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Application of a Semiempirical Analytical Model to Predict
Erosion of a Texas Coastal Defense Dune System during
Storms under Climate Change

Seokmin Son, S.M.ASCE'; Meri Davlasheridze, Ph.D.?; Ashley D. Ross, Ph.D.3;
and Jeremy D. Bricker, Ph.D., P.E., M.ASCE*

Abstract: This study assesses the feasibility of a beach and dune system as flood defense against storm surge along the coastlines of the
Houston—Galveston area, proposed as a part of the Coastal Texas Project. We apply a semiempirical analytical model to predict dune erosion
in a dual-dune system under changing climate conditions. Synthetic storms were simulated using validated hydrodynamic, wave, and hur-
ricane models to produce input data (storm surge, wave height, and period) for the dune erosion model, reflecting both present day and future
climate scenarios that incorporate projected sea level rise (SLR). Bias-correction techniques were applied to climate model output using
historical observations of storm surge and wave data. An alternative sampling approach was also developed to stochastically predict
dune erosion by integrating synthetic data into a copula-based framework. Results indicate that the annual-average dune erosion is approx-
imately 8%—10% of system volume in the present scenario and increases to 33%—40% in future scenarios with higher SLR, leading to es-
timated dune rehabilitation cycles of 8—10 and 2-2.5 years, respectively. These findings suggest that, although the proposed beach and dune
system is likely to be effective for storm surge protection under the present climate condition, significant adjustments will be desirable to
maintain its resilience in the face of evolving climate and sea level rise. Importantly, bias correction of input data yielded substantial reduc-
tions in predicted storm surge and significant wave height, resulting in more accurate dune erosion predictions. This demonstrates the ne-
cessity of bias correction of hydrodynamic and wave parameters derived from global climate simulations for reliable coastal risk assessment
and future planning. The copula sampling approach produced results comparable to the original results, which considered storms with
extremely low or high occurrence probabilities, while providing lower sensitivity to bias-correction methods and copula generator types.
DOI: 10.1061/ JWPED5.WWENG-2447. This work is made available under the terms of the Creative Commons Attribution 4.0 Interna-
tional license, https:/creativecommons.org/licenses/by/4.0/.

Author keywords: Beach and dune system; Flood defense; Dune erosion model; Synthetic storm; Sea level rise; Bias correction;

Annual-average dune erosion; Copula sampling approach.

Introduction

In coastal communities, dunes serve as primary flood defense lines
against coastal flooding from high storm surges and waves during
severe storms (Cooper 1958; Larson et al. 2004; Li et al. 2014;
Mull and Ruggiero 2014; Ciavola et al. 2015). As such, dunes
are directly exposed to these natural hazards, which are likely to
cause dune erosion through collision or overwash, thereby
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reducing dune reliability (Sallenger 2000). If dunes are breached
or overtopped by extreme waves, the communities behind them
are likely to experience severe flooding and extensive damage
(Larson et al. 2004; Figlus et al. 2011; Mull and Ruggiero
2014). Poststorm dune nourishment is essential to adequately pro-
tect people and property, although the process entails significant
costs. In addition, dune erosion is projected to worsen due to future
climate change. More frequent intense storms are expected to
occur along coastlines (Knutson and Tuleya 2004; Emanuel
2005; Webster et al. 2005), and rising sea levels will further in-
crease vulnerability of coastal dunes to erosion (Bruun 1962;
Carter 1991; Davidson-Arnott 2005; Feagin et al. 2005). This
study examines a place where these processes are unfolding
rapidly—Galveston Island, Texas, is highly vulnerable to hurri-
canes and is experiencing a higher rate of sea level rise (SLR)
than the global average (Gray 2024).

After Hurricane Ike struck the Houston—Galveston Area (HGA)
and caused serious damage in 2008, the Ike Dike emerged as a
flood defense concept to protect the region against future storm
surges (Merrell et al. 2011). Now fully developed and integrated
into the USACE Coastal Texas Project, the storm surge barriers
are part of a multifaceted defense system that includes a sandy
beach and dune component along the coastlines of the West Gal-
veston Island and the Bolivar Peninsula, as shown in Fig. 1
(USACE Galveston District and GLO 2021a). The sandy system
features a dual-dune system with a 4.27-m (NAVDS8) landward
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Fig. 1. HGA with profiles of the proposed beach and dune system.
(Map source: Esri, HERE, Garmin, USGS, EPA, NPS.)

dune and a 3.66-m (NAVD88) seaward dune, which are improved
from the existing dune profile. This type of barrier is projected to
enhance the natural resiliency of the system and to maintain it over
time, aiming to minimize environmental and social impacts while
significantly reducing coastal flood risk.

However, concerns were raised about the effectiveness of the
USACE beach and dune system in mitigating storm surge risk,
with suggestions that the system may need to be strengthened be-
yond what is currently planned (Merrell et al. 2021). Compared to
earlier proposals for the coastal spine by Jonkman et al. (2015) or
Ebersole et al. (2018), which featured a 5.18-m (NAVD88) barrier
system, the USACE design may not be sufficiently tall to protect
the HGA from severe storms (Merrell et al. 2021), which are ex-
pected to become more frequent in the future (Knutson and Tuleya
2004). In addition, concerns have been raised that the proposed
dune components may not be able to withstand storm surges be-
tween beach nourishment cycles, which are expected to occur
every 5-8 years. This could leave the region vulnerable to coastal
flooding. As an alternative, a more robust barrier system was rec-
ommended, utilizing core-enhanced dunes or hybrid coastal struc-
tures instead of natural dunes (Merrell et al. 2021). This approach
would help maintain dune heights during severe storms and reduce
the sand volume required for nourishment, which is increasing in
cost and supply (Parkinson and Ogurcak 2018; de Schipper et al.
2021), while also preserving the system’s natural resiliency. To de-
termine whether the natural beach and dune system remains effec-
tive as a flood defense, it is imperative to evaluate dune erosion
during severe storms under both present and future climate
conditions.

In this study, we evaluated the expected erosion of the Coastal
Texas Project dune system, considering synthetic storm events,
both under present and future climate conditions and with different
SLR projections. A semiempirical analytical model developed by
Larson et al. (2004) was used to calculate dune erosion rates as a
function of storm surge levels, significant wave heights, and
mean absolute wave periods. These hydrodynamic and wave pa-
rameters were produced through storm surge simulations using
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Delft3D Flexible Mesh (D-Flow FM) coupled with Simulating
Waves Nearshore (SWAN), and the empirical transport coefficient
of the model was calibrated using USACE’s estimates of dune ero-
sion during historical storms (USACE Galveston District and GLO
2021c). To align with historical climate data, a bias-correction
technique was applied to the modeled storm surge and wave data
using historical observation data for reference, and these bias-
corrected (BC) data served as input variables for the dune erosion
model. Finally, the total dune erosion volumes were estimated for
all synthetic storms and used to predict probabilistic and annual-
average dune erosion volumes, accounting for evolving storm
frequency.

Additionally, we also developed a new stochastic method to
provide an alternative prediction for dune erosion: a copula sam-
pling approach. Dune erosion has long been recognized as a critical
issue in coastal engineering. Numerous analytical models have
been developed to predict dune erosion under various storm condi-
tions (Kriebel and Dean 1993; Larson et al. 2004; van Rijn 2009).
The joint probability method (JPM) has been used to estimate ex-
treme storm event probabilities to analyze dune erosion with mul-
tiple wave parameters (Callaghan et al. 2008; Ranasinghe et al.
2012), and the copula approach has been incorporated into the
JPM (Corbella and Stretch 2012; Li et al. 2014; Enriquez et al.
2019). In this study, our approach incorporates synthetic storm
data into an Archimedean copula framework based on Larson
et al. (2004) to predict future storm-induced dune erosion consid-
ering both intensifying storm climatology and SLR projections.
Probability distributions of the bias-corrected data were used to
sample each variable while preserving their correlations, enabling
probabilistic prediction of dune erosion as well. The results from
the copula sampling approach were compared to those obtained
from direct synthetic storm simulations to evaluate the method’s
accuracy and robustness. From this study, we obtained information
on the effectiveness of the beach and dune system as a future flood
defense strategy under evolving climate conditions. Furthermore,
the new approach we developed extended previous analytical
and probabilistic methods by integrating bias-corrected storm
data with copula-based sampling, offering advanced stochastic es-
timates of future dune erosion in response to changing climate
conditions.

