
Barrier Island Morphodynamic Insights from Applied Global

Sensitivity Analysis and Decadal Exploratory Modeling

Steven W.H. Hoagland

Dissertation submitted to the Faculty of the

Virginia Polytechnic Institute and State University

in partial fulfillment of the requirements for the degree of

Doctor of Philosophy

in

Civil Engineering

Jennifer L. Irish, Chair

Robert Weiss

Kyle B. Strom

Sean Vitousek

September 17, 2024

Blacksburg, Virginia

Keywords: Barrier Island, Modeling, Morphodynamics, Global Sensitivity Analysis,

Coastal Management

Copyright 2025, Steven W.H. Hoagland



Barrier Island Morphodynamic Insights from Applied Global Sensi-
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Steven W.H. Hoagland

ABSTRACT

Barrier islands serve as valuable resources for coastal communities by reducing backbarrier

flooding, providing wildlife habitat, and creating local economic activity through opportu-

nities for recreation and tourism. Because the benefits of these islands are linked to their

morphology, coastal resource planners must consider what management alternatives will

maximize these benefits, considering both short- and long-term goals. Recent advances in

long-term computational modeling of barrier island, marsh, and lagoon systems have cre-

ated opportunities for gaining additional insights into the morphodynamics of these systems,

which may help planners make better-informed coastal management decisions. In this se-

ries of studies, a recently developed long-term barrier-marsh-lagoon model is evaluated to

better understand system morphodynamics and applied to a real barrier island system in

the mid-Atlantic to understand its vulnerabilities and the potential impacts of management

alternatives. In the first study, a comprehensive review of advances in barrier island morpho-

dynamic modeling was presented. In the second study, a global sensitivity analysis method,

the Sobol method, was used to explore the parameter space of the barrier-marsh-lagoon

model. The significant influence of initial barrier geometry, the combination of parameters

required for short-term drowning to occur, and the significant role of tidal dispersion on back-

barrier sediment dynamics were morphodynamic insights drawn from this study. In the third

study, five global sensitivity analysis methods were evaluated based on their ability to rank

parameters, converge to stable results, and their reliability. Groups of the most significant



parameters were generally identified by all methods; however, the Morris method exceeded

all others in terms of performance, especially its ability to converge and its reliability. VARS

performed second best, on average, with better convergence and reliability results than the

Sobol method, and with lower simulation counts. In the fourth study, the long-term model

was applied to a mid-Atlantic barrier island and used to assess the island’s vulnerabilities

to sea level rise, overwash, and the impact of coastal management alternatives. Thin-layer

placement and beach nourishment were found to be effective at sustaining the marsh and

minimizing island retreat, respectively.
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GENERAL AUDIENCE ABSTRACT

Barrier islands help coastal communities by reducing flooding, providing wildlife habitat, and

creating local economic activity through opportunities for recreation and tourism. Because

the benefits of these islands are linked to their form, decision-makers must think about

how to manage these islands to help the community both now and in the future. Recent

advances in computer modeling of barrier islands, and the adjacent marshes and lagoons,

over decades to hundreds of years, have created opportunities for us to learn more about

how these systems behave over time, which may help planners make better-informed coastal

management decisions. In this series of studies, a recently developed computer model of the

barrier island, marsh, and lagoon is evaluated to learn how the system changes over time and

applied to a real barrier island system in the mid-Atlantic to understand its vulnerabilities

and the potential impacts of management alternatives. In the first study, a comprehensive

review of advances in computer modeling of barrier island changes over time was presented.

In the second study, the impact of the model parameters and their combinations with one

another was explored using the Sobol global sensitivity analysis method, which is widely

considered to be the standard method in practice. The significant influence of initial barrier

geometry, the combination of parameters required for the barrier to be overcome by sea level

in the short-term, and the significant role of sediment delivered behind the island through

tidal inlets were significant insights into the system behavior that were drawn from this

study. In the third study, five global sensitivity analysis methods were evaluated based on



their ability to rank parameters, the number of computer simulations that were required,

the ability of a method to arrive at a conclusive answer, and the consistency of a method

in providing an answer. Groups of the most significant parameters were generally identified

by all methods; however, the Morris method exceeded all others in terms of its ability to

find conclusive and consistent answers due to its ability to identify unimportant parameters.

VARS performed second best, on average, with better ability to find conclusive and consistent

answers with fewer computer simulations than Sobol. In the fourth study, the long-term

computer model was applied to a mid-Atlantic barrier island and used to assess the island’s

vulnerabilities to sea level rise, overwash (when water flows over the dunes), and the impact

of coastal management alternatives. Placing thin layers of additional sediment on top of

the marsh platforms and extending the shoreline toward the ocean by placing additional

sediment on the beach were found to be effective at sustaining the marsh and minimizing

movement of the barrier island landward, respectively.



In memory of Bruce “Bubba” Dudley Hoagland.
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Chapter 1

Introduction

1.1 Background and Motivation

Barrier islands are long, narrow landforms that are bounded by tidal inlets and line approx-

imately 10% of the world’s coastlines [7]. The islands are separated from the mainland by

estuarine bodies of water such as shallow lagoons or coastal bays, which they protect from

waves and create opportunities for salt marsh to grow [8]. The barrier island and its back-

barrier lagoon and marsh platforms are collectively referred to herein as a “barrier system.”

Barrier systems provide many important benefits including flood damage mitigation due to a

reduction in backbarrier storm surge levels [e.g., 9], socioeconomic benefits such as increases

in beach recreation, tourism, and coastal real estate market values [e.g., 10, 11], and eco-

logical benefits such as sediment stabilization, provision of wildlife habitat, and removal of

pollutants [12].

Barrier systems are extraordinarily dynamic landforms. Due to both chronic and acute

sediment transport processes, the islands are subject to changes in geometry and migration
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of the entire island in both the alongshore and cross-shore directions [e.g., 13, 14, 15]. The

dynamics of these islands are of particular concern to coastal managers as the benefits that

they provide are inherently linked to their morphology. Thus, the ever-changing nature

of barrier islands presents a challenge for coastal resource managers who seek to balance

competing objectives in order to maximize the usefulness and enjoyment of these islands,

both now and in the future.

One useful tool available to coastal resource managers is computational modeling, which

has been advancing in the coastal sciences since the 1950s and 60s [e.g., 16]. Recent long-

term modeling advancements have coupled marsh-lagoon models with barrier island models,

both of which were developed independently, to identify feedbacks between the two systems

[e.g., 1, 17]. The latest of these models, developed by Lorenzo-Trueba and Mariotti [1], was

created by coupling together the marsh-lagoon model of Mariotti and Carr [18] with the

barrier island model of Lorenzo-Trueba and Ashton [19]. Though the model was published

with an initial analysis of select parameters, most of the parameter space was left unexplored,

and it was anticipated that a more thorough evaluation of the model parameter space could

yield some novel insights into the morphodynamics of the barrier system.

Toward this end, it was determined that performing a global sensitivity analysis of the model

would be the best way to explore the model’s entire parameter space. The Sobol method

[20] was selected for implementation given the barrier system model’s fast runtime and

the Sobol method’s general recognition as a comprehensive and robust method [e.g., 21, 22].

However, upon preliminary review of relevant literature, it was discovered that various global

sensitivity analysis methods had been developed over the last few decades [23], with new

methods continuing to be published [e.g., 24, 25]. In fact, global sensitivity analysis had

increasingly turned into its own field of study [26], with method comparison studies seeking

an optimal method, or, at a minimum, benefits and drawbacks of using a particular method
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[e.g., 27, 28]. It was anticipated that other methods might show some advantage over the

Sobol method, if not in robustness of the results, then perhaps in computational expense,

reliability, or convergence.

The results of the sensitivity analysis, though interesting in themselves, were ultimately

intended for application of the barrier island model to a real-world system, to reduce un-

certainty in model parameterization. While much research has been aimed at modeling the

long-term evolution of natural barrier systems, relatively few modeling studies have incor-

porated human impacts or coastal management practices [e.g., 29]. It was anticipated that

this long-term barrier island model could be extended to include coastal management alter-

natives and applied to a real barrier island system to assess its vulnerabilities and response

to management scenarios.

1.2 Goals and Objectives

The overarching goals of this dissertation are: (1) to advance the knowledge of long-term bar-

rier island morphodynamics, and (2) to advance the understanding and practice of modeling

barrier island morphodynamics. The four manuscripts that comprise Chapters 2 through 5

of this dissertation each contribute their own unique goals and objectives as follows:

• Chapter 2: Present a comprehensive literature review of barrier island modeling ad-

vancements from the earliest models of the 1950’s to the present day. As the volume

of scientific literature expands, this review will help researchers and practitioners iden-

tify relevant models for implementation, better understand how physical processes are

currently modeled, and place their models within an appropriate historical context.

• Chapter 3: Gain modeling and morphodynamic insights from a recently developed
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barrier island evolution model using the Sobol global sensitivity analysis method, which

is considered one of the strongest and most comprehensive global sensitivity analysis

methods that has been developed.

• Chapter 4: Identify the strengths and weaknesses of various global sensitivity analysis

methods in terms of their output, computational burden, convergence, and reliability,

as applied to a recently developed barrier island evolution model.

• Chapter 5: Develop long-term projections on the migration and morphological changes

of Assateague Island, a mid-Atlantic barrier on the Maryland-Virginia state line, under

sea level rise and coastal management scenarios.

1.3 Attribution

Co-authors for each manuscript presented in this dissertation are listed at the beginning

of each chapter with the first author. All contributions to the work presented herein are

attributed as follows:

• For the manuscript presented in Chapter 2, Steven W.H. Hoagland reviewed the cited

literature and drafted the manuscript. Catherine R. Jeffries contributed to manuscript

preparation by helping draft the Event-Scale Morphodynamics section. Jennifer L.

Irish, Robert Weiss, Kyle Mandli, Sean Vitousek, Catherine M. Johnson, and Mary

A. Cialone advised the inclusion of specific literature and datasets, offered suggestions

for future research directions, contributed to the manuscript drafting by providing

detailed reviews and editing, and provided overall guidance based on their experience

and expertise.

• For the manuscripts presented in Chapters 3, 4, and Appendix A, Steven W.H. Hoagland
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contributed to the research conceptualization, conducted the investigations and formal

analyses, and drafted the manuscripts. Jennifer L. Irish and Robert Weiss contributed

to the research conceptualization, provided guidance on the investigations and formal

analyses, and contributed to manuscript drafting through detailed reviews and editing.

• For the manuscript presented in Chapter 5, Steven W.H. Hoagland contributed to

the research conceptualization, conducted the investigation and formal analysis, and

drafted the manuscript. Jennifer L. Irish, Robert Weiss, and Sean Vitousek contributed

to the research conceptualization, provided guidance on the investigations and formal

analyses, and contributed to manuscript drafting through detailed reviews and editing.
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Abstract

As scientific understanding of barrier morphodynamics has improved, so has the ability to

reproduce observed phenomena and predict future barrier states using mathematical models.

In order to use existing models effectively and improve them, it is important to understand

the current state of morphodynamic modeling and the progress that has been made in the

field. This manuscript offers a review of the literature regarding advancements in morpho-

dynamic modeling of coastal barrier systems and summarizes current modeling abilities and

limitations. Broadly, this review covers both event-scale and long-term morphodynamics.

Each of these sections begins with an overview of commonly modeled phenomena and pro-

cesses, followed by a review of modeling developments. After summarizing the advancements

toward the stated modeling goals, we identify research gaps and suggestions for future re-

search under the broad categories of improving our abilities to acquire and access data,

furthering our scientific understanding of relevant processes, and advancing our modeling

frameworks and approaches.

2.1 Introduction

Coastal barriers are narrow landforms that are separated from the continental mainland by a

shallow waterbody (see Figure 2.1). These barriers can be book-ended by inlets (i.e., barrier

islands) or they can be connected to the mainland at one end (i.e., barrier spits) or both

(baymouth barriers). The combination of backbarrier environment, subaerial island, and

shoreface are often succinctly referred to as the ‘barrier system’ or simply ‘barrier.’ As of

2011, over 20,000 kilometers of the world’s coasts were characterized by a barrier system,

accounting for approximately 10% of all coastlines [7]. Barriers provide significant benefits
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Figure 2.1: Satellite and Aerial Images of a Virginia Barrier Island. a)
Location map. b) Delmarva Peninsula [33]. c) Wallops Island [5]. d)

Zoomed Section of Wallops Island [5]

during coastal storms such as surge volume and wave energy reduction [9], wetland protection

[30], sediment stabilization through the presence of subaerial or backbarrier vegetation, and

protection of aquatic habitat [31]. Additionally, barrier islands have become popular as both

vacation destinations [10] and permanent residential areas, which has led to increases in

population density [32].

Although many barriers have undergone rapid urban development since the mid-20th cen-

tury [34], Stutz and Pilkey [7] described this development boom as being “ironically” timed
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due to coastal hazard accelerations associated with current trends in sea level rise (SLR).

According to the Intergovernmental Panel on Climate Change, global mean sea level (MSL)

is predicted to rise between 0.25 and 1.0 meter by the end of the century [35]. If these

predictions hold true, the rates of barrier island morphological change and associated flood-

ing during storms and other events will most certainly increase [e.g., 36]. In addition to

exacerbating coastal flooding, SLR also drives the evolution of the barrier system itself, in-

fluencing processes that change both the island’s shape and location. Thus, on many barrier

coastlines, permanent structures have been constructed on land that was and is expected

to continue migrating toward the mainland [10]. Changes in the location and geometrical

configuration of barrier systems are expected to alter the benefits that they provide to neigh-

boring mainland communities. Therefore, it is critically important for all who are involved

in coastal management to understand barrier island morphodynamics to produce the best

possible outcomes for coastal communities.

While the earliest literature tended to document observations and initial theories of barrier

morphodynamics, research has recently - in the last three or so decades - shifted toward the

development and intensified use of computational models. Based on this observation, we

note that where modeling often lagged behind or paralleled our advancements in scientific

understanding, it has recently been used to validate and advance it. Many models have been

developed over the last three to four decades. A review of these models may help new or

future researchers survey the field of barrier morphodynamic modeling.

A few notable review papers have recently been published related to barrier morphodynamics.

Some of these papers focus on a single, specific component of coastal change such as overwash

[e.g., 37] or storm sequencing and recovery [e.g., 38]. Other reviews capture the larger-scale

morphological response of barrier systems, but their application is either constrained to a

particular location [e.g., 39], focused on a particular driver such as climate change [e.g.,
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Table 2.1: Recent Reviews

Citation Focus
Donnelly et al. [37] Laboratory work, field studies, and modeling efforts re-

lated to coastal overwash.
Rosati and Stone [39] Barrier evolution concepts from early literature; recent

concepts in Northern Gulf of Mexico.
McBride et al. [42] Observations and conceptual models of barrier morpho-

dynamics for various coastlines and regional locations.
Chardón-Maldonado et al. [43] Recent advancements on hydrodynamics and sediment

transport modeling in the swash zone.
Reeve et al. [44] Long-term morphodynamic models that employ data-

driven and/or hybrid approaches.
Ciavola and Coco [13] Event-scale processes and their impact on specific coasts

(e.g., sandy beaches, barrier islands, tidal flats, etc.).
Moore and Murray [14] Compilation of recent work and synthesis of current un-

derstanding and state of research on barrier morphody-
namics.

Eichentopf et al. [38] Laboratory studies, field work, and modeling exercises
related to storm sequencing and beach recovery.

Ranasinghe [45] Commonly used morphodynamic models for sandy
beaches and ideas for future long-term models.

Toimil et al. [40] Coastal erosion modeling, climate change impacts, and
approaches for evaluating uncertainty.

Sherwood et al. [41] Advances in modeling event-driven morphodynamics on
sandy coasts.

40], or focused in-depth on a particular spatiotemporal scale [e.g., 41]. Table 2.1 provides a

summary of these reviews and their focus areas. These reviews provide a valuable synthesis

of relevant work but are not sufficient to capture the trends and advancements in barrier

morphodynamic modeling.

The purpose of this manuscript is to fill that gap by providing a review of the literature

regarding advancements in morphodynamic modeling of coastal barrier systems. Our review

of modeling advancements is divided in two broad categories: 1) event-scale morphodynam-

ics, and 2) long-term morphodynamics - refer to the Terminology section for definitions of

“event-scale” and “long-term.” These sections begin with a brief description of commonly
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modeled phenomena and processes, followed by a review of relevant modeling efforts, which

are categorized according to their primary intent. At the conclusion of these sections, we

summarize the primary contributions of the modeling developments and their limitations.

Finally, we conclude with the identification of research gaps that currently exist and suggest

directions for future research.

A few items should be noted regarding this study. First, there are some relevant topics (e.g.,

anthropogenic impacts, influences of vegetation) which are only briefly discussed due to our

focus on morphodynamic modeling. Second, we have intentionally included many models

and/or modeling approaches from the early literature so that the current models might be

understood in their proper historical context, which requires knowledge of both previous

and ongoing efforts. Additionally, this review primarily focuses on models in wide use in

the research community. Therefore, some commonly used propriety models have only been

briefly mentioned. Lastly, although our review is focused on barrier morphodynamics, many

of the relevant processes play an important role for non-barrier coasts. Therefore, in order to

fully understand the modeling advancements relevant to barrier systems, we must consider

some modeling efforts that are not barrier-specific.

Before starting this review, it may be helpful to orient the unfamiliar reader by defining our

modeling goals and our terms. In the next section we have attempted to summarize our

modeling goals with one overarching statement or Grand Challenge. This is followed by a

brief discussion of terminology used in this manuscript.

2.1.1 Grand Challenge

In theory, the ideal morphodynamic model would produce accurate predictions in a rea-

sonable time without significant computational expense. As we consider how these ideals
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translate into reality, there are multiple modeling goals that we must work toward and impor-

tant intermediate steps that we must first achieve. However, rather than outlining each goal,

we have attempted to synthesize them into a single overarching goal, or Grand Challenge,

as follows:

To predict barrier system morphodynamics in multiple spatiotemporal dimensions

(e.g., short to long time scales, transect to regional evolution) with a high degree

of confidence, under reasonable computational resources constraints, and con-

sidering relevant factors such as event-driven morphological change, evolution

during non-stormy periods, biological processes (and other potential subsystem

influences), and anthropogenic impacts.

We intend the phrase “predicting... with a high degree of confidence” to mean predictions

that have at least been partially validated and are useful in planning and decision-making.

Throughout this review, the reader is encouraged to consider each development in light of

the Grand Challenge. At the conclusion of each major section, we summarize the modeling

advancements and extant limitations, offering our perspectives on progress toward this over-

arching goal. To maintain this focus, it should be noted that some relevant topics such as

biological processes and anthropogenic impacts are given more of a cursory discussion.

2.1.2 Terminology

There are some inconsistencies in terminology in the body of work on barrier morphodynam-

ics. Thus, for the purpose of this review, our aim here is to define terms that describe what

is being modeled (e.g., a phenomenon, a process), the types of mathematical representations

that are used (e.g., a model, a formulation), and the spatiotemporal scales used throughout

the paper.
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When discussing phenomena, we are talking about observable characteristics, behaviors, or

events of a system. While the spatiotemporal scales of a system may vary (e.g., initiation

of particle movement vs. shoreline behavior), there are phenomena associated with each

system that may be mathematically represented via the development of a model. When

we discuss processes, we are referring to patterned events that systematically contribute to

the observable phenomena of a system. Based on these terms, we also distinguish between

models and formulations. Whereas models are developed to represent phenomena, specific

formulations are developed to represent processes. Models, therefore, may contain one or

more formulations of a process. For example, consider the development and growth of

a spit. The spit development and/or growth would be the observed phenomenon that is

systematically progressed by the process of longshore sediment transport (LST). Thus, we

might develop a model that predicts spit development and growth using a specific LST

formulation.

The last terms that need to be defined up front are related to the spatial and temporal scales

at which the relevant processes are typically resolved in coastal morphodynamic modeling.

Herein, we adopt the temporal scale classification of Rosati and Stone [39], and adopt a

slightly modified version of the spatial scale classification of Cowell et al. [46]. These scales

are presented in Table 2.2 and are used throughout this paper. Note, we also use the term

‘event scale’ throughout this manuscript to refer to the combination of small spatial and

short temporal scales.

2.2 Event-Scale Morphodynamics

This section provides an overview of commonly modeled phenomena and processes associated

with event-scale morphodynamics, a review of relevant modeling efforts, and a summary of
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Table 2.2: Spatial and temporal scales of barrier island morphodynamics, respectively mod-
ified from Cowell et al. [46] and from Rosati and Stone [39].

Type Term Scale
Spatial Small-scale 100 − 102 meters
Spatial Moderate-scale 102 − 103 meters
Spatial Large-scale > 103 meters
Temporal Short-term hours to days
Temporal Mid-term days to decades
Temporal Long-term decades to centuries

advancements toward the Grand Challenge.

2.2.1 Commonly Modeled Phenomena and Processes

Acute sediment transport processes, which are characterized by a sudden onset and short-

term duration, are initiated when a storm approaches the coast. Chronic transport processes,

which are characterized by gradual beginnings and mid- to long-term duration, are not

initiated during storms but are intensified by them. As these transport processes are initiated

or intensified, the barrier responds in the form of morphological adjustment. To frame the

discussion on storm response, we use the storm impact scale published by Sallenger [47],

wherein acute processes occur within four regime classifications: swash, collision, overwash,

and inundation (see Figure 2.2). Each regime has certain morphological responses associated

with runup levels.

In the swash and collision regimes, increased water levels by storm surge and wave runup

lead to increased erosion on the beach and dune, depositing the eroded material seaward

of the beach. Collision differs from swash in that the water level exceeds the dune toe,

allowing waves to collide with and erode the lower parts of the dune slope, which can lead

to avalanching of the upper dune. Sallenger [47] points out that while sediment transported

offshore under this regime may return to the beach, this sediment typically does not make it
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Figure 2.2: Storm Impact Scale. Figure modified from Sallenger [47]
with Outwash regime.

back to the dune structure, resulting in net erosion of the dunes over time. In the overwash

regime, water levels are high enough such that incident wave runup intermittently flows over

the dune peaks or antecedent low spots, carrying mobilized sediment with it. Lastly, the

inundation regime involves complete submergence of the barrier which can lead to inlet for-

mation (i.e., breaching) and significant increases in the cross-shore sediment transport (XST)

rates [47]. Inundation is associated with extreme levels of erosion that pick up normally dry

(subaerial) sediment.

One regime that Sallenger does not include is the outwash regime, following the terminology

proposed by Over et al. [48], which describes seaward flows and associated offshore sediment

transport. Although it is possible to have initial seaward surge depending on the orientation

of the islands and the approach angle of the storm, initial surge levels are typically directed

onshore. Therefore, seaward flows associated with the outwash regime usually occur after

storms make landfall or pass by the area of interest, which reverses the predominant wind
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direction. Applied to a typical barrier system, this reversed wind field can cause backbarrier

water levels to surge above receding ocean-side water levels. In this instance, breaching

may be initiated from the backbarrier by outwash flows that scour a new channel through

the island, liquefaction of previously-weakened dune structures, or a combination of both.

Various studies including Shin [49], McCall et al. [50], Smallegan and Irish [51], Harter and

Figlus [52], and Over et al. [48] highlight the importance of considering this regime when

modeling storm event morphodynamics.

The following sections offer an introductory discussion on commonly modeled phenomena

and processes associated with barrier response to storm events, namely profile erosion and

shoreface response, overwash, and breaching. This is followed by a review of relevant mod-

eling efforts.

Beach Profile Erosion and Shoreface Response

While the term ‘profile’ can be used to describe a wide range of the barrier system, we

use the term ‘beach profile’ herein to describe the morphodynamic response of the barrier’s

beach-dune complex and upper shoreface, which we loosely define as the morphologically

‘active zone’ following Stive and de Vriend [53] and Cowell et al. [46]. Generally, there are

two primary factors that contribute to erosion of the beach profile under storm conditions:

1) increased offshore-directed currents and 2) increased total runup. As the waves intensify,

the beach profile state turns erosional (assuming a prior accretive state) as wave-driven

sediment transport becomes dominated by undertow and rip currents which are offshore-

directed [54]. Sediment is eroded from the upper portions of the profile and deposited on

the shoreface, typically in a subaqueous bar, which is then delivered back to the profile

once storm conditions subside [55]. This cycle of erosion and subsequent recovery has been

observed over seasonal wave-climate changes [56] and event-scale changes [57]. Secondly,
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the total runup, as produced by a combination of storm surge, astronomical tide, and wave

runup, may exceed the swash regime water level to collide with the dune and cause notching

(i.e., erosion and recession of the lower dune), followed by slumping or avalanching [58, 59].

For a more thorough review of sediment transport processes during storms and relevant

factors, including the role of infragravity waves and incident wave non-linearity, the reader

is referred to Aagaard and Kroon [54] and references therein.

These two primary factors (i.e., increased offshore-directed currents and increased total

runup) contribute to barrier morphodynamics in significant ways. For example, in the colli-

sion regime they lead to a net loss of sediment offshore to the lower (inactive) profile [47].

This net loss effectively limits the ability of the beach and dunes to fully recover to pre-storm

conditions without requiring external sediment sources (i.e., from the shelf, erodable profile

outcrops, or LST gradients). Moreover, although much of the eroded sediment is brought

back to the beach and dunes after the storm, this natural renourishment of the profile is not

instantaneous, but can take days or weeks to recover [e.g., 55, 60], leaving the barrier system

in a temporarily hyper-vulnerable state. Profile recovery between storm events, although less

studied than erosional events, is critically important to understanding barrier vulnerabilities

to storm sequences and long-term morphology [38].

Overwash

Overwash occurs when water flows over the dunes. Sediment is carried by the water and

deposited behind the dunes as washover. While overwash was associated with intermittent

overtopping in Sallenger’s overwash regime, it should be noted that by definition, overwash

also occurs during Sallenger’s inundation regime and the proposed outwash regime, as the

landward or seaward directed flows continue to transport sediment across the dunes. Don-

nelly et al. [37] offered distinct definitions for runup overwash and inundation overwash and
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discussed the differences and implications of each process.

Three factors are the primary contributors to increased likelihood of barrier island overwash:

1) antecedent low spots in barrier topography, 2) high water levels driven primarily by storm

surge, and 3) large incident waves. Although it can be argued that this is self-evidently

true, it is also confirmed in the early literature on barrier island storm response [e.g., 61, 62].

In addition to these three main contributing factors, overwash occurrence has also been

associated with other variables including previous overwash activity, barrier island width, and

vegetation density [e.g., 62, 63, 64]. However, some of these factors can be indirectly related

to antecedent topography. For example, areas that have experienced previous overwash

events are also locations where the dunes have been likely been lowered; thus, previous

overwash activity can be linked to pre-storm discontinuities in the dune elevation. Similarly,

since dune vegetation promotes sediment settling and dune growth, vegetation density could

generally be considered a proxy for pre-storm topography. Donnelly et al. [37] identified two

other important factors including the direction of storm approach, which influences incident

wave heights, and nearshore bathymetry, which impacts wave transformation.

Storms have significant morphological impact on barrier islands, which in turn affect the

continued evolution and response to future storms. Observations from the early literature

describe both destructive and constructive effects of overwash: destructive in that overwash

may lower or destroy the dunes [e.g., 65] and constructive in that overwash may contribute

to aggradation of the barrier islands over time [e.g., 66]. Both of these effects directly impact

flood risk from future storms. Again, to avoid duplicating work, the reader is referred to the

review by Donnelly et al. [37], which covers a variety of topics related to overwash including

field and laboratory studies, modeling efforts, and its impact on barrier morphodynamics.
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Breaching

Breaching is the creation of an inlet in a barrier that establishes direct hydraulic connectivity

between the ocean and backbarrier water body [67]. Breaches have been shown to account

for water level increases both during the storm event in the form of bay surge [e.g., 68]

and after the storm event in the form of increased tidal range [e.g., 69]. Excess flooding,

property damage, habitat loss, and decreased navigability are possible negative outcomes

from a breach; however, breaching is also desirable in some cases and may be intentionally

performed in order to increase habitat connectivity for certain estuarine wildlife [70] or to

prevent undesirable backbarrier conditions including low salinity, poor water quality, and in

some cases flooding [71].

From some of the earliest published observations of breaching, we know that multiple

breaches, of various widths and depths, may form and expand during a single storm event

[e.g., 65]. More recent studies have highlighted the dynamic nature of breaches, which can

significantly change dimensions over relatively short time periods and even migrate along-

shore [e.g., 71, 72]. Timing of the initial breaching process has received relatively little

attention in the literature due to the difficult nature of collecting field data. However, a

study by Visser [73] and a related modeling exercise by Roelvink et al. [59] estimated lateral

growth rates of breaches between 1 and 2 cm/s during initial formation. During the phases

of breach growth, XST is much greater than LST; however, once flow in the breach ceases,

LST may cause closure of the breach [74].

In exploring the causes of breaching, researchers have often wanted to know on which side

of the barrier breaching is initiated. Multiple theories of breach formation are present in the

early literature, as reviewed by Pierce [75], including breaching from the backbarrier side

through the escape of impounded water [76] and ocean-side breaching by wave-driven erosion
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[77]. Pierce [75] determined that barriers are most likely to breach from the lagoon side but

stated that a narrow barrier could also be breached by erosion from the sea. Although this

perspective was published as early as 1970, it received little attention until recent years [e.g.,

50, 51, 52, 78].

Kraus et al. [74] described two breaching processes and their association with lagoon-side or

ocean-side breaching. The two processes are 1) scouring and channelization and 2) seepage

and liquefaction. Scouring and channelization most commonly occur from the seaward side

of the barrier, when sustained storm surge allows for water to (semi)continuously inundate

the island with flow over the barrier; conversely, seepage and liquefaction typically initiate

breaching from the landward side of a narrow barrier [74]. However, recent modeling studies

[e.g., 49, 50, 51, 78] have also shown that seaward-sloping water level gradients that occur

after the ocean-side’s peak storm surge have the potential to scour channels across the barrier

as well that can lead to seaward sediment transport and breaching.

2.2.2 Modeling Efforts

As stated previously, modeling efforts are classified according to their primary intent. Most

event-scale morphodynamic models or formulations were developed to simulate a few key

phenomena or processes including: 1) beach and dune erosion, 2) shoreface response, 3)

overwash, 4) breaching, and 5) combinations of categories 1 through 4. The following sections

review the relevant modeling efforts which are also graphically summarized in Figure 2.3.

Modeling Beach and Dune Erosion

Modeling work on storm-driven response of the beach-dune complex was initiated and sig-

nificantly advanced by researchers in the Netherlands in the 1960s and 70s. Edelman [58]
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Figure 2.3: Event-Scale Models and Formulations. Models are shown
according to their publication chronology and are aligned with their
respective processes, which range from beach and dune erosion, to

breaching, to overwash.

22



2.2. EVENT-SCALE MORPHODYNAMICS

observed that when storm surge levels exceeded the dune toe, the dune would undergo sig-

nificant erosion and partial avalanching. Based on these observations, Edelman published

the first analytical formulation (i.e., method with a closed-form solution) for predicting dune

erosion and retreat, later termed the ‘Provisional Method.’ This method assumed the for-

mation of a new dune toe at the peak storm surge elevation and balanced the volume of

sediment eroded from the dunes with deposition in the nearshore zone (see Figure 2.4b)

using linear approximations of both the nearshore and dune profiles. Four years later, Edel-

man used the same principles to publish a similar method which considered more realistic

(e.g., non-linear) profile shapes [79]. In addition to sediment conservation and the new dune

toe location, Edelman’s work was based on other key assumptions including a constant pro-

file shape, rapid (or instantaneous) profile response, and the presence of both storm and

pre/post-storm equilibrium profiles.

Other analytical methods were developed to predict beach and dune erosion using similar

assumptions; these models included DUROS [82], and those of Kobayashi [83], Dean [84],

and Kriebel and Dean [85]. Fundamentally, each of these models is similar in that they are

based on balancing eroded and deposited sediment volumes, while the main differences lie

in the factors that influence the new profile shape. For example, the profile depth in the

non-linear Provisional Method was considered only a function of distance from the shoreline

[79], while other methods allowed the depth to adjust based on factors such as wave height

and sediment characteristics [e.g., 82, 84]. Komar et al. [86] also developed a simple method

to predict dune retreat based on the foreshore slope and the height of the runup above the

dune toe; this approach was recommended by FEMA for United States Pacific Coast beaches

as of 2005 [87]. Vellinga’s DUROS model [82] continues to be used in the Netherlands to

assess the health and safety of the coastal dunes [88].

One important limitation with these early models arises from the assumption of instanta-
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Figure 2.4: Beach and Dune Erosion. a) Image of beach and dune
erosion from Hurricane Matthew [80]. b) Volume balance approach that

predicts dune recession (R) by equating the erosion volume (VE) and
deposition volume (VD), modified from Edelman [79]. c) Swash impact

approach that relates wave bore velocity (ubore) to the swash impact force
(FSI) which creates notching (VN) that leads to avalanching (VA),

modified from Nishi and Kraus [81].
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neous response. Because the duration of a storm is often much shorter than the time required

for profiles to erode to their new equilibrium states, they rather erode some fractional amount

toward equilibrium but never reach it. Komar and Moore [89] put it succinctly, stating that

these methods “should be regarded as an upper limit or an erosion potential that would re-

sult if the storm conditions were held constant indefinitely.” For conservative estimates and

design standards, these methods may prove reliable. However, for higher levels of modeling

accuracy, it may be necessary to shift toward time-dependent models or the combination of

idealized models with a time-dependent function [e.g., 85].

Fisher and Overton [90] proposed another type of modeling approach that focuses on the

impact of swash on the dune face. These are appropriately called ‘Swash Impact’ approaches.

The main idea undergirding this approach is that erosion of the dune is proportional to the

impact force of colliding waves, which can be related to the waves’ bore heights and approach

velocities (see Figure 2.4c). Through a series of laboratory experiments, linear relationships

were found between the amount of dune erosion and swash impact force, modulated by

statistically significant factors such as grain size and dune density [91, 92]. This relationship

was also identified in the field through a series of experiments at Duck, North Carolina [93].

Other methods using this approach were developed by Nishi and Kraus [81], Larson et al.

[94], and most recently by Palmsten and Holman [95]. Nishi and Kraus [81] calculated

the swash impact force by multiplying the mass of water in the approaching wave by its

deceleration upon impact. Using large-scale wave tank experiments on compacted and un-

compacted dunes, they found linear relationships between the weight of eroded sediment and

the impact force. They also found uncompacted sediment to be more susceptible to swash

impact erosion and suggested artificially compacted dunes as a possible method of erosion

control. Using the linear relationship between erosion and swash impact force as an initial

assumption, Larson et al. [94] derived an analytical model that predicted dune recession as a
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function of bore speed, initial geometry, empirical transport coefficients, and foreshore slope,

which was assumed to linearly continue landward of the dune toe. The authors used four

previously published datasets to test their model and to empirically derive an optimal trans-

port coefficient. Lastly, Palmsten and Holman [95] improved on this formulation in two main

ways: 1) they used a Gaussian distribution to model variability in wave runup elevations,

and 2) they tested various runup exceedance values and found that using a runup exceedance

value of 16% led to better dune erosion predictions in the laboratory when compared to the

2% runup exceedance guidance recommended by Sallenger [47].

