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Abstract
This paper presents a new application of an advanced hierarchical sensitivity analysis of a new climate model of barrier island
geomorphological evolution. The implemented sensitivity analysis in this study integrates a hierarchical uncertainty framework
with a variance-based global sensitivity analysis to decompose the different model input uncertainties. The analysis can provide
quantitative and accurate measurements for the relative importance of uncertain model input factors while considering their
dependence relationships. The climate model used in this research was the barrier island profile (BIP) model, which is a new
computer code developed to simulate barrier island morphological evolution over periods ranging from years to decades under
the impacts of accelerated future sea-level rise and long-term changes in the storm climate. In the application of the model, the
BIP model was used to evaluate the responses of a series of barrier island cross-sections derived for Santa Rosa Island, Florida, to
random storm events and five potential accelerated rates of sea-level rise projected over the next century. The uncertain model
input factors thus include the scenario uncertainty caused by alternative future sea-level rise scenarios and the parametric
uncertainties of random storm parameters and dune characteristics. The study results reveal that the occurrence of storms is
the most important factor for the evolution of sand dunes on the barrier island and the impact of sea-level rise is essential to the
morphological change of the island backshore environment. The analysis can provide helpful insights for coastal management
and planning. This hierarchical sensitivity analysis is mathematically general and rigorous and can be applied to a wide range of
climate models.

1 Introduction

In response to the impacts of future storms and sea-level rise,
coastal planners and engineers are accommodating the protec-
tion of coastal infrastructure and natural resources in their
management plans. Barrier islands are important for coastal
protection and restoration, and their morphological evolution
has been well studied (Carruthers et al. 2013; Houser 2012;

Houser et al. 2008a, b; Kish and Donoghue 2013; Morton
2002; Timmons et al. 2010). Their pattern of evolution is
dominated by the complex hydrodynamic and sediment trans-
port processes that are induced by climate-influenced natural
forces (Plant and Stockdon 2012). Thus, the morphology of
barrier islands will be dramatically impacted by aspects of the
future climate, including storms and sea-level rise.
Understanding the balance between these climate-influenced
sediment transport processes and then using it to accurately
predict the morphological evolution of barrier islands is nec-
essary for coastal management, and mathematical modeling is
a vital tool for such predictions.

Significant effort has been spent on barrier island geomor-
phologic modeling (Niedoroda et al., 2011; Jiménez and
Arcilla 2004; McNamara and Werner 2008; Roelvink et al.
2009). A good example is the barrier island profile (BIP)
model (Dai et al. 2015), which focuses on the profile of barrier
island cross-sections. This model has the advantages of simu-
lating the morphological evolution of the barrier island profile
with multiple features, such as beaches, dunes, island
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platforms and the backshore area under both long-term and
short-term climate impacts, including sea-level rise and
storms. The study by Dai et al. (2015) demonstrated that the
BIP model is capable of simulating realistic patterns of barrier
island profile evolution over the span of a century using rela-
tively simple representations of time- and space-averaged pro-
cesses. Although the uncertainty involved in the model simu-
lations of the barrier island due to climate impacts was men-
tioned in this research, it has not been well addressed.

In the predictions from barrier island modeling, uncer-
tainties are inevitably induced by both the variability of the
future climate and the randomness of the system properties.
Regarding future climate impacts, sea-level rise is one of the
most important phenomena of climate change and plays an
essential role in barrier island morphological evolution since
sea-level rise causes erosion of the shoreline and inundation of
land. However, the prediction of future sea-level rise is inev-
itably uncertain due to errors in historical data, unknown fu-
ture climate change, and site-specific impacts (Kettle 2012). A
range of sea-level rise predictions has been provided by dif-
ferent researchers (IPCC 2007; Grinsted et al. 2010; Jevrejeva
et al. 2010; Vermeer and Rahmstorf 2009), and the difference
between these predictions for one century in the future is as
large as 1.5 m. In addition to sea-level rise, storms are a major
climate impact that rapidly change the morphology of barrier
islands (Morton 2002; Plant and Stockdon 2012; Sallenger
2000). Uncertainty remains in future storm prediction due to
unknown future storm frequency, intensity, and track
(Michener et al. 1997; Dai 2014). In addition to these natural
variability-caused uncertainties, intrinsic uncertainties are also
involved in the prediction of sediment transport processes
embedded in barrier island models. For example, the aeolian
sediment transport due to wind is uncertain because of the
variable future wind angle, critical fetch, and beach geometry
(Bauer and Davidson-Arnott 2002). These different sources of
uncertainty combine and become a major obstacle to accurate-
ly predicting barrier island morphological evolution.
Understanding and quantifying the sources of uncertainty in
the inputs to the model and how they affect the model outputs
is helpful for guaranteeing the reliability of the model outputs
and thus building confidence in the model (Chu-Agor et al.
2011). Furthermore, the study of the sensitivity of model out-
puts to uncertain input parameters can improve our under-
standing of the complex barrier island system and the impor-
tant processes that affect the morphological evolution of the
island. A framework of sensitivity analysis is thus desirable
and could identify the most influential sources of input uncer-
tainty to the model outputs to calibrate the model, prioritize
the distribution of limited resources and more efficiently de-
crease the predictive uncertainty.

Compared with the large effort spent on modeling barrier
island geomorphology, only a small amount of attention has
been paid to quantify the uncertainties involved in modeling

barrier islands. Plant and Stockdon (2012) conducted a prob-
abilistic prediction of the response of barrier island features to
hurricanes using a conceptual model and a Bayesian network.
Chu-Agor et al. (2011) conducted more thorough research
using the barrier island habitat model SLAMM 5, which in-
cludes both uncertainty and global sensitivity analysis tech-
niques to investigate the important model input factors. The
other examples of uncertainty analysis applied tomore general
coastal models include the work of Habib and Reed (2013),
who conducted a parametric uncertainty analysis of a
hydroecological model used for coastal planning. Camacho
and Martin (2013) evaluated the uncertainty in hydrodynamic
models of coastal systems using a Bayesian Monte Carlo
method. These studies focused on quantifying the parametric
uncertainty induced by model parameters, but this uncertainty
is only part of the total uncertainty involved in the predictions
generated from coastal modeling.

In addition to parametric uncertainty, model uncertainty
arises when multiple models are all plausible given the avail-
able data and knowledge. Kirwan et al. (2010) demonstrated
the large impact of model uncertainty on coastal model pre-
dictions by comparing predictions from six coastal marsh
models using the same sea-level rise scenario. In addition to
model uncertainty, scenario uncertainty is also important for
the predictions generated by coastal models. It is aleatory and
an important source of predictive uncertainty. Chu-Agor et al.
(2011) noted the large influence the sea-level rise scenario
uncertainty has on coastal model outputs and global sensitiv-
ity analysis results by applying the SLAMM 5 model under
different sea-level rise scenarios. Although the impacts of the
model and scenario uncertainties have been noted, a more
quantitative method is needed to measure the different sources
of uncertainty and to consider the global sensitivity analysis
with the combined effects of scenarios, models, and
parameters.

Based on the scenario- and model-averaging methodology
(Draper et al. 1999; Lu et al. 2013; Meyer et al. 2007, 2014;
Winter and Nychka 2010; Wohling and Vrugt 2008; Ye et al.
2004, 2005, 2008a, b, 2010a, b), Dai and Ye (2015) developed
an advanced hierarchical sensitivity analysis framework for a
system with multiple models and scenarios (Fig. 1a). The new
sensitivity analysis defined a new set of sensitivity indices
based on a hierarchical uncertainty framework and the
variance-based global sensitivity analysis methodology
(Saltelli 2000; Saltelli et al. 1998, 1999, 2010; Sobol’ 1993) for
accurately measuring the relative importance of model parame-
ters while considering multiple scenarios and models. The meth-
odology has been advanced and implemented in the Hanford site
groundwater modeling in the research of Dai et al. (2017).

This advanced sensitivity analysis framework is mathemat-
ical rigorous and general. Although it was mainly used in the
groundwater modeling work before, it can be applied into
barrier island modeling system without obstacle. For
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demonstration purposes, the developed sensitivity analysis
methodology was implemented into an example application
of the BIP model to explore the key uncertain factors that
control the fate of the barrier island morphological evolution.
The BIP model has the built-in capability of conducting
Monte Carlo (MC) simulations, which can be used to quantify
the uncertainty and conduct the global sensitivity analysis. In
the example application, a series of barrier island cross-
sections derived from Santa Rosa Island, Florida, were used
in the BIP model to evaluate these profiles responses to ran-
dom storm events and five potentially accelerated rates of sea-
level rise projected over a century. The multiple sea-level rise
scenarios are the source of the scenario uncertainty. The para-
metric uncertainty is induced by the uncertain dune growth
rate, the dune erosion coefficient, and the storm parameters,
including storm number, storm track, and storm magnitude.
The model uncertainty is omitted in this research because only
one model exists. Two model outputs that are important bar-
rier island morphological variables were studied: the dune
height and the backshore position. The dune height is chosen
because it is an important characteristic of a dune and has been
used as the representation of dune size in many studies (Duran
and Moore 2013; Priestas and Fagherazzi 2010). The
backshore position was chosen because it is a deterministic
variable for the barrier island width and has been well studied
(Houser et al. 2008a, b; Timmons et al. 2010).