Data and Methods

Dune Erosion Model

Sallenger (2000) suggested a four-level storm impact scale for
dune and beach systems: (1) swash regime, (2) collision regime,
(3) overwash regime, and (4) inundation regime. In the swash re-
gime, sediment is transported offshore but replaced, resulting in
minimal net change. In the collision regime, sediment is trans-
ported offshore and not returned, leading to net erosion. In the
overwash and inundation regimes, sediment is transported land-
ward, causing the dune to migrate in that direction. Assuming
there is zero net erosion in the swash regime and regarding the in-
undation regime as equivalent to the overwash regime (since the
still water level was not expected to exceed the dune crest of the
proposed system), we focused only on the collision and overwash
regimes when modeling dune. A semiempirical analytical model
developed by Larson et al. (2004) assessed dune erosion during ex-
treme storm events in the collision regime, while Larson et al.
(2009) extended the model to account for reduced impact force
in the overwash regime. Both models are based on wave impact
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theory as follows:

Rup + SWL — z,)?
4CS( w + T Za) collision regime
= 1
a (Ryp + SWL = 2)(Za — 24) W
4C; T overwash regime

where ¢, = dune erosion rate along a section (m?/s); C, = empirical
transport coefficient; R,, = wave runup; z,= dune toe level; Z;=
dune crest level; SWL = still water level, which is the combination
of astronomical tide and storm surge (S); and 7=swash period,
which is equivalent to a mean absolute wave period or a spectral
mean wave period (7,,,). The wave runup in this model is empiri-
cally calculated as follows (Larson et al. 2004; Holthuijsen 2007):

Hy, gl
ﬁ’ 0 — 272_

where H, = wave height; L, = mean wavelength; and H, , = signif-
icant wave height, all in deep water. H, is taken as the
root-mean-square wave height under the assumption of a Rayleigh
distribution (Larson et al. 2016).

Since the wave data are not always retrieved from deep water,
the significant wave height and wavelength values were adjusted
by wave de-shoaling as follows (Sorensen 2006):

H
KK,

Ry, =0.158H,L,, H,= Q)

Hs,o = (3)
where H =retrieved significant wave height; K = shoaling coeffi-
cient; and K, =refraction coefficient, assumed to be 1 in this study.
K is calculated from wave-energy flux conservation as the ratio of
group velocity as follows:

C, 2T, 1 2kh L
K,= |-2° C,, =" C,=- e \om 4
‘ C,' %% 4n’ TF 2 ( * sinh (2kh)> T, @
where C, , = group velocity in deep water; and Cy, 4, k, and L,, =

group velocity, water depth, wavenumber, and mean wavelength at
the location of data retrieval, respectively. L,, was computed using
the wave dispersion relation by the iterative method with a toler-
ance of 1x 107>

2
)

where @ = wave angular frequency.

In the overwash regime, some of the eroded sediment is trans-
ported landward as overwash (g, ), while the rest is moved seaward
as backwash (gs), with the ratio between these two rates given by
o =¢q;/qs. Sand transport rates are then calculated as follows:

a 1 1<RuP+SWL—zd 1)

H-—an’ qs=1+—(qu’ a=a Zd—zd

qL =
(6)

where C, = empirical coefficient, set to 3 (Larson et al. 2009). The
schematic concepts of dune erosion in the collision and overwash
regimes are illustrated in Fig. 2.

However, because the analytical models are one-dimensional in
the horizontal direction, they cannot account for variations in wave
direction. To address this, recognizing that wave incidence angle
influences dune erosion (Kobayashi et al. 2009) and that the
force component is explicitly represented as a cosine function
(Dean and Dalrymple 1991), we simply incorporated the mean
wave direction into our analysis by multiplying cos ¢ by Eq. (1),
where ¢ is the wave incidence angle (¢ = 0° for waves normal
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(b)

Fig. 2. Schematic concepts of dune erosion: (a) collision regime; and
(b) overwash regime.

to the dune). If ¢ >90° (waves propagating away from the
shore), the erosion rate is set to zero. This erosion rate was com-
puted at every time step and then integrated over the storm dura-
tion to estimate the total volume of dune erosion. It is important
to note that this bulk analysis considers only cross-shore processes
to quantify storm-driven dune erosion associated with offshore
sediment losses. Longshore sediment transport, which primarily
redistributes sediment along the coastline rather than removing
sediment from the beach and dune system, is therefore not explic-
itly considered.

We applied these models to the Coastal Texas Project dune
system, which features a dual-dune design. The seaward dune
has a crest elevation of 3.66 m (NAVDSS8) and a toe elevation
of 1.22 m (NAVDS8), while the landward dune has a crest eleva-
tion of 427m (NAVDS8) and a toe elevation of 1.83m
(NAVDS8S8). The profile areas for the seaward and landward
dunes are approximately 35.37 and 43.54 m?, respectively. The
dunes on West Galveston and Bolivar Peninsula beaches span
about 29 and 40 km, respectively. For modeling simplicity, the
landward dune was assumed to begin eroding only after the sea-
ward dune was fully eroded. Although this may not strictly reflect
the physical sequence of storm events, it provides a practical way
to partition erosion while preserving the cumulative sediment
loss. Given that the primary interest of the study is to estimate
the overall volume of dune erosion rather than to resolve the tem-
poral evolution of dune morphology during storms, this assump-
tion is expected to have only a limited influence on the results of
predicted dune erosion.
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Synthetic Storm Simulations

In this study, synthetic storm tracks were used to predict
storm-induced dune erosion to account for storm conditions
under both present and future climates. The synthetic storms
were statistically downscaled from a CMIP6 general circulation
model (GCM), the Hadley Centre Global Environmental Model
(HadGEM), provided by WindRiskTech, New Harbor, ME
(Emanuel et al. 2008). Each track provides center latitude and lon-
gitude, central surface pressure, maximum 10-m wind speed, and
the radius of maximum winds at 2-h intervals. Two storm data sets
were used: one representing present-day climate based on simula-
tions under 20th century conditions, and the other representing fu-
ture climate following the Intergovernmental Panel on Climate
Change (IPCC) SSP5-8.5 pathway (IPCC 2023). Each data set
consists of 150 storm tracks per year, totaling 4,500 tracks over
the 30 years (present: 1981-2010; future: 2071-2100). However, we
focused only on storms likely to significantly affect the HGA, fil-
tering the synthetic storms by landfall location and storm intensity
(Son et al. 2025). This selection is intended to target physically
meaningful data while maintaining feasible computational costs.
As a result, 115 storm tracks were selected and simulated for the
present climate, and 158 for future climate conditions.