Modeling Shoreface Response

Paralleling these advancements was the development of more complex sediment transport

formulations. While these formulations may vary in approach, they are similar in that

they relate hydrodynamic parameters (e.g., velocity) to sediment transport rates. Thus,

for the purposes of this discussion, we refer to these more complex formulations as coupled

hydrodynamics-sediment transport (HD-ST ) formulations. Since a review of each formula-

tion would take considerable space, we offer a cursory description of the HD-ST formulations

and refer interested readers to Larson and Kraus [96], Dean and Dalrymple [97], Nielsen [98],

Aagaard and Hughes [99], Bosboom and Stive [88], and references therein for additional de-

tails.

In highly resolved models, coupled HD-ST formulations use hydrodynamic parameters to

predict both bed load and suspended load transport rates. Bed load transport is typically

estimated as a function of the bed shear stress, sediment density, and average grain diameter

(often using Shields parameter), whereas the suspended sediment transport rate is calculated

by integrating the vertical velocity and concentration profiles, the latter of which can be based

on functions such as the Rouse profile or advection-diffusion calculations [88].
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Depending on the application, not all models can afford the computational burden associated

with coupled HD-ST formulations. Other approaches with less computational burden have

gained popularity, such as the equilibrium-based approach, originally developed by Kriebel

and Dean [100], which assumes the existence of an equilibrium shoreface profile that con-

trols how the shoreface responds under specific hydrodynamic conditions. It is founded on

the idea that if hydrodynamic conditions remained constant, then the shoreface would re-

spond until constructive (landward) and destructive (seaward) forces along the profile were

balanced, leading to a steady profile with a XST rate of zero. Kriebel and Dean [100] devel-

oped a formulation that calculates an equilibrium profile based on depth-dependent energy

dissipation rates. XST rates are then calculated at a particular shoreface depth based on

the difference between the actual energy dissipation rate and the rate associated with the

equilibrium profile [97].

Another popular approach is the energetics approach, which was originally developed by

Bagnold [101] for fluvial sediment transport. This approach considers the hydrodynamic

environment as a machine that performs a certain amount of work (sediment transport)

based on the available power input (kinetic energy) modulated by some efficiency factor

(resistance to transport) [102]. Bed load and suspended load transport rates are calculated

separately based on the available wave power, or the wave energy flux per unit width, which

drives the transport [97]. While the energetics approach has been successful in predicting

offshore-directed sediment transport rates during storm events, this approach has generally

underpredicted onshore sediment transport during recovery periods [99].

Modeling Overwash

Efforts to quantitatively understand and predict overwash have led to the development of var-

ious formulations, which generally fall into one of two categories. Those in the first category
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Figure 2.5: Overwash Modeling Approaches. a) Traditional bulk
approach that predicts washover volume (VWSH) based on bulk

parameters (e.g., excess runup height ∆R), modified from Donnelly
et al. [109]. b) Annualized bulk approach that predicts VWSH based on
width (W ) and height (H) deviations from equilibrium values (We &

He) based on the storm surge level (SSL), modified from Lorenzo-Trueba
and Ashton [19].

may be described as ‘Bulk’ approaches, as defined by Donnelly et al. [37], since they relate

certain hydrodynamic parameters (e.g., wave height) to bulk washover volumes (see Figure

2.5a). Williams [103] published the earliest bulk formulation, which predicted the washover

rate as a function of excess runup (i.e., depth of runup over the dune crest) and wave period.

Later bulk formulations [e.g., 104] were based on laboratory experiments by Kobayashi et al.

[105], which showed a linear relationship between overwash and washover rates. Formula-

tions in the second category apply coupled HD-ST formulations, which were discussed in the

previous section. Donnelly et al. [37] reviewed at least three of these formulations and their

results including Leatherman [106] who coupled the Einstein transport equation to velocity

measurements, Sánchez-Arcilla and Jiménez [107] who combined the Van Rijn formulation

with velocities calculated using the Chezy equation, and Baldock et al. [108] who applied a

standard sheet flow model based on Shield’s parameter to calculated swash velocities.
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In the last fifteen years, most overwash modeling efforts have been directed toward develop-

ing, improving, and applying the coupled HD-ST formulations, which are typically just one

component of event-scale morphodynamic models that resolve multiple sediment transport

processes at small spatial scales. At the time of Donnelly’s 2006 review [37], only one such

model (i.e., SBEACH) was able to predict overwash. The original formulation, developed by

Wise et al. [110], predicted sediment transport landward of the swash zone boundary based

on the estimated wave bore velocity at the dune crest, and interpolated the transport rate

to both landward and seaward limits. This formulation was later updated by Larson et al.

[111] who modified landward flow dissipation by including a lateral spreading component,

and Donnelly et al. [109, 112] who used the Sallenger [47] regimes to model intermittent

overwash by wave runup and quasi-steady overwash during barrier inundation, the latter

of which used a standard weir equation. Donnelly et al. [109, 112] compared the updated

model results to post-Hurricane field data at Assateague Island, Maryland, Folly Beach,

South Carolina, and Garden City Beach, South Carolina, showing good agreement with the

post-storm profiles. Additionally, Donnelly’s model was shown to outperform that of Larson

et al. [111] in predicting the post-storm profile at Assateague.

Recent work has also involved the incorporation of bulk overwash formulations into long-term

and large-scale barrier evolution models. The long-term model of Jiménez and Sánchez-

Arcilla [113] employs a bulk formulation for modeling overwash rates based on empiri-

cally derived annual overwash volumes. This formulation uses the critical length concept

of Leatherman [114], which posits a theoretical threshold (i.e., critical barrier width and

height) at which overwash is prevented. Deviations from these critical thresholds are used

to estimate accommodation space (or volume) in the subaerial and backbarrier zones (see

Figure 5 2.5b). Thus, event-driven overwash is modeled continuously and quantified by the

available accommodation space up to some predetermined maximum annual overwash vol-
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ume. More recent models [e.g., 1, 19] also use the critical length concept to model overwash

in their long-term models.

Larson et al. [115] followed a different approach, developing an analytical method to simulate

the retreat of the barrier (or dune) based on landward (i.e., overwash) and seaward (i.e.,

profile erosion) sediment fluxes. Using a triangular approximation for the island or dune,

these flux values were correlated with the ratio of dune crest to total runup elevations, and

validation with field data showed results could provide order-of-magnitude estimations of

overwash flux.

Modeling Breaching

In modeling a breach, there are a number of important components that one may wish

to consider including the location of breach occurrence, the timing of breach formation,

breach dimensions and its progression (i.e., expansion or contraction), and finally its ultimate

state (e.g., natural closure, stable inlet). While there has been some quantitative work on

predicting systematic breach occurrence [e.g., 116] and long-term inlet stability (see Kraus

and Wamsley [71] and references therein), our focus will be limited to models with strong

morphodynamic components (i.e., breach formation, initial breach growth, and long-term

progression).

Visser [73] developed a conceptual model of breach formation and initial growth. Although

the model was originally developed for sand dikes, it can also be applied to barrier islands.

The conceptual model described five phases: 1) erosion and steepening of the inner slope of

the scour channel, 2) decreasing of the crest width, 3) crest lowering and breach widening,

4) breach widening as flow changes from critical flow to subcritical flow, and 5) breach

widening during subcritical flow until the flow ceases. This conceptual model was translated
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into BRES, a numerical model that predicts breach formation and initial growth based on

discharge (calculated using the broad-crested weir equation) through an initial trapezoidal

cross-section [117]. Testing against multiple laboratory and field studies, Visser [117] found

good agreement between predicted breach widths over time and measured data.

Basco and Shin [118] published a 1D numerical breaching model based on storm stages, in

a similar fashion to Sallenger’s regimes [47]. Dune erosion was modeled in the first stage,

followed by a diffusion-based approach to overwash in the second stage. The third stage aligns

with Sallenger’s inundation regime, while the fourth stage aligns with the outwash regime.

In these last two regimes, barrier inundation and breaching were modeled by combining the

1D Saint-Venant equations with the sediment transport formulation of Van Rijn [119]. This

approach to breach modeling has been included in more recent event-scale morphodynamic

models (e.g., Delft3D, XBeach), which combine hydrodynamic output with specific sediment

transport formulations. These models predict breach formation during barrier inundation,

when flow velocities across the island scour antecedent low spots into fully-formed channels.

Additional details on these models may be found in the following section.

Kraus [120] developed an analytical breaching model that predicts the development of a

rectangular breach toward equilibrium dimensions using an exponential time function. The

model starts with some initial channel or non-uniformity in the dune or island and proceeds

toward a full breach based on flow through the channel which erodes the channel bed and

sides. Kraus [120] found the breach response to be sensitive to initial channel dimensions.

Kraus and Hayashi [67] later expanded the model to include a coupled HD-ST formula-

tion, where breach progression was based on calculated bottom and critical shear stresses.

The model was shown to reproduce general trends of an observed breach, yet it tended to

underestimate the breach width and overestimate the breach depth [67].

A more recent analytical breaching model was developed by Nienhuis et al. [121] that is
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based on the hypothesis that a breach develops when the volume of sediment transport by

overwash exceeds the sediment volume stored in the subaerial island. Overwash volume is

calculated analytically using a triangular storm surge time series and integrating an over-

wash flux equation that considers surge height, width and depth of the dune gap, and a

friction coefficient to account for vegetation impacts. Nienhuis et al. [121] compared their

model results to Delft3D simulations and found that it performed reasonably well, although

the Delft3D predictions varied across one additional order of magnitude compared to the an-

alytical model. Results were also compared with observations from Hurricane Sandy which

showed that the model performed much better for undeveloped barriers as compared to

developed barriers.

Multifaceted Event-Scale Modeling

A variety of morphodynamic models have been developed to simulate more than one event-

scale phenomena/process - we refer to these as ‘multifaceted’ models. Readers familiar

with the literature will recognize that many of these multifaceted models are commonly

called ‘process-based’ models, although we have intentionally avoided this term due to its

inconsistent and ambiguous usage in the literature, as well as its implication that more

abstracted models are not based on processes. Below we present select event-scale models,

followed by a brief discussion of multifaceted modeling efforts related to storm sequencing

and post-storm recovery, which has received less attention from researchers until recently.

Event Scale Models

While a variety of multifaceted event-scale models exist, herein we focus on models that have

been thoroughly cited in the literature and are widely used by the coastal morphodynamics

research community. These include models such as SBEACH [96], which rely on equilibrium
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concepts, and models such as DUROSTA (also known as Unibest-DE) [122], CShore [123],

Delft3D [124], and XBeach [59], which are based on coupled HD-ST formulations. Some

of the primary differences between these models are shown in Table 2.3, including model

dimensionality, included processes, and process formulations. Below we discuss the develop-

ment of each model and highlight some significant improvements. Readers are referred to

the references provided with each model for additional details.

SBEACH [96] was developed in the late 1980s to predict profile response to storm events.

The model employed the XST formula of Kriebel and Dean [100], which is based on the

difference in energy dissipation between the actual profile and an equilibrium profile. The

model was originally calibrated using data from large wave tank experiments, showing its

ability to predict foreshore erosion and bar formation, and its inability to predict features

landward of the bar such as the trough and berm development during accretionary simula-

tions [96]. The original model (which did not include overwash) was formally updated with

the overwash formulations of Wise et al. [110] and again by Larson et al. [111], who showed

good agreement between model predictions and measured profile changes for observations at

Ocean City and Assateague, Maryland. SBEACH has more recently been incorporated in

economic models for evaluating beach nourishment projects [e.g., 130], probabilistic frame-

works for predicting erosion [e.g., 131], and model comparison studies, where it produced

better morphological predictions than XBeach when using default parameters, but under-

performed when calibration data were employed [e.g., 131, 132].

DUROSTA, which is an acronym in Dutch for “dune erosion - time dependent,” was devel-

oped in the early 1990s as an unsteady, numerical model upgrade to the analytical beach and

dune erosion models DUROS [82] and DUROS+ (the ‘+’ representing the addition of wave

period to the original model parameterization). The model was initially validated by compar-

ison to laboratory data and various field experiments and showed good prediction capabilities
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Table 2.3: Multifaceted Morphodynamic Models

Model Name [Reference] Dimensions
Process Formulations†

Model Description

XST LST OW BR

SBEACH
[96]

1D KD85 WIS96 XST rates estimated through semi-
empirical relationships in shoreface
regions; considers wave and sediment
characteristics, wave shoaling, break-
ing, setup and setdown, breaker de-
cay and reformation, sediment slump-
ing/avalanching.

DUROSTA/Unibest-
DE
[122]

1D/Q2D [...STZL93...] Only considers suspended load trans-
port (bed load neglected); consid-
ers wave set-up, energy dissipation
from bed friction after breaking with
a turbulence model; employs a bed
slope correction factor and extrapo-
lates swash transport rates based on
calculated rates at the wet/dry inter-
face.

CShore/C2Shore
[125]
[126]

1D/2D [....KBY08....] KBY10 Hydrodynamic components include
the combined action of incident waves
and currents, considering wave shoal-
ing, breaking, and roller energy; con-
siders shoreface (or structure) perme-
ability and overtopping using an em-
pirically based, probabilistic runup
model.

Delft3D
[124]

2D/3D [..................VRN93..................] Shallow water equations solved in 2D
(depth-averaged) or 3D; allows cou-
pling to HISWA or SWAN wave mod-
els which consider breaking, bed fric-
tion, and streaming (near-bed cur-
rents); includes surface roller and in-
fragravity formulations; includes bed
slope correction and morphological
acceleration factor.

XBeach
[59]

2D [..................SVR97..................] Depth-averaged shallow water equa-
tions solved in Sallenger (2000) storm
impact regimes; includes wave break-
ing, swash dynamics (modeling wave
groups, infragravity waves, surface
rollers, and return flows), beach and
dune erosion (including avalanching),
overwash (using low-frequency wave
group forcing), and breaching by
channel scouring.

†OW: Overwash; BR: Breaching; KD85: [100]; WIS96: [110]; STZL93: [122]; KBY08: [125]; KBY10: [127];
VRN93: [128]; SVR97: [129]
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on the subaqueous profile while underestimating dune retreat [122]. DUROSTA was used

by Van Baaren [133], who found that wave period, bed slope, and the location of transition

between the wet and dry profile zones were important model parameters. Hoonhout [134]

also used the DUROSTA model to study the effects of shoreline curvature on dune erosion

and retreat during storm events, finding that consideration of shoreline curvature signif-

icantly impacted the model results. Currently, DUROSTA and another cross-shore model

Unibest-TC [135] are optional modules that may be employed when using the one-line model

Unibest-CL+.

De Goede [136] presented a historical review of the development of Delft3D, from initial 2D

shallow water code development in the late 1960s, to coupling of updated wave models (e.g.,

SWAN), to the addition of turbulence closure models for 3D flows in the 1990s, and finally

the incorporation of sediment transport formulations into the hydrodynamic module. Lesser

et al. [124] presented details on the latter update, as well as the inclusion of a morphological

acceleration factor for long-term simulations and validation studies showing that the results

compared well to analytical solutions, laboratory data, and other accepted numerical model

solutions. Delft3D is widely used in both practice and research [136], including studies on

event-scale flooding [e.g., 68], storm sequence morphodynamics [e.g., 137], breach stability

and growth [e.g., 138], and morphodynamic changes between storm events [e.g., 139].

Johnson et al. [140] presented a thorough summary of the historical development of CShore

from its initial goals in modeling non-linear wave transformation in the late 1990s, to aiding in

coastal structure design, and finally its development toward modeling nearshore morphody-

namics in the late 2000s. Johnson et al. [140] also provided results from sensitivity analyses,

model calibration, and validation at nine field sites, which showed the model was capable

of producing reasonable estimates of event-driven morphological changes, while tending to

under-predict dune erosion and retreat. Work and improvement on the model has contin-
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ued through at least 2015 [141], and the model has also been extended to two-dimensions

(C2Shore), the latter of which was validated through simulations of morphological response

to Hurricane Katrina at Ship Island, Louisiana [126]. CShore does not explicitly model sheet

flow or ebb currents, reducing its applicability during barrier inundation [52].

XBeach is considered the state-of-the-art event-scale model to predict barrier response to

storm events. Lead by Roelvink et al. [59], XBeach was developed as an open source model

to predict all of the main morphological responses associated with storm events (i.e., beach

and dune erosion, overwash, and breaching) corresponding to the storm impact regimes of

Sallenger [47]. Model validation studies showed it was able to predict storm hydrodynamics

and morphological responses well [59], although subsequent studies have shown that high

simulated velocities in the swash zone consistently led to slight overpredictions of erosion near

the dune toe [e.g., 142, 143]. To correct these overpredictions, researchers have attempted to

artificially lower sediment mobilization (by modifying the critical Shield’s number); however,

while this led to more accurate predictions of dune toe erosion, it decreased the accuracy of

breaching simulations [143]. Elsayed and Oumeraci [144] found that modifying suspended

sediment concentrations based on the local bed slope helped to resolve this issue. Some of

the most recent work with XBeach has involved modifying roughness coefficients. Passeri

et al. [145] implemented spatially varied roughness coefficients based on land cover, which

showed improved morphodynamic predictions over simulations with constant roughness val-

ues. Alternatively, van der Lugt et al. [146] implemented dynamic roughness values that vary

during the simulation according to erosion and deposition patterns, which showed improved

results over simulations with static roughness values.

Many of these event-scale models continue to be tested and applied today. Although XBeach

has become the standard for modeling event-scale morphodynamics, recent comparison stud-

ies indicate that other models (e.g., CShore, SBEACH, Delft3D) are also being used and
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evaluated for their strengths [e.g., 52, 132, 147]. Furthermore, various studies have loosely

coupled these event-scale models together to utilize the strengths of each model. For exam-

ple, Cañizares and Irish [68] used SBEACH to simulate dune erosion and lowering prior to

inundation and breaching using Delft3D. XBeach and Delft3D have also been loosely coupled

in a recent breaching study by van Ormondt et al. [139], who used XBeach to simulate breach

development during the storm and Delft3D to simulate breach development and growth after

the storm event.

Model coupling has also been utilized in the development of new modeling systems. The

COAWST modeling system, which was developed by coupling a regional ocean model (i.e.,

ROMS), a nearshore wave model (i.e., SWAN), and an open source sediment transport model

(i.e., CSTMS) [148], is appearing more frequently in the coastal morphodynamics literature,

including specific application to shoreline change modeling [e.g., 149] and barrier islands

[e.g., 150, 151]. Numerous other modeling systems have been developed (see Kaveh et al.

[152]), but have yet to gain a literature foothold in this particular field of study.

Storm Sequences and Post-Storm Recovery

Some of these event-scale models have also been applied to the study of storm sequences,

which investigates the non-linear impact of sequential storms on beach and dune erosion,

where successive smaller storms have a cumulative effect that exceeds the impact of an

independent event [153]. Various modeling studies have been conducted to quantify this

cumulative impact and to determine the most important driving factors such as antecedent

beach states [e.g., 154] and the order of the most severe storms within the sequence [e.g.,

155].

Based on a survey of the literature, Eichentopf et al. [38] identified three primary conceptual

descriptions to aid in modeling the impact of storm sequences, and discussed evidence from
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published studies for each description. The three conceptual descriptions are: 1) initial

storm destabilization, where the first storm in the sequence erodes the beach, leaving it

more vulnerable to the next storm event, 2) extreme storm impact, where the largest storm

event of the sequence is of primary importance regardless of storm order, and 3) benchmark

storm impact, where all events in a storm sequence may be combined and modeled as a

single large storm event, similar to a benchmark or design storm approach in hydrologic

analysis. Various types of models that have been employed and/or developed to study storm

sequences including statistical models [e.g., 156], long-term equilibrium-based models such

as ShoreFor [157] or PCR [158], and multifaceted event-scale models such as XBeach and

Delft3D [e.g., 154, 155].

In addition to reviewing the literature on storm sequencing, Eichentopf et al. [38] also provide

a brief section on recovery, which they indicate is much less studied than the impact of

storm sequences. They concluded with recommendations for future research, which broadly

included additional physical and numerical simulations, improved data collection efforts, and

stronger research emphasis on beach recovery processes.

2.2.3 Summary of Advancements and Limitations

The practice of modeling event-scale barrier morphodynamics has followed a natural pro-

gression from conceptualizing models based on observations, to the creation of simplified

and efficient rule-based models, to the development of more complex sediment transport

formulations coupled with hydrodynamic calculations at fine spatiotemporal scales. Recon-

sidering our Grand Challenge statement, it is apparent that significant advancements have

been made over the last fifty years. The earliest and most basic models (e.g., analytical

dune erosion models) were intuitive, easy to use, and could provide conservative estimates
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for dune recession and likelihood of failure. Empirical studies followed, which advanced our

ability to quantify the impact of key processes based on hydrodynamic output (e.g., pre-

dicting notching/avalanching of the dune face based on swash impact, predicting overwash

volumes based on runup exceedance, predicting sediment transport rates based on velocity

and concentration profiles, etc.). This improvement in scientific understanding, along with

the advancements in computing power, has allowed us to continue reducing the spatiotem-

poral scales of our morphological predictions while maintaining or increasing accuracy.

However, there are still major limitations to our modeling capabilities. Although the accu-

racy of simulations has improved, we are still a long way from high confidence predictions.

This is partially due to the scarcity of data to evaluate the predictive capability of models

mid-storm. Event-scale models are able to capture the general trends of erosion and depo-

sition compared to pre- and post-storm profile (or LiDAR) data; however, the small-scale

predictive abilities of our models during storm is largely unknown since there is little to no

data to validate those predictions. Our apparent distance from high-confidence predictions

can also be attributed to both epistemic uncertainty (i.e., that which arises from our lack of

knowledge of the relevant processes) and intrinsic uncertainty (i.e., that which arises from the

inherent randomness of natural processes). For example, we know that some factors - such as

vegetation and anthropogenic impacts - play an important role in event-scale morphodynam-

ics, yet the modeling of such factors is (for various reasons) still in its infancy. Additionally,

the inherent randomness of forcing conditions (e.g., storm characteristics, wave climates)

and initial conditions (e.g., bathymetry, sediment characteristics) is difficult to capture at

smaller scales.
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2.3 Long-Term Morphodynamics

This section provides an overview of commonly modeled phenomena and processes associated

with long-term morphodynamics, a review of relevant modeling efforts, and a summary of

advancements toward the Grand Challenge.

2.3.1 Commonly Modeled Phenomena and Processes

During the periods of time in between storm events, chronic sediment transport processes

resume their work that contributes to gradual morphological change. The following sec-

tions discuss commonly modeled long-term phenomena (i.e., shoreline change and barrier

transgression) and relevant morphodynamic processes.

Shoreline Change

The shoreline can be smoothed or caused to vary in form depending on the angle of the inci-

dent waves which drive LST [159]. Thus, shoreline change is observed as the local shoreline is

moved either landward or seaward by gradients in LST rates. These gradient-driven changes

can also manifest themselves in other ways including island migration, barrier elongation,

inlet migration, and island dimensional changes.

Although it is not as common, entire barrier islands can migrate in the direction of LST

when sediment is eroded from the updrift end, carried alongshore, and deposited at the

downdrift end, assuming no updrift sediment sources. Otvos Jr. [160] noted this phenomenon

in the northern Gulf of Mexico by observing that barriers can migrate large distances (i.e.,

several kilometers) from their location of origin. When the barriers are stable and not prone

to migration, newly formed inlets may migrate instead. This phenomenon results from a
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LST gradient across the inlet, where sediment is deposited updrift of the inlet and eroded

downdrift.

Dimensional changes may also be observed due to LST gradients and the placement of

engineering structures. McCann [61] observed that most islands developed greater widths

on the downdrift end of the island as compared to the updrift end, which was attributed

to a minimal amount of updrift sediment available for transport. If a continuous source

of updrift sediment is present, and sediment is not removed from the barrier system, then

barrier elongation could be observed as sediment is continually added to the downdrift end.

Penland and Boyd [161] described lateral migration of barrier islands and the influence of

placing coastal structures at various locations along the islands. For example, structures

placed near the updrift end tended to reduce the total island area while structures placed in

the middle of the island tended to increase the total area.

Barrier Transgression

In addition to shoreline change, most barrier islands are undergoing transgression (i.e., land-

ward migration) in accordance with SLR. However, this migration did not appear to be widely

accepted in some of the earliest literature [e.g., 162, 163]. Nevertheless, once transgression

was recognized by the research community, many studies sought to identify the driving mech-

anisms that were primarily responsible for it. Otvos Jr. [160] indicated that overwash and ae-

olian processes were primarily responsible for the landward movement, which was supported

by others such as Moody [164] and Godfrey [165] [163]. Others found sediment transport

through tidal inlets and/or breaches to play a much larger role [e.g., 64, 114, 166, 167, 168].

SLR rate is also considered one of the primary drivers of barrier transgression through its

interaction with storm processes such as overwash and breaching. Although not developed
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specifically for barriers, the Bruun Rule [169] exemplifies the theorized direct relationship

between SLR and shoreline transgression. The interaction between rates of SLR and other

transgressive processes was published in an interesting study by Moslow and Heron Jr. [170].

They found that previous high rates of SLR were correlated with dominating overwash

processes and high rates of transgression. Conversely, when the rate of SLR slowed, they

found that transgression also slowed and inlet dynamics became the dominant method of

sediment transport between the ocean and backbarrier environment.

During landward transgression, barrier islands may also maintain their elevation with re-

spect to SLR through the combination of overwash and inlet dynamics/breaching. As SLR

effectively reduces barrier island relief, barriers are more prone to overwash and inundation

during storm events, which deposit sediment on the island or behind it (i.e., washover de-

posits). This deposition effectively translates the island landward and increases its elevation.

As this process is sustained, the barrier sediment may be conceptualized as ‘rolling’ over it-

self, which has led to the description of this cycle as ‘barrier rollover’ [14]. Lorenzo-Trueba

and Ashton [19] referred to this sustainable behavior as dynamic equilibrium.

Similarly, lagoonal washover deposits and flood tidal shoals have been shown to assist the

barrier in maintaining its elevation through the reduction of accommodation space for future

washover [171]. For example, consider a salt marsh that grows on top of washover deposited

in a lagoon during some initial storm event. When a subsequent storm arrives, sediment that

would have been deposited in the lagoon is now deposited on top of the new salt marsh. Thus,

the salt marsh (and previous washover deposit) acts to reduce the available lagoon space for

washover, and elevation is increased in that location as a result. Recent modeling work has

suggested that the presence of backbarrier marsh not only increases island elevations, but

actually reduces landward transport by encouraging the subaerial deposition of sediments

[172]. As the barrier continues its rollover toward the mainland, those previously buried
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marsh and lagoonal sediments may show up as shoreface outcrops which can affect the

future morphodynamics through changes in the sediment supply (i.e., the source of sediment

that feeds the growing barrier).

Although sustained barrier transgression is associated with increases in subaerial elevations

with SLR, barriers may also lose elevation due to compaction of the underlying sediment.

Hoyt [173] was possibly the first to mention the idea of vertical movement by compaction

or isostatic adjustment. He stated that “compaction or isostatic movement caused by weight

of the sediment deposited in the coastal area may result in formation of lakes or lagoons by

depression of the chenier plain below water level.” As the barrier rolls over previous marsh

sediment, the marsh sediment compacts under the load of the island, inducing an even higher

local rate of SLR.

Barrier island transgression is also considered to be influenced by two other factors: 1)

the slope of the shelf over which it is migrating and 2) the sediment supply. If we only

consider the geometry of the system and assume that barriers maintain their dimensions,

it is apparent that barriers must migrate at higher rates over shallower slopes in order to

keep pace with SLR [174]. Numerous studies have concluded that antecedent topography

is extremely important to the development and configuration of modern day barrier islands

[e.g., 175, 176, 177]. Others have concluded that sediment supply is more important to

the rate of migration, with less sediment supply leading to increased migration [e.g., 178,

179, 180, 181]. Dillon [182] commented on the cross-shore migration of barriers through

stratigraphy observations and concluded that barriers were not forced to continue landward

migration with SLR, but could drown if the sea level advanced too quickly or if there was

an insufficient supply of sand.
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2.3.2 Modeling Efforts

Perhaps the most challenging question related to barrier morphology is, “What will be the

state of a barrier system 10, 100, or even 1000 years from now?” Compared to analyzing

and predicting short-term responses, there is considerably less evidence available (that is,

evidence or data collected using our current era’s level of scientific certainty) to evaluate

historical trends and make long-term projections. Stratigraphic observation and analysis may

provide a partial glimpse of historical system states; however, it also requires assumptions and

a hermeneutic to make the evidence meaningful, thereby reducing the certainty of conclusions

that may be drawn. On the other hand, there are also problems when extrapolating small-

scale processes to large spatiotemporal scales (i.e., the problem of error propagation). Thus,

the problem of long-term morphological analysis and prediction is not a trivial one, especially

since it is closely tied to uncertainties surrounding climate change (e.g., future SLR and

changes in storminess). Numerous publications from the early 1990s into the early 2000s

discuss the philosophy behind long-term morphological prediction. The interested reader is

referred to Stive et al. [183], Terwindt and Battjes [184], De Vriend [185], Latteux [186], and

Cowell et al. [187] for further details on this topic.

Similar to the previous section, the review of long-term morphodynamic modeling efforts

is broken down according to the primary intent of each model. Thus, modeling efforts are

categorized by those which model 1) shoreline change, 2) shoreface evolution, 3) barrier trans-

gression, and 4) phenomena that are typically combinations of categories 1-3. To assist the

reader in keeping track of the models discussed, Figure 2.6 offers a graphical representation

of long-term models, in the chronology of their publication, that simulate some combination

of shoreface evolution, shoreline change, dune growth/erosion, or overwash. Table 2.4 is a

comprehensive summary of the long-term models discussed in this review, which includes

each model’s relevant processes.
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Figure 2.6: Long-term Morphodynamic Models with a Coupled
Approach. Models are shown according to their publication chronology

and are aligned with their respective processes, which range from
shoreface erosion or shoreline change, to dune growth/erosion, to

overwash.
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Table 2.4: Long-Term Morphodynamic Models

Year Model Name (Reference)
Modeled Phenomena/Processes†

SFC LSC TRN ID DGE SUB OW MLP

1956 PEL56 [16] X

1962 Bruun Rule [169] X

1968 2-Line [188] X X

1979 n-Line [189] X X

1983 Gen. Bruun Rule [190] X

1985 EVR85 [191] X

1989 GENESIS [192] X

1990 3DBeach [193] X X

1992 STM [194] X

1993 HPM [195] X X

1995 ADM [196] X

1997 ASMITA [197] X X X

1998 PonTos [198] X X

2001 CEM [159, 199] X X

2002 Cascade [200] X X

2002 BARSIM [179] X X

2005 GEOMBEST [171] X X X X

2006 MCO [201, 202] X X X X

2008 BIT [203] X X X X

2009 YAT09 [204] X

2012 GenCade [205] X X

2013 ShoreFor [206] X

2013 Mod. Bruun Rule [207] X X

2014 LTA14 [19] X X X

2014 GEOMBEST+ [17] X X X X

2015 ALT15 [208] X X X X

2016 D&H16 [209] X X X

2017 LTM17 [1] X X X X

2017 CoSMoS-COAST [210] X X X

2018 LX-Shore [211] X X

2019 COCOONED [212] X X X

2019 BRIE [213] X X X X X

2020 ShorelineS [214] X X

2020 PAL20 [215] X X X X X X

2021 UNIBEST-CL+ [216] X X

2021 ShoreTrans [217] X X

2021 IH-LANS [218] X X

2021 Barrier3D [219] X X X X
†SFC: Shoreface Change; LSC: Longshore Shoreline Change; TRN: Transgression;
ID: Inlet Dynamics; DGE: Dune Growth or Erosion; SUB: Subsidence; OW: Over-
wash; MLP: Marsh and Lagoon Processes
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Figure 2.7: One-Line and Two-Line Model Schematics. a) One-line
approach that predicts shoreline changes based on LST gradients
(qx(j+1) − qx(j)). b) Two-line approach that predicts change at the

shoreline and an offshore contour, considering LST gradients in each
zone and rule-based XST. Figure modified from Perlin and Dean [189].

Modeling Shoreline Change

Long-term modeling of shoreline change is often referred to as ‘shoreline evolution’ modeling

since the most observable impact of LST gradients is shoreline displacement, either landward

or seaward. The first approach to modeling shoreline evolution stemmed from One-line

Theory, published by Pelnard-Considere [16]. Models derived from this theory, commonly

called ‘one-line models,’ assume a constant equilibrium profile and calculate position changes

in a single contour line - the shoreline - over time considering only the gradients in the LST

rate (see Figure 2.7a).

Larson et al. [220] published a review of one-line modeling theory and analytical solutions

that had been developed for various coast-specific and structure-specific situations. Two

years later, Hanson and Kraus [192] presented the one-line model GENESIS, which would

become one of the most widely used one-line models for predicting shoreline evolution in

practice, though not without criticism [e.g., 221, 222]. One-line models are still being de-

veloped and used today, likely due to their simplicity, intuitiveness, and ease of calculation.

The Coastal Evolution Model (CEM) of Ashton et al. [159] is a one-line model that pre-
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dicts shoreline response due to high-angle waves, assuming a constant linear shoreface out

to an estimated closure depth. From numerical experiments, they found that high-angle

waves cause small shoreline perturbations to grow into larger formations, such as cuspates

and spits. Additionally, they found that shoreline protrusions can shelter downdrift features

from the high-angle waves, affecting the evolution of such features. Thomas and Frey [223]

and Kim et al. [224] reviewed other common one-line models including UNIBEST-CL+ [216],

GenCade [205], which is a combination of GENESIS and the regional Cascade model [200],

and the proprietary LITPACK model. These models include advances such as coupling

XST formulations, wave transformation, and wave-current interaction. Notably, GenCade

includes advances to model tidal inlet evolution and inlet dynamics such as inlet bypassing

and inlet feature (e.g., shoal) sediment balance.

Bakker [188] was unsatisfied with the one-line theory’s assumption of parallel bathymetric

contour lines near engineered structures due to the apparent discontinuity it produced. In

1968, Bakker published a two-line model whereby XST could be approximated between two

profile zones based on the profile’s deviation from an equilibrium state (see Figure 2.7b).

Perlin and Dean [189] were the first to suggest expanding Bakker’s two-line approach to

multiple lines, and followed up with publication of their n-line model six years later, which

was named for its ability to handle a user-defined ‘n’ number of contour lines [225]. Although

limited in their ability to produce non-monotonically decreasing profiles, these models were

the first to add elements of cross-shore change to one-line models, paving the way for later

n-line models that would attempt to integrate both XST and LST [e.g., 198].

Buijsman [197] published the ASMITA model, which simulated interaction between the

adjacent shoreline and tidal inlets. The model consisted of five nodes that represented the

tidal channel, ebb shoal, flood shoal, and the adjacent shorelines. Sediment flux between

these nodes was calculated based on equilibrium formulations of each feature. A similar

48



2.3. LONG-TERM MORPHODYNAMICS

approach was incorporated into the regional barrier island model called Cascade, presented

by Larson et al. [200]. While ASMITA focused on modeling the channel evolution, Cascade

focused on modeling the regional shoreline position over long time scales, but accounted for

the dynamic inlet features in the form of sediment source and sink terms. Larson et al.