This paper presents an advanced global sensitivity anal-
ysis of a barrier island model and provides useful insights
about key uncertain factors control barrier island

morphological evolution. Although we used an example
of the BIP model, this framework is mathematically gen-
eral and rigorous and can be implemented on a wide range
of climate and environmental modeling systems with mul-
tiple models and scenarios.

2 Methodology

This section describes the methods of uncertainty decomposi-
tion and global sensitivity analysis and the climate-driven BIP
model background. Then, a set of modeling uncertainty in-
puts, scenarios and BIP model profiles are presented.

2.1 Hierarchical global sensitivity analysis

In a synthetic groundwater case study, Dai and Ye (2015)
developed a three layered hierarchical global sensitivity anal-
ysis, considering the scenario, model, and parametric uncer-
tainties and their dependence relationships (Fig. 1a). In the
system, the total variance of the quantity of interest Δ can
be decomposed as

Var Δð Þ ¼ EsEM jSEθjM ;SVar Δjθ;M ; Sð Þ þ EsEM jSVarθjM ;SE Δjθ;M ; Sð Þ
þ EsVarM jSEθjM ;SE Δjθ;M ; Sð Þ þ VarsEM jSEθjM ;SE Δjθ;M ; Sð Þ

¼ Var eð Þ þ Var θð Þ þ Var Mð Þ þ Var Sð Þ
ð1Þ

Fig. 1 a The three-layer hierarchical uncertainty framework. b A two-layer uncertainty framework with scenario and parametric uncertainties
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where θ = {θ1, ..., θk} denotes the vector of the model pa-
rameters; M and S are sets of individual models, M, and
individual scenarios, S, respectively; and M|S and θ|M,S
indicate the hierarchical relationship in which models are
conditioned on scenarios and parameters are conditioned
on models and scenarios. The total variance is decomposed
into the data variance Var(e), the parametric variance
Var(θ), the model varianceVar(M), and the scenario vari-
ance Var(S). In this setting, E(Δ| θ,M, S) is a model output
of Δ given by a model under its associated parameters and
the scenario used. Since we focused on one model and
there is no observation data directly involved in this study,
this variance decomposition system can be simplified with-
out considering multiple models (Fig. 1b) M as

Var Δð Þ ¼ ESVarθjS ΔjSð Þ þ VarSEθjS ΔjSð Þ
¼ Var θð Þ þ Var Sð Þ ð2Þ

where the model and data variances no longer exist. These
two variance terms can be used as measurements of differ-
ent uncertainty sources’ contributions to the total predic-
tion uncertainty. The first term, Var(θ), represents the para-
metric uncertainty under multiple scenarios. The second
term, Var(S), represents the scenario uncertainty caused
by alternative scenarios. Then, an uncertainty index system
can be defined following the concept of global sensitivity
indices (Sobol’ 1993 and Draper et al. 1999) to represent
the relative contributions of different types of uncertainties
as Dai (2014):

Sθ ¼ Var θð Þ
Var Δð Þ ; SS ¼

Var Sð Þ
Var Δð Þ

and

Sθ þ SS ¼ 1

ð3Þ

where these two uncertainty indices directly illustrate what
portion of the total uncertainty is contributed from different
sources of uncertainty.Sθ, SS are named as the parametric
uncertainty index, and the scenario uncertainty index, re-
spectively. If considering the parametric uncertainty under
a specific scenario, the parametric uncertainty index under
a single scenario Sk can be defined as

SθjSk ¼
VarθjSk ΔjSkð Þ

Var Δð Þ ð4Þ

For parametric uncertainty index calculations, the partial
variance can be estimated using the numerical method of
Monte Carlo simulation:

Var θð Þ ¼ ∑
K

k¼1
VarθjSk ΔjSkð Þ� �

p Skð Þ

¼ ∑
K

k¼1

1

n
∑
n

j¼1
Δ2 θ jjSk
� �

−
1

n
∑
n

j¼1
Δ θ jjSk
� � !2

0
@

1
Ap Skð Þ

ð5Þ

and

VarθjSk ΔjSkð Þ ¼ 1

n
∑
n

j¼1
Δ2 θ jjSk
� �

−
1

n
∑
n

j¼1
Δ θ jjSk
� �

 !2

ð6Þ

Where k and j represent the scenario and MC parameter
sample indices respectively, p(Sk) is the scenario weight for
scenario Sk, n is the total number of MC simulations. The
corresponding scenario uncertainty index can be calculated
by Eq. (3) through simple subtraction.

In the conventional variance-based global sensitivity anal-
ysis that considers a single model and a single scenario, the
global sensitivity indices are defined and evaluated as a quan-
titative measure of the parameter influence on the model out-
puts (Saltelli et al. 1999; Saltelli et al. 1998; Sobol’ 1993). Dai
and Ye (2015) expanded the global sensitivity analysis into a
broader system that consideredmultiple scenarios andmodels.
This new global sensitivity analysis is focused on the param-
eter uncertaintyEsVarθ ∣ S(Δ|θ, S) of the above variance de-
composition system. With the hierarchical structure and nota-
tions scenarios introduced, the first-order sensitivity index for
the global sensitivity analysis under a single scenario Sk is
defined as

Si ¼
VarθijSk Eθ∼ijSk Δjθi; Skð Þjθ∼i; Sk

� �
VarθjSk

ð7Þ

which measures the main or first-order effect of the parameter
θi on the model output. Similarly, the total-effect sensitivity
index under a single scenario is defined as

STi ¼
Eθ∼ijSk VarθijSk Δjθ∼i; Skð Þjθi; Sk

� �
VarθjS ΔjSkð Þ ð8Þ

This index considers both the first-order effect of θi and the
interactions of θiwith the other parameters. When considering
multiple scenarios, S, the first-order and total-effect sensitivity
indices for multiple scenarios are defined as

SSi ¼ ESVarθijS Eθ∼ijS Δjθi; Sð Þjθ∼i; S
� �

EsVarθjS Δjθ; Sð Þ ð9Þ

and

SSTi
¼ ESEθ∼ijS VarθijS Δjθ∼i; Sð Þjθi; S

� �
ESVarθjS Δjθ; Sð Þ ð10Þ

Equations (9) and (10) take into account the parameter
influence under the different individual scenarios and
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provide a quantitative assessment of the global sensitivity
analysis with the combined effects of uncertain parameters

and scenarios. SST of multiple scenarios is not a weighted
average of the ST of individual scenarios. The Monte
Carlo simulation method is used for evaluating the first-
order and the total-effect sensitivity indices under one sin-
gle scenario Sk following Jansen (1999) and Saltelli et al.
(2010), via

VθijSk Eθ∼ijSk Δjθi; Skð Þjθ∼i; Sk
� �

¼ 1

n
∑
n

j¼1
f Sk B j
� �

f Sk Ai
B; j

� �
− f Sk A j

� �� �
ð11Þ

and

Eθ∼ijSk VθijSk Δjθ∼i; Skð Þjθi; Sk
� �

¼ 1

2n
∑
n

j¼1
f Sk A j
� �

− f Sk Ai
B; j

� �� �2
ð12Þ

where Δ = f(.) denotes a model execution using its param-
eters under scenario Sk. The calculation uses two indepen-
dent parameter sample matrices, A and B, with the same
dimension of n × d, where n is number of MC samples and
d represents number of parameters. Matrix Ai

B is the same
as matrix A except that its i-th column is from the i-th
column of matrix B. Subscript j denotes the j-th row of the
corresponding matrix, i.e., the j-th sample of the parame-
ters. For the scenario averaging sensitivity index, they can
be estimated using the same method via

