much higher inunda-
tion than the CH3D-SWAN results, which is primar-
ily due to the coarser grid resolution and partially due
to the simpler physics of SLOSH. These results are dis-
cussed further in SI-2.
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Figure 4. (a) Upper and (b) lower uncertainty and (c) upper and (d) lower uncertainty percentages of the 1% inundation map in
2100 determined by 6P JPM-OS with TC-GMSL (figure 2(c)).

4. Methods

4.1. Coastal surge-wave model
This study uses the coupled coastal surge-wavemodel
CH3D-SWAN [26–30], which has been extensively
applied throughout the US Atlantic and Gulf coasts,
along with the JPM-OS [23, 36], to simulate future
coastal inundation due to the joint probabilities of
future TCs and SLR. As shown in figure 1(c), the
CH3D-SWAN domain for SWFL has a minimum

resolution of ∼20 m with an average grid size of
∼200 m, while the SLOSH domain has a minimum
resolution of ∼200 m with an average grid size of
∼1500 m. For simplicity, this study uses the ver-
tically averaged version of CH3D [8] instead of the
three-parameter version. The ability of CH3D-SWAN
to simulate TC-induced coastal inundation in SWFL
has been verified for hurricanes Charley [26], Wilma
[37], and Irma [37]. For efficiency, SLOSH was used
to determine the optimal TCs for JPM-OS, while
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Figure 5. (a) Upper and (b) lower uncertainty and (c) upper and (d) lower uncertainty percentages of the 1% inundation map in
2100 obtained by 5P JPM-OS with TC and prescribed GMSL of 0.9 m (figure 2(b)).

CH3D-SWANwas used to produce an accurate prob-
abilistic coastal inundationmap. Details of the CH3D
model, the SWAN model, and the SLOSH model can
be found in numerous papers in the references, par-
ticularly in Sheng et al [30], Booij et al [31], and Jeles-
nianski et al [44], respectively; hence, they will not be
repeated here.

4.2. TCs for 1982–2009 and 2080–2100 under
RCP8.5
TCs for 1982–2009, 2020–2040, and 2080–2100 were
developed using the FSUGSM [17, 18] and down-
scaled [22] using a 12 km WRF model [37] for the
southeastern US region (figure 1(b)). TCs in 2080–
2100 under RCP8.5 were predicted by the FUSGSM
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Figure 6. PDFs of (a) the central pressure deficit, (b) the radius of maximum wind, (c) forward speed, (d) storm heading, and
(e) storm rate.

using the predicted SST simulated by the CanESM2
model with a CO2 concentration of 846 ppm.
CanESM2 was found to have the best results for his-
torical SST prediction. The simulation for 1982–2009
resulted in 60 TCs, seven of which made landfall in
the SWFL domain (figure 1(c)), which compares well
with the 64 historical TCs and seven landfalls dur-
ing the same period. The 1% flood risks generated
based on the simulated and historical TCs compared
well [23]. Moreover, the future TCs predicted by the
FSUGSM-WRF model cover more climate scenarios
in the twenty-first century than any other climate and
downscaling model for this region. The 1% coastal
flooding risks produced by the TCs predicted by the
FSUGSM-WRF model and the GFDL6-KE model for
RCP4.5 are comparable. While the TCs predicted by
various climate and downscaling models for the cur-
rent and future climates can be quite different [4, 6],
depending on numerous factors (e.g. climate model
physics and the TC detection algorithm, climate
model resolution, downscaling model method and
resolution, etc.), this study focuses on the statistical
method used to integrate the PDFs of TCs and SLR,
as opposed to a sensitivity study of the effect of coastal

inundation vulnerability to climate and downscaling
models. The statistical method presented in this study
can readily be applied to TCs developed by any cli-
mate model and downscaling model.

The central pressure deficit, radius of maximum
wind, storm forward speed, and storm heading dir-
ection of landfalling storms in SWFL are calculated,
and the best fits of the data to known probability
density functions are found using maximum likeli-
hood estimations [16, 23]. The PDFs are shown in
figure 6(a)–(d). Storm rates are calculated and fitted
to a seventh-order polynomial [45] and plotted in
figure 6(e).