Synthetic storm simulations were conducted in D-Flow FM
coupled with SWAN, using a two-way wave—current interaction
(Deltares 2024a, b), across the northwest Gulf of Mexico with in-
creased resolution over the HGA. To represent spatially varying
land roughness, Manning’s n coefficients were assigned to each
grid cell based on land cover classification (Bunya et al. 2010),
while a constant value of #=0.015 was specified over the ocean.
The maximum Courant number was set at 0.5, and model outputs
were recorded at 1-h intervals. More details on D-Flow FM data
sources are presented in Table 1. The synthetic storms served as
meteorological boundary conditions of the model after being con-
verted into pressure and wind velocity fields using the Holland
(1980) model. Model parameters were estimated following Hol-
land et al. (2010), and storm asymmetry was represented by incor-
porating a wind vector approach based on Xie et al. (2006) and
Kalourazi et al. (2020), with inflow angles as described by Graham
and Nunn (1959). The accuracy of hydrodynamic, wave, and hur-
ricane models was validated by comparing their outputs against
observations throughout the Galveston Bay during Hurricane Ike
(2008), with overland inundation extent and depth estimates
from the Harris County Flood Control District (for details, see
Son et al. 2025).

For future storm simulations, relative SLR was incorporated
into the initial water level conditions as the sum of global and re-
gional components. Global SLR projections, mainly caused by
global warming and depending heavily on greenhouse gas emis-
sion scenarios, were based on the SSP5-8.5 pathway to be consis-
tent with the GCM scenario. Assuming a steady global SLR for
future storm events, it was estimated for the year 2085 relative
to the baseline of 2000. To address uncertainty, three global
SLR scenarios were considered: 0.48, 0.57, and 0.75 m (IPCC
2023). Regional SLR, accounting for factors such as changes in

Table 1. Data sources for D-Flow FM configuration

ocean circulation and vertical land motion, was estimated at
0.51 m by 2085 relative to 2000 (Sweet et al. 2022). Combining
these components, three relative SLR scenarios were established
for the study: 0.99 m (low SLR), 1.08 m (middle SLR), and
1.26 m (high SLR). These SLR scenarios were added to the
mean higher high water (MHHW) level of 0.18 m, which was as-
sumed to be constant across all locations in the integrated model
(Ke et al. 2021).

Bias Correction

While GCMs are valuable tools for understanding and predicting
present and future climate changes, they often contain systematic
errors due to their limited resolution, which can hinder the accurate
capture of regional features (Grotch and Maccracken 1991; Fowler
et al. 2007; Maraun 2016). Therefore, it is desirable to apply bias-
correction techniques to improve model accuracy and ensure that
the model output is statistically consistent with observed data, par-
ticularly for extreme events (Hagemann et al. 2011; Teutschbein
and Seibert 2012; Maraun 2016). Bias correction has been com-
monly used for climate variables such as precipitation or tempera-
ture (Hagemann et al. 2011; Teutschbein and Seibert 2012;
Cannon et al. 2015; Um et al. 2016), as well as for model outputs
including storm surges (Lin et al. 2016; Cid et al. 2018) and signif-
icant wave heights (Lemos et al. 2020; Lobeto et al. 2021; Loarca
et al. 2023). When applying bias correction to temporally evolving
storm-driven data, correcting the entire time series (TS) is ideal for
preserving the dependence structure among variables. However,
since individual storms have different durations that result in vary-
ing numbers of time steps, a consistent bias correction of time se-
ries across all storms is practically challenging. Therefore, in this
study, bias correction was instead applied to the extreme values of
D-Flow FM and SWAN output variables (S, H, and T,,) obtained
from each synthetic storm. Throughout this study, S is presented in
meters relative to MHHW to isolate the storm-induced surge
height from the mean sea level (including SLR) and astronomical
tides.

This study employed the quantile mapping (QM) technique to
correct errors in the present-day data set (1981-2010), which
aligns the cumulative distribution functions (CDFs), representing
nonexceedance probabilities, of modeled and observed data as fol-
lows (Cannon et al. 2015):

)‘em,p = ;}, {Fm,h(xm,p)} (7)

where x,,,=modeled data in the projected period (non-bias-
corrected, non-BC); F,, , = CDF of the modeled data within a his-
torical period; F,,=CDF of the observed data; and X%,,, =Dbias-
corrected data of x,,,. The subscriptions m represents modeled,
o observed, p the projected period, and % the historical period.
This technique is valid only when the projected period falls within
the range of the historical period, as it assumes that the observed
data remains stationary. However, when applying bias correction
to future modeled data, it becomes challenging to account for
future climate changes. Alternatively, for the future data set

Data type Source

Reference

Global bathymetry
High-resolution topography

General Bathymetric Chart of the Oceans (GEBCO)
National Oceanic and Atmospheric Administration (NOAA)

GEBCO Compilation Group (2023)
NOAA and NCEI (2023)

National Centers for Environmental Information (NCEI) Coastal Relief Model

Land cover classification
Air-sea drag coefficient

National Land Cover Database (NLCD)
A Sea Drag Relation for Hurricane Wind Speeds

Dewitz (2023)
Zweers et al. (2010)
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(2071-2100), the quantile delta mapping (QDM) technique was
used, which preserves relative changes in quantiles and thus ac-
counts for differences between historical and future climates
(Cannon et al. 2015)

Zmp = Xoum.hpBm
)ACO;m,.h;p = 0_}1, {Fm,p(xm,p)}’
_ F;,;{Fm,p(xm,p)} _ Xmp
N Fnpinp)} FL Fp(inp)

where X, i, = bias-corrected data of x,, , before considering rel-
ative changes; A, =relative change in quantiles between the his-
torical period and the projected period; and F,,,=CDF of the
modeled data in the projected period.

Both nonparametric and parametric methods were used to con-
struct CDFs, for comparison of results and evaluation of bias-
correction uncertainty. For the nonparametric approach, empirical
CDFs estimated the nonexceedance probabilities of extreme data,
with linear interpolation applied for smooth mapping. The para-
metric method involved fitting all observed and modeled data of
S, Hy, and T, to the generalized extreme value (GEV) distribution
using maximum likelihood estimation. For more details on proba-
bility distributions and goodness of fit, see Appendix I.

Historical observations of storm surge, wave height, and period
were collected during storms that impacted the HGA, and their
maximum values were used to construct the CDFs for each data.
A total of 30 storms that made landfall within approximately
400 km of the HGA from 1993 to 2022 were selected, which are
listed in Table 2. Storm surge data were obtained from NOAA
tide and current stations 8771341 (Galveston Bay Entrance,
North Jetty, Texas) and 8771510 (Galveston Pleasure Pier,

@®)

Table 2. List of selected historical storms

Texas), which are marked as T1 and T2 in Fig. 1, while significant
wave height and mean zero-crossing wave period (7)) were ob-
served at NDBC station 42035 (22NM East of Galveston,
Texas), marked as W1 in Fig. 1. To ensure consistency in the
wave period data, 7, was transformed to 7,, using the empirical re-
lationship 7, ~ 1.17, (Chun and Suh 2018).

The total volume of dune erosion was estimated by integrating
the erosion rate g, over the duration of each synthetic storm, which
was computed at every time step using the time series of input var-
iables (S, H, and T,,). While bias correction was available only to
the extreme values of these variables, each entire time series must
be bias-corrected for more accurate dune erosion predictions. For a
rough correction, the time series data were adjusted by multiplying
each value by the ratio (r,,x) of the bias-corrected extreme data to
the non-bias-corrected extreme value for each storm as follows:

X .
Fmax = P , xm,p(t) = Fmax X xm,p(t) (9)
Xmp

where x,, ,(f) = non-bias-corrected time series data; and %, ,(¢) =
bias-corrected time series data. Although such multiplicative scal-
ing may introduce some distortion of physical storm characteris-
tics, this approach provides a consistent adjustment during each
storm event. An example of the time series data correction process
is schematically illustrated in Fig. 3.