ESVarθijS Eθ∼ijS Δjθi; Sð Þjθ∼i; S
� �

¼ ∑
K

k¼1

1

n
∑
n

j¼1
f Sk B j
� �

f Sk Ai
B; j

� �
− f Sk A j

� �� � !
p Skð Þð13Þ

and

ESEθ∼ijS VarθijS Δjθ∼i; Sð Þjθi; S
� �

¼ ∑
K

k¼1

1

2n
∑
n

j¼1
f Sk A j
� �

− f Sk Ai
B; j

� �� �2 !
p Skð Þ ð14Þ

2.2 The BIP model and its uncertain parameters
and scenarios

In the BIP model, a set of width-averaged island cross-
sections or profiles is used to represent the barrier island mor-
phology. Each island profile includes beach dunes, front
beaches, an island platform, and backshore environments.
Figure 2 shows a definition sketch of the schematic island
width-averaged profile used in the BIP model. The variables
labeled in the Fig. 2 are coordinates and angles used in the BIP
codes to measure and describe a barrier island profile. Yoff,
OWoff, BSoff represent the front beach, island platform and
backshore locations respectively. DBoff, AFace, ARepose,
Backoff, DunePass, Dht are dune seaward base location, dune
seaward face angle, dune slip face angle, dune slip face base
location, dune height, and dune pass height respectively. The
Z0 represents the island platform height. Storms and sea-level
rise are the natural driving forces of the evolution of the island
morphology in the model. It is assumed that the elevation of
the entire island profile lowers with sea-level rise except the
front beach, the elevation of which keeps up with sea-level
rises. Storms affect not only the shape of the beach prism and
the dunes but also the island platform and backshore environ-
ment by dune erosion and the redistribution of the eroded sand
to the island platform and the backshore. The volume of the
storm-caused dune erosion is estimated using the equation
developed by Larson et al. (2004) and Larson et al. (2006):

ΔVE ¼ 4Cs RþΔh−Z0ð Þ t
T

ð15Þ

where ΔVE [L2] is the volume of dune eroded per unit
profile width (i.e., beach length); Cs [L] is a coefficient
that ranges between 1 × 10−3 and 2.5 × 10−3; R [L] is the
wave bore run-up height; Δh [L] is the surge height; Z0
[L]is the elevation difference between the dune foot and
the mean water line; t [T] is the surge duration in which
R +Δh is above Z0 (the minimum elevation necessary to
cause the wave run-up to reach the primary dune); and T
[T] is the period of the deep water wave. The eroded dune
volume is assumed to be transported to the island platform
and backshore area through overwash passes (Carruthers
et al. 2013). The overwash sand transported to the back-
barrier area is assumed to be deposited uniformly across
the island platform, leading to an increase in the island

Fig. 2 Definition sketch for a
width-averaged profile with a
single dune
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platform freeboard. When the computed elevation of the
island platform equals or exceeds the elevation of the
dune foot (Z0), the excessive volume is not used to in-
crease the island platform height. Instead, it is transferred
to the backslope of the island and is uniformly distributed
there. This, in turn, displaces the backshore shoreline po-
sition outward into the bay. In addition to the dune ero-
sion and the eroded sediment transport, the BIP model
also considers the dune annual growth due to the aeolian
sediment supply from the beach prism (Houser et al.
2008b; Stone et al. 2004; Morton et al. 1994). Although
the aeolian sediment transport is a function of wind speed,
wind angle, critical fetch, and beach geometry (Bauer and
Davidson-Arnott 2002), all of which vary at hourly to
seasonal time scales, the average annual rate of aeolian
sediment supply to the dunes is treated as a constant.

A flow chart of the BIP model is shown in Fig. 3. The
model develops a multiyear storm sequence representative of
periods ranging from decades to multiple centuries. The BIP
model is also capable of generating numerous realizations of
multiyear storm sequences that provide the basis of the Monte
Carlo (MC) simulations for uncertainty quantification and
global sensitivity analysis. This function fits with our research
objectives. Uncertainty is induced in the BIP modeling pro-
cesses. Two types of uncertainties can be separated from the
source: (1) the different predicted future sea-level rise scenar-
ios cause scenario uncertainty; and (2) the storm parameters,
the dune growth rate, and the dune erosion coefficient cause
parametric uncertainty.

2.3 Semisynthetic profiles

An example of BIP modeling (including a Monte Carlo
simulation) was conducted to simulate the geomorphologic
response of the three semisynthetic barrier island profiles

to future storms and five different rates of sea-level rise
over a 100-year period. The dimensions of the beach, sand
dune, and island platform, and the island width of the sche-
matic width-averaged profiles represent three semisynthet-
ic profiles representative across Santa Rosa Island. Each
profile has a constant width of 250 m (perpendicular to
the profiles), and the initial elevation of the island platform
has been simplified to a constant of 2 m above mean sea
level. Profile 1 in Fig. 4a has a cross-island length of 500 m
with no dune present initially. Profile 2 in Fig. 4b is 400 m
long with a dune field across the island that is initially 6 m
high and 32 m long. The length of Profile 3 in Fig. 4c
started as 100 m and the initial dune height and length
are 1.5 m and 7 m, respectively.

2.4 Uncertain storm parameters

In a model run, as shown in Fig. 3, when the storm number is
larger than zero, the storm magnitude and track (landfall loca-
tion) are determined for each storm. To allow the storm land-
fall locations to be at varying distances from each profile, a
straight shoreline segment with a length of 45 km is used,
similar to that used for Santa Rosa Island. Only hurricanes
making landfall within this zone are considered in the
SLOSH modeling. Instead of modeling all possible tracks,
three storm tracks were considered. A detailed description of
the three storm tracks can be found in Dai et al. (2015). For the
three discrete storm tracks, assuming that the probability of
storm occurrence on the tracks follows a uniform distribution,
a discrete random number (1, 2, and 3) was generated to be the
storm track index.

A randommagnitude of hurricanes is determined using the
exceedance probability of the maximum height of the storm
surge. The probability estimated from the data from the
Federal Emergency Management Agency (FEMA) Flood

Fig. 3 Flowchart of the BIP
simulation of barrier island
geomorphologic responses to the
impacts of future storm and sea-
level rise
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Study for Okaloosa County (FEMA 2002) was used in the
BIP model. Instead of considering all possible hurricane mag-
nitudes, a practical number of four magnitude classes were
used in this study, but more classes can be handled by the
BIP model. To focus on the sea-level rise impacts over de-
cades to centuries, storms with recurrence intervals of 4 to
20 years are the most important to consider. Storms of greater
frequency are too weak, while storms with recurrence inter-
vals greater than 20 years are too infrequent within the
century-long duration of the simulations.

Storm surge elevations ranging from limited beach
flooding to severe dune attack were determined using itera-
tions. This method resulted in the selection of storm magni-
tudes that produce surge heights of 0.3 m, 0.64 m, 1.16 m and
2.1 m. The exceedance probability was divided into four in-
tervals, each of which centers on the chosen surge height. The
corresponding cumulative exceedance probability ranges for
each class were 0 to 0.5, 0.5 to 0.75, 0.75 to 0.95, and greater
than 0.95. Based on the cumulative probabilities, a discrete
random number (1–4) was used to assign one of these storm
magnitude classes to each storm represented in the model.
Four National Oceanic and Atmospheric Association
(NOAA) sea, lake, and over surges from hurricanes
(SLOSH) (Jelesnianski et al. 1992) model runs were conduct-
ed for the four storm magnitudes using the Panama City (FL)
grid, which includes Santa Rosa Island. An iterative procedure
was followed to set the central pressure values of the modeled
hurricanes, which resulted in matching the four desired max-
imum surge heights.

The SLOSH model was used to determine the maximum
surge height near the landfall point for each of the four
synthetic storms. The SLOSH results also provided the
maximum surge height at each profile based on its distance
from the hurricane’s landfall. A look-up table was devel-
oped to store the surge heights, maximum wind speed, and
deep water wave height and period for each profile/landfall
location combination.

In each year of the BIP model, a random storm number, a
track index, and a magnitude class for a period of 100 years
were generated. The storm numbers for a given year were
generated from the Poisson distribution,

P k;λð Þ ¼ λke−λ

k!
ð16Þ

where k is storm number, and λ is the expected occur-
rence for a period of time. Based on a FEMA study of
the West Florida Central Panhandle coast (FEMA 2002),
the annual rate of hurricanes is estimated to be
0.001327 per kilometer of shoreline. This yields an an-
nual rate of 0.06 storms for the shoreline length, with a
corresponding value of λ = 6 for a 100-year simulation.
Since the three storm parameters are linked together to
define one storm, they were treated as one parameter in
the global sensitivity analysis of the BIP model and
were called the storm parameter.