4.3. PDF and expected SLR value
ThePDFs of SLR (f [SLR]) (figure 7) under theRCP8.5
scenario are based on Jevrejeva et al [25] and Kopp
et al [1] for the GMSL and the RSL at Naples, respect-
ively. Jevrejeva et al [25] considered the main sea-
level components of thermal expansion, glacier sur-
face mass balance, Greenland surface mass balance
and dynamical changes, Antarctica surface mass bal-
ance and dynamical changes, and changes in land
water storage. They predicted that the probability
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Figure 7. PDFs of the global SLR (blue) and the local SLR (red) in SWFL under the RCP8.5 scenario by 2100. The values shown
by vertical dotted lines on the x-axis are the representative values selected for SLR.

of a GMSL of less than 1.8 m is more than 95%.
The expected value of SLR {E [SLR] =

∑
slr ∗ f(slr)},

where f is the probability of a specific SLR value,
is calculated to be 0.9 m. Kopp et al [1] estimated
the regional/local sea level (RSL) by considering the
changes in ocean dynamics, Earth’s gravitational field,
glacial isostatic adjustment, and vertical landmotion.
The PDF is constructed using the 0.5th–99.5th per-
centile of the predicted local sea level at Naples, FL.
The PDF of the RSL is more symmetric and has a
lighter tail, compared to that for the GMSL.

4.4. Joint probability method (JPM) and JPM-OS
4.4.1. Joint probability method (JPM)
The traditional 5P JPM considers all possible com-
binations of five TC parameters and requires the sim-
ulation of coastal flooding for an ensemble of TCs
called the test TCs (x), where x= [pc,Rm,θ,Vf,L0].
The new 6P JPM considers all possible combinations
of the TC parameters and SLR values and requires
the simulation of an ensemble of TCs called the test
TCs (x), where x= [pc,Rm,θ,Vf,L0, SLR]. The test
TCs are simulated by a numerical model to generate
the peak water-level height η (x). The annual rate of
occurrence (such as 1%) of a water level greater than
a specific value η for a cell inside the domain is then
calculated by:

P [ηmax > η] =λ

ˆ
. . .

xˆ
fX (x)P [η (x)> η]dx

≈
n∑

i=1

λiP[η (xi)> η]. (9)

The integral depends on the mean annual rate of all
TCs for the place, the joint pdf fX (x), and the con-
ditional probability P [η (xi)> η] that a certain set of
TC characteristics xi will generate a water-level height
greater than η. The annual occurrence rate of 1% is
referred to as the hundred-year annual exceedance
level, also known as the hundred- year return period.

To calculate the probabilistic inundation maps
using the JPM, five representative values are selected
for each of Pc, Rm, θ,Vf, and SLR, and 33 representat-
ive values are selected for L0. The ensemble contains
a total of 103 125 storms (the test storm ensemble),
and includes all the possible combinations of the dis-
cretized parameters. The representative values and
corresponding probabilities for the parameters other
than the landfall locations are shown in table 2. The
probabilities of the landfall locations are shown in
figure 6(e). The probabilities of SLR are calculated
from the PDF of the GMSL shown in figure 7.

4.4.2. Joint probability method with optimal sampling
for the TC and SLR ensemble
The JPM-OS selects several so-called optimal TC
and SLR combinations from the test TC and SLR
ensemble in table 2. The optimal TCs and SLRs are
simulated using a coastal surge-wave model to obtain
the storm surge responses, which are interpolated
from the storm surge responses of the test TC and SLR
ensemble. Probabilistic inundationmaps are then cal-
culated using equation (9). The highly accurate and
efficient kriging surrogate model [23] is used as an
interpolation scheme to estimate the water level of
a TC and SLR based on the spatial covariance value
and the water levels of the optimal TCs and SLRs.

11



Environ. Res. Lett. 17 (2022) 044055 Y P Sheng et al

Table 2. Representative values of the landfall TC parameters, the SLR, and the corresponding probabilities (in parentheses).