Alternative Approach: Copula Sampling

The aforementioned process for predicting dune erosion relies
heavily on the properties of synthetic storm tracks, each of
which represents a single, deterministic storm. To predict probabi-
listic dune erosion via an alternative, stochastic method, we devel-
oped a copula sampling approach. Since dune erosion analysis
requires multiple input variables, a multivariate analysis is neces-
sary to account for their dependency, despite each variable having
its own marginal probability distributions. A copula is a multivar-

Year Duration Name iate CDF for variables that follow a uniform distribution, defined to
1993 1821 June Arlene describe the variables’ joint probability distribution (Frees and
1995 30-31 July Dean Valdez 1998). In this study, each uniform variable corresponds
1998 21-22 August Charley to the marginal CDF of an input variable for the dune erosion
1998 7-13 September Frances model. The Archimedean copula was adopted to model the depen-
1999 22-23 August Bret dence structures among the random variables, using Clayton,
2001 4-6 June Allison Gumbel, and Frank copula generators (Genest and Rivest 1993).
2002 4-8 September Fay The dependence parameter of the generator was estimated using
2002 22-26 September Lili R . . . .
2003 13216 July Claudette Kendall’s 7 correlation coefficient, whl_ch quantifies the .depen-
2003 16 August Erika dence between samples of .random Var{ables by comparing the
2003 30 August-1 September Grace number of concordant and discordant pairs (Kendall 1938).
2004 15-23 September Ivan In this context, the bias-corrected extreme data of S, H,, and T,
2005 19-21 July Emily were represented as input random variables, and they were fitted to
2005 22-25 September Rita the GEV distribution to construct marginal CDFs, as was done for
2007 16 August Erin observed or modeled data. First, we generated independent uni-
2007 12-13 September Humberto form samples (u;,), which correspond to the CDFs of the input ran-
2008 22-24 July Dolly dom variables X; (j=1, 2, ..., N, where N is the number of
2008 3 August Edouard samples). Next, correlated uniform samples (v; ;) were generated
2008 3 September Gustav . . . J )
2008 11-14 September Ike from u;; using sgmphng algorithms based on the Archnpedean
2010 6-8 September Hermine cqpulg (Melchiori 2006). Each.set of v;; was tra.nsforme?d into re-
2011 29 July Don alizations of the correlated variable X; by applying the inverse of
2015 15—18 June Bill the marginal CDF of X;. These realizations of bias-corrected S,
2017 21-23 June Cindy H,, and T, served as inputs for the dune erosion model. Since
2017 25-30 August Harvey the wave incidence angle is stochastically random and not suitable
2019 19 September Imelda for bias correction, ¢ was sampled directly from the CDFs of
2020 24-26 July Hanna synthetic storm data. Wave incidence angles were collected at var-
2020 26-27 August Laura ious nearshore locations from all synthetic storms, recorded at the
;83? { 31?12681’;;22?]§er Ni]zﬁf)a;as time when peak S occurred (referred. tolqﬁp)., and the pollected
angles were fitted to a lognormal distribution. As with other
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Fig. 3. Process for bias-correction of time series data.

input variables, independent uniform samples were generated and
transformed into realizations of ¢,,, which also served as the inputs
for the dune erosion model.

While a storm duration was predetermined for each synthetic
storm, it was stochastically predicted in the copula sampling ap-
proach. For this study, the coastal storm duration (D) was defined
as the period during which the significant wave height exceeds the
95% percentile threshold (Davies et al. 2017; Martzikos et al.
2021), determined using hourly data observed at NDBC station
42035 from 1993 to 2023 (excluding 2022 due to a lack of data)
within the Atlantic hurricane season (i.e., June 01-November
30). Fig. 4 displays the percentiles of observed significant wave
heights, representing that the 95% percentile is 1.62 m in the
study area. If consecutive storms were separated by less than
12 h, they were regarded as a single event (Li et al. 2014; Wahl
et al. 2016; Martzikos et al. 2021). This threshold was used to de-
termine D for both historical and synthetic storms. All 30 historical
storms were simulated with hydrodynamic and wave models, and
the maximum H, from each storm was retrieved to determine D.
The same procedure was done for synthetic storms. Both historical
and synthetic storm durations were fitted to the lognormal distribu-
tion, along with the bias-corrected storm duration data itself. For
more details on the fitting of D and ¢, to probability distributions,
see Appendix 1.

Dependence among S, Hy, T,,, and D was evaluated using bias-
corrected data at various nearshore locations. A 4 x4 matrix of
Kendall’s 7 values was provided for each location, with an element
7;; representing the correlation between pairs of variables (X; and
X)), where X = [X; X2 X3 X4]" =[S Hy T,, D]". Kendall’s 7 values
ranged from 0.2 to 0.6 among S, H,, and 7,,, indicating strong cor-
relations. Conversely, the coefficients between D and each of the
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Fig. 4. Percentiles of significant wave heights observed at the NDBC
station from 1993 to 2023.

other three variables were low or occasionally negative, suggesting
little or no correlation. Therefore, D was treated as independent of
S, H,, and T, for synthetic storms used in this study and was ex-
cluded from correlated copula sampling. Since copula sampling re-
quires a single dependence parameter, the average of the three
relevant coefficients (75, 713, and 7,3) was used as the representa-
tive Kendall’s 7 to estimate dependence parameters, which were
further averaged across all locations to determine the Archimedean
copula’s dependence parameter. This evaluation was conducted

J. Waterway, Port, Coastal, Ocean Eng.

J. Waterway, Port, Coastal, Ocean Eng., 2026, 152(4): 04026009



Thiswork is made available under the terms of the Creative Commons Attribution 4.0 International license.

Table 3. Estimates of the Archimedean copula’s dependence parameter

Future Future Future
Data type Present (low SLR) (middle SLR) (high SLR)
Nonparametric 1.895 1.807 1.790 1.783
bias correction
Parametric bias 1.895 1.850 1.833 1.825
correction

for every climate scenario, with the resulting estimates of depen-
dence parameter present in Table 3.

While only extreme values were available for S, H,, and T, full
time series data for these variables were required to calculate ero-
sion rate at each time step. To address this, we simplified and ide-
alized time series of storm events, referred to as a storm archetype.
Two archetype structures were assessed: one with a simple and lin-
ear profile (Storm archetype 1), and another with a nonlinear,
asymmetric profile for more realistic storm-driven dynamics
(Storm archetype 2). In Storm archetype 1, S, H, and T, increase
linearly to their extreme values during the first half of the storm du-
ration D and decrease linearly back to initial values during the sec-
ond half. In Storm archetype 2, H, and T,, increase gradually up to
D/2, and increase abruptly to their extremes by 2D/3, before re-
turning to initial values by D. S follows a similar pattern but
with a lag relative to the waves. For both archetypes, storms begins
and ends at zero storm surge (S=0), a threshold value (H,=
1.62 m) for significant wave height, and a normal nonstorm condi-
tion far offshore of Galveston (7, =2.5 s) for mean absolute wave
period. Only storm waves are considered; remotely generated
swell waves are ignored, as they are not dominant during storm
events. Conceptual sketches of both storm archetypes are illus-
trated in Fig. 5.

To represent the nonlinear, time-varying wave incidence angle
in storm archetypes, the wave angle time series ¢(¢) was modeled
using a hyperbolic function as follows:

$(1) = $, + Atanh (t;:’> (10)

where A¢ =amplitude of wave angle variation; £, =time at peak
storm surge; and Dy is a timescale. This model provided the best
fit to the original ¢ time series during synthetic storms with
Ap=30(°) and Dy=D/2, and was used in both storm
archetypes.

The overall process for the copula sampling approach is illus-
trated in Fig. 6, which was repeated with # sets of samples, gener-
ating n values of percent dune erosion.