[200] applied Cascade to a regional stretch of a U.S. East Coast barrier island and found the

model was able to satisfactorily predict the shoreline position updrift and downdrift of two

inlets.

Modeling Shoreface Evolution

Although long-term modeling of barrier transgression was well underway by the 1980s, most

models assumed a constant profile shape. It wasn’t until the mid-1990s that shoreface

evolution began to be modeled, with the publication of the Hinged Panel Model (HPM)

[195] and the Advection-Diffusion Model (ADM) [196].

A conceptualized model of the shoreface profile by de Vriend et al. [195] discretized the

shoreface into 3 sections: 1) the upper shoreface, 2) the lower shoreface, and 3) the middle

shoreface, which acted as a transition zone between the upper and lower zones. On the

lower shoreface, profile movement was assumed to be negligible compared to the scales of

interest, while the upper shoreface was assumed to be highly active out to the depth of

closure (i.e., the transition point to the middle shoreface). The sections were considered to

be rigid panels, which rotated about hinge points at the panel intersections based on the net

sediment transport into or out of the panel zone. This led Cowell et al. [187] to refer to this

model as the Hinged-Panel Model (HPM). Stive et al. [226] published a full treatment on

HPM, which used Bowen’s energetics formulation for XST between the shoreface sections.

They found that HPM produced reasonable hindcast simulations, and that the effect of

substrate slope on profile evolution was only relevant at geologic timescales.
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Niedoroda et al. [196] published a similar model, the main difference being the continuous

formulation of XST as compared to the paneled formulation of Stive and de Vriend. The

continuous formulation is depth-dependent and breaks down the transport into a bed load

(i.e., advective) term and a suspended load (i.e., diffusive) term; thus, it was called the ADM

model by Cowell et al. [187]. Although Stive et al. [226] and Niedoroda et al. [196] do not

apply their models to barrier coasts specifically, their work signifies advancement in cross-

shore shoreface modeling and the increased importance of including cross-shore processes in

long-term models.

Another class of models that simulate shoreface evolution are equilibrium shoreline models,

which have become increasingly popular for simulating event-based to interannual change.

These models combine equilibrium-based formulations of shoreface evolution with shoreline

change models (typically one-line models). The two most popular models include Yates

et al. [204] and the Shoreline Forecast (ShoreFor) model of Davidson et al. [206]. Both

models demonstrate that beaches often respond directly to wave forcing (e.g., as quantified

by wave energy or dimensionless fall velocity); however, the equilibrium response time scale

(which is often longer than a single storm event) plays an exceedingly important role in the

morphological evolution. Further, the extensive observations and developed model of Yates

et al. [204] show that beaches become increasingly resistant to erosion while in an eroded

state.

Modeling Barrier Transgression

Models of shoreline change and shoreface evolution often produce a landward or seaward shift

in the shoreline and/or profile based on gradients in the sediment transport rates. However,

these models are not able to account for barrier transgression as an observed phenomenon.

Thus, numerous models were developed to simulate long-term transgression based on cross-
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shore processes (e.g., overwash, breaching, inlet dynamics) and long-term forcing conditions

(e.g., SLR).

Translation Models

Bruun [169] introduced what is perhaps the most popular hypothesis about cross-shore trans-

gression, which states that an equilibrium beach profile translates upward and landward with

SLR while conserving sediment volume. Years later this became known as the ‘Bruun Rule’

[227]. Because the profile is ‘translated,’ these types of models are often called ‘translation

models’ in the literature, and many them have been developed since publication of the Bruun

Rule.

The Bruun Rule [169] predicts profile recession distance based on the amount of SLR and

the average beach slope while conserving sediment. In subsequent examination of his theory,

Bruun [228] revisited the assumptions behind the model development and cautioned modelers

who might attempt to apply the Bruun Rule in coupled alongshore models and prograda-

tional scenarios. Upon further review of initial publications by Bruun [169] and Schwartz

[227], several researchers have offered criticism of the way that the Bruun Rule (and the

underlying equilibrium profile concept) is used in current models [e.g., 229, 230]. Conceding

that some of the criticisms of Pilkey et al. [229] were valid, Dubois [231] stated that such

models can still be useful in formulating research questions and site-specific equilibrium-

based models. A more recent study by Wolinsky and Murray [232] highlighted additional

limitations of the Bruun Rule as applied to long-term simulations on the order of millennia.

Rosati et al. [207] offered a review of field studies that attempted to validate the Bruun

Rule (or modified forms of it). More recently, the Bruun Rule has been used to model both

barred and bermed beach profiles in a laboratory setting [e.g., 233]. D’anna et al. [234]

recently presented a reinterpretation of the Bruun Rule that explicitly partitions shoreline
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recession into passive flooding of the beach profile and wave-driven reshaping components.

Similarly, Troy et al. [235] assessed long-term profile submergence versus Bruunian recession

of beaches on the Great Lakes, a model environment to observe the effects of significant

water-level variability, which serves as a proxy for future SLR.

The Bruun Rule has also been expanded since its initial publication. Dean and Maurmeyer

[190] presented the Generalized Bruun Rule, which expanded the original model to include

the recession of barrier coasts specifically, and noted that greater recession rates were pre-

dicted due to the additional sand volume being deposited on the subaerial island and in the

lagoon. The Bruun Rule was also expanded to include source and sink terms in the models

of Everts [191, 236]. Everts proposed that historical rates of SLR and shoreface retreat are

preserved in the slope of the seaward profile, assuming that the profile is not significantly

reworked by LST or tectonic deformation processes. Everts compared present and past ra-

tios of SLR to shoreface retreat for five U.S. East Coast barrier islands and found that some

barriers are in a narrowing state. Everts proposed that these barriers would continue to

narrow until a critical width is reached, at which point landward migration of the island

would begin. This theory employed the previously mentioned critical length concept, which

was first proposed by Leatherman [237] and has since been utilized in other models [e.g., 19].

Further modifications of the Bruun Rule were published by Rosati et al. [207], who included

an additional term representing XST in the landward direction by overwash and/or aeolian

processes, and Dean and Houston [209], who added a LST term and sediment source/sink

terms to Rosati’s 2013 formulation.

Cowell et al. [194] developed the Shoreface Translation Model (STM), which allowed mod-

elers to keep track of changes in stratigraphy, and was later used in conjunction with field

observations to perform hindcasting simulations [238]. The STM was later expanded us-

ing a probabilistic framework to produce distributions of results that could be statistically
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evaluated in risk management frameworks [239].

Most recently, McCarroll et al. [217] published the ShoreTrans model, which follows similar

profile translation methodology with a couple of distinctions and additions. First, the model

uses measured profiles instead of parametric representations. Second, in addition to the

profile translation, ShoreTrans has been modified to incorporate dune erosion and accretion,

sediment flux between the upper (active) and lower (inactive) shoreface, as well as source

and sink terms that can modify the sediment supply.

Other Transgression Models

More recent transgression models can’t simply be described as ‘translation’ models, since they

also simulate profile changes. For example, Storms et al. [179] published an evolution model

called BARSIM, which was intended to preserve the simulation’s erosion and depositional

time history for comparison to observed shoreface stratigraphy. They describe BARSIM as

a ‘process-response’ model in which erosional and depositional mechanisms were modeled

separately. Storms et al. [179] conducted multiple numerical experiments and found that

their model successfully captured several general observations: 1) increased grain sizes led

to steeper shoreface slopes, 2) higher sediment supply values decreased retrogradation and

increased the likelihood of aggradation or progradation, 3) higher SLR rates increased the

likelihood of barrier overstepping, and 4) lower substrate slopes allowed for greater landward

rates of migration.

Stolper et al. [171] published the GEOMBEST model, which allows for depth-dependent

shoreface adjustment toward a theoretical equilibrium profile, thus allowing the shoreface

to temporarily exist in disequilibrium. GEOMBEST is also able to simulate heterogeneous

stratigraphic units that can differ in erodability. Using the conceptual model of Cowell

et al. [46], GEOMBEST divides each simulated coastal tract into three cross-shore zones
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(i.e., shoreface, backbarrier, and estuary). Stolper et al. [171] used this model to estimate

possible stratigraphic histories in both steep and gentle sloping environments, showing that

quantitative estimates may be useful where historical data may be lost or otherwise unavail-

able. They also showed that substrate slope plays an important role when non-erodable

outcrops are present. Specifically, they found that steep slopes lead to narrowing of the

estuary and barrier drowning unless there is an external increase in sediment supply.

Based on sensitivity analyses with GEOMBEST, Moore et al. [180] found that increasing the

SLR rate and decreasing sediment supply led to increased barrier migration. Moore et al.

[240] also studied the Holocene evolution of U.S. East Coast barrier islands and found that the

most vulnerable islands were large with less erodable substrates and gentle slopes. Brenner

et al. [241] confirmed these findings and also found that positive and negative feedbacks

occur based on the slope of the substrate and island trajectory, and the composition of the

substrate and backbarrier deposits; the negative feedback adjusts island trajectory to the

substrate slope while the positive feedback leads to barrier width adjustments.

In studying the effects of compaction on barrier island migration, Rosati et al. [201] developed

the Migration, Consolidation, and Overwash (MCO) model to predict the response of barrier

systems to a series of storm events. The MCO model used the Convolution Method of

Kriebel and Dean [85] to predict responses when there was no overwash, and the numerical

method of Donnelly et al. [112] to estimate overwash volumes when water levels exceeded the

berm height. Rosati et al. [201] found that when consolidation was considered, there were

considerable increases in migration distance and reduction of dune elevations. They found

that increases in surge heights and deep-water wave heights also led to significant increases

in migration and reduction of dune elevations. Rosati et al. [202] updated the 2006 model to

include the overwash formulations by Donnelly et al. [109], and found that barriers on top of

compressible substrates migrated much faster than barriers on non-compressible substrates,
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assuming a sufficient sand supply. They also found lower dune elevations and island volume

loss to be more prevalent when compressible substrates were present, the thickness of which

was found to be non-linearly related to consolidation rates.

Masetti et al. [203] developed the Barrier Island Translation (BIT) model with separate

sediment transport formulations for shoreface evolution, inner shelf reworking, overwash,

and backbarrier infilling. They found barrier migration to undergo significant increases

and decreases in migration rate according to the substrate slope and sediment availability.

Additionally, they found that offshore subaqueous bodies of sediment were most likely due

to barrier migration over a non-uniform surface, rather than drowning of previous barrier

islands.

Lorenzo-Trueba and Ashton [19] developed a barrier island evolution model (hereafter ‘LTA14’

model) to evaluate long-term behavior of the system. The model tracked transect bound-

ary changes in the cross-shore direction based on sediment flux calculations. They found

that barriers evolved following one of four behaviors: height drowning, width drowning,

constant transgression (or dynamic equilibrium), and periodic transgression. Most recently,

Reeves et al. [219] expanded the LTA14 model domain to consider dune and subaerial is-

land processes in a model called Barrier3D. The Barrier3D model used the LTA14 equations

to simulate shoreline and nearshore profile change, and included additional formulations for

dune growth during non-stormy periods, dune reduction by overwash, alongshore dune eleva-

tion changes, and sediment transport by overwash and backbarrier overland flow. Barrier3D

also used probability distributions to simulate synthetic storm events and barrier recovery

between storms [219].
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Multifaceted Evolution Models

Whereas most of the previously discussed long-term models were developed to simulate

one primary phenomenon (e.g., shoreline change, shoreface evolution, barrier transgression),

other recent models have been developed with the intent to simulate multiple long-term

phenomena. We discuss four categories of these multifaceted evolution models: 1) coupled

barrier-backbarrier models, 2) models that combine shoreline change and transgression, 3)

models that combine shoreline change and shoreface evolution (i.e., equilibrium shoreline

models), and 4) extended event-scale models.

Coupled Barrier-Backbarrier Models

In the last decade, barrier island evolution models have been coupled with backbarrier models

to evaluate interactions or feedbacks between the systems. Walters et al. [17] published

GEOMBEST+, which coupled GEOMBEST with a backbarrier model from Mariotti and

Fagherazzi [242]. Using this model, they found that overwash played an important role

in that it provided a narrow platform for backbarrier marsh growth, which in turn reduced

island migration rates by decreasing accommodation space for sediment deposition. Lorenzo-

Trueba and Mariotti [1] also developed a coupled model that combined the backbarrier

marsh model of Mariotti and Carr [18] and Lorenzo-Trueba and Ashton [19]. They found

that including processes such as import/export of fine sediment to the barrier environment

significantly impacted the accommodation space for overwashed sediment, which ultimately

led to either a sustained island that migrated or one that drowned.

Models that Couple Shoreline Change and Transgression

Noting that most of the previous modeling efforts focused on either shoreline change or

transgression, models are increasingly being developed to include both components. In
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2006, the CEM model was updated to include a function for barrier overwash [199] and

was later coupled with the LTA14 cross-shore barrier model [208]. The authors found that

when alongshore coupling was less significant, large alongshore variations persisted longer

in the simulation; thus, alongshore coupling was found to act as a dampener on barrier

transgression [208].

Nienhuis and Lorenzo-Trueba [213] published the BarrieR Inlet Environment (BRIE) model,

which modified and extended the combined model of Ashton and Lorenzo-Trueba [208] to

include inlet dynamics. The model simulated inlet formation (i.e., breaching) and cross-

sectional area changes, and including alongshore sediment volume balancing between updrift

and downdrift sides of the inlet. BRIE also included a stratigraphic model that keeps track

of how sediment types (i.e., lagoonal, washover deposits, flood tidal shoals) are re-worked

over time [213].

Other models include that of Palalane and Larson [215], ShorelineS [214], and IH-LANS

[218]. The Cascade model, which simulates shoreline changes for a region of barrier islands,

was updated by Palalane and Larson [215] to include XST components from Larson et al.

[243], which included overwash, beach and dune erosion, transport between the beach and

offshore bar, and aeolian transport. The ShorelineS model, developed by Roelvink et al.

[214], models shoreline change, overwash, and includes the ability to split and merge barrier

islands or spits. It is also planned for ShorelineS to be coupled with XBeach or Delft3D

to simulate island and inlet migration in future work [214]. Alvarez-Cuesta et al. [218]

developed the IH-LANS model which combines LST (using a modified version of CERC

based on Hallermeier [244]) and XST (following Toimil et al. [245]), while also including

specific formulations for engineering structures such as groins, seawalls, and breakwaters.

Models that Couple Shoreline Change and Shoreface Evolution
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Although not limited to barrier island modeling, many long-term models now couple shoreline

change and shoreface evolution models. One of the earliest examples of this approach was

the 3DBeach model, published by Larson et al. [193], which was a combination of SBEACH

and GENESIS, and was capable of simulating dynamic profile features such as offshore bars.

Recently developed models incorporate equilibrium shoreline models as one aspect of their

predictive capabilities. These models include CoSMoS-COAST [210], LX-Shore [211], and

COCOONED [212]. CoSMoS-COAST combines the one-line model of Vitousek and Barnard

[246], the equilibrium model of Yates et al. [204], a translation component similar to Bruun

[169], and a long-term residual shoreline trend following Long and Plant [247]. LX-Shore

combines the wave model SWAN with LST [e.g., CERC, 248] and XST [e.g., 206] formulations

in a 2D horizontal grid, similar to the CEM model setup [211]. Lastly, the COCOONED

model [212] couples a one-line approach similar to Vitousek and Barnard [246], a cross-shore

equilibrium model similar to Miller and Dean [249], and the analytical dune erosion method

of Kriebel and Dean [85].

Notably, data assimilation techniques have been tried with many of these equilibrium shore-

line models. Long and Plant [247] were one of the first to use data assimilation for shoreline

evolution predictions. They combined a modified version of the Yates et al. [204] model,

which predicts long-term and short-term trends of shoreline position, with a joint extended

Kalman Filter (eKF) assimilation approach that updates the model predictions based on

shoreline position observations. Other models that have used Kalman filtering include

CoSMos-COAST [210], ShoreFor [250], and IH-LANS [218].

Extended Event-Scale Models

Another common modeling approach that combines XST and LST is the extension of mul-

tifaceted event-scale models for use in long-term simulations. Due to computational con-
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straints, event-scale models have primarily been used to simulate short-term changes. How-

ever, recently they have also been employed and extended to predict long-term changes

where computational burden is reduced through hydrodynamic averaging or lengthening the

morphological time step.

Vemulakonda et al. [251] were among the first to utilize this approach with the Coastal Inlet

Processes (CIP) Model, which was originally developed to predict tidal inlet shoaling for

ingress and egress of U.S. submarines. Wave and circulation models were coupled together

with a sediment transport model, the latter of which required a user-defined time step that

effectively extended the hydrodynamic conditions. Comparing model results to a year’s worth

of navigation channel survey data, the model was shown to satisfactorily predict sediment

transport rates [251].

A more recent and common approach is that of Lesser et al. [124], who applied a morphologi-

cal acceleration factor (morfac) within Delft3D to effectively lengthen the sediment transport

time step for long-term simulations. Lesser et al. [124] showed that using morfac in simplified

cases did not cause the results to significantly deviate from the full solution. This approach

was extended by Roelvink [252], who proposed running multiple accelerated simulations in

parallel for different tidal phases and using a weighted average of morphological change to

update the bathymetry for the next time step.

Event-scale models are also used to model storm sequences and recovery periods between

storms. Ranasinghe et al. [158] developed the Probabilistic Coastline Recession (PCR)

model, which generates 100-year sequences of storm events and employs the event-scale

swash impact model of Larson et al. [94] (LEH04) to predict dune recession. The model also

considered SLR projections and used a constant, empirically derived rate of dune recovery

between storm events [158]. Long et al. [253] developed a modeling framework for Breton

Island, Louisiana, to assess restoration design alternatives that used XBeach to model the is-
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land’s response to successive storm events over a 15-year time period. Shoreface and bay-side

erosion between storm events were not modeled explicitly, but were accounted for through

manual manipulation of the pre-storm profiles [253].

2.3.3 Summary of Advancements and Limitations

The literature indicates that over the last fifty years significant advancements have been

made in long-term morphodynamic modeling of barrier systems. Again, model development

has followed a rather natural progression - from the simplified to the complex. The intuition

behind some of the earliest models (e.g., one-line and translation models) laid a foundation

on which subsequent model development has been steadily built. More complex formulations

have been developed to predict shoreface shape changes, rather than assuming a constant

equilibrium profile. Additional processes have been added (e.g., overwash representations,

changes in sediment supply) to more closely capture the underlying mechanics of barrier

transgression. Models are also increasingly being developed to incorporate other sub-systems

(e.g., the backbarrier marsh-lagoon system) that impact the long-term morphodynamics.

Yet there are still many limitations to be addressed, including (but not limited to) model

validation, uncertainty characterization, and the incorporation of relevant processes and

important factors. Although there is a wealth of satellite imagery available to coastal re-

searchers, this dataset is limited both in the information it contains (i.e., primarily shoreline

and marsh positions) and its temporal coverage for long-term model calibration and vali-

dation. This lack of long-term quantitative data is one likely reason why many long-term

models have not been thoroughly validated. Other long-term models that were originally

created to explore barrier island morphodynamics and develop new hypotheses - what Mur-

ray [254] calls ‘exploratory models’ - have largely remained as such and have not yet shifted
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toward the prediction of real systems. Additionally, although testing model sensitivity is

common practice, most models are not developed to explicitly consider input parameter un-

certainty. Models typically receive averaged or representative input values and produce a

single-value output rather than a statistical range of predictions. Another limitation, sim-

ilar to event-scale modeling, is that most previous efforts have focused on evolution of the

natural barrier system and have neglected anthropogenic impacts. Other relevant processes

such as barrier subsidence, aeolian transport, backbarrier marsh growth/erosion, and factors

that impact erosion and deposition such as vegetation type and density, have mostly been

excluded from long-term models with only a few exceptions.

One modeling challenge that has persisted over time is the extrapolation of small-scale sedi-

ment transport predictions to large scale coastal behavior (LSCB) - a link which is certainly

intuitive. However, the problem of uncertainty or error propagation, where uncertainty or er-

ror at the small scale compounds over time resulting in imprecise or inaccurate predictions,

has stifled this type of long-term modeling. De Vriend [255] indicates the extraordinary

challenge of this unsolved problem saying, “...it must even be doubted whether models for-

mulated at a small scale will ever be able to describe LSCB,” and reverently quips that “we

may need another Ludwig Prandtl” before we have a good answer.

2.4 Research Gaps and Needs

Based on the advancements that have been made toward our Grand Challenge, and the

limitations that persist in our modeling efforts, we have identified critical gaps and future

research needs that might be addressed moving forward. The gaps and needs highlighted

below are those we believe are most critical for making progress toward the Grand Challenge.

We acknowledge, however, that other gaps and needs exist. The research gaps and needs
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may be generally categorized as follows: 1) Observations, data availability and accessibility,

2) Scientific understanding of relevant processes, and 3) Modeling framework and approach.

These categories are expounded below.

2.4.1 Observations, Data Availability, and Accessibility

One of major limitations of our current modeling efforts is the availability of data. While

technological advancements during the 20th century increased our ability to collect good

data, the timing of these advancements means the quantity of long-term data for validation

is sparse. On the other hand, event-scale data are not limited by time, but by the complexi-

ties and dangers associated with collecting perishable data before, during, and immediately

following storm events. However, to improve our scientific understanding of the relevant

processes and associated modeling efforts, we must overcome these data limitations so that

we can ground truth our theories and formulations in observations. Herein we discuss a

few high-level issues regarding data acquisition and accessibility, while assuming that some

methodological advancements for data collection and analysis will be required to further our

understanding of the relevant processes discussed in the following section.

Long-term observations of coastal morphodynamics generally exist only at a limited number

of well-monitored sites (e.g., Duck, NC, [256]; Torrey Pines, CA, [257]; Ocean Beach, CA,

[258]; Fire Island, NY, [259]; Narrabeen-collaroy, Australia, [260]; Truc Vert, France, [261];

Hasaki, Japan, [262]; South Holland, Netherlands, [263]), which are maintained by various

government agencies and academic institutions. It is vital that these long-term monitoring

efforts continue while new avenues of data at higher spatiotemporal resolutions are sought. As

such, we must be diligent to make the most of available datasets, develop new ones, and make

them broadly accessible. We must develop and promote centralized, open access databases
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(e.g., the Community Surface Dynamics Modeling System - CSDMS) that contain both open

access models and collected data (e.g., the use of public archival in the National Science

Foundation’s DesignSafe [264], or post-event field data [265]). Increasing the amount and

quality of available data would also be useful for blind model comparisons, data assimilation,

and machine learning applications.

One way to push toward increased dataset availability is to continue to capitalize on tech-

nologies that exist and are readily available. A perfect example of this is remote sensing data,

such as publicly available satellite imagery [e.g., 266, 267, 268]. We also expect that publicly

accessible LiDaR datasets will become more widely available with continued advancements

in drone technology [269]. It might also require us to creatively enlist the public’s help in

data collection such as using public photos and photogrammetry [e.g., 270]. A second way

to advance this initiative is by developing new data collection methods or technologies. Due

to the perishable nature of pre- and post-storm data and the uncertainties surrounding the

timing and location of storm events, morphological data before, during, and after storm

events is difficult to obtain. Certain efforts are underway to help coordinate, collect, and

make available this perishable data, including the National Science Foundation’s NHERI

RAPID Facility [265, 271] and Nearshore Extreme Events Reconnaissance program [272].

2.4.2 Scientific Understanding of Relevant Processes

Epistemic uncertainty and the exclusion of relevant factors are two important previously

mentioned limitations. The epistemological issues discussed herein include both hydrody-

namics and sediment transport, and the relevant factors discussed include vegetation dy-

namics and anthropogenic impacts.

Despite hydrodynamic simulation advancements, increased complexity in sediment transport
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formulations has not always translated to increased accuracy. Quoting from a study by

Davies et al. [273] in which multiple transport formulations were compared, Bosboom and

Stive [88] noted that most sediment transport predictions are only accurate within an order

of magnitude, and that empirical calibration of these model formulations is still necessary

in many cases. They also remarked that the simpler formulations are still often the best

available ones. This indicates an obvious shortcoming in our ability to reproduce realistic

hydrodynamic forcing conditions and to model the relationship between forcing and sediment

transport. Aagaard and Hughes [99] highlighted some of the latter shortcomings, stating that

there is room for improvement in our quantitative understanding of bed load and suspended

load transport, as well as our knowledge of which parameters (other than bed shear stress)

can lead to better transport rate predictions. Notably, while such improvements would

certainly lead to advancements in event-scale modeling efforts, the initial impact on long-

term models would be minimal.

One of the greatest advancements in event-scale morphodynamic modeling in recent years

was the inclusion of infragravity waves in the hydrodynamic calculations [41]. While we

still do not fully understand the mechanics of how these waves impact nearshore sediment

transport [54], we now recognize their importance in predicting event-scale morphodynamic

response. Other factors such as the non-linearity of incident waves, the interaction of inci-

dent and infragravity waves, and swash zone dynamics, including turbulence and boundary

layer flows, may also prove to be key missing components in coupled hydrodynamics-sediment

transport formulations that have a significant impact on event-scale morphodynamics. While

these factors may be key missing components, the small scales needed to resolve some of these

hydrodynamic and sediment transport processes would require computational resources that

make such modeling practically infeasible at present. Continued computational advance-

ments may help to alleviate such limitations.
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In studying and developing formulations for event-scale processes such as overwash and

breaching, it is important to consider all of the contributions to total inundation height,

including tides, storm surge, and waves. The exclusion of one or more of these contributions

can alter the total inundation height and corresponding morphological response. Further-

more, special consideration should be given to the timing of these contributions, as recent

work has shown that time differences between the bay peak surge and ocean peak surge can

lead to bay-side breaching [e.g., 49, 50, 51, 78].

Since data for event-scale morphodynamic response are sparse, future work should capitalize

on previously published studies or available data from historical events [e.g., 139], which

may yield additional insights into the nature of overwash and breaching. Moreover, since

overwash and breach observations are difficult to obtain in the field, physical modeling that

leverages advancements in data collection methods and instrumentation may also help us

better understand and quantify these processes. Although these physical modeling studies

would require careful consideration of potential scaling issues, we believe that valuable in-

sights into the overwash and breaching processes remain to be gained from this method of

study.

Another factor that may be prioritized for future studies is coastal vegetation. Currently,

we have a general understanding of how vegetation impacts barrier morphodynamics (e.g.,

dune stabilization, subaerial accretion, increased flow roughness) and vice versa [e.g., 146];

however, our quantitative understanding, and field-verification of that understanding, is fur-

ther behind. Moving forward, beneficial research efforts would include the quantification of

vegetation impact for parameters such as vegetation type, location, density, and hydrody-

namic conditions for implementation in event-scale and long-term models. Recent studies

[e.g., 274, 275] indicated that this research is underway, and recent modeling studies [e.g.,

145, 146] exemplify the initial stages of incorporating this information into event-scale mor-
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phodynamic analysis. Furthermore, with the U.S. Army Corps of Engineers’ recent release

of international guidelines on the design and implementation of Natural and Nature-Based

Features (NNBF) [276], we expect future studies to quantify the performance of NNBF in

various coastal environments.

Many coastal barriers are no longer representative of a natural environment as they are

either developed or impacted by development and engineering structures on neighboring

shorelines. Although many early studies and models sought to quantify the impact of en-

gineering structures on littoral transport (e.g., one-line modeling of shoreline changes near

groins), relatively few studies have quantitatively addressed the morphological impact of hu-

man development and other large-scale coastal restoration practices. Additionally, we would

benefit from better understanding how the coastal management process works holistically,

including how policies are developed, how individual restoration decisions are made, and how

studies which quantify anthropogenic impacts influence the management process, considering

cultural, political, and socioeconomic differences across localities. This type of analysis has

largely been absent in the barrier morphodynamics literature, with the exception of a few

observational studies on the feedbacks between coastal protection and real estate values [e.g.,

277], and modeling studies that consider the coupling of barrier morphodynamics with the

incentives of developers and owners [e.g., 278] and individuals in the coastal real estate mar-

ket [e.g., 279]. Moving forward, beneficial research topics would include understanding the

quantitative morphodynamic response between developed and natural barrier systems [e.g.,

280]), and the incentives, behavior, and impacts of human agents in what is appropriately

called a ‘coupled human-landscape’ or ‘coupled natural-human’ system [281, 282].
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2.4.3 Modeling Framework and Approach

There are several ways in which our modeling frameworks and overall approach may continue

to improve in order to further research and achieve higher-confidence predictions. First, since

modeling is inherently tied to the scientific understanding of the processes being studied, ad-

vancements in how those processes are understood must be regularly incorporated into the

improvement of existing models and the development of new models. As research has natu-

rally become more focused and specialized, many recent studies have been published related

to specific components of barrier island morphodynamics (e.g., sediment transport between

the inner shelf and active profile, beach-dune interactions, backbarrier marsh dynamics,

etc.). Therefore it is critically important that holistic models of barrier morphodynamics

incorporate the theory and formulations of more focused models.

Second, although some of the recently published long-term morphodynamic models included

sensitivity analyses for various parameters, model results are still largely presented as single

simulation output. Modeling efforts would benefit by increasingly employing ensemble ap-

proaches (e.g., Monte-Carlo techniques) that consider input parameter uncertainty. Rather

than producing a single output, a probabilistic range of results would be produced that can

help characterize uncertainty in the model predictions [283]. Such an approach lends itself

not only to identifying expected values, but also to identifying extreme scenarios and the in-

put parameter combinations that cause them. Additionally, with the large number of models

that have been developed, modelers may consider a multiple-model ensemble approach to

evaluate the range of predictions across various models, as has been done with model compar-

ison studies [e.g., 284]. Such an approach would emulate the current practice for forecasting

hurricanes and would also naturally facilitate model comparisons and identification of robust

and accurate models.
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Third, as we focus on expanding data accessibility and collection capabilities, we must be

diligent to incorporate the available data. In addition to model validation, data may be

used to train and/or reduce error in model predictions using machine learning and data

assimilation methods, respectively. There are many ways in which machine learning may be

employed in morphodynamic modeling to improve predictions and fine-tune model parame-

ters for a specific site [285]. Machine learning may also be employed to reduce computational

burden. As models include relevant processes at smaller scales, the computational burden

will naturally increase; however, machine learning techniques can serve to abstract those

computationally expensive processes, effectively substituting a recognized or learned pattern

for a more complex algorithm. One drawback to these powerful data-driven approaches is

that it is possible to ‘over-train’ a model with limited data, which effectively reduces its

predictive capability for conditions that have yet to be observed. Despite the benefits and

drawbacks of these methods, there are still relatively few models that explicitly incorporate

them, suggesting there is still much room for model improvement.

Fourth, many models still focus only on parts of the barrier system, without considering all

relevant processes. Such scientific focus up to this point was likely necessary to better under-

stand specific system components; however, our current knowledge of important processes

should lead to more complex, coupled, and fully representative models. For example, recent

models [e.g., 1, 17] have shown the importance of coupling the backbarrier marsh-lagoon

system to barrier evolution models; however, there are still relatively few models that incor-

porate these as coupled systems. Barrier subsidence has received relatively little attention

in the literature and has been incorporated into a minority of barrier evolution models [e.g.,

201, 202]. Yet, from these few studies, we see that consolidation rates can significantly im-

pact the future evolution of the system. The role of aeolian transport has also largely been

neglected in barrier island evolution models. Although a large body of work exists regarding
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aeolian transport and its role in dune recovery [e.g., 286], few full-scale barrier evolution

models have integrated this research. This may be the case, at least in part, because of the

relatively recent focus on modeling storm sequences and post-storm beach and dune recov-

ery [38]. However, as various studies have indicated the importance of these morphological

components, modeling efforts would be most beneficial by driving toward the incorporation

of all relevant processes.

Finally, anthropogenic influences, such as urban development and its associated infrastruc-

ture, have changed and will continue to change the way many of the fundamental processes

discussed in this review affect barrier island morphology. This also includes coastal engineer-

ing infrastructure, which is often intended to reduce inundation and erosion, or to support

recreational and commercial navigation. Thus, modeling paradigms shifted toward repre-

senting barrier islands as coupled human-natural systems would provide important insights

[281]. Modeling frameworks that included anthropogenic impacts such as the effects of hu-

man agents [e.g., 278], urban development [e.g., 280], and coastal restoration practices [e.g.,

253], would help us explore and evaluate their impacts which would be useful in coastal

planning.

2.4.4 Summary

In closing, future research and development in the area of morphodynamic modeling of

coastal barrier systems would benefit by leveraging existing and new datasets, advance-

ments in observation technologies, and emerging data science approaches to better charac-

terize morphological response and its uncertainty. Continuing the research community shift

toward open access models and data would facilitate more rapid advancement in this area.

Scientific advances are most needed in understanding anthropogenic and ecological influ-
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ences on barrier morphological change. Also essential is advancing scientific understanding

of observed morphological phenomena and the underlying sediment transport processes, in-

cluding the coupling between a barrier and its sub-systems. Such advancements will bring

us closer to achieving the overarching goal of high-confidence predictions of barrier system

morphodynamics in multiple spatiotemporal dimensions.
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Abstract

Recently developed models of coastal barrier morphodynamics include marsh and lagoon

processes that have been shown to impact barrier island evolution. To gain additional insights

into the simulated barrier-backbarrier system dynamics, this study explores the parameter

space of a barrier evolution model using global sensitivity analysis. Influential parameters,

their interactions with one another, and regions of sensitivity within the parameter space

were identified using Sobol indices and factor mapping techniques for model results through

the end of the century. The results of this study highlight an important relationship between

initial and critical barrier island geometries and suggest that narrow and low-relief barriers

are most vulnerable to be eroded away (width drowning) or overtaken by sea level rise (height

drowning), respectively. Width drowning was also strongly associated with other model

input parameters such as toe depth, sea level rise rate, and backbarrier critical bed shear

stress, which suggests that sub-centennial drowning is dependent on a unique combination

of input parameter values and may be averted (or delayed) with a single input parameter

change. Barrier dynamics were significantly influenced by the backbarrier marsh platform,

which was more impacted by sediment transport parameters such as critical bed shear stress

and ocean sediment concentration than maximum annual overwash flux. This suggests that

inorganic sediment deposition through tidal inlet dispersion is much more significant to the

backbarrier marsh and lagoon system than overwash over sub-centennial timescales and can

help to reduce the risk of width drowning.
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3.1 Introduction

Barrier islands front an estimated 10% of the world’s coastlines [7] and provide a variety

of socioeconomic benefits such as flood risk reduction [9], recreation and tourism [12]. One

of the most interesting features of barrier islands is that they are dynamic landforms; they

change both shape and location in response to storm events and chronic changes in their

environment such as sea level rise (SLR) and changes in sediment supply [e.g., 14, 15, 287].

Understanding the processes that drive the evolution of coastal barriers over decades or

centuries and accurate prediction of future island states through modeling are two active

and interdependent fields of research, both of which are necessary to effectively manage

coastal resources.