2.5 Sea-level rise scenarios

Five sea-level rise scenarios with different rates were consid-
ered in the BIP model. The annual sea-level rise increment in
each scenario was calculated using the following quadratic
equations (NRC, 1985):

Scenario 1 SLRþ 0:15ð Þ : SLR1 ið Þ ¼ 1:5� 10−3
� �

i
Scenario 2 SLRþ 0:5ð Þ : SLR2 ið Þ ¼ 1:7� 10−3

� �
i

þ 3:3� 10−5
� �

i2

Scenario 3 SLRþ 1:0ð Þ : SLR3 ið Þ ¼ 2:03� 10−3
� �

i
þ 7:97� 10−5
� �

i2

Scenario 4 SLRþ 1:5ð Þ : SLR4 ið Þ ¼ 2:57� 10−3
� �

i
þ 1:243� 10−4
� �

i2

Scenario 5 SLRþ 2:0ð Þ : SLR5 ið Þ ¼ 2:57� 10−3
� �

i
þ 1:743� 10−4
� �

i2

ð17Þ
where i is the year number and SLR is the sea-level rise
(m) at the i-th year. The first scenario is a continuation of
the present rate of 1.5 × 10−3 m/year, which results in a
sea-level rise of 0.15 m over the next 100 years; the mag-
nitudes of sea-level rise from the other four rates are
0.50 m, 1.0 m, 1.5 m, and 2.0 m, respectively. The five
scenarios cover the full range of recent estimates of sea-
level rise, which includes 0.18–0.59 m (IPCC 2007),
0.75–1.90 m (Vermeer and Rahmstorf 2009), 0.90–
1.30 m (Grinsted et al. 2010), and 0.6–1.6 m (Jevrejeva
et al. 2010). The five scenarios are denoted as SLR + 0.15,
SLR + 0.5, SLR + 1.0, SLR + 1.5, and SLR + 2.0, and their
corresponding estimates of sea-level rise are illustrated in
Fig. 5. It should be noted that the BIP model is general,

Fig. 4 Three representative semisynthetic barrier island profiles across
Santa Rosa Island: (a) without dune or dune field, (b) with dune field, (c)
with dune
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can handle any rate of sea-level rise and is not limited to
the five rates above.

2.6 Uncertain dune-related parameters

In addition to the uncertainties described above, which are
induced by the nature driven forces of the model, the dune
parameters in the BIP model also include significant uncer-
tainty. The aeolian sediment transport related to dune growth
is defined as the annual rate of sand transport towards the
dunes from the beach and is one important uncertain factor
in the model that needs to be assessed. The beach
nourishment feasibility study for Okaloosa County by
Taylor Engineers (2007) analyzed the sediment transported
by wind in the Santa Rosa Island area. They applied the
method outlined in the Coastal Engineering Manual
(USACE, 1998) forwind-blown sediment transport andused
the turbulent kinetic energy relationship, which calculates
the sediment transport mass rate using wind shear velocity
and sand grain size.Using thewind speed data obtained from
the study area to estimate the wind shear velocity, they cal-
culated the sediment transport rate in the coastal zone of the
Santa Rosa Island area. The onshore sediment transport rate
calculated in the Taylor report can be used to represent the
aeolian sediment transport from the beach to the dunes in the
BIP model. However, the estimation process can only pro-
vide a mean value for the onshore sediment transport rate
(1.3 m3/year per meter of shoreline) due to the variable nat-
ural conditions such as thewind speed anddirection.Without
other information, it is reasonable to assume that the onshore
sediment transport rate follows a uniform distribution and its
values range from1.3 × 50% to1.3 × 150% in theBIPmodel.
Another dune-related uncertain parameter is the dune ero-
sion uncertainty empirical coefficient Cs used in the dune
erosion estimation Eq. (15). Larson et al. (2004) studied the
variation in Cs and estimated that 80% of the empirical Cs

values fall into the rangeof 1.0–2.5 × 10−3,with ameanvalue
1.8 × 10−3. Thus,Cs is assumed to follow a uniform distribu-
tion, ranging from 1.0–2.5 × 10−3 in the BIP model.

3 Results

Two different BIP model outputs related to important barrier
island features are studied in this research: the height of the
dune and the backshore position. These are the most important
measures of dune size and barrier island width, respectively.
Monte Carlo simulations are used to quantify the output un-
certainties. By checking the variance and mean values of these
two outputs using different Monte Carlo simulation numbers
at variant time points, it can be concluded that an MC simu-
lation number of 200,000 is large enough to achieve stable
results and reach convergence. All of the results presented in
this section used 200,000 Monte Carlo simulations based on
the convergence test. The same scenario probability value 0.2
was assigned to the five different sea-level rise scenarios.
Since data uncertainty does not exist in this example, the
sources of uncertainty only include the scenario and the para-
metric uncertainties.

3.1 Backshore position

The total predictive uncertainty in the backshore position can be
decomposed into the within-scenario and the between-scenario
uncertainties, respectively. These uncertainties represent the pa-
rameter and the scenario uncertainties. Equation (3) can be ap-
plied to calculate the uncertainty indices or percentages that they
account for in the total uncertainty. Because of the locations and
profile lengths have significant impacts on the backshore evolu-
tions, we have chosen the most two distinct island profiles
Profile 1 and 3 to implement the sensitivity analysis. Figure 6
shows the percentages of the scenario and parametric

Fig. 5 Five sea-level rise
scenarios estimated for 100 years
and used in the BIP modeling
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uncertainties that account for the total predictive uncertainty in
the backshore position at Profile 1 over the whole simulation.

The scenario uncertainty index starts at 100%, then de-
creases in the first decade to 44.68%, and then increases until
the end of the simulation to 95.11%. The parametric uncer-
tainty index has the opposite pattern since the sum of these
two uncertainty indices is 1. The results demonstrate the bal-
ance between the effects of overwash and sea-level rise inun-
dation. In the first few years, the parametric uncertainty cannot
affect the backshore position since the longest island width at
this profile (500 m) prevents the limited number of storms
from transporting sediment to the backshore through
overwash, which leads to the sea-level rise uncertainty domi-
nating the total uncertainty (100%). Then, the storm events
increase with time, and the accumulated overwash events start
to affect the backshore. Meanwhile, the sea-level rise uncer-
tainty increases slowly in the first several years (Fig. 5). These
factors combined lead to the relative importance of the

parametric uncertainty increases in the first decade of the sim-
ulation. However, the sea-level rise uncertainty increases dra-
matically and then dominates the total predictive uncertainty
after the first 10 years of the simulation. Generally, the scenar-
io uncertainty is the most important source of uncertainty for
the backshore prediction at Profile 1 at most times.

This result is supported by the Probability Density Functions
(PDFs) of the backshore position predictions, as shown in
Fig. 7. This figure demonstrates the large differences between
backshore position predictions under different sea-level rise
scenarios for all four of the prediction times. The physical ex-
planation for this observation is that sea-level rise is likely
having a large impact on the backshore position since inunda-
tion directly affects the backshore position. Another conclusion
reached from Fig. 6 is that the importance of the scenario un-
certainty increases dramatically after the first decade of simu-
lation time. This conclusion can also be supported by Fig. 7,
which shows that the differences between backshore position

Fig. 6 Scenario and parametric
uncertainty indices for the
prediction of backshore position
at Profile 1

Fig. 7 Probability density
functions (PDF) of the backshore
position at Profile 1 at the a 25th,
b 50th, c 75th, and d 100th year of
the BIP simulation
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prediction PDFs dramatically increase with time. The increase
is reasonable since the differences between the five sea-level
rise scenarios increase nonlinearly (Fig. 5) with time and these
scenarios have a direct impact on the backshore position.

Regarding the parametric uncertainty under single scenar-
ios, the parametric uncertainty indices for the backshore posi-
tion at Profile 1 under each sea-level rise scenario on the 25th
year and the 100th year are shown in Table 1. It can be con-
cluded that the parametric uncertainties for the backshore po-
sition predictions are completely different from each other
under each scenario. In addition, the parametric uncertainties
decrease as the rates of sea-level rise increase. This decrease
can be explained by the fact that the other factors are less
important when the sea-level rise is large, and the inundation
effect dominates the evolution of the backshore position.

To investigate the parametric uncertainty further, a global
sensitivity analysis for the backshore position at Profile 1 on
the 100th year is conducted, and the results are shown in
Table 2. The table shows that the most important parameter
for the prediction of the backshore position at Profile 1 is the
storm parameter (values of ST are over 97% and S are over
75% under all scenarios). This result is not surprising since
storms are directly responsible for the overwash events that
affect the backshore position, and the other important factor,
sea-level rise, is a scenario and not a parameter.