Results and Discussion

Calibration of Transport Coefficient

The empirical transport coefficient C; of the dune erosion model
[in Eq. (1)] was determined by comparing modeled eroded vol-
umes with estimates from the Coastal Texas Study for four his-
torical hurricanes: Frances (1998), Allison (2001), Rita (2005),
and Tke (2008). USACE’s estimates were based on simulations
conducted with the numerical model Storm-Induced Beach
Change (SBEACH), and the simulated dune erosion profiles
can be found in USACE Galveston District and GLO (2021c).
For our study, these hurricanes were simulated in the hydrody-
namic and wave models after converting their track data into spi-
der web wind velocity and pressure fields, and then the output
data of S, H,, and T,, were used as inputs for the dune erosion
model. The model tested values of C, at 1.0x 10™*, 1.25x 107%,

\ |
t,+D

t §=0
H
Hs,max
H s,threshold t H s,threshold k t
=1.62 (m) =162 (m) to+D
T T
Tm,max Tm,max
Tm,normal N Tm,normal i D/3 R .t
= 2. =25 — S — >
5(s) t, t,+D (s) ts DIz D/ t,+D
(a) (b)
Fig. 5. Time series of S, Hy, and T, for storm archetypes: (a) Archetype 1; and (b) Archetype 2.
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Fig. 6. Process for copula sampling approach.

Table 4. Estimations of dune erosion percent in the beach and dune system under different C;

Galveston Island Bolivar Peninsula
Landward dune erosion Seaward dune erosion Landward dune erosion Seaward dune erosion
Transport Overwash Backwash Overwash Backwash Overwash Backwash Overwash Backwash
coefficient, Cy Hurricane (%) (%) (%) (%) (%) (%) (%) (%)
1x107* Frances 0 32.11 0 19.81
(1998) 0 0 0.04 32.07 0 0 0 19.81
Allison 0 8.50 0 15.74
(2001) 0 0 0 8.50 0 0 0 15.74
Rita (2005) 0 54.64 0 36.66
0 0 0.11 54.53 0 0 0 36.66
Ike (2008) 44.15 100 47.56 100
348 40.66 5.55 94.45 12.23 35.33 7.79 92.21
1.25%x107* Frances 0 40.13 0 24.77
(1998) 0 0 0.05 40.08 0 0 0 24.77
Allison 0 10.63 0 19.67
(2001) 0 0 0 10.63 0 0 0 19.67
Rita (2005) 0 68.30 0 45.83
0 0 0.13 68.16 0 0 0 45.83
Ike (2008) 72.24 100 78.95 100
5.35 66.89 3.90 96.10 18.50 60.45 4.84 95.16
1.5x107* Frances 0 48.16 0 29.72
(1998) 0 0 0.06 48.10 0 0 0 29.72
Allison 0 12.75 0 23.61
(2001) 0 0 0 12.75 0 0 0 23.61
Rita (2005) 0 81.95 0 54.99
0 0 0.16 81.80 0 0 0 54.99
Ike (2008) 98.17 100 100 100
6.87 91.30 2.65 97.35 22.76 77.24 2.97 97.03
and 1.5x 107, calculating the percent dune erosion during each Galveston Island and Bolivar Peninsula as follows: 40.13% and
hurricane for different C, values, as described in Table 4. The re- 24.77% during Frances, 10.63% and 19.67% during Allison,
sults showed that C;=1.25 x 10~ provided the most accurate es- 68.30% and 45.83% during Rita, and both 100% during Ike.
timates for the HGA, with modeled percent dune erosion on This empirical coefficient was adopted in the model for
ASCE 04026009-8 J. Waterway, Port, Coastal, Ocean Eng.
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predicting dune erosion during synthetic storm scenarios, as well
as in the copula sampling approach.

Bias Correction of S, Hg, and T,

The extreme values of bias-corrected S, H,, and T, collected at the
historical measurement locations, were compared with those be-
fore applying the bias correction, along with the resulting percent
dune erosion as shown in Fig. 7. Bias correction led to the decrease
in storm surge values for both present and future climate condi-
tions, while mean absolute wave period values increased. For sig-
nificant wave height, the non-bias-corrected data were generally
greater than the bias-corrected data, except at higher values
(above approximately 5 m) and lower values (below approxi-
mately 2 m). On average, storm surge was reduced by 74%—75%
and significant wave height by 23%-24% with bias correction,
while mean absolute wave period increased by 23%—24%
(Table 5). When comparing values across climate scenarios,
S was higher under present-day conditions than in future scenarios,
decreasing as SLR increased, for both non-bias-corrected and bias-
corrected data. In contrast, H; was greater in future scenarios and
increased with SLR. 7,, was higher in future scenarios but did not
show a clear trend with SLR. These results demonstrate that storm
surge is inversely dependent to local water depth, aligning with
what is expected from a storm surge balance equation, even though
future storms are more intense. Conversely, wave height and pe-
riod are more directly influenced by storm intensity and less af-
fected by water level or depth compared to storm surge.

Fig. 8 presents one-to-one comparisons of bias-corrected values
and resulting percent dune erosion between nonparametric and
parametric methods. While both methods produced similar bias-
corrected data for S, H,, and 7,, at lower values, the parametric
method provided higher predictions for H; in the present climate
and for 7,, in both present and future climate scenarios at higher
values. The parametric QM and QDM approaches rely on the be-
havior of the probability distribution function, particularly in the
upper tail. Although the GEV distribution is well-suited for mod-
eling extreme values, the uncertainty in its upper tail, caused by the
limited number of observed extremes, can lead to excessive predic-
tions for wave parameters. Despite these differences, both non-
parametric and parametric methods yielded comparable results
for percent dune erosion, which implies that storm-driven dune
erosion is more sensitive to extreme storm surge than to wave pa-
rameters. This observation is supported by Fig. 7, where the appli-
cation of bias correction reduced percent dune erosion in alignment

Storm surge (m, above MHHW)

+Non-P-BC (P)  vP-BC (P) .
6 * Non-P-BC (F-L) vP-BC (F-L) .~

Non-P-BC (F-M) - P-BC (F-M) 8
« Non-P-BC (F-H) - P-BC (F-H) v

10 Significant wave height (m)

(a) Non-BC (b) Non-BC

(c) Non-BC

with decreases in storm surge. In addition, percent dune erosion in-
creased under higher SLR scenarios, suggesting that the sea level
contributions (storm surge and mean sea level) are crucial in
coastal erosion processes.

Probabilistic dune erosion was predicted using the annual ex-
ceedance probability (AEP), determined based on the nonexcee-
dance probability per storm and storm frequency (1)

m—0.4

AEP=1-F* -
n+1-0.38

m’

F,=1 (11)
where F,, = estimated nonexceedance probability (or CDF) at rank
m out of n data points (Gringorten 1963). Storm frequency for the
present scenario was determined as 1 storm per year (30 historical
storms over 30 years). For future scenarios, it was adjusted by mul-
tiplying the present value of 1 by the ratio of the number of syn-
thetic storms in future to present, resulting in 1=158/115=
1.374 storms per year. The predictions of probabilistic percent
dune erosion with respect to AEP are presented in Fig. 9. The
annual-average dune erosion, which is equivalent to the area
under the probabilistic dune erosion curve, was estimated by inte-
grating the probabilistic dune erosion over the range of AEPs, as
presented in Table 6.

The results show that bias correction led to a significant reduc-
tion in percent dune erosion for any climate scenario, regardless of
where a nonparametric or parametric method was used. Without
bias correction, annual-average percent dune erosion exceeded
30% under the present climate condition and 60% under future
conditions. These values are unrealistic when considering current
and projected storm intensity and frequency and not feasible for
coastal protection planning against storm surge. Otherwise, bias-
corrected predictions were 8%-9% for the present and 32%—
40% for future conditions, which better reflected the anticipated
storm activity and projected SLR. The necessity of applying bias
correction to GCM-based synthetic storm data is supported by
the pronounced difference between these results, particularly for
hydrodynamic and wave parameters, not only to ensure statistical
consistency with the historical observations itself but also to pre-
vent overestimation of future coastal processes or risk and to im-
prove prediction accuracy.