Pc (mb) Rm (mile) θ (deg.) Vf (mph) L0 (n mi) SLR (m)

25 (26.5%) 25 (16.1%) 0 (6.9%) 8 (19.7%) −160–160 0.4 (14.4%)
45 (31.3%) 39 (25.9%) 16 (10.9%) 15 (31.2%) Relative to CREF 0.7 (43.2%)
65 (24.8%) 53 (29.3%) 32 (23.8%) 22 (28.3%) For every 10 nm 1.0 (25.6%)
85 (12.4%) 67 (19.7%) 48 (35.6%) 29 (15.1%) — 1.4 (9.2%)
105 (5.0%) 81 (9.0%) 64 (22.8%) 36 (5.7%) (33 locations) 1.8 (6.6%)

Figure 8. TIVs of 50-, 100-, and 500-year inundation maps versus the number of optimal TCs and SLRs using the JPM-OS for the
TC and SLR ensembles, based on SLOSH simulations.

The number of optimal storms is determined by
a regression plot showing the TIV of the inunda-
tion maps versus the number of optimal storms in
figure 8. Three hundred and fifty optimal TCs and
SLRs were selected from the test TCs and SLRs. As
mentioned earlier, SLOSH was used for the selection
of optimal TCs and SLRs to reduce the computational
effort. This was found to be a robust procedure by
Yang et al [24].

5. Summary

Probabilistic coastal inundation maps over large
coastal flood plains for future climate are urgently
needed for coastal adaptation and resilience planning
by local coastal communities.Here, we present a novel
method that considers the 6P joint PDFs of five TC
characteristics and SLR in a large coastal flood plain in
SWFL. When the 5P JPM-OS is used, the 1% annual
chance of coastal inundation must be determined by
conducting numerous sets of surge-wave simulations
with the future TC ensemble, each for a different
SLR scenario. With the 6P JPM-OS, however, the 1%
coastal inundation risk can be determined using the
future TC and SLR ensemble by conducting only one

set of surge-wave simulations, without having to sub-
jectively choose a specific SLR scenario. In addition,
the new 6P JPM and JPM-OS are much less uncertain
and much more efficient than the traditional 5P JPM
and JPM-OS.

Using TCs predicted by the FSUGSM-WRFmod-
els for 1982–2009, the 1% annual chance coastal
inundationmap was found to be comparable to those
predicted by the historical TCs [23], and the 1%
water level at the Naples tide gauge was found to
agree well with that determined by the POT method
using historical water-level data. According to TCs
predicted by FSUGSM-WRF for 2080–2100 under the
RCP8.5 scenario, the probabilistic coastal inundation
will increase substantially. The TIV, TIA, AIH, and
MIH will increase dramatically to (5.7, 2.4, 2.6, and
2.5) times their corresponding values in 1982–2009.
These alarmingly large overland inundation predic-
tions can inform coastal communities of realistic
coastal inundation hazards and enable them to con-
duct urgently needed adaptation and resilience plan-
ning activities, and are much more useful than open-
coast maximum surge and wave information [11, 12].

SLR plays a dominant role at the inland boundary.
Near the coast, storm surge accounts for 70%–80%
of the total inundation (for a 1 m SLR) or 30%–70%
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(for a 2 m SLR). Therefore, TCs cannot be ignored
in the development of future coastal flood maps.
The effect of SLR on inundation varies significantly
over the floodplain, due to the nonlinear interac-
tion between storm surge and the SLR. SLR-induced
coastal inundation can be amplified or reduced by
the surge–SLR interaction, depending on location.
Hence, coastal floodmaps produced using a ‘bathtub’
model, which adds the SLR value uniformly through-
out the floodplain or onto a floodmap, are inaccurate.

The new6P JPM-OS,which offers less uncertainty
and more efficiency, can be used to produce reli-
able probabilistic coastal inundation for large coastal
flood plains quickly. This method can be extended
to include additional parameters such as precipita-
tion and soil moisture content if they are known. The
method presented here can readily be applied to TCs
predicted by other climate and downscaling models.
To further reduce the uncertainty in predicting future
coastal inundations, a comprehensive study of the
sensitivity of future TCs and SLR to numerous climate
models and downscaling models is recommended.
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