In the 1980s and 90s, coastal evolution models of various type and formulation began to

appear more frequently in the scientific literature [288]. These early models ranged in com-

plexity from one-line models of shoreline change [e.g., 16, 289], to simplified 1D translation

models [e.g., 169, 190, 191, 194], to two-dimensional and quasi-two-dimensional approaches

[e.g., 188, 189, 193, 195, 196]. Models also varied in their application, some applied to bar-

rier island systems specifically [e.g., 190, 194] and others to shorelines more generally [e.g.,

169, 189, 195, 289]. In recent decades, new models have continued to be developed, many of

which improve existing formulations and include processes that were not previously captured

such as changes in alongshore sediment supply via inlet dynamics [e.g., 197, 200, 205, 209],

overwash [e.g., 19, 171, 179, 199, 207], dune growth and erosion [e.g., 202, 212, 215, 217, 219],

and substrate consolidation by barrier migration [201, 202].

Sediment transport processes in the backbarrier marsh and lagoon system have also been

included in barrier island models of the last two decades. Two notable models that include

marsh-lagoon constituents are GEOMBEST+ [17] and the Lorenzo-Trueba and Mariotti
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(hereafter ‘LTM17’) model [1]. These models attempt to capture the inherent complexity in

the naturally-coupled barrier and backbarrier systems. The use of these models to explore

the coupled system behavior across a variety of scenarios has yielded additional insights into

long-term barrier dynamics. For example, Walters et al. [17] found that narrow backbarrier

marshes were sustained by barrier island overwash, which slowed the rate of barrier island

transgression with sea level rise (SLR). Lorenzo-Trueba and Mariotti [1] arrived at the same

conclusion from their modeling study, finding that transgression rates were reduced by the

presence of backbarrier marsh, which was impacted by overwash rates, inorganic sediment

contributions, and lagoon geometry.

The numerical experiments conducted by Walters et al. [17] and Lorenzo-Trueba and Mariotti

[1] were de facto sensitivity analyses in that they measured model output variability in

response to changes in model input parameters. These studies also focused on long-term

behavior over a 1,000-year simulation time period. While the sensitivity analyses by Walters

et al. [17] and Lorenzo-Trueba and Mariotti [1] yielded important insights, we hypothesize

that a more thorough exploration of the parameter spaces over a shorter simulation time

period may yield additional findings.

To gain additional insights into the simulated barrier-backbarrier system dynamics, our study

simulates barrier evolution using the LTM17 model through year 2100, which may be in view

at the end of some long-term planning horizons, and explores the model’s input parameter

space using global sensitivity analysis, which is a tool that can help modelers better under-

stand the impact of their model’s input parameters. Twenty of the LTM17 model’s input

parameters were evaluated in this study. These parameters are related to initial and equi-

librium system geometries, external forcing conditions, and inorganic sediment transport,

erosion, and deposition. More specifically, this study will focus on answering the following

questions:
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1. Which parameters significantly influence the model results?

2. Are there significant parameter interactions that influence the model results?

3. Are there regions of higher or lower sensitivity within the parameter space?

A variety of simulations and calculations were performed to address these questions. Input

parameter sensitivities were characterized by estimating their contribution to the total model

variance using the Sobol method [20]. Factor mapping was also used to explore the associ-

ation of input parameter values with distinctive simulation categories (e.g., drowning) and

regions within the parameter space. This analysis may be used to inform future modeling

efforts in terms of understanding which parameters are most important to constrain, which

parameters are relatively unimportant and can be fixed at a particular value, and which

parameters should always be included as part of uncertainty analysis.

3.2 Lorenzo-Trueba and Mariotti (2017) Model

The LTM17 model was created as a coupled reformulation of two previously published stan-

dalone models, namely the Lorenzo-Trueba and Ashton model [19, hereafter ‘LTA14’] and

the Mariotti and Carr model [18, hereafter ‘MAC14’]. The LTA14 model focuses on pro-

jecting changes in the barrier island itself, while the MAC14 model simulates changes in the

backbarrier marsh and lagoon system. For a full description of the LTM17 model, the reader

is referred to Lorenzo-Trueba and Mariotti [1] and references therein.

The LTM17 model simulates long-term changes in both the barrier island and backbarrier

(marsh and lagoon) subsystems. These subsystems are delineated in the model by six hor-

izontal state variables: the toe position (XT ), shoreface position (XS), backbarrier position

(XB), backbarrier marsh position (XM1), interior marsh position (XM2), and the main-
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Figure 3.1: Idealized Barrier Profile from LTM17 Model. Figure modified from Lorenzo-
Trueba and Mariotti [1]. Aerial image of Assawoman Island section from [5].

land position (XM3). Four vertical state variables, which include the barrier height (HB),

lagoon depth (DF ), and marsh depths (DM1, DM2), are also used to define the system ge-

ometry. Figure 3.1 provides a graphical representation of the barrier subsystems and state

variables. Together, simulated changes in these ten state variables are tracked over time

through equilibrium-based sediment flux calculations, also shown in Figure 3.1, including

shoreface sediment flux (QSF ), overwash flux (QOW ), sediment flux between the shoreface

and lagoon (Iosl), sediment flux between the lagoon and marshes (Ibml and Iiml), and biomass

production within the marsh platforms (Obm and Oim).

Shoreface sediment flux is calculated using the equilibrium profile assumption of Swart [290],

who found cross-shore sediment transport on the shoreface to be proportional to its deviation

from an estimated equilibrium profile. Overwash flux is driven by the barrier’s deficit volume,
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which is the volume of sediment required to extend the barrier’s height (HB) to a critical

value (Hcr) such that overwash could no longer be deposited on the island, plus the volume

of sediment required to extend the barrier’s width (WB) to a critical value (Wcr) such that

overwash could no longer be deposited in the backbarrier system [19]. This idea of a barrier

height or width that prevents overwash deposition originated as the ‘Critical Length Concept’

from Leatherman [114]. The volume deficit indicates the amount of sediment a barrier is able

to accommodate before reaching its critical width and height; hence, the volume deficit is

also commonly described as ‘accommodation space’ in the literature. Sediment is exchanged

between the shoreface, lagoon, and marshes through tidal dispersion based on the relative

concentration of sediments in each zone. Organic creation of marsh sediment and inorganic

deposition of sediment in the marshes offset the loss of marsh elevation due to sea level rise

and marsh erosion by backbarrier waves.

A number of ‘result variables’ may be calculated from the state variables shown in Figure 3.1.

For example, change in shoreline position (∆XS) is a result variable that may be calculated

by subtracting the initial shoreline position (XS0) from the final shoreline position (XSf
).

Change in barrier width (∆WB) is another result variable that is calculated by subtracting

the initial difference between the barrier and shoreline positions (XB0 −XS0) and the final

difference between the barrier and shoreline positions (XBf
− XSf

). The result variables

considered in this study are presented in Table 3.1 with their state variable calculations and

associated units. Note that many of the result variables involve calculations between the

values at the beginning and end of the simulation to account for variations in the initial

system geometry.

The LTM17 model has multiple strengths. One notable strength is its inclusion of marsh-

lagoon processes, which relatively few barrier evolution models account for explicitly [288]

and which have been shown to significantly impact barrier island evolution dynamics [e.g.,
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Table 3.1: LTM17 Model Result Variables

Result Variable Symbol Calculation Units
Change in Shoreline Position ∆XS (XSf

−XS0)
† [m]

Change in Barrier Width ∆WB (XBf
−XSf

)− (XB0 −XS0) [m]
Change in Barrier Height ∆HB (HBf

−HB0) [m]
Change in Backbarrier Marsh Width ∆BM1 (XM1f −XBf

)− (XM10 −XB0) [m]
Change in Lagoon Width ∆BF (XM2f −XM1f )− (XM20 −XM10) [m]
Marsh Depth DM (DM1f ) [m]
Lagoon Depth DF (DFf

) [m]
Interior Marsh Width BM2 (XM3f −XM2f ) [m]
†The f and 0 subscripts denote final and initial positions, respectively.

1, 17]. Another strength of the model is its simplicity, from its transect-based setup to

its straightforward state equations and Eulerian solution scheme. This simplicity leads to

a relatively fast model runtime and gives the model a computational advantage over other,

more complex models. This computational advantage allows modelers to evaluate parameter

sensitivities toward a more robust understanding of the model and system dynamics, and

to perform uncertainty analysis, which accounts for knowledge gaps and inherent parameter

randomness in the final model projections.

However, these modeling advantages also come with certain assumptions and limitations

which must be considered when interpreting the results. For example, model transects have

a perfectly linear shoreface slope and rectangular representations of the subaerial island,

marshes, and lagoon. This idealized transect geometry, combined with the equilibrium-based

approach to sediment flux calculations, streamlines the model computations but can also

lead to some oversimplifications. For example, the linearized shoreface slope is assumed to

respond to deviations from the equilibrium value at a single rate, whereas in reality, we would

expect the lower shoreface to respond more slowly than the upper shoreface [53, 291, 292].

Another limitation stems from the absence of modeled dunes. The relationship between

the water level and dune elevation is typically used to define the storm regime [e.g., 47]
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which then has a direct impact on the barrier morphology [e.g., 293, 294]. Additionally,

washover is assumed to be deposited uniformly across the rectangular island and backbarrier

marsh platform, whereas in reality, washover deposits become increasingly shallow toward

the mainland [295].

3.2.1 Distinctive Simulation Categories

As the coupled barrier-backbarrier system evolves in the LTM17 model, there are four types

of distinctive simulation categories in which the barrier system undergoes such a substantive

change that the simulated processes that drive evolution of the system are no longer appli-

cable. In such simulations the computations are either halted with results at the current

timestep taken to be the final results, or significant geometry modifications are introduced.

Simulations that do not fall into one of the distinctive categories described above are referred

to as ‘Normal’ simulations, since they experience neither drowning nor lagoon infilling.

The first two distinctive simulation categories are those that result in barrier width drowning,

referring to the condition in which the barrier island width reaches zero before the year 2100,

and those that result in barrier height drowning for which the barrier height reaches zero

before year 2100. The third type of distinctive simulation occurs when the marsh depth

exceeds the maximum depth for marsh growth, which is referred to as marsh drowning. The

fourth type of distinctive category is lagoon infilling, which occurs when the lagoon depth

becomes equal to the marsh depth due to sediment deposition in the lagoon. In this type of

simulation, the model’s computations are not halted, but the marsh geometries are modified

by setting the backbarrier marsh position (XM1) equal to the barrier position (XB) and the

interior marsh position (XM2) equal to the intersection position of interior marsh and the

mainland (XM3). This effectively eliminates the marsh widths when the lagoon fills and
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should be considered in the interpretation of the results.

3.2.2 Previous Sensitivity Studies

The findings of previous sensitivity studies are briefly highlighted below for comparison with

the results of this study. At least four studies have been published that explore the sensitivity

of the LTM17 model or its predecessor, the LTA14 model. The four studies were performed

by Lorenzo-Trueba and Ashton [19], Ashton and Lorenzo-Trueba [208], Lorenzo-Trueba and

Mariotti [1], and Ashton and Lorenzo-Trueba [296].

In the first study of the LTA14 model, Lorenzo-Trueba and Ashton [19] explored how interac-

tions between key parameters such as maximum annual overwash flux (QOW,∗), shoreface flux

constant (K), SLR rate (ż), and mainland slope (β) influenced long-term behavior patterns.

The authors found barrier systems to behave in one of four ways: 1) dynamic equilibrium,

2) periodic retreat, 3) barrier height drowning, and 4) barrier width drowning. Since their

study was focused on long-term system behavior out to 1,000 years, the authors evaluated

how changes to input parameters affected the model’s proclivity toward one of these four

behaviors. Thus, parameters that did not impact the long-term oscillatory behavior pattern

were considered insensitive.

In the second study, Ashton and Lorenzo-Trueba [208] coupled the longshore model of Ash-

ton and Murray [199] with the LTA14 model to study the effects of sea level rise and long-

shore coupling over 400 years of barrier evolution. Using an initial shoreline disturbance

of decreased width as the catalyst for system change, the authors found that increased sea

level rise rates exacerbated the alongshore differences between adjacent island cross-sections.

However, they also found that a stronger coupling between adjacent cross-sections could

dampen these differences and had a significant impact on producing a smoothed, more uni-
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form shoreline.

In the third study, Lorenzo-Trueba and Mariotti [1] explored how larger initial lagoon widths

(BF ), smaller ocean sediment concentrations (Co), and smaller mainland slopes (β) affected

system dynamics over 1000 years. They found that each of these parameters increased the

accommodation space (either directly or indirectly) and lead to increased likelihood of width

drowning.

In the fourth and most recent study, Ashton and Lorenzo-Trueba [296] evaluated the impact

of a changing mainland slope, and found that changes to the backbarrier slope directly

impacted the accommodation space and associated behavior, similar to previous studies.

Results from each of these studies are summarized in Table 3.2.

A common theme across the previous sensitivity analysis studies is a focus on millennial-

scale, system-level behavior patterns. While these results shed light on system feedbacks,

they do not explicitly consider system sensitivities over the short-term planning horizon,

which may be given higher consideration in coastal management decisions. These studies

also do not explore the full range of input parameter combinations and thus may not identify

all relevant parameter interactions.

3.3 Methodology

For this study, the Sobol method, developed in 1993 by Russian mathematician Ilya M. Sobol

[20], was selected due to its widely recognized robustness as a global sensitivity analysis

method and its ability to identify parameter interactions. As of 2016, this method was

considered to be one of the “most sophisticated [sensitivity analysis] approach[es] developed

to-date” [24].
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Table 3.2: Results from Previous Sensitivity Studies.

Study∗ Parameter∗∗ Impact
LTA14 ż(+) Increased width drowning; reduced by higher K and Qow.
LTA14 K(+) Reduced width drowning; increased migration.
LTA14 Qow(+) Reduced width drowning;∗∗∗ increased migration.
LTA14 β(−) Increased width drowning and decreased migration.
LTA14† W0(+/−) Insignificant impact on long-term behavior.
LTA14† VD,MAX(+) Increased dynamic equilibrium; decreased periodic retreat.
LTA14† DT (+) Requires increased Qow and K to maintain equilibrium.
LTA14† Wcr(−) Increased width drowning.
ALT15 ż(+) Increased and sustained change between cross-sections.
ALT15 dsh(−)†† Increased and sustained change between cross-sections.
LTM17 BF,0(+) Increased marsh erosion and width drowning.
LTM17 C0(−) Increased width drowning; decreased migration.
LTM17 β(−) Increased lagoon depth and width drowning.
ALT18 dβ/dx(+) Decreased accommodation space; increased migration.
ALT18 dβ/dx(−) Increased accommodation space and width drowning.
∗LTA14: Lorenzo-Trueba and Ashton (2104); ALT15: Ashton and Lorenzo-Trueba (2015); LTM17:
Lorenzo-Trueba and Mariotti (2017); ALT18: Ashton and Lorenzo-Trueba (2018)
∗∗Signs following the parameter should be read as an increase or decrease in that parameter leading
to the associated impact. E.g., ‘ż(+)’ should be read, ‘An increase in ż leads to... [associated
impact].’
∗∗∗Exception: high Qow can diminish shoreface sediment and lead to drowning.
†Published in Lorenzo-Trueba and Ashton [19] supporting information.
††Shoreline diffusivity constant (proxy for alongshore coupling).
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3.3.1 Sobol Method Overview

The Sobol method involves calculating sensitivity indices for each input parameter that

quantifies the percentage of model variance accounted for by that input parameter individu-

ally and interactively. Higher index values are associated with more sensitive parameters. In

this study, three types of Sobol indices are calculated: (1) first order indices, (2) k -th-order

indices, where k is the total number of input parameters being evaluated, and (3) interaction

indices.

The first order index for a given input parameter, also commonly referred to as a parameter’s

‘main effect,’ is defined as the variance of the conditional mean associated with fixing said

parameter at a given value, divided by the total variance. Mathematically, the first order

index (Si) is as follows:

Si =
V (E(Y |Xi))

V (Y )
(3.1)

where V (E(Y |Xi)) is the variance of the expected value, or mean, of the model output

(assuming sufficiently many model simulations for stability) given that parameter Xi is fixed

at a randomly sampled value in its range, and V (Y ) is the total model variance. This

calculation produces Si values between 0 and 1, with higher Si values indicating greater

sensitivity. Because the index calculation involves expected values (means) and variances, the

index values will become increasingly stable as more simulations are performed. Conversely,

too few simulations increase the likelihood of numerical error in the results.

In many models, input variables often interact with one another so as to amplify or dampen

their impact on the results. The Sobol method’s k -th order index, more commonly called

the ‘total effect,’ captures a parameter’s main effect and all other higher-order or interactive
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effects. Mathematically, the calculation is represented by:

STi
= 1− V (E(Y |X∼i))

V (Y )
(3.2)

where E(Y |X∼i) is the conditional mean of the model output associated with fixing the value

of all parameters except for Xi.

The k -th order Sobol index provides a couple of important insights. First, if the k -th order

index is zero or near zero, then it may be concluded that the factor does not significantly

contribute to the total model variance and can therefore be fixed at any value in its range.

Second, by subtracting the first order index from the k -th order index, the impact of the

parameters’ interactions is isolated - this metric is referred to herein as an ‘interaction index.’

Therefore, if there is a significant difference between the first and k -th order indices for a

given parameter (i.e., if its interaction index is large), that particular parameter, it may be

concluded, significantly contributes to the results through one or more interactions.

3.3.2 Model Parameterization

Twenty input parameters were selected for evaluation in this sensitivity study. Since the

Sobol Method requires numerous model simulations and randomly sampled input parameter

values, each input parameter was assigned a value range that defined the upper and lower

limits of the sampling range. Parameter ranges were selected for this study based on typical

ranges or values that have been justified and used in previous studies including Lorenzo-

Trueba and Ashton [19], Mariotti and Carr [18], Lorenzo-Trueba and Mariotti [1], and Miselis

and Lorenzo-Trueba [297]. A comparison of this study’s parameter ranges to those of previous

studies is presented in Table B1.1 of the Supplementary Material. The 20 input parameters
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Table 3.3: LTM17 Model Input Parameters

Symbol Input Parameter Value Range Units Category†

β Mainland Slope 0.0001− 0.005 [m/m] Geometry
DT Toe Depth 5− 15 [m] Geometry
Wcr Critical Width 100− 600 [m] Geometry
Hcr Critical Height 0.5− 4 [m] Geometry
W0 Initial Width 100− 1, 000 [m] Geometry
H0 Initial Height 0.5− 4 [m] Geometry
αe Equilibrium Shoreface Slope 0.005− 0.025 [m/m] Geometry

BM1,cr Critical Backbarrier Marsh Width 50− 500 [m] Geometry
BM1,0 Initial Backbarrier Marsh Width 50− 1, 000 [m] Geometry
BF,0 Initial Lagoon Width 1, 000− 10, 000 [m] Geometry
DF,0 Initial Lagoon Depth 1− 3 [m] Geometry
QOW,∗ Max. Annual Overwash Flux 1− 100 [m3/m/yr] Forcing
ż Sea Level Rise Rate 3− 20 [mm/yr] Forcing
K Shoreface Flux Const. 100− 10, 000 [m3/m/yr] Forcing
Uref Reference Wind Speed 5− 10 [m/s] Forcing
r Tidal Range 0.7− 2.8 [m] Forcing
ωs Sediment Settling Velocity 0.05− 0.5 [mm/s] Sediment
τcr Critical Bed Shear Stress 0.05− 0.4 [Pa] Sediment
Co Ocean Sediment Conc. 30− 200 [mg/l] Sediment
BP Peak Biomass Production 1.5− 3.5 [kg/m2] Sediment

†The categories indicate the general nature of the input parameter; some alter the system geometry,

others the forcing conditions, and some the sediment transport.

are presented in Table 3.3 with their value range and units. Each parameter was also broadly

categorized as influencing the system geometry, forcing conditions, or sediment transport

calculations. Initial geometries of the system were also randomized for this sensitivity study

to determine the influence of a system’s current state on its long-term evolution; some of

these initial geometries were also later constrained to evaluate their impact (see Section

3.3.3). The sensitivity of the 20 input parameters was evaluated for each result variable in

Table 3.1.
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3.3.3 Simulation Sets

Three sets of simulations were performed to answer the proposed research questions. For all

of the simulations described below, randomized input parameter values were sampled from

a uniform distribution across their value range.

To gain a preliminary understanding of model behavior, we ran 50,000 simulations with

fully randomized input parameter values and used factor mapping to associate the parameter

values with the distinctive simulation categories described in Section 3.2.1. These simulations

required approximately 3.59 CPU-hours and are hereafter referred to as Simulation Set

A. Since initial barrier geometries and critical bed shear stress were found to significantly

impact the model results toward drowning and lagoon filling (see Section 3.4.1), the geometry

parameters were fixed at their average range values and the shear stress parameter was

constrained (maximum 0.2 Pa) for the other simulations.

To calculate numerically stable first order and k -th order Sobol indices for input parameters

(Table 3.3) and result variables (Table 3.1), 250,000 model simulations were run per input

parameter. A total of 5 million simulations were run for conditional variance calculations

which required 346 CPU-hours. These simulations are hereafter referred to as Simulation

Set B. Input parameter values were randomly generated and index values were calculated

following the matrix resampling procedure described in Saltelli et al. [23].

To explore specific parameter interactions and regions of sensitivity within the parameter

space, we again ran 50,000 simulations with fully randomized input parameters. This set of

simulations required approximately 3.59 CPU-hours and is hereafter referred to as Simulation

Set C.
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Figure 3.2: Distinctive Simulation Category Boxplots for Simulation Set A by Input Parame-
ter for (a) Initial Barrier Width, (b) Initial Barrier Height, and (c) Critical Bed Shear Stress.
Input parameters are shown on the y-axes. Each boxplot represents the 5th, 25th, 50th, 75th,
and 95th percentiles, from bottom to top. Distinctive simulation categories are represented
on the x-axes: ALL = all simulations/scenarios; NRM = normal (no drowning/filling); WD
= width drowning; HD = height drowning; MD = marsh drowning; FIL = lagoon filling.

3.4 Results

3.4.1 Preliminary Results

Select results from Simulation Set A are presented in the boxplots in Figure 3.2 (see Figures

B2.1 through B2.4 in the Supplementary Material for all results). Comparing these boxplots

to one another allows us to see whether an input parameter significantly influences the model

toward a drowning and/or filling scenario, which should be taken into consideration in the

interpretation of results. Statistically significant differences between each category’s median

value and the ALL category median value were identified by non-overlapping 95% confidence

intervals and are indicated by gray-colored boxplots. Confidence intervals are provided in

the Supplementary Material in Tables B2.1-B2.4 and B4.1-B4.3.

The initial and critical barrier geometry parameters (W0, H0, Wcr, Hcr) were found to be most

influential on the barrier results. Low values of initial barrier width were strongly associated

with width drowning simulations (Fig. 3.2a) while low values of initial barrier height were
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strongly associated with height drowning simulations (Fig. 3.2b). Significant interaction

indices and heatmap plots of the preliminary results confirm that a significant interaction

is present between the initial geometries and critical geometries (see Figure B3.1 in the

Supplementary Material). The barrier geometry tends to increase when critical geometry is

greater than initial geometry, and the barrier geometry decreases when critical geometry is

less than initial geometry.

Preliminary results also show that critical bed shear stress (τcr) significantly influences the

simulation toward lagoon filling and/or drowning, as noted by the statistically significant

difference between the ALL and NRM medians in Figure 3.2c. Since the WD and HD

boxplots greatly overlap NRM but the FIL boxplot does not, it may be concluded that high

τcr values drive the model toward lagoon filling.

In addition to showing general tendencies or associations, the boxplots in Figure 3.2 also

show parameter thresholds. For example, the results suggest that barrier drowning does not

typically occur when initial barrier width is above 400 m. Similarly, height drowning does

not occur when initial barrier heights are above 3 m, and lagoon filling does not occur when

the critical bed shear stress is below 0.2 Pa.

3.4.2 Influential Parameters

From Simulation Set B, the first and k -th order Sobol indices were calculated for each

combination of input parameter (Table 3.3) and result variable (Table 3.1). These results

are presented graphically in Figure 3.3.

From Figure 3.3a, it may be observed that most input parameters tended to impact a subset

of result variables, the exception being SLR rate (ż), which influenced a majority of the

results. However, in Figure 3.3b, parameters were more influential over many different result
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Figure 3.3: Heatmaps of (a) First Order Indices and (b) k -th Order Indices from Simula-
tion Set B. Result variables are shown on the x-axes according to their symbols, and input
parameters are shown on the y-axes according to their symbols.
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variables. In addition to SLR rate (ż), reference wind speed (Uref ), tidal range (r), critical

bed shear stress (τcr), and the ocean sediment concentration (Co) all show at least moderate

influence for most result variables. Other parameters such as the shoreface equilibrium slope

(αe), critical backbarrier marsh width (BM1,cr), shoreface flux constant (K), sediment settling

velocity (ωs), and peak biomass production (BP ) had zero (or near-zero) Sobol indices for

many of the results, suggesting these parameters were relatively non-influential.

Similar to the preliminary results, critical barrier geometries (Wcr and Hcr) were highly sig-

nificant for the barrier results. Changes in barrier width and shoreline position were also

influenced by the barrier toe depth (DT ). Forcing conditions such as maximum annual over-

wash flux (QOW,∗) and SLR rate (ż) influenced the barrier results individually, while other

forcing parameters such as wind speed (Uref ) and tidal range (r), and sediment transport

parameters such as critical bed shear stress (τcr) and ocean sediment concentration (Co),

showed low to moderate influence on the barrier results through interactions. The backbar-

rier results were also consistently influenced by the same forcing conditions and sediment

transport parameters. Backbarrier geometry parameters tended to influence one or two re-

lated result variables. Mainland slope (β) influenced interior marsh and lagoon widths; the

initial backbarrier marsh width (BM1,0) influenced the backbarrier marsh and lagoon widths;

and the lagoon results were influenced by the initial lagoon width (BF,0) and initial lagoon

depth (DF,0).

The influence of parameters may also be seen in their association with distinctive simulation

categories from Section 3.2.1. Boxplots were generated for each input parameter from the

50,000 fully randomized simulations in Simulation Set C. Select results are presented in

Figure 3.4 (see Figure B4.1 in the Supplementary Material for all results). Of the 50,000

total simulations, 0.3% resulted in width drowning, 3.2% resulted in marsh drowning, and

4.0% resulted in lagoon filling. There were no height drowning simulations in Simulation Set
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Figure 3.4: Distinctive Simulation Category Boxplots for Simulation Set C by Input Param-
eter for (a) Toe Depth, (b) Critical Barrier Width, (C) Sea Level Rise Rate, (d) Reference
Wind Speed, (e) Critical Bed Shear Stress, and (f) Ocean Sediment Concentration. Input
parameters are shown on the y-axes. Each boxplot represents the 5th, 25th, 50th, 75th, and
95th percentiles, from bottom to top. Distinctive simulation categories are represented on
the x-axes: ALL = all simulations/scenarios; NRM = normal (no drowning/filling); WD =
width drowning; MD = marsh drowning; FIL = lagoon filling. There were no height drowning
simulations in this simulation set.

C. These drowning scenario numbers exclude cases where lagoon filling lead to drowning.

Of the lagoon filling scenarios, 6.0% ended in width drowning and 66% ended in marsh

drowning. Thus, only 28.0% of lagoon filling scenarios did not lead to drowning of the

marsh or barrier island.

From Figure 3.4, width drowning simulations are associated with low values of toe depth,

critical bed shear stress, and ocean sediment concentration, and high values of critical barrier

width, SLR rate, and wind speed. Marsh drowning simulations correspond to high SLR rate
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Figure 3.5: Heatmap of Interaction Indices (ST i − Si) from Simulation Set B.

and low ocean sediment concentration, and lagoon filling is associated with low wind speed,

high critical bed shear stress, and high ocean sediment concentration.

3.4.3 Interactions and Sensitive Regions

Interaction indices were calculated for each input parameter and result variable combination

from Simulation Set B. These indices, presented in the heatmap in Figure 3.5, show that

the most interactive parameters are wind speed (Uref ), tidal range (r), critical bed shear

stress (τcr), and ocean sediment concentration (Co), which have very high index values for

marsh depth, and relatively high indices across most other result variables. SLR rate (ż)

also has moderately high interaction indices across the result variables. Maximum annual

overwash flux (QOW,∗) is highly interactive for the barrier results, but is not interactive

with the backbarrier. Critical barrier geometries (Wcr and Hcr) are primarily interactive
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with the barrier system, with critical barrier width also impacting the backbarrier marsh

width. Initial backbarrier marsh width (BM1,0) interactions impact both the marsh width

and transgression rates, and initial lagoon width (BF,0) interactions impact marsh depth and

to a lesser extent, barrier width and transgression.

While the relative interactivity of the input parameters and result variables may be known

from the interaction indices, it is not always apparent which parameters interact and to

what effect. From Figure 3.5, the most interactive parameters for each result variable were

identified and used to generate heatmaps using factor mapping from Simulation Set C in

Figures 3.6 and 3.7. In Figure 3.6, it should be noted that for each of the results (e.g.,

barrier height: panes a-c), each pane shows one of the three combinations; thus, all three

panes combined give a glimpse of the 3-dimensional parameter space.

Interactions for the barrier results primarily involve critical/initial geometry parameters and

forcing conditions. Larger critical geometries are associated with greater barrier heights

and widths and greater changes in shoreline position (Fig. 3.6a,b,d,e,g,h). However, this

relationship is offset by lower values of overwash flux, SLR rate, and initial marsh width,

and by greater values of toe depth. Overwash flux also interacts with SLR rate, initial

marsh width, and toe depth to influence the barrier height, width, and transgression results,

respectively.

In the backbarrier, initial marsh width controls the change in marsh width results for large

critical barrier widths; however, low critical barrier widths significantly reduce the changes in

marsh width (Fig. 3.7a). Interior marsh widths are significantly increased by low mainland

slopes and high SLR rates (Fig. 3.7b). Larger values of critical bed shear stress tend to

increase marsh depth and lagoon width but only for low values of wind speed (Fig. 3.7c,d).

Higher critical bed shear stress is also associated with more significant reductions in lagoon

depth, particularly for low initial lagoon widths (Fig. 3.7e).
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Figure 3.6: Heatmaps of Parameter Interactions for Barrier Results (Simulation Set C).
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Figure 3.7: Heatmaps of Parameter Interactions for Backbarrier Results (Simulation Set C).

Figures 3.6 and 3.7 also show regions of sensitivity or nonlinearities within the parameter

space. For greater critical barrier heights and widths, a significant nonlinearity is observed

in the overwash flux parameter between 5 and 10 m3/m/yr for all of the barrier results.

Nonlinearities are also observed for barrier width and transgression results where the critical

barrier width nears the initial width. For the backbarrier results, significant nonlinearities

are observed for the interior marsh width when mainland slope is lower than 0.001 m/m,

and for marsh depth when critical shear stress exceeds 0.15 Pa for lower wind speeds.

3.5 Discussion

Initial and critical island geometry were found to significantly influence the barrier results,

both individually and interactively, over the 100-year simulation period. This is because

the model was formulated using the critical length concept of Leatherman [114], which acts
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as a pseudo-equilibrium formulation that determines where and when overwash flux occurs.

The critical length concept was based on Leatherman’s observation of a barrier island that

narrowed to an observed threshold, or critical width, before experiencing higher rates of

transgression, where the overwashed sediment could reach the backbarrier to offset shoreline

erosion [114]. This phenomenon was also noted in the subsequent work of Everts [236],

who found barrier retreat rates were notably less than preceding rates due to the islands’

narrowing states. Robbins et al. [298] have shed additional light on this phenomenon in a

more recent study of a U.S. East Coast barrier island chain. Therein, a proposed conceptual

model shows eroded sediment from narrowing barriers helps to sustain the width of downdrift

neighboring islands, which maintains their low retreat rates. The model results presented

herein clearly demonstrate this well-documented behavior, where the change in shoreline

position is greatly increased when the initial barrier width is less than or equal to the critical

barrier width (Supplementary Material Figure B.3.1c,f), or when the critical barrier width

is comparatively large (Fig. 3.6g,h). The interaction plots indicate that critical geometries

act as an equilibrium anchoring point to which the system naturally gravitates.

Initial island geometry was also found to have significantly influenced whether or not bar-

riers experienced sub-centennial width drowning or height drowning. From Simulation Set

A, barriers that were more than 450 meters wide (the 39th percentile of the barrier width

range) rarely experienced width drowning and barriers greater than 3 meters high (the 71st

percentile of the barrier height range) rarely experienced height drowning during the multi-

decadal simulation period (Fig. 3.2a,b). This expands on and confirms our understanding

gained from previous studies, which focused more on the behavioral tendencies of barrier

islands toward drowning, periodic retreat, or dynamic equilibrium over centuries. For ex-

ample, Lorenzo-Trueba and Ashton [19] found that long-term behavior was not significantly

influenced by initial geometry parameters as the initial system trajectories would reverse
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course toward dynamic equilibrium values over time; however, they did find that width

drowning was associated with decreases in critical barrier width. This is likely a result of

the phenomenon previously discussed, that a low critical width drives the system toward

a sustained low-width equilibrium state that is more likely to drown as ocean-side erosion

outpaces backbarrier expansion toward the mainland [e.g., 19, 208].

The results from this study suggest that moving boundaries (i.e., changes in height, width,

and shoreline position) of barrier islands through the end of the 21st century will be most sig-

nificantly influenced by the relationship between the initial and critical geometries and that

narrow and low-relief barriers are most vulnerable to width drowning and height drowning,

respectively. While barrier drowning is certainly significant, the question remains whether

the boundary changes in non-drowning simulations are of any consequence. Wolinsky and

Murray [232] concluded that even though initial geometries could influence short term shore-

line changes, long-term trends would be independent of such influences and would be con-

trolled primarily by the substrate slope, which was demonstrated in subsequent numerical

experiments conducted by Moore et al. [240] and Murray and Moore [299]. For barriers that

transgress in a state of periodic retreat, short term changes in barrier geometry could be

irrelevant, since the barrier system might shift back toward its dynamic equilibrium state

and prograde during the next cycle [19]. However, a more recent modeling study by Ciar-

letta et al. [300] showed that it is possible for dynamic forcing conditions to interrupt the

stability of these cycles. In this study, the authors showed that sudden changes or ‘pulses’ in

SLR could modify depositional patterns and increase a barrier’s potential for drowning [300].

Therefore, short term boundary changes from initial and critical geometries may impact the

sustainability of barriers, even those which are in a presently stable form of retreat.