The sums of total-effect sensitivity indices over 1 indicate
that the dune growth rate and the storm parameter have im-
pacts on the predictions of backshore position caused by their
interactions. This interaction is reasonable considering that the
storm and overwash events are closely linked and the sedi-
ment volume in the overwash events is largely determined by
the dune growth rate. Another important pattern that is re-
vealed is the increasing trend of the total-effect sensitivity
index of the dune growth rate as the rate of sea-level rise
increases. If we investigate the first-order sensitivity indices
shown in the same table, it can be seen that the first-order
sensitivity indices of the storm parameter and the dune growth
rate drop dramatically as sea-level rise increases. This drop
coincides with the pattern observed in the total-effect sensitiv-
ity indices and indicates that the interaction between the storm
parameter and the dune growth rate increases dramatically as
the rate sea-level rise increases. This is reasonable since a
sufficient sediment supply for overwash, which is closely re-
lated to the interaction of storms and dune volume, is more
important for maintaining the backshore position when the
inundation effects of sea-level rise are large. The scenario
averaging results of both the total-effect and the first-order
sensitivity index are not simple averages of the index values;
instead, they more closely resemble the results of the scenario
SLR + 0.15. This result is reasonable because the uncertainty

Table 1 Parametric uncertainty indices for backshore position at island Profile 1 under 5 sea-level rise scenarios for the simulated 25th and 100th years

SLR + 0.15 SLR+ 0.5 SLR+ 1.0 SLR+ 1.5 SLR+ 2.0

Sθ ∣ S at 25th year (%) 24.12 8.03 2.17 0.48 0.17

Sθ ∣ S at 100th year (%) 4.45 0.38 0.05 0.01 0.00

Table 2 Total-effect sensitivity index (ST) and the first-order sensitivity
index (S) of the storm parameter (STS andSS), the dune growth rate (STG

andSG), and the dune erosion coefficient (STE and SE) calculated for the

backshore position at Profile 1 under five sea-level rise scenarios in the
100th year. The indices for multiple scenarios are denoted as SST and SS

SLR + 0.15 SLR + 0.5 SLR + 1.0 SLR + 1.5 SLR + 2.0

STS (%) 97.73 98.18 97.75 97.30 97.64

STG (%) 7.72 7.83 7.95 14.35 22.55

STE (%) 0.58 0.19 0.00 0.00 0.00

After scenario averaging: Total-effect sensitivity index for multiple scenarios

SSTS
(%) 97.74

SSTG
(%) 7.76

SSTE
(%) 0.00

SS (%) 92.53 91.68 91.02 83.95 75.32

SG (%) 2.71 1.34 1.22 1.00 0.23

SE (%) 0.39 0.18 0.00 0.00 0.00

After scenario averaging: First-order sensitivity index for multiple scenarios

SSS (%) 92.42

SSG (%) 2.56

SSE (%) 0.37
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induced by the parameters is relatively large when the sea-
level rise is small. This demonstrates that the scenario averag-
ing method can help prevent biased identification of important
parameters when considering multiple scenarios.

The results mentioned above are all for Profile 1 of the BIP
model. This profile has a relatively long island width, which
may cause the effects of sea-level rise to dominate the evolu-
tion of the backshore position since the overwash sediment
may be trapped on the long island platform and thus cannot
reach the backshore. We chose the most different island
Profile 3 as another example for the sensitivity analysis.
Figure 8 shows the percentages that the parameter and scenar-
io uncertainties account for in the total predictive uncertainty
in the backshore position at Profile 3.

The scenario uncertainty index increases monotonically
with time at this profile, which is different than in Profile 1.
This trend is because this narrow island profile cannot prevent
the storm-overwash sediments from reaching the backshore,
even at the initial time. Parametric uncertainty plays an

important role (the uncertainty index is almost 100%) in the
starting years since the sea-level rise uncertainty is small at
first. Scenario uncertainty is also generally much less impor-
tant in the total predictive uncertainty at this profile. The larg-
est percentage of scenario uncertainty at different prediction
times is only 43.46%. These results can be supported by the
PDFs of the predictions of backshore position at Profile 3
(Fig. 9). This figure demonstrates the relatively similar predic-
tion distributions for backshore position at Profile 3. These
results are not surprising because of the 100 m narrow island
width at this profile. As mentioned above, the narrow island
width allows more storms to overwash sediment that can be
transferred over the flat area in back of the island and can
reach the backshore. The parametric uncertainty related to
storms and dune characteristics thus becomes more important
since they determine the overwash sediment supply. However,
the scenario uncertainty still becomes more important as time
goes on and it may dominate the predictive uncertainty if the
simulation time is much longer than 100 years.

Fig. 9 Probability density
functions (PDF) of the backshore
position at Profile 3 in the a 25th,
b 50th, c 75th, and d 100th year of
the BIP simulation

Fig. 8 Scenario and parametric
uncertainty indices for the
prediction of backshore position
at Profile 3
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Regarding the parametric uncertainty under individual sce-
narios, Table 3 shows the parametric uncertainty indices under
single scenarios for backshore position at Profile 3 when the
simulation time is at the 25th and 100th years. The results
demonstrate a pattern that shows that the different sea-level
rise scenarios have a small impact on the performance of the
parametric uncertainty. This is supported by the similarity of
the backshore position PDF distributions under different sea-
level rise scenarios, as shown in Fig. 9. This is different than
the results from Profile 1 and implies that the effect of sea-
level rise inundation is much less influential if the overwash
sediment is sufficient on the narrow island profile.

The parameter sensitivity indices of backshore position at
Profile 3 at the 100th year can be obtained using the global
sensitivity analysis method and are shown in Table 4. The
results show small interactions between storms and the dune
growth rate (the sums of these two total-effect sensitivity in-
dices are approximately 105%), which is accurate considering
that the backshore position is indeed affected by the overwash
events, which are the interactions between storms and dune
sediment. This result also demonstrates that the storm param-
eter is the most important parameter (STvalues are over 99%)
for predictions of the backshore position at Profile 3. This
pattern is the same as shown in the results of Profile 1,
but the relative importance of storms is even higher (>
99%) since this profile is narrow and the overwash events
are more influential. Unlike the results of the backshore at
Profile 1, the sea-level rise scenarios have very small ef-
fects on the parameter performances for Profile 3. All of
the sensitivity indices under the five scenarios and the sce-
nario averaging are very close. This closeness implies that
the overwash on the narrow barrier island profile is

sufficient and the increasing sea-level rise inundation ef-
fect is comparable to the effect of the overwash.

3.2 Dune height

The total predictive uncertainty in the dune height can be
decomposed into scenario and parametric uncertainties in the
same manner as was used for the backshore position. The
evolution of dune height is relatively independent of location,
therefore the sensitivity analysis results for the dune height at
three island Profiles are very close and we only present the
results of dune height at Profile 1 in this manuscript. Figure 10
demonstrates scenario and parametric uncertainty indices for
the prediction of dune height at Profile 1. The first general
conclusion is that the scenario uncertainty is relatively small
compared with the parametric uncertainty for the prediction of
the dune height at all simulation times. The largest percentage
that the scenario uncertainty can take of the total predictive
uncertainty in the dune height at the 100th year is only
0.870%. The parametric uncertainty always takes over 99%
of the total predictive uncertainty in the dune height.

This pattern coincides with the PDFs (probability density
function) of dune height predictions at different times for
Profile 1, as shown in Fig. 11. This figure shows that the
distributions of dune height predictions are dramatically sim-
ilar under the five sea-level rise scenarios. This implies that the
prediction of future sea-level rise has a very small effect on the
evolution of the barrier island dunes, compared to the effects
of storms, aeolian sediment transport, and the characteristics
of dunes. This is reasonable since the sea-level rise cannot
affect the dunes as directly as the storms and aeolian sediment
transport do. However, the results also show that the effect of

Table 3 Parametric uncertainty indices for backshore position at island Profile 3 under 5 sea-level rise scenarios for the simulated 25th and 100th years

SLR + 0.15 SLR+ 0.5 SLR+ 1.0 SLR+ 1.5 SLR+ 2.0

Sθ ∣ S at 25th year (%) 19.82 19.49 19.04 18.58 18.29

Sθ ∣ S at 100th year (%) 12.15 11.88 11.01 10.93 10. 58

Table 4 Total-effect sensitivity index of the storm parameter (STS ), the
dune growth rate (STG ), and the dune erosion coefficient (STE ) calculated
for the backshore position at Profile 3 under five sea-level rise scenarios

in the 100th year. The indices for multiple scenarios are denoted as SSTS
,

SSTG
, and SSTE

SLR + 0.15 SLR + 0.5 SLR + 1.0 SLR + 1.5 SLR + 2.0

STS (%) 99.59 99.64 99.99 99.65 99.68

STG (%) 5.88 5.57 5.37 5.39 5.76

STE (%) 0.32 0.27 0.18 0.24 0.27

After scenario averaging: Total-effect sensitivity index for multiple scenarios

SSTS
(%) 99.71

SSTG
(%) 5.59

SSTG
(%) 0.26
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sea-level rise on dune height increases slowly with time. It
may become significantly important after a certain point in
time, but point in time is obviously much larger than our
simulation time of 100 years.