In general, the parametric method yielded comparable but mar-
ginally higher probabilistic dune erosion than the nonparametric
method at the same AEP across all climate scenarios, leading to
a slightly greater annual-average percent dune erosion with the
parametric method. As a measure of uncertainty in dune erosion
predictions based on bias-corrected synthetic storm data, these

Mean absoulte wave period (s)

Percent dune erosion (%)

100

¢ 80

0 3 6 9 12 15 18

Fig. 7. Comparison of extreme non-BC and BC data: (a) storm surge (S); (b) significant wave height (H,); (c) mean absolute wave period (T},,); and
(d) percent dune erosion. Non-P-BC =nonparametric bias correction; P-BC = parametric bias correction; P = present climate; F'= future climate;

and L, M, and H=1low, middle, and high SLR scenarios, respectively.
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Table 5. Mean values of non-BC and BC data of S, H,, and T,,

Future Future Future

Data type Present (low SLR) (middle SLR) (high SLR)
S (m, above MHHW)

Non-BC 3.157 2.853 2.842 2.819

Nonparametric BC  0.785 0.710 0.707 0.701

Parametric BC 0.819 0.744 0.741 0.735
H; (m)

Non-BC 4.022 4.263 4.268 4.278

Nonparametric BC  3.036 3.217 3.221 3.229

Parametric BC 3.108 3.271 3.275 3.282
T (s)

Non-BC 5.756 5.937 5.944 5.943

Nonparametric BC ~ 7.066 7.299 7.307 7.304

Parametric BC 7.137 7.372 7.380 7.377

two results effectively provided lower and upper bounds for the es-
timate. Under the present scenario, the dual-dune system was pre-
dicted to be eroded by 8.46%—8.74% of its total volume, while
future scenarios estimated erosion of 32.97%—-34.01%, 37.67%—
38.32%, and 39.75%—40.64% for low, middle, and high SLR sce-
narios, respectively.

Assessment of Storm Archetypes

Storm archetypes were assessed for their accuracy in predicting
dune erosion by calculating percent dune erosion for 115 present-
day synthetic storms. This analysis was conducted using both
non-bias-corrected and bias-corrected data sets, and the results
were compared to those obtained from synthetic storms’ full
time series data. Fig. 10 presents a one-on-one comparison for
each storm, showing good agreement between the two approaches
in lower percent dune erosion, but greater scatter at higher values,
especially for the non-bias-corrected data. Storm archetype 1
tended to overestimate dune erosion with bias-corrected data
under severe storms compared to the full time series approach,
while Archetype 2 consistently underestimated dune erosion for
both non-bias-corrected and bias-corrected data.

A similar trend was observed in the probabilistic dune erosion
curves (Fig. 11). With non-bias-corrected data, storm archetypes
predicted lower probabilistic dune erosion than the full time series
approach, resulting in annual-average percent dune erosion of
29.68% for Archetype 1 and 17.47% for Archetype 2. For bias-
corrected data, Archetype 1 predicted higher percent dune erosion
than the full time series approach at lower AEPs, while marginally
lower at higher AEPs, leading to comparable annual-average dune

Storm surge (m, above MHHW) Significant wave height (m)

erosion values: 8.68% and 9.40% for nonparametric and paramet-
ric methods, respectively. Otherwise, Archetype 2 yielded values
of 5.01% and 5.58%, which were considerably lower than predic-
tions from the full time series approach. This supports that, al-
though Storm Archetype 2 can closely predict probabilistic dune
erosion under severe storms, it is not suitable for predicting dune
erosion, given the study’s focus on annual-average values derived
from bias-corrected data. Therefore, Archetype 1 was selected for
further use in the copula sampling approach.

Analysis: Copula Sampling Approach

Fig. 12 compares the observed and sampled (or bias-corrected)
joint CDFs of S, H,, and T,, on the copula scale for the present cli-
mate scenario. The close alignment with the 1:1 line was observed,
indicating that the copula sampling approach reproduced the ob-
served multivariate dependence structure well, which is important
for accurate dune erosion prediction. Minor scatter around the di-
agonal reflects sampling variability attributed to the limited num-
ber of observed data points.

An optimal sample size n for the copula sampling approach was
identified as the minimum size at which the mean annual-average
dune erosion stabilized with low variance. Specifically, sample
sizes with a coefficient of variation (CV) less than 0.05 were con-
sidered sufficiently reliable. Sample sizes of 100, 200, 500, 1,000,
2,000, and 5,000 were tested by estimating a single annual-average
percent dune erosion, repeating this process 1,000 times, thereby
generating 1,000 values of annual-average percent dune erosion
for each sample size. Based on these results, n = 1,000 was adopted
as the optimal sample size for the subsequent copula sampling ap-
proach in this study (see Appendix II for more details on sample
size optimization).

Fig. 13 illustrates probabilistic percent dune erosion curves
yielded by the copula sampling approach with different copula
generators and bias-correction methods, along with 95% confi-
dence intervals (Cls). The lower and upper bounds of the 95%
CIs correspond to the 2.5th and 97.5th percentiles of the 1,000
probabilistic percent dune erosion values for every AEP (i.e.,
976th and 25th ranked values out of 1,000). For the present sce-
nario, probabilistic dune erosion predictions aligned with those
from the full time series approach at high AEPs but are higher at
low AEPs, leading to a greater annual-average dune erosion rang-
ing 9.09%-9.60% for nonparametric and 9.46%—10.08% for para-
metric methods (Table 7). The full time series approach is
deterministic and limited by the number of available synthetic
storms, which may not capture rare, severe storm events such as
Hurricane Ike, which cause extreme dune erosion. Therefore,
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Fig. 8. Comparison of the results of nonparametric BC and parametric BC: (a) storm surge (S); (b) significant wave height (H); (c) mean absolute

wave period (7,,); and (d) percent dune erosion.

ASCE

04026009-10

J. Waterway, Port, Coastal, Ocean Eng.

J. Waterway, Port, Coastal, Ocean Eng., 2026, 152(4): 04026009



Thiswork is made available under the terms of the Creative Commons Attribution 4.0 International license.

o2 *~Non-BC (P) +-Non-P-BC (P) - P-BC (P)
? e ~~Non-BC (F-L) --Non-P-BC (F-L) -+ P-BC (F-L)
:“ \‘\ 5 - Non-BC (F-M) + Non-P-BC (F-M) + P-BC (F-M)

~Non-BC (F-H) —+ Non-P-BC (F-H) P-BC (F-H)

Percent dune erosion (%)

0 02 0.4 0.6 08 1
Annual exceedance probability

Fig. 9. Probabilistic dune erosion percent with respect to AEPs, pre-
dicted by the full time series approach. Abbreviations are the same as
Fig. 7.

Table 6. Annual-average percent dune erosion using non-BC and BC data

Future Future Future
Present (low SLR) (middle SLR) (high SLR)
Data type (%) (%) (%) (%)
Non-BC 3291 61.78 65.89 68.86
Nonparametric BC 8.46 32.97 37.67 39.75
Parametric BC 8.74 34.01 38.32 40.64

this approach cannot fully reflect the impact of severe storms. In
contrast, the copula sampling approach is stochastic, generating
a large number of samples that can account for both severe dune
erosion at low AEPs and minimal impacts at high AEPs. This pat-
tern was observed in future scenarios as well: the copula sampling
approach predicted higher probabilistic dune erosion at low AEPs
and lower erosion at high AEPs compared to the full time series
approach. Nonetheless, both approaches provided consistent
annual-average dune erosion predictions under future climate
change: 33.57%-35.70%, 35.90%—-37.96%, and 37.69%—-39.75%
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Fig. 10. One-on-one comparison of percent dune erosion estimated
using full time series data and storm archetypes. Al = Archetype 1;
A2 = Archetype 2.

using the copula approach for low, middle, and high SLRs,
respectively.