Width drowning simulations showed a remarkable association not only with critical and ini-

tial widths, but also with multiple other parameters including low toe depth (≤ 8 m), low
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initial marsh width (≤ 350 m), high initial lagoon width (≥ 6500 m), high rates of SLR

rate (≥ 15 mm/yr), high reference wind speeds (≥ 9 m/s), low critical bed shear stress

(≤ 0.08 Pa), and low ocean sediment concentration (≤ 60 mg/l) (Fig. 3.4; Supplementary

Material Fig. B4.1). The significance of most of these parameters regarding width drowning

confirms the findings of previous studies summarized in Table 3.2, including Lorenzo-Trueba

and Ashton [19], Ashton and Lorenzo-Trueba [208], Lorenzo-Trueba and Mariotti [1], and

Ashton and Lorenzo-Trueba [296]. However, to the authors’ knowledge, these results are the

first to show that modeled short-term width drowning is dependent on the unique combina-

tion of these parameters. Taken together, the statistically significant parameter associations

suggest that all are required for width drowning to occur within the multi-decadal simula-

tion time period. It also indicates that if one or more of these parameters falls outside of

the ranges described above, through either natural or anthropogenic changes, then width

drowning can be avoided in the short term or at least delayed. Such results may be used to

inform localized alternatives analysis of nature-based solutions [301] or other viable coastal

restoration practices.

Barrier width and shoreline position were also influenced by the equilibrium shoreface slope

and the shoreface toe depth, the latter being more significant (Fig. 3.3). Toe depth was

found to influence transgression through interactions with critical barrier width and overwash

flux (Fig. 3.5, 3.6h,i), and lower toe depth values were associated with width drowning (Fig.

3.4a). These influences are a result of conservation of mass from the nearshore-shoreface

boundary to the barrier-backbarrier marsh boundary. In the model formulation, overwash

volume that is deposited on or behind the barrier is eroded from the shoreface and ocean

side of the island [1]. Thus, all else being equal, islands with smaller toe depths have less

available sediment for transport by overwash than islands with larger toe depths, meaning

that islands must migrate larger distances to balance the eroded and deposited sediment
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volumes. This finding is consistent with other published studies that found a relationship

between decreased sediment supply and increased island transgression [e.g., 180, 240, 241].

Furthermore, because toe depth is defined as the depth of the toe or seaward extent of

the active shoreface profile, it can also be connected with the equilibrium profile concept

of closure depth, which marks the location at which temporal profile adjustments due to

changes in wave climate becomes negligible, effectively separating the active profile from the

inactive profile [244, 302]. While this depth threshold of shoreface activity is well-recognized

and implemented in various models [e.g., 19, 169, 238], it has been shown that the time frame

over which the simulation or study is conducted will impact the threshold, with longer time

frames being associated with greater closure depths [187, 303]. It has also been shown that

modifying toe depth based on accelerations in SLR rate can also have a significant impact

on transgression rates [292].

One surprising result was the relative insignificance of the mainland slope parameter across

the barrier and backbarrier results. Numerous studies have demonstrated the importance of

antecedent substrate on the morphology of modern barriers [e.g., 176, 177], including more

recent studies of U.S. East Coast barriers in which the antecedent substrate was critical to

understanding the migrational history of the islands [e.g., 304, 305]. In this study, it was

expected that lower mainland slopes would result in larger changes in shoreline position [174]

and/or larger lagoon widths as mean sea level rose. However, the lagoon results in Figure

3.3 show only modest index values for SLR rate and insignificant values for mainland slope.

Although it is not entirely clear why mainland slope appears insensitive, two hypotheses

for these interesting results are: 1) that the LTM17 model’s assumption of instantaneous

interior marsh growth with SLR increments reduced the mainland slope’s impact on lagoon

width, and/or 2) the simulation time scale was too short to produce a notable impact on

the transgression rates. Additional modeling is suggested to explore this interesting result.
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Most of the forcing parameters were found to significantly influence the model results, the

exception being shoreface flux (Fig. 3.3), which is associated with how fast the shoreface is

driven back toward its equilibrium state by wave climates during recovery periods between

storm events. The insignificance of shoreface flux was somewhat surprising, given its demon-

strated influence in helping barrier’s sustain long-term behaviors such as periodic retreat

and dynamic equilibrium [e.g. 19, 300] and its more detailed formulations in other models

[e.g., 53, 179]. The results were also surprising given the significance of toe depth, which, in

reality, is related to shoreface flux. Taken together, these results suggest that the geometric

constraints of the shoreface were more influential than the rates of shoreface response for

short term simulations.

Although there were no instances of height drowning in Simulation Set C, the instances of

height drowning from the preliminary results (Simulation Set A) help us understand the

importance of overwash. Low overwash values (≤ 15 m3/m/yr) were associated with all of

the simulations that resulted in height drowning in the preliminary results (Supplementary

Material, Fig. B2.4). This highlights the criticality of overwash processes in maintaining

the elevation of barrier islands with respect to SLR [e.g., 66, 295, 306]. Based on this

understanding, a future increase in the frequency and localized intensity of coastal storms,

which is expected among coastal scientists [e.g., 13, 307] and supported by observations and

modeling studies [e.g., 308, 309], would naturally lead to increases in overwash flux that

would enable barriers to maintain their elevations. However, storm-driven overwash can

also have destructive effects on barrier island morphology including beach and dune erosion,

channelization of antecedent low spots, and washout [310] that are largely dependent on

the storm regime [47, 311, 312]. Higher storm-driven water levels generally increase in the

morphological impact on barriers [287], although not in every case [293]. Based on modeling

results from Passeri et al. [294], increases in storminess can result in barriers changing from a
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narrowing (i.e., decreasing width) to a flattening (decreasing height) state and can increase

the likelihood of breaching and drowning when coupled with increases in SLR. Mariotti

[313] found that sediment supply played a key role in whether or not barriers gained or lost

elevation due to storms, with high sediment supply leading to accretion and low sediment

supply leading to barrier flattening. The results of this study also strongly imply that where

overwash is artificially reduced, height drowning is possible by the end of the century for

low-relief barriers under high rates of SLR. This finding is underscored by other studies which

have found anthropogenic impacts to significantly impact overwash and barrier morphology

[e.g., 280, 297, 314].

While high overwash values help maintain barrier height, they can also impact the barrier

width positively or negatively depending on other geometry parameters such as initial marsh

width, toe depth, critical barrier width, and initial barrier width, the latter of which was

fixed at 350 m for Simulation Set C. Higher overwash flux values can increase island width

when critical width values are high (Fig. 3.6d), and since overwash removes sediment from

the shoreface and subaerial island, greater change in the shoreline position is also observed

(Fig. 3.6g). The increase in barrier width can be modulated by the initial marsh width, for

which lower values offset the changes or lead to decreases in barrier width (Fig. 3.6f). This is

because lower backbarrier marsh widths increase accommodation space, requiring additional

washover volume to maintain the barrier width [17]. Increases in barrier transgression are

also regulated by increasing toe depth, which requires less retreat distance to achieve mass

balance of the profile (Fig. 3.6i). In short, under high overwash conditions, barriers with low

toe depths and low marsh widths were the least efficient at converting the change in shoreline

position to the change in (back)barrier position, which led to reduced barrier widths. Deaton

et al. [315] observed this phenomenon in a study of U.S. East Coast barrier islands and

estimated that 51% of the observed marsh loss was due to barrier transgression.
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The rate of SLR was very influential on the model results, particularly for barrier trans-

gression and marsh depth (Fig. 3.3). Higher rates of SLR created larger accommodation

spaces that required liberated sediment from the seaward side of the transgressing barrier to

fill. Thus, a direct relationship exists between the rate of SLR and rate of barrier transgres-

sion. This is in line with the previous sensitivity results (see Table 3.2) and is supportive of

findings from other modeling studies such as Moore et al. [180], who found that significant

changes in SLR (based on Intergovernmental Panel on Climate Change projections) could

result in a 150% increase in the transgression rate of the studied U.S. East Coast barrier and

increase the possibility of drowning.

The results from this study showed that backbarrier marsh and lagoon dynamics were closely

aligned with previous modeling studies. Parameters that were associated with the original

MAC14 model, such as reference wind speed, tidal range, critical bed shear stress, and

ocean sediment concentration, all impacted the backbarrier results in line with the original

model [18], while the parameters associated with the original LTA14 model impacted the

backbarrier results very little - the exceptions being critical barrier width and mainland slope

(Fig. 3.3). SLR rate was a parameter in both original models (LTA14 and MAC14) and

was found to be very influential across the board. Backbarrier parameters also influenced

the barrier results, specifically the change in barrier width and change in shoreline position.

This influence was manifested via reductions in backbarrier marsh width and depth, which

increased backbarrier accommodation space and led to increased overwash volumes, decreases

in barrier width, and drowning, similar to Lorenzo-Trueba and Mariotti [1].

Critical bed shear stress, which affects the erodability of the lagoon sediment, was found

to have significantly influenced the model results. Shear stress was significant both in the

original simulations (Simulation Set A) where values greater than 0.2 Pa led to lagoon filling

and values lower led to barrier drowning (Fig. 3.2c), and in the modified simulations where
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higher values (0.15-2.0 Pa) still led to lagoon filling and lower values (less than 0.08 Pa) were

associated with width drowning (Fig. 3.4e). Increasing the critical bed shear stress simulates

an increase in the lagoon’s erosion resistance. As less lagoonal sediment is eroded, less is

exported to the marsh or ocean which causes the lagoon to fill; oppositely, when critical bed

shear stress is reduced, the lagoon deepens which increases marsh erosion, accommodation

space, and leads to width drowning. Reeves et al. [316] modeled the impact of modified

critical bed shear stress by adding seagrass beds to the GEOMBEST+ model of Walters

et al. [17] and found very similar results as their seagrass beds act as source and sink terms

for inorganic backbarrier sediment. However, they also found that decreases in seagrass

beds, corresponding to a decrease in critical bed shear stress, allows the sediment that it had

trapped to be exported to the marsh, resulting in marsh progradation [316].

Ocean sediment concentration, which influences the amount of inorganic sediment deposition,

was also found to have significantly influenced the model results, as low values corresponded

to both width and marsh drowning (Fig. 3.4f). These findings support the conclusions from

the original study by Lorenzo-Trueba and Mariotti [1], who found that reduced sediment

concentrations led to increased width drowning and decreased migration (see Table 3.2).

Low ocean sediment concentrations reduce all inorganic sediment deposition in the back-

barrier, thereby increasing accommodation space through reductions in marsh width, marsh

depth, and lagoon depth. These results highlight the importance of considering the inorganic

sediment transport dynamics in the marsh and lagoon [317, 318] and suggest that tidal inlet

dynamics, including the formation of new inlets (i.e., breaching), are critical morphodynamic

components of the barrier island system and should be considered in long-term barrier island

modeling approaches [e.g., 121, 213]. Considering the influence of these parameters alongside

the relative insignificance of overwash for the backbarrier system, these results suggest that

inorganic sediment deposition through tidal inlet dispersion is much more significant to the
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backbarrier marsh and lagoon system than overwash over sub-centennial timescales.

3.6 Conclusions

The aim of the study was to gain additional insights into multi-decadal barrier-backbarrier

system dynamics by exploring the parameter space of the LTM17 model using global sen-

sitivity analysis, specifically the Sobol Method. The influence of each input parameter on

the wide range of model results was tested both individually and interactively, and specific

regions of sensitivity within the parameter space were identified through heatmaps of pa-

rameter interactions and boxplots of parameter values associated with distinctive simulation

categories.

Initial and critical barrier geometry parameters were found to significantly influence barrier

width, height, and shoreline position through the end of this century, with narrow, low-

relief barriers being most vulnerable to drowning. Width drowning was also found to be

associated with multiple parameter value ranges, suggesting the risk of sub-centennial width

drowning may be averted (or delayed) with a single input parameter change. The barrier

profile’s toe depth and the shoreface equilibrium slope, which are influenced by average wave

climate, were also found to moderately influence barrier width and transgression due to

conservation of mass within the barrier profile. The significant influence of critical bed shear

stress and ocean sediment concentration on the backbarrier results, especially in contrast

to the insignificance of overwash, suggests that inorganic sediment deposition through tidal

inlet dispersion is much more significant to the backbarrier marsh and lagoon system than

overwash over sub-centennial timescales.

The application of global sensitivity analysis to the LTM17 barrier island morphodynamic

model using both the Sobol Method and simple factor mapping techniques has provided
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new insights into the modeled system dynamics and has confirmed various elements of our

current understanding of barrier evolution. Future modeling studies of barrier evolution

should use these sensitivity results to constrain the parameters identified as most significant

and to minimize uncertainty.

Acknowledgements

This material is based upon work that is partially supported by the U.S. Army Corps of

Engineers through the U.S. Coastal Research Program (under Grant No. W912HZ-20-2-

0005), the National Science Foundation (under Grant Numbers 1735139 and 1630099), and

Virginia Sea Grant College Program Project R/72155T funded by the National Oceanic

and Atmospheric Administration’s National Sea Grant College Program, U.S. Department

of Commerce (under award NA18OAR4170083). The statements, findings, conclusions, and

recommendations are those of the author(s) and do not necessarily reflect the views of the

U.S. Army Corps of Engineers, the U.S. Coastal Research Program, the National Science

Foundation, Virginia Sea Grant, the National Oceanic and Atmospheric Administration, or

the U.S. Department of Commerce. The authors acknowledge Advanced Research Comput-

ing at Virginia Tech for providing computational resources and technical support that have

contributed to the results reported within this paper. URL: https://arc.vt.edu/.

106



Chapter 4

Comparability of Global Sensitivity

Analysis Methods Applied to a

Long-Term Coastal Morphodynamics

Model

Steven W.H. Hoagland1, Jennifer L. Irish1, Robert Weiss2,3

1Department of Civil and Environmental Engineering, Virginia Tech, Blacksburg, VA

2Department of Geosciences, Virginia Tech, Blacksburg, VA

3Academy of Integrated Science, Virginia Tech, Blacksburg, VA

This manuscript is under review.

107



CHAPTER 4. COMPARABILITY OF GSA METHODS

Abstract

Global sensitivity analysis can help computational modelers understand the dynamics of a

complex model and prioritize factors to reduce uncertainty. While many global sensitivity

analysis methods exist, it is not always clear which methods are best suited for a particular

modeling application. In this study, five sensitivity methods – correlation, factorial, Mor-

ris, Sobol, and VARS – were applied to a long-term coastal morphodynamics model and

their performance compared for parameter rankings, convergence, and reliability. All of the

sensitivity analysis methods evaluated in this study were generally capable of identifying

groups of the most sensitive parameters at extremely high simulation counts, with correla-

tion showing some notable exceptions. The Morris method outperformed the other methods

in convergence and reliability analysis due to its consistency in identifying the highest and

lowest ranked parameters. VARS ranked second in performance, showing better convergence

and reliability than the Sobol method, and at lower computational expense.
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4.1 Introduction

Computational modeling is a critical component of coastal morphodynamic analysis. Its

ability to aid researchers and practitioners both in understanding system dynamics [e.g.,

2, 19, 241] and predicting future system states [e.g., 44, 284] has led to its wide adoption

and application. Myriad coastal morphodynamic models were developed during the last half

century [288]. With this increase in model development and associated model complexity

came a need for tools to evaluate and better understand them.

Sensitivity analysis, which Saltelli et al. [319] defined as “The study of how the uncertainty

in the output of a model (numerical or otherwise) can be apportioned to different sources

of uncertainty in the model input,” is perhaps the best available tool to understand the

dynamics of a complex model. Because sensitivity analysis often requires many model runs

and can impose a significant computational burden, researchers in this field naturally sought

to improve the sensitivity analysis procedure to reduce computational burden while maxi-

mizing the information gained [26]. This area of research has proved fruitful over the last

few decades, while continuous innovations in hardware, software, programming languages,

and programming techniques have made sensitivity analysis more practical and economically

feasible [23, 26, 320, 321]. Because of these advancements, modelers are able to choose from

a variety of sensitivity analysis approaches and methods to best suit their needs.

It is not always clear, however, which approaches or methods of sensitivity analysis are best

suited for a particular modeling application since both the models and sensitivity methods

can vary widely in their complexity, computational burden, and output [320]. Constrained

by project timelines and computational resources, modelers need to understand the benefits

and drawbacks of the various sensitivity analysis approaches to determine which methods

are most appropriate for their application. Various studies have been published comparing
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global sensitivity analysis approaches [e.g., 27, 28]. However, additional comparison studies

are needed as global sensitivity analysis is increasingly becoming its own field of study [26],

with approaches continuing to be developed and improved [e.g., 24, 25]. Moreover, according

to Wang and Solomatine [322], few studies have evaluated the convergence and uncertainty

of the sensitivity analysis results themselves.

This study compared the performance of five popular global sensitivity analysis methods -

correlation, factorial, Morris, Sobol, and VARS - across evaluation criteria such as factor

prioritization (ranking) and fixing (screening), convergence, and reliability. Each of these

methods was applied to a long-term coastal morphodynamics model. To the authors’ knowl-

edge, this is the first global sensitivity analysis comparison study as applied to long-term

coastal models. While this study will be directly relevant for researchers and practitioners

using this particular large-scale coastal behavior model or those similar, this study will help

researchers and practitioners outside this field who are applying global sensitivity analysis

to other models or who are seeking to advance the field of global sensitivity analysis itself.

4.2 Methods

In this study, we applied five global sensitivity analysis approaches to a long-term coastal

morphodynamics model by Lorenzo-Trueba and Mariotti [1]. For each global sensitivity

approach, the computational burden and model results were evaluated and compared to the

other methods. We also analyzed the convergence of the results for each global sensitivity

approach by running different numbers of simulations for each method. Details regarding the

morphodynamic model and the global sensitivity analysis methods, including implementation

particulars, are presented below.
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Figure 4.1: Idealized barrier transect based on the LTM17 Model. Shoreface sediment
flux (Qsf), marsh organogenesis (Obm and Oim), overwash (QOW ) deposition on the barrier
(QOW,H) and marsh (OOW,B), and inorganic sediment fluxes between the lagoon and ocean
(Iosl), and lagoon and marshes (Imbl and Iiml) are shown. Figure modified from Lorenzo-
Trueba and Mariotti [1] and Hoagland et al. [2].

4.2.1 Morphodynamics Model

Lorenzo-Trueba and Mariotti [1] published a coastal morphodynamics model (hereafter

‘LTM17’ model) that simulates the evolution of a barrier-marsh-lagoon system over decades

to centuries through equilibrium-based sediment flux calculations. A graphical representa-

tion of the modeled barrier-marsh-lagoon transect is shown in Figure 4.1. The transect runs

from the seaward extent of the shoreface to the intersection of the mean high water (MHW)

elevation with the mainland slope and includes transect subregions such as the shoreface,

barrier island, backbarrier marsh, lagoon, and interior marsh.

The model tracks 10 state variables at each timestep, including barrier height (HB), marsh

depths (DM1, DM2), lagoon depth (DF ), and boundaries between the transect subregions

(XT , XS, XB, XM1, XM2, XM3), shown in Figure 4.1. Other result variables or metrics may

be calculated from these state variables such as change in shoreline position and the widths

of the barrier, marshes, and lagoon. These result variables, which are used to evaluate the

sensitivity results, are shown in Table 4.1 with their state variable calculations.
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Table 4.1: LTM17 Model Result Variables

Result Variable Symbol Calculation Units
Change in Shoreline Position ∆XS (XSf

−XS0)
† [m]

Barrier Width WB (XB −XS) [m]
Barrier Height HB [m]
Backbarrier Marsh Width BM1 (XM1 −XB) [m]
Lagoon Width BF (XM2 −XM1) [m]
Marsh Depth DM [m]
Lagoon Depth DF [m]
Interior Marsh Width BM2 (XM3 −XM2) [m]
†The f and 0 subscripts denote final and initial positions, respectively.

Table modified from Hoagland et al. [2].

Changes to the barrier-marsh-lagoon system are a result of sediment exchanges between

the system boundaries including storm-driven overwash, tidal inlet dispersion, and marsh

platform erosion and deposition. Boundary changes are also directly impacted by changes

in mean sea level (MSL), system geometry, such as shoreface slope and depth, and sediment

characteristics that impact its erodability and transport. For additional details on the LTM17

model, the reader is referred to Lorenzo-Trueba and Mariotti [1], and references therein.

The model variables that drive the previously described system changes are user-defined

model parameters. Fifteen LTM17 model input parameters were evaluated for this study.

These parameters are listed in Table 4.2 with their value ranges and units. The value ranges

define the lower and upper bounds of possible values in the sensitivity analysis. Parameter

ranges were selected to approximate the value ranges for other modeling studies employing

the LTM17 model (or similar models) such as Lorenzo-Trueba and Ashton [19], Mariotti

and Carr [18], Lorenzo-Trueba and Mariotti [1], and Miselis and Lorenzo-Trueba [297]. A

comparison of these values to previous studies is presented in the supplementary material of

Hoagland et al. [2]. For each simulation in the sensitivity analyses, model parameter values

were sampled from the value ranges according to a uniform probability distribution.
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Table 4.2: LTM17 Model Input Parameters

Symbol Input Parameter Value Range Units
β Mainland Slope 0.0001− 0.005 [m/m]
DT Toe Depth 5− 15 [m]
Wcr Critical Width 100− 600 [m]
Hcr Critical Height 0.5− 4 [m]
αe Equilibrium Shoreface Slope 0.005− 0.025 [m/m]

BM1,cr Critical Backbarrier Marsh Width 50− 500 [m]
QOW,∗ Max. Annual Overwash Flux 1− 100 [m3/m/yr]
ż Sea Level Rise Rate 3− 20 [mm/yr]
K Shoreface Flux Const. 100− 10000 [m3/m/yr]
Uref Wind Speed 5− 10 [m/s]
r Tidal Range 0.7− 2.8 [m]
ωs Sediment Settling Velocity 0.05− 0.5 [mm/s]
τcr Critical Bed Shear Stress 0.05− 0.2 [Pa]
Co Ocean Sediment Conc. 30− 200 [mg/l]
BP Peak Biomass Production 1.5− 3.5 [kg/m2]

Table modified from Hoagland et al. [2].

All model runs were performed for a 100-year simulation time period at a computational

time step of 0.1 years. In addition to the input parameter values defined in Table 4.2,

other model-required initial conditions and variables were defined for all simulations using

standard or predefined values from the original model publications. These parameters are

outlined in Section 1 of Appendix C.

4.2.2 Global Sensitivity Analysis

The five global sensitivity analysis methods evaluated in this study were: (1) correlation

method, (2) the two-level full factorial method, (3) the Morris method [323], (4) the Sobol

method [20], and (5) the variogram analysis of response surfaces method [24, 25]. A brief

overview of each method is provided below. For additional details regarding each method,

the reader is referred to Morris [323], Sobol [20], Saltelli et al. [23], Razavi and Gupta [24, 25],

and references therein.
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Correlation Method

As discussed in Saltelli et al. [23], correlation tests are one of the most simple approaches

to global sensitivity analysis. It involves running simulations with a fully randomized set of

input parameters and using statistical measures to quantify the relationship between the in-

put and output variables. With independent input parameters, strong correlations between

input parameter values and the model output would indicate relatively high parameter sen-

sitivities for those input parameters, while weak correlations would suggest input parameter

insensitivities. We refer to this approach hereafter as the ‘correlation method.’

Two correlation metrics were used to evaluate parameter sensitivities in this study. The first

is the commonly known coefficient of determination, or R2 value, which was calculated by

squaring the Pearson correlation coefficient (R) from a linear least-squares regression model.

The R value indicates the linear relationship between the input parameter values and model

output, while R2 indicates how much of the model output variance is explained by the linear

regression model. R2 is calculated by Equation 4.1:

R2 = 1−
∑n

i=1(yi − ŷi)2∑n
i=1(yi − y)2

(4.1)

where y is the output, y is the average output, and ŷ is the output predicted by the linear

regression model.

The second correlation metric used is Spearman’s rank-order correlation coefficient (ρ), which

is calculated by extracting the rank-orders of the input parameter values (ROin) and rank-

orders of the model output (ROout), and dividing the covariance of those rank-orders by

the standard deviations of the model input (σin) and output (σout), as shown by Equation

4.2. Spearman’s ρ has an advantage over R2 in quantifying correlation when a non-linear,
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monotonic relationship exists between the model input and output.

ρ =
COV (ROin, ROout)

σinσout
(4.2)

Implementation of the correlation method was conducted by running a user-defined number

of simulations with a fully randomized selection of input parameter values, according to the

value ranges presented in Table 4.2, and calculating the R2 and Spearman’s ρ values for each

association of input variable and model result variable.

Two-Level Full Factorial Method

The two-level full factorial method (hereafter the “factorial” method) compares the model

results at the extremes of the parameter space, often visualized as the corners of a mul-

tidimensional hypercube. The method is classified as a derivative-based global sensitivity

analysis method in that it calculates the rate of change of model output for a specified

step size, or in the case of this method, the entire value range, and it is also classified as a

one-at-a-time approach since it calculates these derivatives sequentially [23].

The number of simulations required to calculate parameter sensitivities using the factorial

method is 2k, where k is equal to the number of evaluated input parameters. Since 15 input

parameters were evaluated in the study, the factorial method required 32,768 simulations.

The parameter space for the model with k = 15 is a 15-dimensional hypercube, and each

of the 32,768 simulations is located in a unique corner of that hypercube. Derivatives were

then calculated from one corner of the input space to another, along the axis of the input

parameter of interest.

Each derivative calculation is called an elementary effect (EE) following the terminology of
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Morris [323], and is calculated by Equation 4.3:

EEi =
y(x1, x2, ..., xi + ∆Ri, ..., xk)− y(x1, x2, ..., xi, ..., xk)

∆
(4.3)

where EEi is an elementary effect associated with the ith input parameter (xi), y is the model

output, ∆ is the derivative step size across the unit value range, and Ri is the range of possible

values for parameter xi. There are 2k−1 elementary effects for each input parameter. Thus,

for k = 15, there are 16,384 possible elementary effects per input parameter, totaling 245,760

possible elementary effects in the parameter space. Final input parameter sensitivities are

estimated by calculating the mean of the absolute value of all elementary effects for each

input parameter; this is succinctly called the mean absolute elementary effect (MAEE).

Implementation of the factorial method involved creating an array of 2k simulations (i.e.,

input parameter values), where each simulation was a unique combination of all input param-

eter extreme values, and systematically calculating all of the elementary effects associated

with each input parameter.

Morris Method

The Morris method [323] randomly samples the interior of the multidimensional parameter

space using random orientations or trajectories, following the terminology of Saltelli et al.

[23]. The number of these trajectories (rt) are user-specified and each trajectory contains

k+1 sequential simulations, each of which differs from the previous simulation by modifying

a single input parameter value by some specified distance (∆) across its value range. The

appropriate ∆ value is determined by the user-specified discretization of the parameter space

into p− 1 intervals along each axis. When there is an odd number of intervals, Morris [323]

recommended selecting ∆ values equal to p/[2(p−1)] to achieve equal sampling probabilities.
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Although the work of Morris [323] involved model input parameters with values between 0

and 1, we apply his method to the LTM17 model, the parameter ranges of which contain

various scales, by normalizing each range between the minimum and maximum values, as

discussed in Rutjens et al. [324].

Similar to the factorial method, the Morris method estimates parameter sensitivities by cal-

culating all of the elementary effects for each input parameter by Equation 4.3, taking their

absolute value, and then calculating MAEE for each input parameter. The Morris method

is also classified as a derivative-based, one-at-a-time method for the same reasons as the fac-

torial method. The number of possible elementary effects per input parameter is determined

by the following expression, pk−1[p − ∆(p − 1)]. For this study, with p = 4, ∆ = 2/3, and

k = 15, the maximum number of elementary effects that may be calculated is approximately

537 million. Since each elementary effect calculation requires two simulations, more than

1 billion simulations would be required to compute every elementary effect. However, the

Morris method does not compute every elementary effect, but takes random samples of the

elementary effects in accordance with the rt trajectories through the parameter space.

Implementation of the Morris method for this study involved created an array of k + 1 sim-

ulations for a user-defined number of sample trajectories through the parameter space. The

trajectories and simulation arrays were developed following the method originally proposed

by Morris [323], and reiterated in detail in Saltelli et al. [23]. Once the simulations were

completed, MAEE values were calculated for each input parameter.

Sobol Method

The Sobol method [20] is predicated on the theory of model variance decomposition, which

suggests that the total variance of a model’s output can be decomposed and assigned to
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various model components or inputs. Based on this theory, the total model variance may be

considered as a summation of the variances associated with individual input parameters and

their combinations. This type of method, which characterizes input parameter sensitivities

based on these variances, is called a variance-based method. As described elsewhere, the

Sobol method is considered the standard for sensitivity analysis [22] and, along with the

Morris method, “one of the most rigorous approaches ... to date” [21].

Variance from the input parameters arises from the fact that each parameter has a range

of possible values over which it is sampled. If the total model variance is a summation of

variances associated with input parameters and their combinations, then it follows that the

total model variance might be reduced if one or more of the input parameters are fixed

at a particular value and not allowed to be randomly sampled from their value ranges.

This parameter fixing may be visualized as taking slices of the parameter space. Once

input parameters are fixed, the reduced model variance that results is called the conditional

variance.

The Sobol method uses conditional variance and conditional mean calculations to compute

index values for each input parameter. The index values are called Sobol Indices and range

from 0 to 1, with larger values indicating greater sensitivity. Although there are multiple

types of indices that may be calculated using the Sobol method, this study focuses on the

k-th order index, also called the total effect, which represents the fraction of model variance

that may be assigned to a particular input parameter and all of the interactions involving

that parameter. The total effect of the ith input parameter (STi
) is calculated by Equation

4.4:

STi
= 1− V (E(y|x∼i))

V (y)
(4.4)
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where V (E(y|x∼i)) is the variance of the conditional mean of the output when all parameter

values except for those of parameter xi are fixed, and V (y) is the total variance of the model

output.

Using brute computational force to calculate the conditional means and variances associated

with this Sobol index can be burdensome, requiring thousands of simulations to achieve

numerical convergence, which can limit the method to certain modeling applications. To

overcome this limitation, various methods have been developed to estimate the conditional

variances and associated indices [325]. Saltelli [326] proposed one such method, which in-

volves resampling two independent and randomly generated arrays of simulations that re-

duced the computational burden by at least 50 percent.

Implementation of the Sobol Method for this study followed the method proposed by Saltelli

[326] to estimate the indices for a user-defined number of simulations per input parameter.

The equations used to estimate the Sobol indices were optimized for index convergence

following the study by Nossent and Bauwens [327].

Variogram Analysis of Response Surfaces Method

The Variogram Analysis of Response Surfaces (VARS) method is the most recently developed

global sensitivity analysis method explored in this study and was published by Razavi and

Gupta [24, 25]. The method calculates parameter sensitivities using estimated variograms

of the response surface.

As Razavi and Gupta [24] discuss, the variogram function was developed in the field of spatial

statistics. Estimating these functions involves sampling pairs of points across the parameter

space, separated by various distances or perturbation scales (h). Thus, the variogram (γ) is

estimated as a function of the perturbation scale and involves calculating the variance (V ) of
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the differences in the pairs of sampled points separated by the perturbation scale, as shown

in Equation 4.5:

γ(h) =
V [y(x + h)− y(x)]

2
(4.5)

where y(x+h)−y(x) is the difference in model output (y) for input parameters (x) separated

by h, the perturbation scale.

Once the variogram functions for each input parameter are estimated, the sensitivity metrics

are calculated by integrating the variogram across a range of scales (iVARS). Three metrics

are recommended by Razavi and Gupta [24] including iVARS10, iVARS30, and iVARS50,

which are integrations of the variogram across 10%, 30%, and 50% of the input parameter

range, respectively. Hereafter these metrics are referred to as i10, i30, and i50.

Implementation of the VARS Method followed Razavi and Gupta [24, 25], using the VARS-

TOOL python package made publicly available on github [328]. The VARS analysis was

conducted with a latin hypercube sampling scheme, a perturbation scale of 0.1, and a user-

defined number of stars, or base sampling points, which is used with the perturbation scale

and number of input parameters to determine on the number of simulations performed.

4.2.3 Analysis

It is notable that the sensitivity methods presented herein produce different quantitative

ranges of sensitivity metrics. The correlation method produces coefficients between -1 and

1 for Spearman’s ρ or between 0 and 1 for R2; the Morris and factorial methods produce

elementary effects, which assume the value range and units of the result variables; the Sobol

method produces index values between 0 and 1; and the VARS method produces integrated
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values of the variograms, which also vary according to the result variables. This presents a

challenge when trying to compare results across methods. To facilitate this comparison, we

used the ratio of factor sensitivity (RFS) metric, which divides each parameter’s sensitivity

value by the sum of all input parameter sensitivities for a particular result variable. This

converted the disparate sensitivity results to an index scale between 0 and 1, thereby allowing

for the comparison of relative parameter sensitivities across different sensitivity methods and

result variables.

Once RFS values were calculated, they were used to rank the input parameters from most

sensitive to least sensitive. These parameter rankings were evaluated between sensitivity

methods and used to assess the convergence of the each method’s sensitivity metrics. For the

correlation method, the convergence of Spearman’s ρ values were evaluated by the number

of simulations spanning five orders of magnitude (i.e., from 101 to 105 simulations). For

the Morris method, the number of user-defined trajectories (each with k + 1 simulations)

was varied across five orders of magnitude to evaluate convergence of MAEE and associated

parameter rankings. For the Sobol method, the number of simulations per input parameter

was varied, and for the VARS method, the number of star points was varied, both across five

orders of magnitude. For all sensitivity methods and metrics, the results were bootstrapped

to produce 90% confidence intervals.

To compare the performance of the methods when constrained by a computational budget,

100 independent trials of each method were performed for computational budgets on the

order of 1,000 and 10,000 simulations. In both cases, we calculated the percentage of trials

that contained parameter rankings within one position (plus or minus) of each method’s

“true” ranking, which was determined by the convergence trial with the greatest number

of simulations. This analysis provided an estimate of each method’s reliability under com-

putational constraints. It may be summarily noted that the methods evaluated herein are
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all being compared with one another; thus, a true parameter sensitivity and a true error

are not calculable. We may, however, recognize the relative sophistication or robustness of

the methods, note areas of agreement and disagreement between them, and discuss where

certain methods may be more advantageous than others.

4.3 Results

Before sensitivity analysis is performed, it is a best practice to evaluate the model uncertainty.

The results of the uncertainty analysis are presented in Section 4.3.1. This is followed by

a comparison of the RFS values and parameter rankings across all sensitivity metrics in

Section 4.3.2, analysis of convergence for each method in Section 4.3.3, and method reliability

estimates in Section 4.3.4.

4.3.1 Output Uncertainty

Ten thousand model simulations were run to generate the output for the uncertainty analysis.

For each of these simulations, input parameter values were sampled from their value range in

Table 4.2 according to a uniform probability distribution. The number of model simulations

was selected to ensure convergence of the output means and percentiles for all result variables,

which are shown in Figure 4.2. Convergence plots of the result variable means and percentile

extremes (i.e., 5th and 95th percentiles) are provided in Section 2 of Appendix C.

The overlaid line graphs in Figure 4.2a-c show a wide distribution of final results over the 100-

year simulation period, as the change in shoreline position, barrier width, and backbarrier

marsh width results at year 2100 all varied on the scale of hundreds of meters. The same

is true for lagoon width and interior marsh width, although the latter contained extremely
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Figure 4.2: Uncertainty analysis for LTM17 model output. Boxplots in (a)-(d) indicate the
mean (triangle) and the following percentiles from bottom to top: p5, p25, p50, p75, p95.
Result variable histograms in (e) also show mean (µ), standard deviation (σ), skew (γ), and
kurtosis (κ) values.