Moving a step further, the parametric uncertainties under
single sea-level rise scenarios can be calculated. Table 5
shows the percentages of predictive uncertainty in dune height
accounted for by parametric uncertainty under five sea-level
rise scenarios (Sθ ∣ S) at the 25th and the 100th years. It can be
concluded that different sea-level rise scenarios have a very
small effect on the parametric uncertainty, and this effect only
changes slightly during the time of the simulation. This con-
clusion is supported by the PDFs of the dune height (Fig. 11),
which demonstrate the similarity between the distribution pat-
terns of the dune height predictions under five sea-level rise
scenarios. This suggests that the sea-level rise affects the im-
pacts of the other factors of the dunes very little for at least one
century in the future. However, this may not be true for much
longer than 100 years since the differences between the

parametric uncertainties under different sea-level rise scenar-
ios become much larger at the 100th year compared to that of
the 25th year. Another conclusion is that the parametric un-
certainty is smaller under a larger sea-level rise. This conclu-
sion is reasonable since the other factors controlling the dune
are less important when the sea-level rise is large.

The results described above demonstrate that the paramet-
ric uncertainty is the most important source of uncertainty in
the dune evolution. However, the BIP model includes three
different uncertainty parameters, and it is still not clear which
individual parameter is the most important to the dune height.
Global sensitivity analysis can be used to solve this problem.
The total-effect global sensitivity indices of the three uncer-
tainty parameters at the 100th year can be calculated for each
sea-level rise scenario and scenario averaging; the results are
shown in Table 6. The table shows that, in each scenario, the
sum of the three different parameters is close to 100%, indi-
cating that the interaction between the two parameters has a
negligible contribution to the uncertainty in the dune height.

Fig. 11 Probability density
functions (PDF) of dune height at
Profile 1 in the a 25th, b 50th, c
75th, and d 100th year of the BIP
simulation

Fig. 10 Scenario and parametric
uncertainty indices for dune
height prediction at Profile 1
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As a result, the first-order sensitivity index is almost identical
to the total-effect sensitivity index. Therefore, only the results
of the total-effect sensitivity index are presented and
discussed. The table shows that the storm parameter is obvi-
ously the most important parameter (the total-effect sensitivity
index is approximately 99%) for the prediction of the dune
height, compared to the dune growth rate and the dune erosion
coefficient, under all five sea-level rise scenarios. The varia-
tions in the total-effect sensitivity indices under different sce-
narios are negligible; thus, the scenario averaging total-effect
sensitivity index is similar to the individual scenario sensitiv-
ity indices. This result is consistent with the similar total para-
metric uncertainties observed under different scenarios and
further shows that the sea-level rise scenarios have little influ-
ence on the parameter performances for the prediction of dune
height. The table also shows that the second-most important
parameter for the prediction of dune height is the dune growth
rate; however, the dune growth rate’s sensitivity index is sur-
prisingly small (only approximately 1%). This implies that the
impact of aeolian sediment transport on the evolution of the
dune is negligible compared to that from a devastating storm.
The last parameter, the dune erosion coefficient, is not impor-
tant at all (the sensitivity index is less than 0.01%), which
suggests that the dune stability is not important for the evolu-
tion of the dune, compared to the effects of devastating storms
and aeolian sediment transport.

4 Discussion

An important fact demonstrated in the results is that predic-
tions of different island features (e.g., dunes and backshores)
have completely different patterns of uncertainty components.

In other words, the island features have different responses to
the same sources of input uncertainty. For the prediction of
dune height, the model parametric uncertainty always domi-
nates the output predictive uncertainty, even as rates of sea-
level rise increase. The prediction of backshore position, on
the other hand, is more influenced by the scenario uncertainty
caused by sea-level rise. This is linked to the fact that the
importance of barrier island processes is distinct among dif-
ferent island features. This is a reasonable assumption consid-
ering that the effect of inundation caused by sea-level rise
impacts the backshore position directly and due to the small
slope of the backshore, the value of the change in backshore
position due to sea-level rise is much larger than the rate of
sea-level rise itself. Additionally, the devastating impacts of
storms on dune morphology at Santa Rosa Island have been
demonstrated in several studies (Claudino-Sales et al., 2008;
Claudino-Sales et al., 2010; Houser et al. 2008a, b). Other
processes are not important compared to the effects of storms.
A similar pattern has been demonstrated in the research of
Chu-Agor et al. (2011) who show that the swamp, salt marsh,
and beach on the same island respond to different sea-level
rise scenarios completely differently. Plant and Stockdon
(2012) also shows that different storm-induced mean water
level scenarios influence two island variables, the extreme
water level and the dune elevation change, differently.
However, despite the fact that the total parametric uncer-
tainty takes a different portion of the total uncertainty in
the different island features, the storm parameter is always
the most influential parameter for both dune height and the
backshore position. This is a reasonable conclusion since
the storms directly impact the dunes and provide sediment
to the backshore by overwash processes, and sea-level rise
is not treated as a parameter. The stability of the dunes

Table 5 Parametric uncertainty indices for dune height at island Profile 1 under 5 sea-level rise scenarios in the simulated 25th and 100th years

SLR + 0.15 SLR+ 0.5 SLR+ 1.0 SLR+ 1.5 SLR+ 2.0

Sθ ∣ S at 25th year (%) 20.55 20.36 20.01 19.64 19.35

Sθ ∣ S at 100th year (%) 23.24 21.87 19.90 18.01 16.10

Table 6 Total-effect sensitivity index of the storm parameter (STS ), the dune growth rate (STG ), and the dune erosion coefficient (STE ) calculated for
the dune height at Profile 1 under five sea-level rise scenarios in the 100th year. The indices for multiple scenarios are denoted asSSTS

, SSTG
, and SSTE

SLR + 0.15 SLR + 0.5 SLR + 1.0 SLR + 1.5 SLR + 2.0

STS (%) 99.00 98.99 98.98 98.96 98.95

STG (%) 0.99 1.00 1.02 1.04 1.05

STE (%) 0.00 0.00 0.00 0.00 0.00

After scenario averaging: Total-effect sensitivity index for multiple scenarios

SSTS
(%) 98.98

SSTG
(%) 1.02

SSTE
(%) 0.00
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(represented by the dune erosion coefficient) and the sed-
iment supply to the dunes are not important factors com-
pared to devastating storms.

The results of the uncertainty analysis on the backshore
position at different island profiles have provided hints about
the pattern of barrier island evolution. The scenario uncertain-
ty caused by sea-level rise is smaller and the overwash-related
parametric uncertainty is larger on the narrow barrier island
profile compared to the wide profile. This implies that the
effect of the inundation caused by sea-level rise is smaller
but the effect of overwash is larger on the narrow barrier island
profile. This can be explained by the fact that a wide island
tends to trap the overwash sediment and cause back-barrier
erosion. Similar conclusions have beenmade in recent studies.
Timmons et al. (2010) noted that the high elevation and width
of a barrier island can lead to insufficient overwash sediment
and back-barrier erosion. Houser and Hamilton (2009) found
that the backshore accretion was indeed larger on the narrow
island sections.

Another important pattern revealed by the results of the BIP
model uncertainty quantification is that the scenario uncertainty
generally becomes more important for predictions of both dune
height and backshore position. This is a reasonable observation
since the rates of sea-level rise increase dramatically through
time and directly impact the backshore position via the effect
of inundation. This implies that the rates of sea-level rise deter-
mine the long-term erosion or accretion patterns of the barrier
island, regardless of hurricanes or other overwash-related island
morphological factors. However, this pattern is not important or
notable for the predictions of dune height since the parametric
uncertainty always dominates the total predictive uncertainty.
The sea-level rise is only trivial for the evolution of the dune
morphology compared to storms and other sediment transport
factors. A similar pattern of scenario uncertainty can be found in
other climate studies. A similar trendwas reported in the region-
al climate modeling of Hawkins and Sutton (2011, Hawkins
and Sutton 2009a, b) who simulated surface temperatures at
the global scale using three different CO2 emission scenarios
for 2000 to 2010. Their modeling results suggest that the sce-
nario uncertainty accounts for 80% of the total predictive un-
certainty after a 90-year simulation in areas such as Southeast
Asia. A similar pattern was also reported in a study of global
mean temperature prediction (Cox and Stephenson 2007),
which suggests that the scenario uncertainty is dominant in
the total uncertainty after 30–50 years of prediction time.
However, without accurate quantification of the scenario uncer-
tainty, the studies by Chu-Agor et al. (2011) and Kirwan et al.
(2010) also demonstrate that the difference between model out-
puts under different sea-level rise scenarios becomes larger with
time. Therefore, to reduce the predictive uncertainty in the long-
term evolution of island morphology, resources should be spent
to screen and/or narrow plausible scenarios of future climates.
However, this is not necessary for the dune predictions.

One weakness of this study concerns storm-related param-
eters (Dai 2014). The BIP model determines storms using
three parameters: storm number, storm magnitude, and storm
track. These three parameters thus cannot be separated in the
BIP modeling since they define one storm together. Therefore,
the sensitivity analysis can only study the combined effects of
the storm parameters, but not the separate factors of storms,
such as track or magnitude. Our future sensitivity analysis
work will focus on this problem.