Based on the dune erosion prediction results, sensitivity to both
copula generator choice and bias-correction method was analyzed.
For the present scenario, the Gumbel copula presented the highest
probabilistic dune erosion at lower AEPs, followed by Clayton,
and the lowest with Frank, but this order reversed at higher
AEPs, leading to the annual-average dune erosion being highest
with Frank and lowest with Gumbel. In future scenarios, the
Frank copula consistently predicted the highest dune erosion, fol-
lowed by Clayton, and the lowest with Frank across the AEPs, re-
sulting in the same pattern in annual-average dune erosion.
Consequently, Clayton copula is regarded as the most suitable cop-
ula generator, as it provides moderate predictions among three
copulas. Regardless of copula type, predicted dune erosion was
consistently higher with the parametric method than the nonpara-
metric method. For the present scenario, predictions were more ro-
bust to the choice of a bias-correction method than to copula
generator type, but more robust to the choice of the copula gener-
ator in the future scenarios.

The 95% Cls accounted for the uncertainty in the copula sam-
pling approach in this study. For both climate scenarios, the CIs
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Fig. 11. Probabilistic percent dune erosion with respect to AEPs under the present climate scenario, predicted using full TS approach and storm
archetypes: (a) linear-scale x-axis; and (b) log-scale x-axis with bias-corrected results.
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Fig. 12. Comparison of observed and sampled joint distributions on
the copula scale for the present climate scenario.

were wider at lower AEPs than at higher AEPs (Fig. 13), indicating
greater uncertainty associated with severe dune erosion events.
Since pronounced erosion is rare under current sea level and
storm conditions, considerable uncertainty appears at lower
AEPs in the present scenario. For future scenarios, however, un-
certainty at lower AEPs is relatively minor, particularly in higher
SLR scenarios, as intensified storms and increased mean sea
level are more likely to cause complete erosion, leading to more
certain predictions. Conversely, the annual-average percent dune
erosion exhibited different trends in CI ranges. The overall CI
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ranges (i.e., from the lowest lower bound to the highest upper
bound) within a climate scenario is 8.32—10.87 for the present cli-
mate and 32.03-37.31, 34.25-39.66, and 35.94-41.36 for low,
middle, and high SLR scenarios of the future climate, respectively.
This implies that, despite reduced uncertainty for individual severe
events, prediction in future dune erosion still remains challenging
overall due to the anticipated higher frequency of severe storms in
the future.

Comparison with the Coastal Texas Project Plan

According to the Coastal Texas Study (USACE Galveston District
and GLO 2021b), the average rebuild frequency of the beach and
dune system was estimated to be a 5- to 8-year cycle, depending on
the SLR scenario. To be specific, it was 7-8 years under low SLR,
67 years under middle SLR, and 5-7 years under high SLR. USA-
CE’s SLR scenarios increased over the project service life from
2035 to 2085, ranging from approximately 0.23 to 0.53 m for
low SLR, 0.29 to 0.78 m for middle SLR, and 0.43 to 1.51 m for
high SLR, relative to the year 2000. The limit state for dune resto-
ration was defined as a 50% reduction in dune height, which cor-
responds to approximately 80% erosion of the dual-dune system.

It is important to note that this study aims to provide conserva-
tive predictions of dune erosion by focusing on storm-driven in-
stantaneous erosion, rather than long-term recovery processes or
poststorm return flows. The analysis was designed to estimate ero-
sion during storm impacts, without simulating full life cycle dune
nourishment. Consequently, such estimates led to a linear deterio-
ration of the dune, representing the conservative but necessary
amount of dune nourishment required, rather than actual nourish-
ment design practices.
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Fig. 13. Probabilistic percent dune erosion with respect to AEPs, predicted by copula sampling approach. Bold lines are mean values, and thin lines
are 95% Cls at each AEP: (a) present scenario; (b) future scenario with low SLR; (c) future scenario with middle SLR; and (d) future scenario with

high SLR.
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Table 7. Means and standard deviations of 1,000 annual-average percent dune erosion using copula sampling approach

Scenario Copula generator Bias correction Mean (95% CI) (%) Standard deviation (%)
Present Clayton Nonparametric 9.32 (8.56-10.15) 0.413
Parametric 9.75 (8.94-10.60) 0.405
Gumbel Nonparametric 9.09 (8.32-9.94) 0.411
Parametric 9.46 (8.68-10.29) 0.396
Frank Nonparametric 9.60 (8.82-10.38) 0.390
Parametric 10.08 (9.34-10.87) 0.399
Future (low SLR) Clayton Nonparametric 33.86 (32.36-35.35) 0.794
Parametric 34.70 (33.21-36.30) 0.806
Gumbel Nonparametric 33.57 (32.03-35.13) 0.794
Parametric 34.46 (32.91-36.07) 0.814
Frank Nonparametric 34.78 (33.10-36.42) 0.830
Parametric 35.70 (34.22-37.31) 0.803
Future (middle SLR) Clayton Nonparametric 36.12 (34.57-37.80) 0.812
Parametric 37.06 (35.61-38.76) 0.825
Gumbel Nonparametric 35.90 (34.25-37.52) 0.837
Parametric 36.72 (34.99-38.35) 0.844
Frank Nonparametric 37.01 (35.43-38.78) 0.859
Parametric 37.96 (36.35-39.66) 0.848
Future (high SLR) Clayton Nonparametric 37.84 (36.05-39.43) 0.882
Parametric 38.78 (37.15-40.49) 0.855
Gumbel Nonparametric 37.69 (35.94-39.43) 0.896
Parametric 38.54 (36.86-40.19) 0.852
Frank Nonparametric 38.82 (37.13-40.52) 0.863
Parametric 39.75 (38.00-41.36) 0.846

Based on the annual-average percent dune erosion predicted
by the full time series approach (Table 6), the dune restoration
cycle is demanded to be approximately 9.5 years under the pre-
sent climate condition. Using the copula sampling approach
(Table 7), it is predicted as 8-9 years, which aligns well with
the full time series results. For future scenarios, both approaches
consistently indicate that dune rehabilitation will be needed every
2-2.5 years. Compared to USACE’s estimates, this study’s dune
erosion predictions are broadly consistent with the Coastal Texas
Study’s dune nourishment plan, demonstrating the applicability
of the semiempirical analytical dune erosion model to the
beach and dune system.

The annual-average percent dune erosion suggests that, under
the present climate condition, the beach and dune system would
provide effective flood defense against storm surges in the long
term. However, in future scenarios, considerable erosion of the
dune system is projected substantially increasing flood risk for
coastal communities. Hence, even if the current plan for the
beach and dune system remains a viable countermeasure to
storm surge in the present day, a more reliable coastal barrier is
recommended for the future. Raising the dune crest height would
involve higher initial construction costs, but it would likely extend
the interval between dune rehabilitations and reduce long-term
maintenance and management costs, as well as enhance safety
for coastal communities. Alternatively, core-enhanced dunes or
hybrid coastal structures, with a hard core and a sand outer
layer, would be able to provide robust coastal defense and reduce
the required volume of sand restoration, as suggested by Merrell
et al. (2021). Furthermore, comparison of percent dune erosion
across future scenarios indicates that several SLR projections
lead to significant differences in dune erosion. Even with high
SLR, the lower portion of the seaward dune is expected to be sub-
merged by the increased mean sea level, due to its lower dune toe
elevation. This study proposes that the Coastal Texas Project de-
sign be adjusted in response to sea level changes.