123



CHAPTER 4. COMPARABILITY OF GSA METHODS

Table 4.3: Coefficients of Variation for Model Result Variables

Result Variable [Symbol] Coefficient of Variation
Change in Shoreline Position [∆XS] 0.72
Barrier Width [WB] 0.26
Barrier Height [HB] 0.39
Backbarrier Marsh Width [BM1] 0.77
Interior Marsh Width [BM2] 1.56
Marsh Depth [DM ] 1.13
Lagoon Width [BF ] 0.06
Lagoon Depth [DF ] 0.55

high values which increased the variation to thousands of meters (Fig. 4.2d). Barrier height,

marsh depth, and lagoon depth results all varied on the meter to sub-meter scale (Fig. 4.2d).

As indicated by the boxplots (Fig. 4.2a-d) and histograms (Fig. 4.2e), all of the results

showed a unimodal distribution, most of which also showed a positive skew (γ), with values

ranging from 0.26 (lagoon width and barrier height) to 4.48 (interior marsh width). The

kurtosis (κ) of the distributions were split. Change in shoreline position, marsh depth, and

interior marsh width all displayed high kurtosis values, while the remaining result variables

showed low kurtosis. The means and standard deviations are also shown in the histograms

for each result variable in Figure 4.2e. To compare standard deviations across the different

result variable scales, the coefficient of variation (σ/µ) was calculated for each result variable

and presented in Table 4.3. Interior marsh width showed the greatest coefficient of variation

at 1.56. In descending order, this was followed by marsh depth (1.13), backbarrier marsh

width (0.77), change in shoreline position (0.72), and lagoon depth (0.55). The other three

variables all showed coefficients below 0.4, with lagoon width being the lowest at 0.06.
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4.3.2 Method Comparison

Eight sensitivity metrics, calculated for each input parameter and result variable combina-

tion, were compared with one another via RFS score and parameter ranking. Figure 4.3

displays these results for change in shoreline position and Figure 4.4 presents the parameter

rankings for barrier width and backbarrier marsh width. RFS and parameter ranking re-

sults for all result variables are presented in Section 3 of Appendix C. Note that all of these

results were extracted from the highest number of simulations performed for each method

as follows: correlation method = 100,000; factorial method = 32,768; Morris method = 1.6

million; Sobol method = 1.7 million; VARS method = 1.5 million.

Figure 4.3 showed a strong consistency in the highest ranked parameters and the lowest

ranked parameters across the sensitivity metrics. RFS values were highest for Wcr, ż, and

QOW,∗, and near zero for β, BM1,cr, ωs, and BP (Fig. 4.3a). The RFS values for the other

parameters generally fell between 0 and 0.15.

The plot of parameter rankings in Figure 4.3b provides a more detailed look at this consis-

tency. The highest ranked parameters were Wcr and ż. The top rank was claimed by Wcr

for all methods except Spearman correlation and factorial, both of which gave Wcr a rank of

2 behind ż and QOW,∗, respectively. For the R2 correlation metric, Sobol index, and VARS

metrics, the second rank was assigned to ż, although ż drops to rank 3 for Morris and rank

4 for factorial. Other consistently top-ranked parameters include QOW,∗, which ranked in

the top 3 parameters for five of the eight sensitivity metrics, and DT , which ranked in the

top 4 parameters for six of eight metrics. β, BM1,cr, ωs, and BP ranked in the bottom 5

parameters across all sensitivity metrics with near-zero RFS values.

The other parameters hovered in the middle rankings. For example, Uref varied between rank

5 and 8 across all metrics, τcr varied between rank 6 and 11 across all metrics, and K varied
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Figure 4.3: Method comparison for change in shoreline position: (a) ratio of factor sensitivity,
and (b) parameter rank of significance.
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Figure 4.4: Parameter rank of significance for (a) barrier width and (b) backbarrier marsh
width.
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between rank 7 and 11 consistently. A few parameters showed slightly more variability in

rank between sensitivity metrics. Co, for example, was ranked 10th and 13th for the R2 and

Spearman correlation coefficients, respectively, while ranking 3rd, 4th, and 5th for the i10,

i30, and i50 VARS metrics, respectively. The top rank for parameter r was 4 for VARS-i10,

while all of the non-VARS metrics showed a 9 or 10 ranking.

This pattern of consistency in the highest and lowest rankings was also demonstrated for the

other result variables. For barrier width (Fig. 4.4a), Wcr was top ranked for all sensitivity

metrics while β, BM1,cr, ωs, and BP were all consistently ranked in the bottom 5 parameters.

For backbarrier marsh width (Fig. 4.4b), all metrics showed Co as the top rank and Uref

as the second rank, except for the factorial method, which reversed these two parameters.

The third rank was consistently held by τcr for all metrics except the R2 and Spearman

coefficients. The lowest ranks included K, αe, DT , and BP , all of which consistently ranked

in the bottom 5 parameters. Similar patterns were observed for the result variable plots in

Section 3 of Appendix C.

Comparing the correlation metrics (R2 and Spearman’s ρ), there does not appear to be any

significant difference between the results. However, there were some significant differences

between the rankings of the correlation metrics and the other sensitivity metrics. This is

seen, as mentioned previously, in the Co rankings for change in shoreline position (Fig. 4.3b),

which were ranked 10 and 13 in the correlation metrics, and between rank 3 and rank 7 for all

other metrics. This was also seen in the barrier width rankings (Fig. 4.4a) for τcr and Uref .

In the correlation metrics, τcr was ranked 12th, while the other rankings were as follows:

factorial (6th), Morris (5th), Sobol (4th), and VARS (3rd). Similarly, Uref was ranked 9th

in the correlation metrics, while the other rankings were: factorial (4th), Morris (5th), Sobol

(2nd), and VARS (2nd).

There were also notable similarities and dissimilarities between the remaining metrics de-
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pending on the input parameter and result variable. For most of the result variables (the

only exception being lagoon width), the i10, i30, and i50 VARS metrics showed consistent

rankings among the top-ranked parameters. For lower ranked parameters, the VARS metrics

showed increasing or decreasing rankings, typically by 1 or 2 positions but at most 3 or 4.

The rankings for the factorial, Morris, and Sobol metrics also showed variations in similar-

ity. For the change in shoreline position results (Fig. 4.3b), the rankings were very similar,

differing by a maximum of 3 positions between rank 8 and rank 11 across all three metrics.

The barrier width results (Fig. 4.4a) showed slightly more variation, with Wcr ranging from

rank 2 to rank 6, Hcr ranging from rank 3 to 7, and Co ranging from rank 5 to 9.

4.3.3 Convergence

Spearman’s ρ was calculated for each input parameter and result variable combination over

five simulation sets which spanned five orders of magnitude, from 10 to 100,000 simulations.

The absolute value of Spearman’s ρ value, 90% confidence intervals, and associated parameter

rankings are shown in Figure 4.5 for change in shoreline position. Convergence plots for the

other result variables are presented in Section 4 of Appendix C.

The 90% confidence intervals for Spearman’s ρ with 10 total simulations (N) were, on aver-

age, very large with significant overlap between the highest and lowest ranking parameters

(Fig. 4.5a). The average range of ρ values across all result variables at N = 101 was 0.55. As

expected, the confidence interval ranges were substantially reduced as the number of simula-

tions increases. The average ranges were reduced to 0.25 at N = 102, 0.08 at N = 103, 0.03

at N = 104, and 0.01 at N = 105 simulations (Fig. 4.5a). Most of the confidence intervals

at N = 103 contained the true ρ values, while some parameters showed significant error at

N = 101 and N = 102 (see Fig. 4.5a, Co and ωs).
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Figure 4.5: Convergence of the Spearman correlation results for change in shoreline position
by (a) mean absolute value of Spearman’s ρ with 90% confidence intervals and (b) rank of
parameter significance.
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As the confidence intervals converged, the parameter rankings also stabilized (Fig. 4.5b). If

the rankings at N = 105 are considered “true” rankings, there were many deviations from

the true rankings for N = 101 and N = 102 simulations. However, at N = 103 the 7 top-

ranked parameters all stabilized to their true ranking. Three more parameters reached their

true rankings (8-10) at N = 104, while the lowest 5 parameter rankings, all of which had ρ

values near zero, continued to adjust between N = 104 and N = 105. Similar patterns were

observable for the other result variables (see Appendix C Section 4).

Convergence of the Morris method results was evaluated by running five simulation sets,

varying the number of trajectories of each set by an order of magnitude, from 10 trajectories

to 100,000. Since each trajectory required k+1 simulations, the number of simulations varied

from 160 to 1.6 million. Figure 4.6 shows the MAEEs for change in shoreline position with

90% confidence intervals and associated parameter rankings. See Section 5 of Appendix C

for Morris convergence plots of the other result variables.

Similar to the convergence results for Spearman correlation, the 90% confidence intervals

for the Morris method’s MAEEs decreased in range as the number of simulations increased,

although there appeared to be substantially less interval overlap. The confidence intervals

in Figure 4.6a had relatively large ranges for 10 trajectories (N = 101) [µ=40m; max=124m]

and N = 102 [µ=28m; max=71], after which the interval ranges dropped considerably for

N = 103 [µ=11m; max=26m], N = 104 [µ=3m; max=7m], and N = 105 [µ=1m; max=2m].

It is important to note the accuracy of the MAEE estimates and associated parameter

rankings at N = 101 and N = 102. At N = 101, 5 of the 6 most significant parameters were

ranked between 1 and 6, and 5 of the 6 most insensitive parameters were ranked between 10

and 15 (Fig. 4.6b). This pattern also holds true for the other result variables (see Appendix

C Section 5). However, there was still the potential for significant error at N = 101. For

example, in Figure 4.6b, the 2nd most sensitive parameter (QOW,∗) was ranked 7th while the

131



CHAPTER 4. COMPARABILITY OF GSA METHODS

Figure 4.6: Convergence of the Morris method results for change in shoreline position by (a)
mean absolute elementary effects with 90% confidence intervals and (b) rank of parameter
significance.
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Figure 4.7: Convergence of the Sobol method results for change in shoreline position by (a)
total effects with 90% confidence intervals and (b) rank of parameter significance.

6th most sensitive parameter (Uref ) was ranked 2nd at N = 101. This error was rectified

at N = 102. The parameter rankings became mostly stable at N = 103 with only minor

changes in rank for the least sensitive parameters as more simulations were added.

Sobol index convergence was tested over five orders of magnitude of computational effort,

as the number of simulations per input parameter was varied from 10 to 100,000. The total

effects and 90% confidence intervals are displayed in Figure 4.7a for each input parameter

and the change in shoreline position result variable, with associated parameter rankings in

Figure 4.7b. Sobol convergence results for all result variables are provided in Section 6 of

Appendix C.
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The 90% confidence intervals for the STi
estimates in Figure 4.7a varied widely with the

number of simulations per input parameter (N). At N = 101, 7 of the input parameters

had negative STi
estimates, three of which were well below zero (DT=-0.38; Wcr=-0.8; and

QOW,∗=-0.1), and the average confidence interval range across all input parameters was 1.84.

These numbers indicated a significant amount of numerical error in estimating STi
since these

estimates should have been between 0 and 1. Increasing the number of simulations per input

parameter to N = 102 reduced the confidence interval ranges in Figure 4.7a, but did not

completely eliminate the numerical error. Interestingly, the confidence intervals appeared

to worsen for some result variables when moving from N = 101 to N = 102; see results

for barrier width and lagoon width, Figures C.6.1 and C.6.7 in Appendix C. At N = 103,

numerical error in the indices was eliminated and confidence intervals narrowed.

Due to the numerical error in the STi
estimates and associated confidence intervals, parameter

rankings at N = 101 and N = 102 were highly erroneous. At N = 103, the parameter

rankings became meaningful, and were quite accurate when compared to the “true” rankings

at N = 105, correctly grouping the top 5 and bottom 4 parameters. At N = 104, all of the

parameter rankings were completely stable and did not change when moving to N = 105.

Convergence of the VARS i50 metric was also evaluated by increasing the number of star

(base) sampling points from 1 to 10,000. With a perturbation scale of 0.1 and 15 input

parameters, the number of simulations ranged from 150 to 1.5 million. The i50 results with

90% confidence intervals and associated parameter rankings are presented in Figure 4.8 for

change in shoreline position. Similar plots for all result variables are presented in Section 7

of Appendix C.

Because the bootstrapped confidence intervals are generated by resampling the stars (base

points) in VARS, there were no confidence intervals generated in the case of a single star

(N = 100). At N = 101, the extent to which the confidence intervals overlap depended on
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Figure 4.8: Convergence of the VARS method results for change in shoreline position by (a)
VARS-i50 with 90% confidence intervals and (b) rank of parameter significance.
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both the result variable and the input parameter. From Figure 4.8a, parameters like DT

and Hcr had relatively narrow intervals, while the Uref interval was very large. The intervals

narrowed as the number of stars increased, similar to the other methods. At N = 103, the

confidence intervals mostly narrowed to provide a good estimate of the true value; however,

there were some notable exceptions (e.g., Wcr in Figure 4.8a; Uref in C.7.5 and C.7.7; τcr in

C.7.6.).

The stabilization of the parameter rankings based on the i50 metrics also depended on the

result variable. In Figure 4.8b, the rankings stabilized in groups at N = 102 and reached a

more complete stabilization between N = 103 and N = 104. For example, at N = 102 the

top 3 rankings were identified in the correct order while the other parameters were correctly

grouped in ranks 4-7, 8-10, and 11-15. This same pattern was observed for interior marsh

width (Fig. C.7.5), marsh depth (Fig. C.7.6) and lagoon width (Fig. C.7.7). Other result

variables showed highly accurate rankings at low N values such as lagoon depth (Fig. C.7.8),

which had perfect rankings at N = 100, and backbarrier marsh width (Fig. C.7.4), which

showed mostly correct rankings at N = 101. Across all the result variables, parameter

rankings nearly reached stabilization at N = 103, showing only minor variations in rank

between N = 103 and N = 104.

4.3.4 Reliability

One hundred independent trials were conducted for all sensitivity methods to test their

reliability under computational limitations. The number of simulations performed for each

method were as follows: Spearman correlation = 1,000; Morris method = 1,600; Sobol

method = 1,700; VARS method = 1,500. Note these values correspond to one of the orders

of magnitude in the convergence plots. Parameter rankings were estimated for each trial,
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and the percentage of correct rankings (defined as rankings within 1 position of the “true”

or converged rank) were calculated for each result variable and input parameter as shown in

Figure 4.9. Similar plots for the other result variables are included in Section 8 of Appendix

C.

Comparing the top, middle, and bottom heatmaps in Figure 4.9, it is noted again that the re-

sult variable selected for analysis impacted the results. For example, the differences between

the top rows of each heatmap in Figure 4.9 indicate that the reliability of the parameter

rankings by Spearman correlation were considerably different depending on whether change

in shoreline position, barrier width, or backbarrier marsh width was evaluated. This can be

better visualized by comparing plots showing all of the result variables, which are provided

for each sensitivity method in Figures C.8.3-C.8.6 in Appendix C.

The Morris method showed the highest reliability percentages across all result variables in

Figure 4.9, followed by Spearman correlation, VARS, and Sobol. The Morris method also

showed the highest reliability across all parameters for barrier height and lagoon width,

although it was outperformed by VARS for interior marsh width and marsh depth (Fig.

C.8.1), and also by lagoon depth, which showed near perfect reliability scores across all

parameters (Fig. C.8.2). On average, the Sobol method consistently received the lowest

reliability percentages across the result variables.

The same analysis was performed for the second computational constraint, which limited

the number of model simulations between 10,000 and 20,000. The number of simulations

in each method under this scenario were as follows: Spearman correlation = 10,000; Morris

method = 16,000; Sobol method = 17,000; VARS method = 15,000. Figure 4.10 displays the

correct ranking percentages for three result variables; the plots for the other result variables

are included in Section 9 of Appendix C.
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Figure 4.9: Probability of obtaining converged parameter ranking for 100 independent trials
with 1-2k simulations. Results shown by numerical value and color range for (top) change
in shoreline position, (middle) barrier width, and (bottom) backbarrier marsh width.
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Figure 4.10: Probability of parameter ranking for 100 independent trials with 10-20k sim-
ulations. Results shown by numerical value and color range for (top) change in shoreline
position, (middle) barrier width, and (bottom) backbarrier marsh width.
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Again, for the result variables presented in Figure 4.10, the Morris method showed the

highest reliability percentages while the Sobol method showed the lowest percentages. The

only result variable where the Morris method was clearly outperformed was lagoon depth, for

which VARS was again nearly perfect (Fig. C.9.2). On average, VARS was the second most

reliable sensitivity method, although it appears that Spearman correlation outperformed

VARS for select result variables such as change in shoreline position and barrier width (Fig.

4.10).

4.4 Discussion

One of the benefits of using the LTM17 model to evaluate the performance of global sen-

sitivity analysis methods is the multiple outputs that it generates. Whereas other models

are more narrow in their predictive scope, such as hydrologic models predicting streamflow

or non-linear functions such as the Ishigami function [329], the latter of which is frequently

used in testing sensitivity analysis methods [330], this long-term and large scale barrier is-

land system model produces eight result variables. The results showed that the parameter

sensitivities were highly dependent on the result variables, which was consistent with the

previous LTM17 sensitivity study by Hoagland et al. [2] and suggests that modelers can and

should use global sensitivity analysis to identify the input parameters most important to

their results of interest, which echos the recommendation of Alipour et al. [331].

The results also showed that the performance of the global sensitivity methods varied by

result variable, both in terms of their RFS values and associated parameter rankings, their

convergence, and their reliability. For some result variables like lagoon depth (Fig. C.3.8),

RFS values were remarkably consistent across sensitivity metrics, indicating similar distribu-

tions of the sensitivity metrics across all parameters. Most other result variables appeared
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to show larger discrepancies in RFS, although not all discrepancies corresponded to dis-

parate parameter rankings (e.g., see results for barrier height, Fig. C.3.2). While RFS

values are useful in normalizing the various sensitivity metrics, they should be interpreted

in conjunction with the parameter rankings for a more clear picture of the differences be-

tween methods. Additionally, parameter rankings interpreted in isolation from the RFS

values could lead modelers to underestimate the performance of the methods, particularly

for near-zero values (e.g., see marsh depth results, Fig. C.3.6).

From the results presented in Figure 4.3 and Section 3 of Appendix C, there is often consid-

erable agreement among the sensitivity metrics as to which parameters are most significant

(ranked) and least significant (screened). With some exceptions, the results show that with

enough simulations for sensitivity metric convergence, all of the methods in this study were

generally capable of ranking and screening groups of parameters. For example, the methods

could often identify the top or bottom ‘x’ number of parameters, while allowing for minor

variations in rank within that group. The correlation method sensitivity metrics, R2 and

Spearman’s ρ, were the only consistent exceptions, and only for certain result variables (e.g.,

barrier width, Fig. 4.4a; interior marsh width, Fig. C.3.5; and lagoon depth, Fig. C.3.8).

On average, the results suggest there is no advantage to using R2 or Spearman’s ρ in this

context, as these metrics provided similar results across most result variables. For the

VARS metrics, the consistency in top-ranked parameters showed the ability of VARS in

factor prioritization regardless of which range of scales was chosen for integration. However,

more discrepancies appeared between the VARS metrics for the lower rankings (Fig. 4.3b).

Comparing the VARS metrics with those from other methods, the i50 rankings seem to be

most closely aligned with the Sobol rankings. This is seen in Figure 4.3b for i50 ranks 3

through 10, and for other result variables such as barrier width and backbarrier marsh width

(Fig. 4.4a,b). The Morris and factorial results are strongly related, which was expected
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given their methodological similarity. However, there are some significant discrepancies

between these metrics and others, such as the correlation method differences mentioned

above and differences with the Sobol and VARS metrics as seen in Figure 4.4a, where, for

example, QOW,∗ is ranked 2nd by factorial and Morris, but 6th and 7th by Sobol and VARS.

Interpretation of these discrepancies should involve the recognition of differences in method,

where factorial and Morris involve first-order derivative calculations across the large portions

of the parameter space, while Sobol and VARS consider more of the interior of the parameter

space. Thus, the combined results in Figure 4.4a may suggest that QOW,∗ is more sensitive

at one or both ends of the parameter range, which the interaction plots from Hoagland et al.

[2] confirm.

Convergence and reliability of sensitivity results are two other considerations that modelers

should take into account. The sensitivity metrics, 90% confidence intervals, and associated

rankplots in Figures 4.5-4.8 show how these methods performed for computational limits

across five orders of magnitude. Large and overlapping confidence intervals for Spearman’s

ρ values at 10 and 100 simulations indicate that even though parameter rankings may seem

accurate for the highest parameters, very few conclusions may be drawn with a high degree

of confidence. The same is true for the Sobol method at 10 and 100 simulations per input

parameter and some of the VARS results, depending on the result variable. The Morris

method, however, showed excellent performance, even at the two lowest computational lev-

els. At 10 trajectories, the confidence intervals are still relatively large, compared to the

converged results; however, there is significantly less overlap between them, in comparison

to the Spearman and Sobol results, allowing conclusions to be drawn for ranking and screen-

ing with minimal simulations, a finding consistent with Sarrazin et al. [332] and references

therein. Similar to the Morris method results, VARS showed an ability to rank and screen

groups of parameters for low simulation counts, albeit with more variability between result
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variables.

The final part of the analysis demonstrated reliability by illustrating how the convergence

of each method impacted sensitivity results for 100 independent trials under computational

constraints. The Morris method proved to be the most reliable method for all parameters

under both constraint scenarios, followed by VARS, Spearman correlation, and then Sobol.

Although Spearman was able to consistently identify top-ranked parameters, its inabilities

to consistently identify the lowest-ranked parameters decreased overall reliability. The Sobol

method, though it offers a robust exploration of the parameter space, requires a large number

of simulations to avoid numerical error. Thus, for the lower computational constraint, the

Sobol results proved to be very unreliable. The reliability of the Sobol method improved at

the higher computational constraint, particularly for the most sensitive parameters, although

it still underperformed Morris and VARS.

Aside from method performance, modelers also likely consider, either explicitly or implic-

itly, the complexity of the approach and the intuitiveness of the results when selecting their

sensitivity analysis method. From our own perspectives, correlation is the simplest of the

methods to implement and requires no additional learning beyond what is taught in introduc-

tory statistics courses. The remaining methods, ranked in complexity from least to greatest,

are factorial, Morris, Sobol, and VARS. We believe that the intuitiveness of the sensitivity

results follows a reverse order, with correlation results being most intuitive and VARS results

the least intuitive - the latter is discussed at length by Puy et al. [22]. However, as seen

with these methods, the robustness of the method tends to increase with complexity, echoing

Wang and Solomatine [322]. Correlation coefficients are easy to calculate but provide very

little information about the model, relatively speaking. The factorial and Morris methods

are more complex, averaging first-order derivatives across the full parameter space and ran-

domly sampled interior of the parameter space, respectively. The Sobol method is even more
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complex, with conditional mean and variance calculations, though it provides a wealth of

information, including both main and total effects, which offer quantitative measures of the

variance explained by parameters and their interactions across the entire parameters space.

The main and total effects may also be used to estimate the contribution of parameter

interactions to the total variance. Although VARS is the most complex and least intuitive

method, it provides a nice variety of variogram-based metrics, accounting for different ranges

of perturbation scales, and also can provide estimates of the Morris and Sobol sensitivity

metrics without running additional simulations.

4.5 Conclusions

In this study, five global sensitivity analysis methods were applied to a long-term coastal

morphodynamics model to compare their results, computational burden, convergence, and

reliability. Across all of the evaluation criteria, the Morris method achieved top perfor-

mance, particularly for the convergence and reliability analyses through excellent ranking

and screening at low simulation counts. VARS followed Morris in terms of performance,

but was still successful in identifying the high and low ranking parameter groups. VARS

outperformed the Sobol method, both in terms of convergence and reliability, and at lower

computational expense. Although the correlation method was able to identify groups of the

most sensitive parameters, significant discrepancies were found between its results and the

other methods for certain results variables.

The most appropriate sensitivity analysis method for a given modeling application will be

one that balances the computational expense and quality of results. For models like the

coastal morphodynamics model presented herein, modelers should consider using the Mor-

ris, Sobol, or VARS method, or some combination of the approaches. The correlation and
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factorial methods, while generally capable of identifying groups of the highest-ranking pa-

rameters, are not preferred over the other methods due to their lower performance across

many of the evaluation criteria and ranking discrepancies with the more robust methods.

For models with fast runtimes, like the LTM17 model, and with sufficient availability of com-

putational resources, Sobol and VARS are excellent options for factor prioritization and can

provide additional insights about the model and its parameters, as discussed above. Where

computational constraints exist, VARS can provide an alternative to the expensive Sobol

method, while the Morris method proved to quite reliable for low simulation counts due to

its strength in both factor ranking and screening.
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Abstract

This study provides an evaluation of long-term projected changes to Assateague Island, a

mid-Atlantic barrier island, under sea level rise, overwash, and coastal management scenar-

ios. Low elevation backbarrier marsh platforms were found to be extremely vulnerable to

moderate and high SLR rates (≥ 5 mm/yr), but were sustained by thin-layer placement at

average rates greater than or equal to SLR. Sustaining the marsh using thin-layer placement

did not contribute to the long-term sustainability of Assateague Island, which is more sus-

ceptible to height drowning under low overwash scenarios. High sea level rise and overwash

rates increased shoreline retreat rates and reduced island width for most of Assateague Is-

land, although regular beach nourishment proved to alleviate these conditions, even for the

highest SLR rate. Reductions and increases in dune elevation altered shoreline retreat, island

width, and island height as expected; however, they did not appear to alter the long-term

sustainability of the island.

5.1 Introduction

Barrier islands are found along ten percent of continental shorelines across the world [7].

Generally speaking, these islands are long and narrow, and shelter their landward water-

bodies from incident waves, allowing for the development and sustainability of salt marsh

on their backbarrier shorelines [8]. These islands are prevalent along the United States

(U.S.) Atlantic and Gulf Coasts, and provide a variety of benefits to coastal communities

such as reduced flood levels from (extra)tropical storm surge and protected ecosystems for

fish, shorebirds, and other wildlife [e.g., 9, 12, 333]. These islands also attract tourists and

vacationers, which increase local economic activity [334].
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The benefits provided by these barrier-marsh-lagoon systems are closely linked with their

morphology, which are subject to changes by erosion and deposition of sediment. Longshore

sediment transport, driven by oblique currents and waves [335], plays a significant role in

barrier morphodynamics, including spit development, inlet migration, and even the longshore

migration of entire islands [e.g., 160, 336]. Cross-shore sediment transport is also significant,

altering the barrier profile along the shoreface [337, 338] and moving sediment between the

shoreface and lagoon through tidal inlets [e.g,. 64, 114, 339, 340]. Punctuated transport of

sediment to the subaerial island and lagoon occurs during storm events through both over-

wash and breaching processes [e.g., 71, 295]. These processes and morphodynamic changes

are all impacted by rises in mean sea level (MSL), projections of which range between 0.6

and 2.2 meters for the contiguous U.S. in the 21st century [341].

In the interest of protecting and preserving the benefits of barrier islands, coastal scientists,

engineers, and planners have considered myriad protection and restoration alternatives [e.g.,

342]. Coastal protection received relatively little attention in the U.S. prior to 1930, when the

first federal advisory board on beach erosion was created to assist state and local governments

with carrying out scientific studies on erosion and possible solutions; however, interest quickly

expanded with the increasing role of the U.S. federal government through the U.S. Army

Corps of Engineers (USACE) [343, 344]. Throughout the 20th century, coastal protection was

geared toward “hard” engineered structures, such as seawalls and breakwaters, and artificial

beach nourishment, the latter of which was viewed as a “soft” or low-impact alternative to

hard structures, though its implementation was found to be costly and its benefits temporary

[343, 345, 346, 347, 348].

In recent decades, coastal scientists and planners have continued to shift away from hard

structures, mainly due to their negative environmental impacts and unintended downdrift

consequences [348], toward softer or hybrid coastal restoration approaches that offer similar
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protection to traditional hard structures while meeting environmental goals. The “functional

restoration” concept proposed by Rosati [349] exemplifies this balance, considering the ge-

ometry of a restored barrier island, geologic constraints such as availability of local sediment,

and environmental concerns such as habitat development and protection. Many soft restora-

tion approaches encourage the growth or development of natural coastal features, or are

designed to mimic them and provide similar ecosystem benefits; thus, these types of restora-

tions are called Natural and Nature-Based Features, or “NNBF” [31]. Though the potential

environmental benefits of NNBF were well known, it was recognized that further quantifi-

cation of their performance was needed [31, 350, 351]. Cunniff and Schwartz [352] brought

together 19 experts from industry, government, and academia to discuss the then-current

knowledge of NNBF performance, and produced a summary document that highlighted pub-

lished studies and completed projects. Figlus et al. [353] highlight a more recent collection

of 16 publications on NNBF performance, including case studies and engineering designs.

Although there has been a focus on NNBF implementation and performance, there has

been relatively few studies on predicting the long-term impacts of these measures, especially

for particular islands. Rosati et al. [354] tested nourishment alternatives on their Migration,

Consolidation, and Overwash (MCO) model for a typical Louisiana barrier island, and found

that a single, large nourishment project, prevented island migration, while the smaller, suc-

cessive nourishment projects allowed significant migration. Modeling studies by McNamara

and Werner [278], Lazarus et al. [355], Brad Murray et al. [356], and Gopalakrishnan et al.

[357] couple predictions of shoreline erosion with nourishment decisions by socioeconomic

agents and highlight system complexities and consequences that can arise from parochial

decisions, suggesting the need for a broader view of coastal management decisions, both spa-

tially and temporally. Using observations from Hurricane Sandy, Rogers et al. [280] modeled

overwash reduction by dune creation and found that artificial reductions in overwash could
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lead to long-term drowning. Miselis and Lorenzo-Trueba [297] modeled a similar scenario for

a New Jersey barrier island, also finding that implementation of coastal protection measures

that minimized or eliminated overwash resulted in faster island drownings. Tenebruso et al.

[314] simulated nourishment and development-based reductions in overwash in a hindcast

modeling study of Long Beach Island, New Jersey. Most recently, Anarde et al. [358] devel-

oped the CASCADE modeling framework, which couples Barrier3D [219] with BRIE [213],

to simulate the influence of management decisions, such as roadway protection or removal,

dune building, and nourishment, for the managing coastal communities and those adjacent.

In this study, we use a long-term barrier island morphodynamics model developed by Lorenzo-

Trueba and Mariotti [1] to simulate the evolution of a mid-Atlantic barrier island under

recently updated sea level rise (SLR) projections and coastal management scenarios. This

modeling study highlights island vulnerabilities to SLR and provides insights as to which

management strategies may lead to the best long-term impacts. Such insights may be help-

ful for coastal resource managers and planners in deciding which management strategies to

pursue.

5.2 Study Site

This study is focused on Assateague Island, which is the northernmost barrier island in

Virginia and also Maryland’s southernmost island, as the majority of it extends north into

Maryland (Fig. 5.1). Assateague is separated from Fenwick Island to the north by Ocean City

Inlet and Wallops/Assawoman Island to the south by Chincoteague Inlet. Just northeast of

Chincoteague Inlet is Chincoteague Island, which lies in the southern part of Chincoteague

Bay, landward of Assateague. Wallops/Assawoman, Chincoteague, and the southern portion

of Assateague Island reside in Accomack County, VA, which covers approximately 450 square
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miles and has a population of approximately 33,400.1 The Maryland portion of Assateague

is in Worcester County, which covers approximately 470 square miles and is home to about

52,500 people.2

5.2.1 Jurisdiction and Use

Three separate jurisdictions cover Assateague Island, including the Assateague Island Na-

tional Seashore (ASIS), which is managed by the National Park Service (NPS), Assateague

State Park, managed by the state of Maryland’s Department of Natural Resources, and

the Chincoteague National Wildlife Refuge (NWR), managed by the U.S. Fish and Wildlife

Service (USFWS); see Figure 5.1 for approximate jurisdictional zones. Each authority has

their own mission and goals, though they overlap in their concern for protection of natural

resources, wildlife conservation, and provision of recreational activities such as beach-going,

wildlife viewing, hiking, hunting, and camping.

5.2.2 Morphology

Assateague Island is approximately 60 km in length, bounded by Ocean City Inlet at its

northern end and Chincoteague Inlet at the south. Although no other inlets currently exist

between Ocean City and Chincoteague, there is strong evidence that at least 11 inlets existed

along the coast of Assateague Island over the last 300 years [359]. Following the classification

scheme of Hayes [360], Assateague Island is a microtidal (<= 1 m), wave-dominated barrier,

as shown by its long, narrow form and widely spaced inlets. The island’s width varies from

260 m to 2,000 m and its height averages 2 m [361]. Dune heights average 3.6 m across the

island and range from 0.9 to 8.0 m [362], with distinct zones of dune type and height. For

1U.S. Census Bureau, https://data.census.gov/profile/Accomack County, Virginia?g=050XX00US51001
2U.S. Census Bureau, https://data.census.gov/profile/Worcester County, Maryland?g=050XX00US24047
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Figure 5.1: Study Site: Assateague Island. Background from NCEI 2014 Digital Elevation
Model [3]. Assateague jurisdictions from Assateague Island National Seashore [4].
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example, dunes on the the northern end are not managed and are characterized by lower

elevation and varied spacing, while the dunes fronting Assateague State Park are linear and

managed to a higher elevation. A narrow band of salt marsh lines the backbarrier shoreline,

with the largest marsh platforms appearing near the middle of Chincoteague Bay [363]. The

backbarrier tidal range varies between 0.07 and 1.1 m, with the largest ranges occurring

near Chincoteague Inlet (∼1 m) and Ocean City Inlet (∼0.8 m), and the smallest ranges

occurring in the middle of Chincoteague Bay (∼0.14 m) and Sinepuxent Bay (∼0.07 m) [6].

Chincoteague Bay is 10 km wide and has an average depth of 1.4 m, with a 2-3 m deep

channel that runs through the west-central part of the bay [364].

5.2.3 Morphodynamics and Management Efforts

Net longshore sediment transport is to the south along Assateague Island, estimated between

115,000 and 220,000 m3/yr [365]. Ocean City Inlet, which was originally planned as a joint

construction project between Worcester County, Ocean City, and USACE, but ultimately

postponed due to the start of the Great Depression in 1929, developed naturally as a result

a large offshore hurricane in 1933 [366]. USACE stabilized Ocean City Inlet in 1935, which

led to trapping of longshore transport updrift of the inlet and significant increases in erosion

at the northern end of Assateague Island [114]. The northern shoreline moved landward

between 6 and 8 m/yr, on average, as a result of inlet stabilization efforts [365]. However,

since the start of the North End Restoration Project in the early 2000s, semiannual dredging

of Ocean City Inlet and its tidal deltas and subsequent placement in Assateague’s nearshore

region has led to accretionary trends between 2005 and 2020 [367]. The middle of the island

is largely stable [361], while the southern portion, managed by Chincoteague NWR, has

experienced net erosion since 2005 and lengthening of the recurved spit (Fishing Point)

further south at an average rate of about 30 m/yr [367].
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As a wave-driven barrier, Assateague morphology is significantly impacted by storm events,

especially the northern end with low, spatially varied dunes. As of 1977, the northern end was

experiencing overwash approximately 5 times per year [368]. Leatherman [114] noted that

these overwash events primarily contributed to vertical aggradation of the island and would

only reach the lagoon when the barrier width was below a critical width threshold. It has

been estimated that most (∼ 75%) of the sediment entering Chincoteague and Sinepuxent

Bays comes from overwash or aeolian transport, with the remaining amount coming from

erosion of the backbarrier shoreline [363, 369].