Although this research only demonstrates the application of
developed sensitivity analysis framework on the BIP model-
ing, this framework is not model-dependent and can be imple-
mented in any coastal modeling system with multiple models
and scenarios.

5 Conclusion

The research results demonstrate that the framework for un-
certainty and sensitivity analysis developed is capable of ap-
portioning the total model output predictive uncertainty into
different sources of uncertainty and of further identifying the
important model parameters and processes relevant to multi-
ple scenarios. This framework is a very useful tool for coastal
modelers who are facing a complex coastal model systemwith
multiple sources of uncertainty and a large number of model
input parameters. Using this framework, limited resources can
be allocated and can be focused on the most important sources
of uncertainty or parameters.

By implementing the framework into the BIP model, some
insights about the pattern of barrier island morphological evo-
lution have been revealed. First, the different important barrier
island features, such as dunes and the backshore environment,
have dramatically different responses to the same input uncer-
tainty sources. In our case, the scenario uncertainty caused by
sea-level rise had a much larger impact on the prediction of
backshore position compared to its effect on the dune height.
On the other hand, storm and overwash-related parametric
uncertainty is much more important to dune height than to
the prediction of the backshore position. Second, the impor-
tance of different sources of uncertainty for different island
features changes dramatically with time. Generally, the impor-
tance of scenario uncertainty caused by sea-level rise increases
with time, especially for the predictions of backshore position.
This suggests that sea-level rise is a more important process
for island morphological evolution. Third, storms are the most
important parameter for the dune and backshore predictions.
Both the parameters related to sediment supply and to dune
stability do not comparable in importance to storms. This in-
dicates the devastating effects of storms on the evolution of
barrier islands. Finally, different island profiles response to
input uncertainty differently. For the predictions of backshore
position, the importance of the scenario uncertainty for Profile
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1 is much larger than for Profile 3. This implies that a narrower
island profile promotes overwash and impairs the effects of
sea-level rise inundation.

This research provides a pilot example of a sensitivity anal-
ysis for a climate model under multiple scenarios. Although
the example only contains one model, the BIP model, this
work can be expanded easily and used in a system with mul-
tiple models and scenarios. The sensitivity analysis frame-
work developed is not model or scenario dependent; therefore,
it can be applied to a wide range of environmental and coastal
modeling systems.

Acknowledgments This research is supported in part by the DoD
Strategic Environmental Research and Development Program through
contract number SERDP RC-1700 and by the DOE Early Career
Award, DE-SC0008272, which was awarded to the corresponding author.
We would like to thank Dr. Stewart Farrell for providing the dune data.

Publisher’s note Springer Nature remains neutral with regard to jurisdic-
tional claims in published maps and institutional affiliations.

References

Bauer BO, Davidson-Arnott RGD (2002) A general framework for
modeling sediment supply to coastal dunes including wind angle,
beach geometry, and fetch effects. Geomorphology 49:89–108

CaMacho RA, Martin JL (2013) Bayesian Monte Carlo for evaluation of
uncertainty in hydrodynamic models of coastal systems. J Coast Res
No. 65, pp. 886–891.

Carruthers EA, Lane DP, Evans RL, Donnelly JP, Ashton AD (2013)
Quantifying overwash flux in barrier systems: an example from
Martha’s Vineyard, Massachusetts, USA. Mar Geol 343:15–28

Chu-Agor ML, Muñoz-Carpena R, Kiker GA, Emanuelsson A, Linkov I
(2011) Exploring sea-level rise vulnerability of coastal habitats
using global sensitivity and uncertainty analysis. Environ Model
Softw 26:593–604

Claudino-Sales V, Wang P, Horwitz MH (2008) Effects of hurricane ivan
on coastal dunes of Santa Rosa Barrier Island, Florida: characterized
on the basis of pre- and poststorm LIDAR surveys. J Coast Res
26(3):470–484

Claudino-sales V, Wang P, Horwitz MH (2010) Effect of Hurricane Ivan
on coastal dunes of Santa Rosa Barrier Island, Florida: characterized
on the basis of pre- and poststorm LIDAR surveys. J Coast Res
26(3)470–484

Cox P, Stephenson D (2007) A changing climate for prediction. Science
317:207–208. https://doi.org/10.1126/science.1145956.

Dai H (2014) Uncertainty quantification of groundwater reactive trans-
port and coastal morphological modeling, Florida State University.

Dai H, Ye M (2015) Variance-based global sensitivity analysis for multi-
ple scenarios and models with implementation using sparse grid
collocation. J Hydrol 528:286–300

Dai H, Ye M, Niedoroda AW (2015) A model for simulating Barrier
Island geomorphologic responses to future storm and sea-level rise
impacts. J Coast Res 528:286–300

Dai H, Chen X, Ye M, Song X, Zachara JM (2017) A geostatistics in-
formed hierarchical sensitivity analysis method for complex ground-
water flow and transport modeling. Water Resour Res 53:4327–
4343. https://doi.org/10.1002/2016WR019756

Draper D, Pereira A, Prado P, Saltelli A, Cheal R, Eguilior S, Mendes B,
Tarantola S (1999) Scenario and parametric uncertainty in

GESAMAC: a methodological study in nuclear waste disposal risk
assessment. Comput Phys Commun 117:142–155

Duran O, Moore LJ (2013) Vegetation controls on the maximum size of
coastal dunes. Proc Natl Acad Sci 110:17217–17222

FEMA Staff (2002) Flood Insurance Study, Okaloosa County, Florida
and unincorporated areas. FEMA, Flood Insurance Study, number
12091CV000A

Grinsted A, Moore JC, Jevrejeva S (2010) Reconstructing sea level from
paleo and projected temperatures 200 to 2100 AD. Clim Dyn 34:
461–472

Habib E, Reed D (2013) Parametric uncertainty analysis of predictive
models in Louisiana’s 2012 coastal master plan. J Coast Res 67:
127–146

Hawkins E, Sutton R (2009a) The potential to narrow uncertainty in
regional climate predictions. Bull Am Meteorol Soc 90:1095–1107

Hawkins E, Sutton R (2009b) The potential to narrow uncertainty in
projections of regional precipitation change. Clim Dyn 37:407–418

Hawkins E, Sutton R (2011) Clim Dyn 37:407. https://doi.org/10.1007/
s00382-010-0810-6

Houser C (2012) Feedback between ridge and swale bathymetry and
barrier island storm response and transgression. Geomorphology
173-174:1–16

Houser C, Hamilton S (2009) Sensitivity of post-hurricane beach and
dune recovery to event frequency. Earth Surf Process Landf 34:
613–628

Houser C, Hapke C, Hamilton S (2008a) Controls on coastal dune mor-
phology, shoreline erosion and barrier island response to extreme
storms. Geomorphology 100:223–240

Houser C, Hobbs C, Saari B (2008b) Posthurricane airflow and sediment
transport over a recovering dune. J Coast Res 24(4):944–953

IPCC (2007) Climate Change 2007: the physical science basis.
Contribution of Working Group I to the Fourth Assessment Report
of the Intergovernmental Panel on Climate Change. Cambridge
University Press, Cambridge, p 996

Jansen MJM (1999) Analysis of variance designs for model output.
Comput Phys Commun 117:35–43

Jelesnianski CP, Chen J, Shaffer WA (1992) SLOSH: sea, lake and over-
land surges from hurricanes. NOAA,Washington, NOAATechnical
Report NWS 48

Jevrejeva S, Moore JC, Grinsted A (2010) How will sea level respond to
changes in natural and anthropogenic forcings by 2100? Geophys
Res Lett 37:L07703. https://doi.org/10.1029/2010GL042947

Jiménez JA, Arcilla AS (2004) A long-term (decadal scale) evolution
model for microtidal barrier systems. Coast Eng 51:749–764

Kettle NP (2012) Exposing compounding uncertainties in sea level rise
assessments. J Coast Res 28:161–173

Kirwan ML, Guntenspergen GR, D’Alpaos A, Morris JT, Mudd SM,
Temmerman ST (2010) Limits on the adaptability of coastal marshes
to rising sea level. Geophys Res Lett 37:L23401. https://doi.org/10.
1029/2010GL045489

Kish SA, Donoghue JF (2013) Coastal response to storms and sea-level
rise: Santa Rosa Island, Northwest Florida, U.S.A. J Coast Res Spec
Issue NO 63, 131–140.

Larson M, Erikson L, Hanson H (2004) An analytical model to predict
dune erosion due to wave impact. Coast Eng 51:675–696

Larson M, Kraus NC, Connell KJ (2006) Modeling sediment storage and
transfer for simulation regional coastal evolution. Proceedings 30th
Coastal Engineering Conference, ASCE, pp.1–13.