ASCE 04026009-13

Conclusions

This study evaluated the feasibility of Coastal Texas Project beach
and dune system by applying a semiempirical analytical model to
predict dune erosion in the face of climate change. Synthetic
storms were simulated with hydrodynamic, wave, and hurricane
models to represent present and future storm climatology, and sev-
eral SLR projections were incorporated into future climate scenar-
ios. Their output data of storm surge, significant wave height, and
mean absolute wave period were bias-corrected and then used as
inputs for the dune erosion model. Probabilistic dune erosion
was predicted for different climate scenarios, and the annual-
average dune erosion was determined by integrating the probabi-
listic dune erosion over the range of AEPs. As a result, the annual-
average percent dune erosion was predicted as approximately 8%—
10% of dune volume under the present scenario, which corre-
sponds to a dune rehabilitation cycle of about 8-10 years. Such a
result closely aligns with the rebuild frequency plan for the Coastal
Texas Project and supports the applicability of the dune erosion
model to the beach and dune system. In future scenarios, however,
the annual-average percent dune erosion increases to 33%—40%,
requiring dune rehabilitation every 2-2.5 years, which would
raise serious concerns on the long-term feasibility of the current
plan. Consequently, while the proposed design is effective as a
flood defense under the present condition, substantial modifica-
tions will be necessary to ensure coastal community safety in
the future, such as raising dune crest heights or utilizing
core-enhanced dunes or hybrid coastal structures, depending on
sea level rise.

Bias correction was a key element of this study, ensuring stat-
istical consistency between historical observations and model out-
puts. Particularly, QM was applied to present data sets and QDM
to future data sets in both nonparametric and parametric ways. The
use of bias-corrected data resulted in significant decreases in storm
surge height and significant wave height, while increased mean
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absolute wave period compared to non-bias-corrected data, leading
to annual-average percent dune erosion reductions across all cli-
mate scenarios. These findings emphasize the critical role of bias
correction to the storm and wave parameters, not only for statistical
consistency but also for the feasibility and accuracy of coastal pro-
cess and risk assessments. However, bias correction using para-
metric QM or QDM was found to be highly sensitive to the
shapes and alignments of the CDFs for observed and GCM-based
modeled data, especially on an upper tail. Therefore, conducting
sensitivity analyses using multiple GCMs is needed for more ro-
bust and reliable outcomes.

Furthermore, we developed a copula sampling approach that
incorporates synthetic storm data into the Archimedean copula
framework to stochastically predict dune erosion. Bias-corrected
data were used to generate correlated samples based on their
CDFs and dependence parameters, which were then transformed
into realizations of correlated input variables for the dune erosion
model. These inputs created storm archetypes under several as-
sumptions, enabling estimation of the total erosion over the
storm duration. The accuracy of the storm archetype was vali-
dated by comparing its predictions to those from the synthetic
storms’ full time series data. The copula approach yielded the
predictions comparable to those from the full times series data,
both for the present and future scenarios. A minor difference
arose from the copula approach’s ability to account for extremely
low probability events, which were not represented in limited
synthetic storm data. The accuracy of the copula sampling ap-
proach for predicting dune erosion in the face of climate change
is demonstrated, supporting its application for future coastal risk
assessment and management.

Nevertheless, the current study entails several limitations. For
the purpose of conservation prediction, poststorm processes were
not explicitly modeled, including poststorm profile recovery and
return flows, which are known to be crucial for long-term beach
and dune evolution. The omission of these processes may lead to
overprediction of dune erosion and higher estimated frequency
of dune rehabilitation. In addition, longshore processes, which
are also important when estimating storm-induced coastal dune
erosion (Krafft et al. 2025), were not explicitly considered within
the scope of this study. Although the combined effects of wind and
infragravity (IG) waves were implicitly included through

calibration of the empirical transport coefficient, the individual
contributions of these components cannot be separated within
the present modeling framework, as SWAN does not explicitly re-
solve IG waves. Furthermore, due to the limited sample sizes of
extreme data, especially in the historical observations, the proba-
bility distributions of surge and wave parameters, as well as the de-
pendence structure among these variables, remain uncertain.
Despite these limitations, the proposed framework is appropriate
to comparing climate scenarios and informing dune restoration
planning. Addressing these limitations will be an important
focus of future work.

Appendix . Fitting to Probability Distributions

For parametric QM and QDM methods, both observed and mod-
eled data were fitted to several probability distributions. Observed
data were collected from 30 historical storms listed in Table 2,
while modeled data were retrieved from 115 synthetic storms
under present climate and 158 storms under future climate for
each SLR scenario. Extreme values of S, H,, and T, were fitted
to Gumbel, Weibull, and GEV distributions; D was fitted to log-
normal, Gamma, and Weibull distributions using only nonzero
duration values. The overall probability distribution for D was
then adjusted to account for the discrete probability of zero-
duration occurrences (Bedient et al. 2019). Modeled data of ¢
was fitted to lognormal, Gamma, and Weibull distributions at dif-
ferent locations, with the resulting CDFs used directly in the cop-
ula sampling approach for each climate scenario. Goodness of fit
to the distributions was evaluated by the Akaike Information Cri-
terion (AIC; Akaike 1974); the distribution with the smallest AIC
was adopted. As summarized in Table 8, GEV distribution was
adopted for S, H,, and T,, while lognormal distribution was
used for D and ¢.

Appendix Il. Optimization of Sample Size

Table 9 presents the mean and CV values across all sample sizes
under the present scenario, providing the CV values less than
0.05 with sample sizes of 1,000, 2,000, and 5,000.

Table 8. AICs of probability distributions for the observed (historical storms) and modeled (synthetic storms) data of variables

Synthetic storm

Variable Distribution Historical Present Future (low SLR) Future (middle SLR) Future (high SLR)
N Gumbel 30.18 399.51 567.53 566.27 563.84
Weibull 36.43 385.52 553.74 552.47 550.06
GEV 30.52 387.27 550.62 549.31 546.81
H; Gumbel 85.02 298.83 394.54 394.88 395.70
Weibull 91.74 248.80 342.23 342.54 343.27
GEV 86.13 249.30 348.69 349.05 349.92
T Gumbel 102.99 223.12 294.77 295.65 292.15
Weibull 116.16 194.13 295.33 293.51 291.70
GEV 104.25 184.24 272.65 272.70 269.03
D Lognormal 241.18 786.74 1,150.67 1,150.54 1,139.37
Gamma 243.61 803.54 1,150.44 1,150.34 1,146.21
Weibull 245.55 834.52 1,192.34 1,192.30 1,191.38
¢, (mean value) Lognormal — 927.77 1,367.30 1,370.34 1,374.05
Gamma — 940.00 1,384.58 1,386.21 1,388.29
Weibull — 940.88 1,379.72 1,381.15 1,383.47
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Table 9. Means and CVs of 1,000 annual-average percent dune erosion using copula sampling approach at varying sample sizes for the present scenario

Nonparametric Parametric
Sample size, n Statistical metrics Clayton Gumbel Frank Clayton Gumbel Frank
100 Mean 9.30% 9.09% 9.64% 9.75% 9.47% 10.10%
Ccv 0.141 0.140 0.130 0.135 0.134 0.127
200 Mean 9.33% 9.11% 9.60% 9.74% 9.47% 10.11%
Ccv 0.098 0.101 0.094 0.096 0.096 0.088
500 Mean 9.29% 9.07% 9.63% 9.73% 9.47% 10.07%
Cv 0.063 0.063 0.060 0.062 0.062 0.057
1,000 Mean 9.32% 9.09% 9.60% 9.75% 9.46% 10.08%
Cv 0.044 0.045 0.041 0.041 0.042 0.040
2,000 Mean 9.29% 9.08% 9.60% 9.72% 9.45% 10.06%
Cv 0.031 0.031 0.029 0.029 0.031 0.028
5,000 Mean 9.30% 9.08% 9.60% 9.73% 9.48% 10.08%
Cv 0.020 0.020 0.018 0.019 0.020 0.017
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