Assateague has also been historically impacted by breaching events. Seminack and Mcbride

[359] identified 11 sites of historical inlets along the modern coast of Assateague that occurred

since the mid-1700s. This underscores the argument by Charles E. Bartberger [339], that

sedimentation rates in Chincoteague Bay are far lower than previous centuries due to the

closing of historical tidal inlets. Recent breaches have been observed on Assateague at

Swan Pool during Hurricane Irene (2011) and Sandy (2012), although both of these breaches

closed naturally within 2 weeks [365]. To reduce the occurrence and impacts of overwash

and breaching, artificial dunes have been constructed in various locations since 1950, as

documented by Schupp [361]. The ongoing management approach for ASIS by the NPS

is detailed in their updated 2021 General Management Plan, which includes maintaining

existing artificial dunes and continuing to place dredged material from Ocean City Inlet at

the northern end [370].

5.3 Methods

The long-term barrier-marsh-lagoon model developed by Lorenzo-Trueba and Mariotti [1],

hereafter ‘LTM17’ model, was extended to simulate the evolution of Assateague Island under
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SLR and coastal management scenarios. Due to model limitations, the southern portion of

Assateague was excluded from the simulations. A brief description of the model and an

overview of this study’s simulated scenarios are presented below.

5.3.1 Barrier Island Model

The LTM17 model is an idealistic 1D barrier system transect model that simulates geometric

changes to the coupled barrier-marsh-lagoon system on the order of decades to centuries.

System geometry is tracked by 10 state variables including both horizontal positions of

the shoreface toe (XT ), shoreline (XS), backbarrier (XB), backbarrier marsh (XM1), interior

marsh (XM2), mainland-marsh intersection (XM3), and mainland (XL), and vertical positions

defined by barrier height (HB), marsh depth (DM), and lagoon depth (DF ). These state

variables change in response to sediment fluxes between subsystems, including shoreface flux

(QSF ), overwash flux (QOW ), tidal inlet dispersion (Iosl), and sediment exchange between

the lagoon and marsh platforms (Ibml and Iiml). The marsh platforms also generate organic

sediment (Obm and Oim), which increases marsh platform elevation over time. An example

LTM17 model transect is displayed in Figure 5.2 with state variables and sediment flux

terms.

SLR rate and overwash flux are the two primary drivers of system changes in the LTM17

model. Because the model assumes an equilibrium shoreface profile with a specific depth of

closure, SLR causes the profile to increase in elevation and, to preserve mass, shift landward,

following a Bruunian response [169]. These changes also remove the island from island height

and island width equilibria, engendering overwash based on the volume deficit concept from

Leatherman [114]. The modeled overwash process removes sediment from the shoreface and

seaward part of the island, and divides the deposition into three zones: 1) the top of island,
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Figure 5.2: LTM17 Model Transect and State Variables. Modified from Lorenzo-Trueba and
Mariotti [1] and Hoagland et al. [2]. Aerial image of Assawoman Island section from [5].

increasing its height; 2) the backbarrier marsh, increasing island width; and 3) the lagoon,

extending the backbarrier marsh boundary landward. For a full description of these and

other processes in the LTM17 model, see Lorenzo-Trueba and Mariotti [1] and references

therein.

Transect Parameterization

The LTM17 model simulates the long-term evolution of independent transects, each of

which must be parameterized with initial system geometry, forcing conditions, and sedi-

ment transport-related factors associated with the marsh and lagoon. Some parameters,

like SLR rate, are the same for all transects; the values for these parameters are presented

in the supplementary material (Table D.1, Appendix D). Table 5.1 provides a list of the

parameters that were assigned transect-specific values, along with average, maximum, and

minimum values for the island and their associated data source(s).
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Table 5.1: Transect Parameterization Data and Sources

Parameter Mean Min Max Data Source(s)
Initial Lagoon Width [BF ] 6,000 770 10,700 [3, 6]
Initial Lagoon Depth [DF ] 1.6 0.7 2.3 [3]
Initial Backbarrier Marsh Width [BM1] 870 0 2,800 [3, 6]
Initial Interior Marsh Width [BM2] 750 0 5,000 [3, 6]
Initial Marsh Depth [DM ] -0.2 -0.6 0 [6]
Tidal Range [r] 0.15 0.07 0.5 [6]
Initial Barrier Width [WB] 510 50 1,630 [3, 6]
Initial Barrier Height [HB] 1.6 0.8 2.5 [3]
Overwash Multiplier [QOW,X ] 0.6 0 1 [362]
Critical Bed Shear Stress [τcr] 0.19 0.16 0.2 [361]

Many of the parameters listed in Table 5.1 are initial geometries, which were extracted for

each transect from a 3 m resolution topography/bathymetry digital elevation model [3],

and a shapefile of salt marsh boundaries from Defne and Ganju [6]. Two hundred (200)

shore-perpendicular transects were generated at 100 m spacing along Assateague Island

and numbered sequentially from south to north. These transects were then subdivided by

shoreline, marsh, and lagoon boundaries, as determined by the data sources in Table 5.1.

Lengths and average DEM elevations were then calculated for each subdivided transect

segment. Select transect segments and associated data are shown in Figure 5.3.

Spatially varied backbarrier marsh depth and tidal range values were extracted exclusively

from the Defne and Ganju [6] dataset. Dune crest elevations, although not explicitly ac-

counted for in the LTM17 model, were extracted from Sturdivant et al. [362] and averaged

for each transect. These dune crest elevations were then converted to an overwash multiplier

(QOW,X) between 0 and 1; the highest dune elevation was assigned an QOW,X value of 0 and

the lowest a value of 1, with all other dune elevations receiving a linearly interpolated QOW,X

value between 0 and 1. The critical bed shear stress (τcr) parameter was also spatially varied

between 0.16 and 0.2 across the transects based on data from Schupp [361], which showed
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Figure 5.3: Example of Transect Segmentation and Parameterization.a) Transects colored by
subaerial island (orange), marsh (green), and lagoon (blue) zones. Note: more transects are
shown here than were included in the modeling study. b) Zoomed in image of transects 165-
200, overlaid on NCEI 2014 Digital Elevation Model [3] and marsh dataset from Defne and
Ganju [6]. c) Extracted barrier island and backbarrier marsh widths from transects 165-200.
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Table 5.2: Shoreline Change Calibration Data

Shoreline Region† Model
Transects

Obs. Change
Rate [m/yr]

Obs. 15-yr
Change [m]

Modeled 15-yr
Change [m]

N-ASIS 168-200 -2.01 -30.2 -30.5
ASP 152-167 -0.64 -9.6 -7.4
S-ASIS 36-151 -0.87 -13.1 -11.5
N-CNWR 1-35 -0.72 -10.8†† -5.5
†Abbreviations: North Assateague Island National Seashore (N-ASIS); Assateague State

Park (ASP); South Assateague Island National Seashore (S-ASIS); North Chincoteague

National Wildlife Refuge (N-CNWR)
††This value is skewed by the high retreat rates in the southern portion of N. Chincoteague.

percentage of sand within zones of Chincoteague and Sinepuxent Bays. Transects with higher

average sand percentages were assigned larger shear stress values. Initial conditions for all

spatially varied parameters are shown in Figure 5.4.

Calibration

One of the most significant limitations of applying these long-term models is the lack of data

that can be used in model calibration, particularly given the various types of model output.

In this study, three groups of data were used to, in a limited sense, calibrate the model:

1) shoreline change rates from 2005-2020; 2) horizontal marsh retreat rates from 1942-1989;

and 3) vertical marsh accretion rates from 2000-2015.

Shoreline change rates are spatially varied along Assateague. Table 5.2 lists the regions,

associated model transects, and observed change rates and distances, following categorization

by Psuty et al. [367]. These data, along with the observed SLR rate of 8.27 mm/yr [371]

were used to calibrate the following model parameters which influence shoreline change

rates: equilibrium/critical barrier width (Wcr = 400 m) and height (Hcr = initial width),

and maximum annual overwash flux (QOW,∗= 37 m3/m/yr).
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Figure 5.4: Initial Conditions for Spatially Varied Parameters.
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The average marsh horizontal retreat rate, as reported by Wells et al. [369] and Carruthers

et al. [363], was observed to be 0.2 (+/- 0.04) m/yr between 1942 and 1989. The average

marsh vertical accretion rates, as reported by Morris et al. [372], was observed to be approx-

imately 0.51 (+/- 0.21) cm/yr from 2000-2015, and 0.34 (+/- 0.12) cm/yr since Hurricane

Sandy in 2012. Using the observed SLR rate of 3.1 mm/yr at Ocean City Inlet from 1975-

1989 [371], calibration of the marsh progradation coefficient (Ka = 1), erosion coefficient

(Ke = 0.01), and ocean sediment concentration (Co = 25 mg/l) parameters was completed,

resulting in a modeled average marsh retreat rate of 0.22 m/yr across all transects. Also,

using the observed SLR rate of 8.3 mm/yr at Ocean City Inlet since 2002 [371], calibration

of the fraction of refractory carbon (χref = 0.21) parameter was completed, resulting in

modeled maximum vertical marsh accretion rates of approximately 0.34 cm/yr.

Coastal Management Alternatives

The LTM17 model was extended to include three coastal management alternatives: 1) regular

beach nourishment, 2) dune elevation adjustments, and 3) thin-layer placement. Beach

nourishment involves taking dredged sand, typically from offshore borrow sites, and placing

this material on the beach to expand its area and extend the shoreline seaward [97]. Dunes

may be created and adjusted by various methods, including scraping sand from the beach,

importing sand from external sources, or capturing wind-blown sand via sand fences and

dune vegetation [373]. Thin-layer placement involves the depositing a slurry of dredged

sediment in thin layers on top of existing marsh platforms to aid vertical marsh growth with

respect to rising sea levels [374].

These management practices were integrated into the LTM17 by modifying system geometry

and sediment flux parameters. To model thin-layer placement, backbarrier marsh platform

elevations were increased 5 cm for a single time step at 5 year intervals. Regular beach
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Figure 5.5: Management Alternatives for the LTM17 Model.

nourishment was also modeled with geometry modifications, by extending the shoreline back

to its original position once it had retreated by 30 m; this simulated a “hold the line”

approach. Dune modification was modeled by adjusting the overwash multiplier, a parameter

that modulates the percentage of maximum annual overwash flux that is applied to the

system based on the dune crest height. For the dune reduction scenario, the overwash

multipliers were linearly increased from their starting values to 1 over 50 years, simulating

a natural reduction over time. By contrast, dune increases were implemented at the first

simulation time step and overwash multipliers were set equal to 0.2. These management

alternatives are illustrated graphically in Figure 5.5.

5.3.2 Scenarios

Sixteen scenarios were simulated in this study. Table 5.3 provides a summary of these

scenarios, each of which was assigned a unique ID and combination of SLR rate, annual
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Table 5.3: Simulated Scenarios

Scenario ID SLR Rate Overwash Rate† Management†† Assessment
E1 3.3 mm/yr 37 m3/m/yr ... SLR Vulnerability
E2 5.4 mm/yr 37 m3/m/yr ... SLR Vulnerability
E3 8.3 mm/yr 37 m3/m/yr ... SLR Vulnerability
P1 7.7 mm/yr 37 m3/m/yr ... SLR Vulnerability
P2 9.9 mm/yr 37 m3/m/yr ... SLR Vulnerability
P3 13.0 mm/yr 37 m3/m/yr ... SLR Vulnerability
P4 16.3 mm/yr 37 m3/m/yr ... SLR Vulnerability
O1 varies 0 m3/m/yr ... Overwash Impact
O2 varies 2 m3/m/yr ... Overwash Impact
O3 varies 10 m3/m/yr ... Overwash Impact
O4 varies 37 m3/m/yr ... Overwash Impact
O5 varies 100 m3/m/yr ... Overwash Impact
M1 varies varies TLP Management
M2 varies varies RBN Management
M3 varies varies RDE Management
M4 varies varies IDE Management

†This is the maximum annual overwash flux parameter (QOW,∗) in the LTM17 model.
††Management Abbreviations: Thin-Layer Placement (TLP); Regular Beach Nourishment (RBN);

Reduced Dune Elevation (RDE); Increased Dune Elevation (IDE)

overwash rate, and management alternatives. Seven scenarios (E1-P4) evaluated the vulner-

ability of Assateague to SLR; five scenarios (O1-O5) evaluated the impact of annual overwash

rates; and four scenarios (M1-M4) evaluated the impact of management alternatives on As-

sateague’s morphology.

Scenarios E1-E3 contain extrapolated SLR rates based on different periods of historical data

at Ocean City Inlet [371]. The E1 SLR rate of 3.3 mm/yr is an extrapolation of the SLR rate

observed at Ocean City between 1975 and 1991, while the E2 rate of 5.4 mm/yr and the E3

rate of 8.3 mm/yr are based on data from the periods 1975-2024 and 2002-2024, respectively.

Scenarios P1-P4 are projected SLR rates for Ocean City, MD, from the 6th Assessment

Report (AR6) from the International Panel on Climate Change (IPCC) [375, 376, 377]. The

P1 SLR rate of 7.7 mm/yr is the average projected rate of SLR between 2025 and 2125
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from the 50th percentile of the medium-confidence Shared Socioeconomic Pathway (SSP)

1-2.6 scenario. The other projected rates are calculated similarly, where P2 and P3 use the

medium-confidence SSP2-4.5 and SSP5-8.5 scenarios, respectively, and the P4 rate uses the

low-confidence SSP5-8.5 scenario, which accounts for potential ice-sheet contributions.

Scenarios O1-O5 are designed to evaluate the impact of a wide range of overwash values.

Each overwash scenario is simulated for representative SLR scenarios (E2 and P4) to assess

potential interactions between overwash and SLR rates. The last four scenarios, M1-M4, are

designed to evaluate the management alternatives presented in the previous section. The

management scenarios are evaluated for the combinations of selected SLR scenarios (E2 and

P4) and overwash scenarios (O2 and O4). All scenarios were run for a simulation time of

100 years or until barrier drowning occurs.

5.4 Results

Results for the simulated SLR scenarios, including time to marsh drowning, change in barrier

width, and shoreline retreat, are presented in Figure 5.6 for all model transects. Higher rates

of SLR are associated with the marshes drowning earlier in the simulations (Fig. 5.6a). The

average, maximum, and minimum times to marsh drowning are also summarized in Table

5.4 by groups of model transects.

The results in Table 5.4 show that for a SLR rate of 3.3 mm/yr (E1), the marshes are able

to keep pace with SLR during the simulation, while for a SLR rate of 5.4 mm/yr (E2),

the marshes drown, on average, after 56 years. The results also show considerable spatial

variation in time to marsh drowning across the island transects, particularly at lower rates of

SLR. North Assateague (NAS) marsh platforms drowned, on average, after 95 years, while

the marsh platforms just south at Assateague State Park (ASP) drowned, on average, after 37
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Figure 5.6: SLR Scenario Results. (a) Time to Simulated Marsh Drowning; (b) Change in
Barrier Width; (c) Shoreline Retreat. Marsh drowning times displayed at 100 yrs represent
marshes that did not drown during the simulation time frame.
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Table 5.4: Average, Minimum, and Maximum Times to Simulated Marsh Drowning by
Region. Times shown are average values, with minimum and maximum values in brackets.

Scenario SLR Rate All NAS ASP SAS NCR
(1-200) (168-200) (152-167) (36-151) (1-35)

E1 3.3 mm/yr ... ... ... ... ...
E2 5.4 mm/yr 56 [24- ] 95 [36- ] 37 [24-41] 50 [24-79] 49 [35-82]
E3 8.3 mm/yr 34 [12-91] 69 [23-91] 22 [15-24] 29 [12-48] 27 [19-46]
P1 7.7 mm/yr 37 [13-99] 75 [25-99] 24 [16-26] 31 [13-52] 29 [21-50]
P2 9.9 mm/yr 28 [10-74] 57 [20-74] 18 [12-20] 23 [10-39] 22 [15-37]
P3 13.0 mm/yr 21 [7-55] 43 [15-55] 13 [9-16] 17 [7-29] 16 [11-28]
P4 16.3 mm/yr 17 [5-43] 34 [12-43] 11 [7-12] 14 [5-23] 12 [8-22]

years. The South Assateague (SAS) and North Chincoteague Wildlife Reserve (NCR) results

showed marsh drowning times around 50 years, between these two extremes. Increasing the

rate of SLR reduces time to simulated marsh drowning across all transects and also the

variability in drowning time.

Higher rates of SLR are also associated with larger reductions in barrier width and shoreline

retreat, modulated again by island transect as shown in Figure 5.6b,c. Mean shoreline retreat

rates ranged between 52 m (min 37m, max 176m) for E1 and 218 m (min 67m, max 378m)

for P4. Groups of model transects in the north (170-200), middle (70-100), and south (1-10)

showed more significant retreat rates than other parts of the island. Higher rates of SLR

were associated with greater reductions in island width for transects that were reducing in

width. However, some transects (e.g., 80-100, 170-185) showed increases in island width over

the simulation period, in which cases, increases in SLR rate were associated with decreases in

island accretion. Mean changes in island width ranged from +22 m (min -71m, max 326m)

for E1 to -77 m (min -310m, max 281m) for P4.

Results for the overwash scenarios, including time to barrier height drowning, change in

barrier width, and shoreline retreat, are presented in Figure 5.7 for SLR scenarios E2 and

P4, which were selected as representative low and high SLR scenarios, respectively. Height
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drowning, which occurs in the model when MSL exceeds the barrier height, was only observed

for SLR scenario P4; the island was able to maintain elevation above MSL for all transects

during the simulation period in SLR scenario E2. Figure 5.7a shows that, on average, height

drowning was most pronounced for scenarios with no overwash (01) or low overwash (O2-

O3). Times to height drowning in these simulations ranged between 50 and 100 years. The

results were also spatially varied, with transect groups to the south (1-10, 45-80) showing

lower drowning times.

From Figures 5.7b,c, we see that greater changes in barrier width and shoreline position are

associated with the larger overwash scenarios. This relationship is observed for both the E2

and P4 scenarios. For E2, average changes in width range from -22 m (min -25m, max -19m)

for the no overwash scenario (O1) to -64 m (min -72m, max -37m) for the highest overwash

scenario (O5). For P4, average changes in width range from 11 m (min -135m, max 338m)

for O1 to -65 m (min -388m, max 322m) for O5. For E2, average shoreline retreat values

range from 22 m (min 19m, max 25m) for O1 to 93 m (min 22m, max 249m) for O5. For

P4, average shoreline retreat values range from 64 m (min 37m, max 72m) for O1 to 273 m

(min 67m, max 463m) for O5. Spatial variability in results was observed to be similar to

that of Figure 5.6.

Results for management scenario 1 (M1), which simulated thin-layer placement (TLP) of sed-

iment on the marsh platforms, are presented in Figure 5.8, including time to marsh drowning

and change in shoreline retreat. The results are presented for the same representative SLR

scenarios, E2 and P4, and for overwash scenarios O2 and O4, which represent low and high

overwash scenarios, respectively.

Times to marsh drowning in Figure 5.8a without management mirror the results from Figure

5.6a. When TLP is applied, marsh drowning is avoided for all transects for SLR scenario E2,

increasing simulated times to marsh drowning by 50+ years, on average. For SLR scenario
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Figure 5.7: Results for Overwash and SLR Scenarios. a) Time to Height Drowning; b)
Change in Barrier Width; c) Shoreline Retreat.
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Figure 5.8: Results for Management Scenario 1: Thin-Layer Placement. (a) Time to Sim-
ulated Marsh Drowning; (b) Change in Shoreline Retreat. Line labels are identified by their
SLR, Overwash, and Management Scenario IDs from Table 5.3. Marsh drowning times
displayed at 100 yrs represent marshes that did not drown during the simulation time frame.

169



CHAPTER 5. MODELING MID-ATLANTIC BARRIER ISLAND EVOLUTION

P4, TLP increased marsh drowning times by 22 years (min 4yrs, max 62yrs), on average.

The O2 and O4 scenario results were identical for these simulations.

The results in Figure 5.8b show that TLP generally reduces shoreline retreat for the high

overwash scenario (O4), while having minimal impact for the low overwash scenario (O2).

As with the other results, we observed significant spatial variability between transects; some

shoreline retreat rates were not modified at all while others were reduced by up to 80 m. SLR

also modified the impact of TLP across the transects. The low SLR scenario (E2) showed

modest increases in shoreline retreat for North Assateague (transects 170-200) and reductions

in shoreline retreat for the other transects to the south. The high SLR scenario (P4) showed

the most significant reductions in shoreline retreat, particularly at North Assateague and in

the middle of the island (transects 80-100).

Results for M2, regular beach nourishment (RBN), including change in barrier width and

the number of required nourishments, are presented in Figure 5.9. The change in barrier

width results, shown for the high SLR scenario and both overwash scenarios, show that

the modeled “hold the line” approach eliminates reductions in barrier width while allowing

for backbarrier width accretions, particularly for island segments with low initial widths,

as shown in Figure 5.9a. For scenario O2-P4, barrier widths were reduced by 66 m, on

average. However, when RBN was applied (M2-O2-P4), the barrier width reduction was

decreased to 7 m, on average, across all transects, with width increases for some transects.

The same pattern of results was observed for the O4-P4 scenario, where pre-management

width reduction was averaged to be 76 m and over 300 m at some transects. When RBN

was applied (M2-O4-P4), the change in barrier width became +41m, on average.

The number of nourishments required to hold the shoreline position varied by SLR and over-

wash scenario as shown in Figure 5.9b. M2-O2-E2 required the least number of nourishments.

Sixty percent of the island transects never required nourishment, while the remaining forty
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Figure 5.9: Results for Management Scenario 2: Regular Beach Nourishment. (a) Change
in Barrier Width, and (b) Number of Nourishments. Line labels are identified by their SLR,
Overwash, and Management Scenario IDs from Table 5.3.
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percent required only one nourishment over the simulation time period. The M2-O2-P4 and

M2-O4-E2 scenarios were comparable, each requiring an average of 3 nourishments across

all transects. The M2-O4-P4 scenario required an average of 9 nourishments, or about one

every 11 years.

Results for M3, reduced dune elevations (RDE), and M4, increased dune elevations (IDE), are

presented in Figures 5.10 and 5.11, respectively. Height drowning was minimally impacted

by RDE and IDE as shown in Figure 5.10a and 5.11a. Only a few transects showed height

drowning for the high overwash scenario (O4-P4); however, for those that did, RDE alleviated

the height drowning. Surprisingly, IDE also alleviated height drowning for these transects,

although it created additional height drowning for others. Drowning was observed for many

more transects for the low overwash scenario (O2-P4), with some drowning times between

55 and 60 years. RDE reduced drowning times, but only by 5 years, on average. IDE had

the opposite effect, increasing drowning times by about 3 years, on average.

RDE showed substantial increases in shoreline retreat for the high SLR and high overwash

scenario (M3-O4-P4), averaging 41 m (min 0m, max 226m) across all transects, as shown

in Figure 5.10b. The other scenarios showed significantly less impact from RDE, averaging

between 4 m and 10 m of change. Oppositely, IDE reduced shoreline retreat for M4-O4-P4

by 74 m (max 216m), on average, while averaging between 4 m and 24 m reductions for the

other scenarios (Fig. 5.11b).

The average changes in barrier island width and height from RDE were minimal for all

scenarios except M3-O4-P4, which showed an average height increase of 0.26 m (max 1.27m),

and width changes that varied dramatically by transect, ranging from -121 m to +84 m (Fig.

5.10c,d). Similar but opposite patterns were observed for the IDE results, which showed an

average height decrease of 0.44 m (max 0.83m), and width changes that ranged from -197

m to +162 m for the M4-O4-P4 scenario. IDE also showed significant width changes for
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Figure 5.10: Results for Management Scenario 3: Reduce Dune Elevations. (a) Time to
Height Drowning, (b) Change in Shoreline Retreat, (c) Change in Barrier Width, and (d)
Change in Barrier Height. Line labels are identified by their SLR, Overwash, and Manage-
ment Scenario IDs from Table 5.3.
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Figure 5.11: Results for Management Scenario 4: Increase Dune Elevations. (a) Time to
Height Drowning, (b) Change in Shoreline Retreat, (c) Change in Barrier Width, and (d)
Change in Barrier Height. Line labels are identified by their SLR, Overwash, and Manage-
ment Scenario IDs from Table 5.3.
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specific transects in the M4-O4-E2 scenario, ranging from -140 m to +39 m.

5.5 Discussion

The results in Figure 5.6 provide an assessment of the vulnerability of Assateague Island for

seven SLR scenarios. Because only the rate of SLR was modified for these scenarios, they

assume that the calibrated maximum annual overwash rate of 37 m3/m/yr, which averages

to about 21 m3/m/yr after accounting for the variations in dune elevation (i.e., overwash

multiplier), is held constant, with no changes due to management. These scenarios highlight

a couple of significant vulnerabilities due to SLR.

First, many of the backbarrier marsh platforms are likely to experience drowning within

the next 40 years, even for some of the lowest, extrapolated SLR rates (between 5 and 9

mm/yr). For SLR rates of 13 mm/yr and 16.3 mm/yr, which correspond to the highest

SLR projections evaluated herein, the model suggests that marshes will drown in the next

21 years, on average. These estimates are consistent with previous studies that discuss the

high vulnerability of Assateague marshes due to its low backbarrier tidal range [e.g., 372]

and low lifespan estimates for lower elevation marshes from Defne and Ganju [6] and Ganju

et al. [378]. Current marsh depth primarily accounts for the spatial variations in the results,

as lower elevation marshes drown first, with tidal range differences playing a minor role,

particularly near Ocean City Inlet. Marsh drowning did not, however, impact the barrier’s

ability to maintain its elevation with respect to SLR over the simulation period with the

calibrated overwash rate.

Second, higher rates of SLR will increase rates of shoreline retreat across all of Assateague,

but especially those portions of the island with lower initial widths and lower dune elevations,

such as the northern end, which has been in an erosional state in recent decades [367].
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Reductions in barrier width will also increase with SLR, in accordance with current island

widths. Island segments with smaller initial widths reach their critical values much sooner,

at which point overwash will offset shoreline losses with backbarrier shoreline expansions,

while island segments with large initial widths remain purely erosional. Some island transects

are currently below the modeled critical width, such as the northern end, which is why their

results indicate the island width is in an accretive state, even while the shoreline is retreating.

For such island segments, increased SLR rates actually reduce the accretive changes in barrier

width.

These vulnerabilities due to SLR can be both exacerbated and mitigated by storm-driven

overwash that is too much or too little. From the model results, low overwash scenarios

minimize changes in barrier width and shoreline retreat across the island; however, they

were also associated with island height drowning for certain transects in 50 to 100 years,

particularly in the southern half of the study area, where the initial barrier heights were

lowest, on average. Scenarios with greater overwash had the opposite effect, reducing the

potential for drowning but increasing rates of shoreline retreat and changes in barrier width.

It will be important for Assateague to find a balance in its management strategies that

account for both the constructive and destructive impact of overwash.

Each of the management alternatives explored herein had different impacts on the evolving

system. TLP, as modeled in this study (5 cm applied every 5 years), helped extend the

life of the marsh for both high and low rates of SLR. The annualized rate of TLP was 10

mm/yr, which exceeds the rate of SLR in all but the highest SLR scenarios (P3 and P4).

Due to Assateague’s small backbarrier tidal range and low rates of marsh accretion, the rate

of TLP needed to sustain the marsh approaches the rate of SLR. Variations in the time to

marsh drowning suggest, as expected, that marsh platforms at the lowest elevation are most

susceptible to drowning and should be prioritized for TLP. However, given Assateague’s
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susceptibility to height drowning, as opposed to width drowning, sustaining the marshes

through TLP has little impact on sustaining the island itself over time.

RBN, modeled as a “hold the line” approach, proved to be effective at maintaining the cur-

rent barrier width in addition to holding the shoreline position. Whereas the overwash and

SLR scenarios showed the potential for reductions in barrier width, RBN eliminated these

reductions while also allowing overwash to extend the backbarrier shoreline landward for

island segments with low initial widths. The number of nourishments required in this man-

agement scenario ranged between 1 and 9 over the 100-yr simulation period, when averaged

across all island transects. For the highest rates of SLR, about one nourishment every 11

years was sufficient to sustain the island width and hold the shoreline position.

RDE and IDE were the final management scenarios evaluated herein and these, as expected,

had opposite impacts from one another. Where RDE tended to increase shoreline retreat,

reduce barrier width, and increase barrier height, IDE had the opposite effect. However,

these modifications had little impact on reducing height drowning, which primarily occurred

during low overwash scenarios. Given that increases in storm frequency and intensity are

expected [e.g., 13, 309], low overwash scenarios coupled with high SLR rates may be out

of the question. In this case, maintaining protective dunes that minimize overwash for a

time may not have long-term detrimental impacts for island sustainability. Future studies

may consider adjusting the timing and location of RDE and IDE as temporary management

alternatives that control sediment flux to the backbarrier island.

5.5.1 Limitations and Future Work

The primary limitation of this study is available data for model calibration and validation,

particularly for model output that has not been historically tracked such as barrier height and
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width, and marsh elevation and boundary changes. Future modeling efforts would benefit

from research and data collection that quantifies these changes over time via remote sensing

technologies and field studies.

Other study limitations arise out of the way that certain processes are modeled or excluded

from modeling. For example, longshore sediment transport (LST) is not included in the

LTM17 model, though it is known to impact shoreline retreat at the north end and accretion

at Fishing Point [e.g., 365, 367]. The model is also unable to account for marshes at vari-

ous depths along the same transect, which can lead to over- or underestimations of marsh

drowning due to SLR. Future modeling efforts should account for both of these important

factors to more accurately project changes to the barrier island system.

Further changes to the LTM17 model framework should be considered to more accurately

reflect the system morphodynamics. One such change is the theoretical basis of modeled

overwash, which is summarized in the volume deficit concept from Leatherman [114]. In

the current model, overwash is distributed between the barrier height and barrier or marsh

widths based on calculated deficit volumes; however, in reality, dune heights and storm size

are going to primarily control the amount and extent of overwash. Additionally, the model is

currently limited to modeling traditional barrier systems, which have a narrow backbarrier

marsh, wide lagoon, and interior marsh platform abutting the mainland. However, some

barrier systems, such as south Assateague and Wallops Islands, do not fit this idealized

morphology. Future model developments should consider possible improvements in this area

to expand model applicability.
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5.6 Conclusions

This study modeled the evolution of Assateague Island, a mid-Atlantic barrier island, under

combinations of SLR, overwash, and coastal management scenarios for a simulation period of

100 years. Backbarrier marsh platforms were found to be extremely vulnerable to SLR rates

above 5 mm/yr, particularly low elevation marshes, with projected drowning times less than

40 years. Thin-layer placement of dredged sediment was found to alleviate the risk of marsh

drowning, although it did not contribute to the long-term sustainability of Assateague Island,

which is more susceptible to height drowning than width drowning. Higher rates of SLR and

overwash contributed to increases in shoreline retreat and reduced island widths, except for

island segments with low initial widths, such as Assateague’s northern end, which increased

in width due to overwash-driven progradation of the backbarrier shoreline. Modeled beach

nourishment scenarios helped maintain both the barrier width and shoreline position, with

one nourishment required per decade for the highest SLR scenario. Reductions and increases

in dune elevation impacted shoreline retreat, island width, and island height while having

little long-term impact on height drowning.
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Chapter 6

Conclusions

6.1 Summary

Four studies were presented herein, each of which was intended to advance the knowledge of

long-term barrier island morphodynamics and/or to advance the understanding and practice

of modeling barrier island morphodynamics.

In Chapter 2, a comprehensive review of advances in modeling barrier island morphody-

namics was presented, including summaries of commonly modeled phenomena and modeling

efforts for both event-scale and long-term morphodynamics. Five popular event-scale models

and thirty eight long-term models were presented from the literature with their associated

processes. Research gaps and needs were also identified, such as expanding access and

availability of data, improving our understanding of relevant processes, and adjusting our

modeling framework and approach.

In Chapter 3, global sensitivity analysis was used to explore the parameter space of a long-

term barrier island evolution model. The Sobol method was used in addition to factor
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mapping. Each input parameter’s influence on the model results was tested both individually

and interactively using the first-order and kth-order Sobol indices. Parameter interactions

were identified using interaction indices and heatmaps, which were also used to idenifty

regions of sensitivity. Boxplots were also generated for parameter values that fell into a

distinctive simulation categories, such as width drowning, height drowning, and lagoon filling.

In Chapter 4, the Correlation, Factorial, Morris, Sobol, and VARS global sensitivity analysis

methods were compared to one another after being applied to a long-term barrier system

model. Evaluation criteria included parameter rankings, convergence of parameter rankings,

and reliability of results. The ratio of factor prioritization was used to convert disparate

sensitivity metrics to ratios between 0 and 1 for comparison. Convergence was evaluated

for each method across five orders of magnitude of simulations. To assess reliability, results

from 100 independent trials of each method were compared for two computational budget

scenarios.

In Chapter 5, a long-term barrier system model was applied to Assateague Island, a mid-

Atlantic barrier, and used to assess the island’s vulnerabilities to sea level rise, overwash

and the impact of coastal management alternatives. The island was evaluated for three

extrapolated sea level rise rates from historical data recorded at a nearby inlet, and four

sea level rise rates based on the latest projections, while overwash scenarios ranged from

no overwash to relatively high values. Thin-layer placement, regular beach nourishment,

reductions in dune elevation, and increases in dune elevation were all modeled as management

alternatives through geometry modifications and sediment flux alterations.
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6.2 Contributions and Significance

From the studies presented herein, the main contributions and their significance are as

follows:

• (Chapter 3) Islands that were found to be most prone to width and height drowning

within the 100-year simulation period were those with low initial geometries. This

finding can help coastal managers to easily identify which parts of their islands are

most vulnerable and should be prioritized for restoration efforts. It also highlights the

need to reexamine and possibly improve the theoretical foundations of critical barrier

geometry, which underlies some equilibrium-based models. A specific combination

of input parameters, including critical barrier width, initial width, toe depth, initial

marsh and lagoon width, sea level rise rate, wind speed, critical shear stress, and

ocean sediment concentration, was required for short-term width drowning to occur.

This finding is also significant for coastal managers, as it suggests that the risk of

barrier drowning could be alleviated by modifying one of those parameters. Tidal

dispersion was more influential on the backbarrier marsh and lagoon than overwash

for the simulation period. This finding supports the theory that marsh platforms are

primarily associated with flood shoals from historical tidal inlets. This finding can also

help coastal managers plan for management alternatives that will likely be required for

marsh platforms in microtidal bays with limited access to sediment from tidal inlets.