Lu D, Ye M, Meyer PD, Curtis GP, Shi X, Niu X, Yabusaki SB (2013)
Effects of error covariance structure on estimation of model averag-
ing weights and predictive performance. Water Resour Res 49:
6029–6047. https://doi.org/10.1002/wrcr.20441

McNamara DE, Werner BT (2008) Coupled barrier island-resort model,
1: emergent instabilities induced by strong human-landscape inter-
actions. J Geophys Res 113:F01016. https://doi.org/10.1029/
2007JF000840

H. Dai et al.

https://doi.org/10.1126/science.1145956.
https://doi.org/10.1002/2016WR019756
https://doi.org/10.1007/s00382-010-0810-6
https://doi.org/10.1007/s00382-010-0810-6
https://doi.org/10.1029/2010GL042947
https://doi.org/10.1029/2010GL045489
https://doi.org/10.1029/2010GL045489
https://doi.org/10.1002/wrcr.20441
https://doi.org/10.1029/2007JF000840
https://doi.org/10.1029/2007JF000840


Meyer PD, Ye M, Rockhold ML, Neuman SP, Cantrell KJ (2007)
Combined estimation of hydrogeologic conceptual model, parame-
ter, and scenario uncertainty with application to uranium transport at
the Hanford site 300 area. NUREG/CR-6940 (PNNL-16396), U.S.
Nuclear Regulatory Commission, Washington, D. C.

Meyer PD, Ye M, Nicholson T, Neuman SP, Rockhold M (2014)
Incorporating Scenario Uncertainty Within a Hydrogeologic
Uncertainty Assessment Methodology, in Proceedings of the
International Workshop on Model Uncertainty: Conceptual and
Practical Issues in the Context of Risk-Informed Decision Making,
edited by Mosleh, Ali and Jeffery Wood, International Workshop
Series on Advanced Topics in Reliability and Risk Analysis, Center
for Risk and Reliability, University ofMaryland, College Park, MD,
U.S.A., 2014, pp. 99–119. (ISSN: 1084–5658)

Michener WK, Blood ER, Bildstein KL, Brinson MM, Gardner LR
(1997) Climate change, hurricanes and tropical storms, and rising
sea level in coastal wetlands. Ecol Appl 7(3):770–801

Morton RA (2002) Factors controlling storm impacts on coastal barriers
and beaches-a preliminary basis for near real-time forecasting. J
Coast Res 18:486–501

Morton RA, Paine JG, Gibeaut JC (1994) Stages and durations of post-
storm beach recovery, southeastern Texas coast. J Coast Res 10(4):
884–908

National Research Council (1985) Glaciers, Ice Sheets, and Sea Level:
Effect of a CO2-Induced Climatic Change. Washington, DC: The
National Academies Press. https://doi.org/10.17226/19278

Niedoroda AW, Dai H, Ye M, Saha B, Kish S, Donoghue JF (2011)
Barrier island responses to potential future rates of sea-level rise,
Coastal Sediments 2011 Conference Proceedings, https://doi.org/
10.1142/9789814355537_0016

Plant NG, Stockdon HF (2012) Probabilistic prediction of barrier-island
response to hurricanes. J Geophys Res 117:F03015. https://doi.org/
10.1029/2011JF002326.

Priestas AM, Fagherazzi S (2010) Morphological barrier island changes
and recovery of dunes after hurricane Dennis, St. George Island,
Florida. Geomorphology 114:614–626

Roelvink D, Reniers AD, van Dongeren AP, van Thiel de Vries J, McCall
R, Lescinski J (2009) Modelling storm impacts on beaches, dunes
and barrier islands. Coast Eng 56:1133–1152

Sallenger AH (2000) Storm impact scale for barrier islands. J Coast Res
16(3):890–895

Saltelli A (2000)What is sensitivity analysis? In: Saltelli A, ChanK, Scott
M (eds) Sensitivity analysis. Wiley, Chichester, pp 3–14

Saltelli A, Tarantola S, Chan K (1998) Presenting results from model
based studies to decision makers: can sensitivity analysis be a
defogging agent? Risk Anal 18:799–803

Saltelli A, Tarantola S, Chan KP-S (1999) A quantitative model indepen-
dent method for global sensitivity analysis of model output.
Technometrics 41:39–56

Saltelli A, Annoni P, Azzini I, Campolongo F, Ratto M, Tarantola S
(2010) Variance based sensitivity analysis of model output. Design

and estimator for the total sensitivity index. Comput Phys Commun
181(2):259–270

Sobol’ IM (1993) Sensitivity analysis for nonlinear mathematical models.
Math Models Comput Simul 1(4):407–414

Stone GW, Liu B, Pepper DA, Wang P (2004) The importance of
extratropical and tropical cyclones on the short-term evolution of
barrier islands along the northern Gulf of Mexico, USA. Mar Geol
210:63–78

Taylor Engineers (2007) Okaloosa Island Beach Management Feasibility
Study, Okaloosa County, Florida. Unpublished consulting report,
109 p.

Timmons EA, Rodriguez AB, Mattheus CR, DeWitt R (2010) Transition
of a regressive to a transgressive barrier island due to back-barrier
erosion, increased storminess, and low sediment supply: Bogue
Banks, North Carolina, USA. Mar Geol 278:100–114

U.S. Army Corps of Engineers (USACE) (1998) Coastal Engineering
Manual. Washington, D.C.: U.S. Government Printing Office

Vermeer M, Rahmstorf S (2009) Global sea level linked to global tem-
perature. Proc Natl Acad Sci 106(51):21527–21532. https://doi.org/
10.1073/pnas.0907765106

Winter CL, Nychka D (2010) Forecasting skill of model averaging. Stoch
Env Res Risk A 24:633–638

Wohling T, Vrugt JA (2008) Combining multiobjective optimization and
Bayesian model averaging to calibrate forecast ensembles of soil
hydraulic models. Water Resour Res 44:W12432. https://doi.org/
10.1029/2008WR007154.

Ye M, Neuman SP, Meyer PD (2004) Maximum likelihood Bayesian
averaging of spatial variability models in unsaturated fractured tuff.
Water Resour Res 40:W05113. https://doi.org/10.1029/
2003WR002557.

Ye M, Neuman SP, Meyer PD, Pohlmann KF (2005) Sensitivity analysis
and assessment of prior model probabilities in MLBMAwith appli-
cation to unsaturated fractured tuff. Water Resour Res 41:W12429.
https://doi.org/10.1029/2005WR004260.

Ye M, Meyer PD, Neuman SP (2008a) On model selection criteria in
multimodel analysis. Water Resour Res 44:W03428. https://doi.
org/10.1029/2008WR006803.

Ye M, Pohlmann KF, Chapman JB (2008b) Expert elicitation of recharge
model probabilities for the Death Valley regional flow system. J
Hydrol 354:102–115

Ye M, Pohlmann KF, Chapman JB, Pohll GM, Reeves DM (2010a) A
model-averaging method for assessing groundwater conceptual
model uncertainty. Ground Water 48:716–728. https://doi.org/10.
1111/j.1745-6584.2009.00633.x

Ye M, Lu D, Neuman SP, Meyer PD (2010b) Comment on BInverse
groundwater modeling for hydraulic conductivity estimation using
Bayesian model averaging and variance window^ by Frank T.-C.
Tsai and Xiaobao Li. Water Resour Res 46:W02801. https://doi.org/
10.1029/2009WR008501.

Hierarchical sensitivity analysis for simulating barrier island geomorphologic responses to future storms...

https://doi.org/10.17226/19278
https://doi.org/10.1142/9789814355537_0016
https://doi.org/10.1142/9789814355537_0016
https://doi.org/10.1029/2011JF002326.
https://doi.org/10.1029/2011JF002326.
https://doi.org/10.1073/pnas.0907765106
https://doi.org/10.1073/pnas.0907765106
https://doi.org/10.1007/s00382-010-0810-6
https://doi.org/10.1007/s00382-010-0810-6
https://doi.org/10.1029/2003WR002557.
https://doi.org/10.1029/2003WR002557.
https://doi.org/10.1029/2005WR004260.
https://doi.org/10.1029/2008WR006803.
https://doi.org/10.1029/2008WR006803.
https://doi.org/10.1111/j.1745-6584.2009.00633.x
https://doi.org/10.1111/j.1745-6584.2009.00633.x
https://doi.org/10.1029/2009WR008501.
https://doi.org/10.1029/2009WR008501.

	Hierarchical sensitivity analysis for simulating barrier island geomorphologic responses to future storms and sea-level rise
	Abstract
	Introduction
	Methodology
	Hierarchical global sensitivity analysis
	The BIP model and its uncertain parameters and scenarios
	Semisynthetic profiles
	Uncertain storm parameters
	Sea-level rise scenarios
	Uncertain dune-related parameters

	Results
	Backshore position
	Dune height

	Discussion
	Conclusion
	References