• (Chapter 4) The global sensitivity methods evaluated were generally able to identify

groups of the most important parameters; however, the Correlation method had some

notable deviations. This suggests that while the Correlation method is the easiest

sensitivity method to implement, and may often be able to identify groups of the

most sensitive parameters, the method showed some significant deviations in param-
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eter ranking from the more robust methods. In evaluating method convergence and

reliability, the Morris method outperformed all the others due to its factor fixing ability

at low simulation counts. This finding suggests that modelers should use the Morris

method for models with longer run times or when there are computational constraints.

The VARS method performed better than Sobol when compared by convergence and

reliability, and it had lower simulation counts than Sobol; however, it did not perform

better than Morris. This finding suggest that VARS is a viable alternative to the

computationally expensive Sobol method, with better convergence and reliability of

results.

• (Chapter 5) Assateague’s backbarrier marsh platforms, particularly those at low el-

evation, were found to be very vulnerable to rates of sea level rise above 5 mm/yr,

with estimated marsh drowning times below 40 years. The marsh life was extended

by thin-layer placement of dredged sediment; however, this restoration did not help

the island sustain its elevation with respect to sea level rise in the short-term. Higher

rates of sea level rise and overwash increased island retreat and reduced island width,

on average, though regular beach nourishment was able to minimize these impacts.

Dune modifications also impacted shoreline retreat and width changes, although they

had minimal impact on alleviating or exacerbating drowning. These findings may be

helpful for the coastal resource managers at Assateague who are actively implementing

some of these scenarios and who will continue to be faced with management decisions

in years to come.

6.3 Future Work

Suggestions for future work based on the findings presented herein are as follows:
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• Future studies planning to use the long-term barrier island model employed herein

should consider re-examining the theoretical underpinnings of the model to see if it

may be improved. The critical length concept of Leatherman [114] is a solid, evidence-

based concept; however, the formulation may be improved by considering how island

characteristics, such as dune elevations, or storm characteristics, such as intensity or

frequency, impact the possible extent of overwash.

• Future modeling studies should consider simulating additional management alterna-

tives at Assateague or other sites. Even using the three management alternatives

from this study, additional management scenarios might be created by applying two or

more alternatives simultaneously. Other scenarios might consider the impact of spa-

tially varied or temporally varied management scenarios on long-term changes to the

island geometry.

• Lastly, future modeling studies should consider applying this framework with manage-

ment alternatives to other barrier island systems to evaluate their impact on systems

with differing morphology and/or forcing conditions. For example, since Assateague is

a microtidal barrier island, it would be good to apply these management scenarios to

a meso or macrotidal barrier to evaluate the differences.
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Grzegorz Rózyński, and Roshanka Ranasinghe. Data-driven and hybrid coastal mor-

phological prediction methods for mesoscale forecasting. Geomorphology, 256:49–67,

2016. ISSN 0169555X. doi: 10.1016/j.geomorph.2015.10.016.

[45] Roshanka Ranasinghe. On the need for a new generation of coastal change models for

the 21st century. Scientific Reports, 10(1):1–6, 2020. ISSN 20452322. doi: 10.1038/

s41598-020-58376-x.

[46] Peter J. Cowell, Marcel J.F. Stive, Alan W. Niedoroda, Huib J. De Vriend, Donald J.P.

Swift, George M. Kaminsky, and Michele Capobianco. The Coastal-Tract (Part 1): A

Conceptual Approach to Aggregated Modeling of Low-Order Coastal Change. Journal

of Coastal Research, 19(4):812–827, 2003. ISSN 07490208.

[47] Asbury H. Sallenger. Storm impact scale for barrier islands. Journal of Coastal Re-

search, 16(3):890–895, 2000. ISSN 0749-0208.

[48] Jin-Si Over, Jenna Brown, Christopher Sherwood, Christie Hegermiller, Phillipe Wer-

nette, Andrew Ritchie, and Jonathan Warrick. A survey of storm-induced seaward-

193



transport features observed during the 2019 and 2020 hurricane seasons. Shore &

Beach, 89(2):31–40, 2021. ISSN 0037-4237. doi: 10.34237/1008924.

[49] Cheol Shik Shin. A One-Dimensional Model for Storm Breaching of Barrier Islands.

PhD thesis, Old Dominion University, 1996.

[50] R. T. McCall, J. S.M. Van Thiel de Vries, N. G. Plant, A. R. Van Dongeren, J. A.

Roelvink, D. M. Thompson, and A. J.H.M. Reniers. Two-dimensional time dependent

hurricane overwash and erosion modeling at Santa Rosa Island. Coastal Engineering,

57(7):668–683, 2010. ISSN 03783839. doi: 10.1016/j.coastaleng.2010.02.006. URL

http://dx.doi.org/10.1016/j.coastaleng.2010.02.006.

[51] Stephanie M. Smallegan and Jennifer L. Irish. Barrier Island Morphological Change by

Bay-Side Storm Surge. Journal of Waterway, Port, Coastal, and Ocean Engineering,

143(5):04017025, 2017. ISSN 0733-950X. doi: 10.1061/(asce)ww.1943-5460.0000413.

[52] Craig Harter and Jens Figlus. Numerical modeling of the morphodynamic response

of a low-lying barrier island beach and foredune system inundated during Hurricane

Ike using XBeach and CSHORE. Coastal Engineering, 120(April 2016):64–74, 2017.

ISSN 03783839. doi: 10.1016/j.coastaleng.2016.11.005. URL http://dx.doi.org/10.

1016/j.coastaleng.2016.11.005.

[53] Marcel J.F. Stive and Huib J. de Vriend. Modelling shoreface profile evolution. Marine

Geology, 126:235–248, 1995. ISSN 00253227. doi: 10.1016/0025-3227(95)00080-I. URL

http://dx.doi.org/10.1016/0025-3227(95)00080-I.

[54] Troels Aagaard and Aart Kroon. Sediment Transport Under Storm Conditions on

Sandy Beaches. In Paolo Ciavola and Giovanni Coco, editors, Coastal Storms: Pro-

cesses and Impacts, chapter 3, pages 44–63. John Wiley & Sons Ltd., 2017.

194

http://dx.doi.org/10.1016/j.coastaleng.2010.02.006
http://dx.doi.org/10.1016/j.coastaleng.2016.11.005
http://dx.doi.org/10.1016/j.coastaleng.2016.11.005
http://dx.doi.org/10.1016/0025-3227(95)00080-I


[55] S. Quartel, B. G. Ruessink, and A. Kroon. Daily to seasonal cross-shore behaviour of

quasi-persistent intertidal beach morphology. Earth Surface Processes and Landforms,

32:1293–1307, 8 2007. doi: 10.1002/esp.1477.

[56] Francis P. Shephard. Beach cycles in southern california. Technical report, United

States Army Corps of Engineers, 1950.

[57] Roshanka Ranasinghe, Rob Holman, Matthieu De Schipper, Tom Lippmann, Jennifer

Wehof, Trang Minh Duong, Dano Roelvink, and Marcel Stive. Quantifying nearshore

morphological recovery time scales using argus video imaging: Palm Beach, Sydney

and Duck, North Carolina. Proceedings of the Coastal Engineering Conference, pages

1–7, 2012. ISSN 0589-087X. doi: 10.9753/icce.v33.sediment.24.

[58] T. Edelman. Dune erosion during storm conditions. In Proc. 11th ICCE, pages 719–

722, Reston, VA, 1968. American Society of Civil Engineers.

[59] Dano Roelvink, Ad Reniers, Ap van Dongeren, Jaap van Thiel de Vries, Robert Mc-

Call, and Jamie Lescinski. Modelling storm impacts on beaches, dunes and bar-

rier islands. Coastal Engineering, 56(11-12):1133–1152, 2009. ISSN 03783839. doi:

10.1016/j.coastaleng.2009.08.006.

[60] Jeffrey H. List, Amy S. Farris, and Charlene Sullivan. Reversing storm hotspots on

sandy beaches: Spatial and temporal characteristics. Marine Geology, 226:261–279,

2006. doi: 10.1016/j.margeo.2005.10.003.

[61] S.B. McCann. Barrier Islands in the Southern Gulf of St. Lawrence, Canada. In

Stephen P. Leatherman, editor, Barrier Islands: From the Gulf of St. Lawrence to the

Gulf of Mexico. Academic Press, 1979.

[62] William J. Cleary and Paul E. Hosier. Geomorphology, Washover History, and Inlet

195



Zonation: Cape Lookout, North Carolina to Bird Island, North Carolina. In Stephen P.

Leatherman, editor, Barrier Islands: From the Gulf of St. Lawrence to the Gulf of

Mexico. Academic Press, 1979.

[63] S.B. McCann. Reconnaissance Survey of Hog Island, Prince Edward Island. Maritime

Sediments, 0(3):107–113, 1972. ISSN 1098-6596.

[64] John J. Fisher and Elizabeth J. Simpson. Washover and Tidal Sedimentation Rates

as Environmental Fators in Development of a Transgressive Barrier Shoreline. In

Stephen P. Leatherman, editor, Barrier Islands: From the Gulf of St. Lawrence to the

Gulf of Mexico, pages 127–148. Academic Press, 1979.

[65] R.L. Nichols and A.F. Marston. Shoreline changes in Rhode Island produced by hur-

ricane of September 21, 1938. Geological Society of America Bulletin, 50, 1939.

[66] Peter S. Rosen. Aeolian Dynamics of a Barrier Island System. In Stephen P. Leather-

man, editor, Barrier Islands: From the Gulf of St. Lawrence to the Gulf of Mexico,

pages 81–98. Academic Press, 1979.

[67] Nicholas C. Kraus and Kentaro Hayashi. Numerical Morphologic Model of Barrier

Island Breaching. In Proc. 29th ICCE, pages 2120–2132. World Scientific Press, 2005.
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A.1. ABSTRACT

A.1 Abstract

Barrier island models that include marsh and lagoon processes are highly parameterized.

To constrain model uncertainty, those desiring to use these models should seek a robust

understanding of the parameter sensitivities. In this study, global sensitivity analysis was

performed on a long-term barrier island model to yield insights into the modeled barrier-

backbarrier system. Given that a variety of global sensitivity analysis methods exist, each one

appearing to differ in its implementation, computational burden, and output, three methods

(i.e., the Two-Level Full Factorial Method, Morris Method, and Sobol Method) were applied

to the model for the purposes of comparison. Key influential parameters (e.g., sea level rise

rate, equilibrium/critical barrier width, and reference wind speed) were consistently identified

by all three sensitivity analysis methods. Despite the relatively low number of simulations

required by the Morris Method, the Two-Level Method computationally outperformed the

others, warranting further exploration of the Morris Method’s parallelization structure.

A.2 Introduction

Barrier island models that include backbarrier (i.e., marsh and lagoon) processes are highly

parameterized. To constrain model uncertainty, those desiring to use these models should

seek a robust understanding of the parameter sensitivities. To gain additional insights into

the modeled morphodynamics of a coupled barrier island-backbarrier system, the parameter

space of a long-term barrier model published by Lorenzo-Trueba and Mariotti [1], here-

after the ‘LTM17’ model, was explored by means of conducting a global sensitivity analysis

(GSA). However, there are a variety of GSA methods, each of which appears to differ in

its implementation, computational burden, and output. Therefore, in addition to gaining
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additional insights into the LTM17 model, three GSA methods were applied to the model

for comparison purposes.

The three GSA methods are the Two-Level Full Factorial Method (overviewed in Saltelli

et al. [23]), the Morris Method [323], and the Sobol Method [20]. Using these methods, we

evaluated the influence of 20 input parameters on the LTM17 model results over a 100-year

period. Each method is briefly discussed and select results from the sensitivity analyses are

presented.

A.3 Coastal Barrier Island System Model

The LTM17 model, published by Lorenzo-Trueba and Mariotti [1], is a 1D idealized barrier

transect model that was developed by coupling two previous models: a 2014 barrier is-

land model from Lorenzo-Trueba and Ashton [19], hereafter the ‘LTA14’ model, and a 2014

marsh-lagoon model from Mariotti and Carr [18], hereafter the ‘MAC14’ model. The model

simulates temporal changes to 10 state variables, including the transect boundaries, barrier

height, and marsh and lagoon depths. These variables are modified through sediment flux

calculations, which are based on the system’s deviation from prescribed equilibrium states.

A graphical representation of the model transect and state variables is displayed in Figure

A.1.

The 20 LTM17 model input parameters shown in Table A.1 were selected for GSA. Each

parameter’s sensitivity range was set at plus or minus 50 percent of the base value in Table

A.1, with the exceptions of tidal range (r), which has a lower limit of 0.7 meters, and sea

level rise rate (ż), which has a defined range of 3-20 mm/yr based on global sea level rise

projections through 2100 by Sweet et al. [341].
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A.3. COASTAL BARRIER ISLAND SYSTEM MODEL

Figure A.1: LTM17 Model Transect and State Variables. Figure reproduced and modified
Lorenzo-Trueba and Mariotti (2017).

Table A.1: LTM17 Model Input Parameters

Parameter (Symbol) Base Value Units
Mainland Slope (β) 7e−4 [m/m]
Toe Depth (DT ) 10 [m]
Equil./Crit. Width (Wcr) 175 [m]
Equil./Crit. Height (Hcr) 3 [m]
Equil. Shoreface Slope (αe) 6.5e−3 [m/m]
Critical Marsh Width (BM1,cr) 70 [m]
Marsh Profile Shape Const. (d) 10 [m]
Max. Annual Overwash Flux (QOW,∗) 60 [m3/m/yr]
Sea Level Rise Rate (ż) 5 [mm/yr]
Shoreface Flux Const. (K) 2e3 [m3/m/yr]
Tidal Range (r) 0.87 [m]
Wind Speed (Uref ) 8 [m/s]
Sediment Settling Velocity (ωs) 0.4 [mm/s]
Sediment Erodibility Constant (λ) 1e−4 [...]
Critical Bed Shear Stress (τcr) 0.1 [Pa]
Marsh Accretion Const. (Ka) 2 [...]
Marsh Erosion Const. (Ke) 0.16 [...]
Ocean Sediment Conc. (Co) 30 [mg/l]
Peak Biomass Production (BP ) 2.5 [kg/m2]
Fraction Accumulated Carbon (χref ) 0.15 [...]
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Figure A.2: Graphical representation of a) the Two-Level Full Factorial Method, b) the
Morris Method, and c) the Sobol Method, for a hypothetical 3-parameter model.

A.4 Global Sensitivity Analysis Methods

Three GSA methods were integrated into the LTM17 model code: the Two-Level Full Facto-

rial Method (hereafter the ‘Two-Level’ Method), the Morris Method, and the Sobol Method.

These methods are graphically represented in Figure A.2 for a hypothetical model with 3

input parameters, where the cube represents the 3-dimensional parameter space, the axes

represent the hypothetical input parameters (X1, X2, X3), and each dot represents a single

model simulation with distinct input parameter values (Note: only parameter constraints

are represented in Figure A.2c).

In the Two-Level Method (Fig. A.2a), simulations were run for every extreme value com-

bination of the input parameters (i.e., at the ‘corners’ of the parameter space), whereas

simulations in the Morris Method (Fig. A.2b) were run from randomized sample trajectories

(represented by the dashed lines) throughout the interior of the parameter space, making

discrete parameter value ‘jumps’ according to a defined delta (∆) value. Both methods fol-

low the ‘One-At-a-Time’ (or OAT) approach, where sensitivity of a specific input parameter

is represented by the average change in model results, or average of all ‘elementary effects,’

across all simulations. The averaged results are referred to herein as the ‘average effect.’
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Thus, the average effect of a parameter ‘Xi’ (AEXi
) is calculated by Equation A.1:

AEXi
=

1

N

∑
N

Y |Xi=B − Y |Xi=A (A.1)

whereN is either half the number of possible 2-parameter combinations (when using the Two-

Level Method) or the number of user-defined trajectories (when using the Morris Method),

Y is the model output, and A and B represent two distinct values for parameter Xi.

Oppositely, the Sobol Method (Fig. A.2c) follows a variance-based approach, which com-

putes sensitivity indices based on the ratio of model output variance, constrained by fixed

parameter values (the colored planes in Figure A.2c), to the total unconstrained model vari-

ance. The two indices computed in this study were the first-order Sobol index (Si) and the

kth-order Sobol index (STi
), where k represents the number of input parameters. Following

the notation of Saltelli et al. [23], these index values are calculated using Equations A.2 and

A.3:

Si =
V (E(Y |Xi))

V (Y )
(A.2)

STi
= 1− V (E(Y |X∼i))

V (Y )
(A.3)

where Si and S(Ti) are the first and kth-order index values, respectively, for the ith input

parameter (Xi), V is the variance, E is the mean or expected value, and Y is the model

output. The first-order index indicates the percentage of model variance accounted for by

each parameter, while the kth-order index accounts for the percentage of model variance

from each parameter and its interactions with other parameters. For additional details on
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the methods, readers are referred to Sobol [20], Morris [323] and Saltelli et al. [23], who

provides an accessible summary of all three methods.

A.5 Results and Discussion

Each GSA method that was used to evaluate the sensitivity of the LTM17 model’s 20 input

parameters varied in its number of simulations and computational burden. The Two-Level

Method completed its 2k (i.e., 1,048,576) simulations and sensitivity calculations in 30 min-

utes. The Sobol Method, which runs a user-defined number of simulations per input pa-

rameter, took 2.3 hours to run its 5.5 million simulations. The Morris Method, which was

set up with 3 elementary effects per parameter range (i.e., ∆ = 3/5), required the greatest

computational burden with a run time of 3 hours; however, this was not expected since

the total number of simulations was only 210,000. This suggests that there may be a more

efficient way to parallelize the Morris Method computations.

Select results from the sensitivity analyses are presented in Figure A.3, where Figures A.3a,

A.3c, and A.3e show the results for change in barrier width, and Figures A.3b, A.3d, and

A.3f show the results for change in backbarrier marsh width. Additionally, Figures A.3a and

A.3b show the Two-Level Method results, Figures A.3c and A.3d show the Morris Method

results, and Figures A.3e and A.3f show the Sobol Method results. The sensitivity indicators

associated with each method are plotted on the y-axes for each input parameter on the x-

axes. The background colors in each subplot of Figure A.3 identify a broad categorization

for the input parameters: dark grey for parameters associated with system geometry, and

white for other parameters.

Figure A.3 displays remarkable consistency between the results of the three GSA methods.

Comparing the barrier width results in Figures A.3a, A.3c, and A.3e, each method consis-
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Figure A.3: Sensitivity analysis results for Barrier Width (a,c,e) and Backbarrier Marsh
Width (b,d,f) for the Two-Level (a,b), Morris (c,d), and Sobol (e,f) Methods
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tently identifies the most influential parameters (i.e., those with the highest sensitivity indi-

cators) and non-influential parameters. Sea level rise rate (ż) and equilibrium/critical width

(Wcr) were consistently two of the most influential parameters, while critical backbarrier

marsh width (BM1,cr) and tidal range (r) were consistently the least influential parameters.

These results suggest that parameters such as ż and Wcr are the most important parameters

for modelers to understand and to constrain for future projections. The most and least influ-

ential parameters were also identified for the backbarrier marsh width results from Figures

A.3b, A.3d, and A.3f. It should be noted that ż and the reference wind speed (Uref ) were

consistently influential for both the barrier and backbarrier results.

Given the consistency in results between methods, the Two-Level Method proved to be the

least computationally burdensome method to identify the most sensitive parameters in this

study. However, future work in optimizing the Morris Method parallelization or the Morris

and Sobol Method setups may improve performance.

Comparing the barrier width and backbarrier marsh width results (e.g., Figure A.3a and

A.3b) suggests parameter sensitivity can vary significantly from one set of results to the

next. For example, the geometrical parameters (i.e., those with a dark grey background),

most of which were associated with the original LTA14 barrier island model, have substantial

influence on the barrier width results, but little to no influence on the backbarrier marsh

width results. The sediment transport parameters, which were associated with the original

MAC14 model, influence both the barrier width and backbarrier marsh width results. These

observations also suggest that the backbarrier component of the model has more influence

on the barrier results than vice versa.
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A.6 Conclusion

The sensitivity analysis results from this study provide a few modeling insights. First, the

most influential parameters were sea level rise rate (ż), equilibrium/critical barrier width

(Wcr), and reference wind speed (Uref ), while the least influential parameters were critical

backbarrier marsh width (BM1,cr) and tidal range (r). Second, the relative sensitivity of

input parameters was found to be highly dependent on the results of interest. Third, the

Two-Level Method identified the parameter sensitivities with the least computational burden

for this study. However, given the differences in the number of simulations, run time, and

output of each method, there remains future work in comparing method performance and

improving the parallelization of the Morris Method code. These results may be used to help

identify parameter constraints and characterize model uncertainty toward more confident

predictions and management decisions for coastal barrier systems.

A.7 Acknowledgements

The authors would like to thank those who have supported this work including the U.S. Army

Corps of Engineers through the U.S. Coastal Research Program (under Grant No. W912HZ-

20-2-0005), the National Science Foundation (under Grant Numbers 1630099 and 1735139),

and the Virginia Sea Grant College Program (Project R/72155T), from the National Oceanic

and Atmospheric Administration’s National Sea Grant College Program, U.S. Department

of Commerce under award NA18OAR4170083. Any opinions, findings, and conclusions or

recommendations expressed in this material are those of the authors and do not necessarily

reflect the views of these organizations. The authors also acknowledge Advanced Research

Computing at Virginia Tech for providing computational resources and technical support

255



APPENDIX A. MODELING INSIGHTS FROM APPLIED GSA

that have contributed to the results reported within this paper. URL: https://arc.vt.edu/

256



Appendix B

Supplementary Material for Chapter 3

257



Outline of Supplementary Material: 

1. Input parameter ranges for this sensitivity study 

2. All results from Simulation Set A 

3. Initial and Critical Geometry Interactions from Simulation Set A 

4. All results from Simulation Set C  
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1. Input parameter ranges for this sensitivity study 

The input parameters for this sensitivity study are listed in Table B1.1 below with their value 

ranges highlighted in yellow. Each parameter range is compared to the value ranges from 

previous model publications including LTA14 (Lorenzo-Trueba & Ashton, 2014), MAC14 

(Mariotti & Carr, 2014), LTM17 (Lorenzo-Trueba & Mariotti, 2017), and MLT17 (Miselis & 

Lorenzo-Trueba, 2017). 

Table B1.1 Comparison of Ranges to Other Studies 
Parameter Symbol Units Range LTA14 MAC14 LTM17 MLT17 

Mainland Slope 𝛽 [m/m] 
0.0001-

0.005 

0.00001 – 

0.005 
NA 

0.0001 – 

vertical 
 

Toe Depth 𝐷𝑇 [m] 5 – 15 
10, 15 (SI: 

5 – 20) 
NA 10 16 

Critical Width 𝑊𝑐𝑟  [m] 100 – 600 
300 (SI: 50 

– 600) 
NA 800 350 - 450 

Critical Height 𝐻𝑐𝑟 [m] 0.5 – 4 
1, 2 (SI: 

0.5 – 2) 
NA 2 5.9 – 6.7 

Initial Width 𝑊0 [m] 
100 – 

1,000 

(SI: 250 – 

350) 
NA 800  

Initial Height 𝐻0 [m] 0.5 – 4   NA 2  

Equil. Shoreface Slope 𝛼𝑒 [m/m] 
0.005 – 

0.025 

0.015, 0.02 

(SI: 0.01 – 

0.025) 

NA 0.02 
0.021 – 

0.027 

Critical BB Marsh Width 𝐵𝑀1,𝑐𝑟 [m] 50 – 500 NA NA 1,000  

Initial BB Marsh Width 𝐵𝑀1,0 [m] 50 – 1,000 NA NA 1,000  

Initial Lagoon Width 𝐵𝐹,0 [m] 
1,000 – 

10,000 
NA 

1,000 – 

9,000 

5,000 – 

30,000 
 

Initial Lagoon Depth 𝐷𝐹,0 [m] 1 – 3 9 (Fig. 9) NA  1.2 – 1.8 

Max. Annual Overwash Flux 𝑄𝑂𝑊,∗ [m3/m/yr] 1 – 100 5 - 100 NA 10, 100 0 - 100 

SLR Rate 𝑧̇ [mm/yr] 3 – 20 1 – 8 0 – 15 0 - 10 4, 7, 10 

Shoreface Sediment Flux Cont. 𝐾 [m3/m/yr] 
100 – 

10,000 
0 – 10,000 NA 2,000 2,011 

Ref. Wind Speed 𝑈𝑟𝑒𝑓 [m/s] 5 – 10 NA 6 (5 – 8) 10  

Tidal Range 𝑟 [m] 0.7 – 2.8 NA 1.4 – 2.8 1.4 – 2  

Settling Velocity 𝜔𝑠 [mm/s] 0.05 – 0.5 NA 0.5 0.5  

Critical Bed Shear Stress 𝜏𝑐𝑟 [Pa] 0.05 – 0.4 NA 0.1 – 0.4   

Ocean Sediment Concentration 𝐶𝑜 [g/l] 0.03 – 0.2 NA 0 – 0.15 0 – 0.2  

Peak Biomass Production 𝐵𝑃 [kg/m2] 1.5 – 3.5 NA ? 2.5  
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2. All Results from Simulation Set A 

 
Figure B2.1. First-order Sobol Indices (Simulation Set A) 

 
Figure B2.2. kth-order Sobol Indices (Simulation Set A) 
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Figure B2.3. Interaction Indices (Simulation Set A) 
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Figure B2.4. Distinctive Simulation Category Boxplots (Simulation Set A)  
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Table B2.1. Ninety Five Percent Confidence Intervals on Boxplot Medians  

for Parameters 𝜷 through 𝑯𝟎 (Simulation Set A) 

Parameter Category Non-Overlap p5 Mean p95 

𝛽  ALL   0.00237 0.00256 0.00275 

𝛽  NRM  NO 0.00240 0.00258 0.00277 

𝛽  WD  NO 0.00226 0.00237 0.00260 

𝛽  HD  NO 0.00249 0.00267 0.00285 

𝛽  MD  NO 0.00232 0.00252 0.00271 

𝛽  FILL  NO 0.00238 0.00256 0.00275 

𝐷𝑇   ALL   9.283 10.020 10.692 

𝐷𝑇   NRM  NO 9.291 10.040 10.750 

𝐷𝑇   WD  YES 6.757 7.487 8.156 

𝐷𝑇   HD  NO 9.552 10.137 10.733 

𝐷𝑇   MD  NO 9.263 9.986 10.662 

𝐷𝑇   FILL  NO 9.249 9.987 10.659 

𝑊𝑐𝑟  ALL   326.1 350.8 374.6 

𝑊𝑐𝑟  NRM  NO 323.2 348.2 374.3 

𝑊𝑐𝑟  WD  YES 299.8 308.0 321.9 

𝑊𝑐𝑟  HD  YES 380.5 403.1 431.6 

𝑊𝑐𝑟  MD  NO 325.9 350.3 375.9 

𝑊𝑐𝑟  FILL  NO 324.6 350.9 375.6 

𝐻𝑐𝑟   ALL   2.062 2.239 2.411 

𝐻𝑐𝑟   NRM  NO 2.066 2.245 2.401 

𝐻𝑐𝑟   WD  YES 2.453 2.610 2.748 

𝐻𝑐𝑟   HD  YES 1.826 1.919 2.009 

𝐻𝑐𝑟   MD  NO 2.100 2.256 2.418 

𝐻𝑐𝑟   FILL  NO 2.076 2.235 2.402 

𝑊0  ALL   511.3 549.8 591.5 

𝑊0  NRM  NO 512.3 550.7 589.4 

𝑊0  WD  YES 174.8 181.5 186.9 

𝑊0  HD  NO 582.7 612.8 646.6 

𝑊0  MD  NO 511.6 549.4 587.0 

𝑊0  FILL  NO 508.7 549.2 592.1 

𝐻0  ALL   2.104 2.257 2.430 

𝐻0  NRM  NO 2.131 2.292 2.454 

𝐻0  WD  YES 1.702 1.903 2.042 

𝐻0  HD  YES 1.203 1.298 1.410 

𝐻0  MD  NO 2.108 2.269 2.424 

𝐻0  FILL  NO 2.100 2.250 2.420 
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Table B2.2. Ninety Five Percent Confidence Intervals on Boxplot Medians 

for Parameters 𝜶𝒆 through 𝑸𝑶𝑾,∗ (Simulation Set A) 

Parameter Category Non-Overlap p5 Mean p95 

𝛼𝑒   ALL   0.0140 0.0150 0.0161 

𝛼𝑒   NRM  NO 0.0140 0.0151 0.0161 

𝛼𝑒   WD  YES 0.0101 0.0109 0.0118 

𝛼𝑒   HD  NO 0.0139 0.0149 0.0158 

𝛼𝑒   MD  NO 0.0141 0.0151 0.0161 

𝛼𝑒   FILL  NO 0.0139 0.0150 0.0162 

𝐵𝑀1,𝑐𝑟  ALL   254.1 274.3 294.7 

𝐵𝑀1,𝑐𝑟  NRM  NO 253.6 273.7 292.8 

𝐵𝑀1,𝑐𝑟  WD  NO 261.0 276.5 290.1 

𝐵𝑀1,𝑐𝑟  HD  NO 256.8 278.5 296.0 

𝐵𝑀1,𝑐𝑟  MD  NO 256.8 277.5 297.1 

𝐵𝑀1,𝑐𝑟  FILL  NO 251.6 272.8 292.8 

𝐵𝑀1,0  ALL   487.3 525.3 563.9 

𝐵𝑀1,0  NRM  NO 493.0 527.2 562.4 

𝐵𝑀1,0  WD  YES 307.9 332.2 349.3 

𝐵𝑀1,0  HD  NO 487.6 519.8 552.7 

𝐵𝑀1,0  MD  NO 492.1 529.4 564.9 

𝐵𝑀1,0  FILL  NO 484.9 523.0 560.4 

𝐵𝐹,0  ALL   5084.6 5479.8 5864.9 

𝐵𝐹,0  NRM  NO 5294.9 5741.0 6166.3 

𝐵𝐹,0  WD  YES 6743.1 7087.4 7736.7 

𝐵𝐹,0  HD  NO 5533.9 5893.6 6265.6 

𝐵𝐹,0  MD  NO 4932.5 5331.0 5737.8 

𝐵𝐹,0  FILL  NO 4884.2 5251.1 5650.8 

𝐷𝐹,0  ALL   1.859 2.003 2.143 

𝐷𝐹,0  NRM  NO 1.831 1.972 2.106 

𝐷𝐹,0  WD  NO 1.950 2.086 2.212 

𝐷𝐹,0  HD  NO 1.778 1.922 2.077 

𝐷𝐹,0  MD  NO 2.053 2.198 2.336 

𝐷𝐹,0  FILL  NO 1.796 1.940 2.081 

𝑄𝑂𝑊,∗  ALL   46.79 50.51 54.11 

𝑄𝑂𝑊,∗  NRM  NO 48.07 52.00 55.53 

𝑄𝑂𝑊,∗  WD  YES 25.23 27.28 29.66 

𝑄𝑂𝑊,∗  HD  YES 5.06 5.31 5.57 

𝑄𝑂𝑊,∗  MD  NO 47.31 50.40 54.04 

𝑄𝑂𝑊,∗  FILL  NO 46.70 50.34 54.03 
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Table B2.3. Ninety Five Percent Confidence Intervals on Boxplot Medians  

for Parameters 𝒛̇ through 𝝉𝒄𝒓 (Simulation Set A) 

Parameter Category Non-Overlap p5 Mean p95 

𝑧̇  ALL   0.0107 0.0115 0.0123 

𝑧̇  NRM  YES 0.0087 0.0094 0.0100 

𝑧̇  WD  YES 0.0153 0.0164 0.0170 

𝑧̇  HD  YES 0.0152 0.0162 0.0171 

𝑧̇  MD  YES 0.0147 0.0157 0.0166 

𝑧̇  FILL  NO 0.0105 0.0112 0.0120 

𝐾  ALL   4732.9 5103.4 5480.2 

𝐾  NRM  NO 4751.1 5099.9 5464.4 

𝐾  WD  NO 5206.9 5689.7 6428.7 

𝐾  HD  NO 4624.9 4976.7 5277.6 

𝐾  MD  NO 4852.9 5195.7 5542.6 

𝐾  FILL  NO 4695.0 5073.0 5445.7 

𝑈𝑟𝑒𝑓   ALL   6.968 7.501 8.019 

𝑈𝑟𝑒𝑓   NRM  NO 7.495 8.002 8.512 

𝑈𝑟𝑒𝑓   WD  YES 8.562 9.149 9.534 

𝑈𝑟𝑒𝑓   HD  NO 7.480 8.036 8.618 

𝑈𝑟𝑒𝑓   MD  NO 6.745 7.300 7.840 

𝑈𝑟𝑒𝑓   FILL  NO 6.471 6.988 7.541 

𝑟  ALL   1.626 1.743 1.868 

𝑟  NRM  NO 1.682 1.807 1.934 

𝑟  WD  YES 2.129 2.282 2.432 

𝑟  HD  NO 1.808 1.913 2.013 

𝑟  MD  YES 0.983 1.041 1.104 

𝑟  FILL  YES 1.881 2.015 2.151 

𝜔𝑠  ALL   8021.7 8693.7 9316.4 

𝜔𝑠  NRM  NO 8128.7 8735.1 9386.8 

𝜔𝑠  WD  NO 7217.4 7857.7 8166.5 

𝜔𝑠  HD  NO 8184.0 8509.6 8868.0 

𝜔𝑠  MD  NO 8031.1 8692.6 9345.0 

𝜔𝑠  FILL  NO 8046.8 8641.9 9268.9 

𝜏𝑐𝑟   ALL   0.209 0.224 0.241 

𝜏𝑐𝑟   NRM  YES 0.128 0.137 0.146 

𝜏𝑐𝑟   WD  YES 0.106 0.117 0.128 

𝜏𝑐𝑟   HD  YES 0.117 0.124 0.130 

𝜏𝑐𝑟   MD  NO 0.235 0.252 0.269 

𝜏𝑐𝑟   FILL  YES 0.289 0.308 0.327 
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Table B2.4. Ninety Five Percent Confidence Intervals on Boxplot Medians  

for Parameters 𝑪𝒐 and 𝑩𝑷 (Simulation Set A) 

Parameter Category Non-Overlap p5 Mean p95 

𝐶𝑜   ALL   0.108 0.116 0.124 

𝐶𝑜   NRM  NO 0.109 0.118 0.126 

𝐶𝑜   WD  YES 0.062 0.064 0.069 

𝐶𝑜   HD  NO 0.116 0.124 0.132 

𝐶𝑜   MD  YES 0.068 0.073 0.078 

𝐶𝑜   FILL  NO 0.123 0.132 0.140 

𝐵𝑃  ALL   2.314 2.503 2.689 

𝐵𝑃  NRM  NO 2.340 2.515 2.685 

𝐵𝑃  WD  NO 2.433 2.585 2.782 

𝐵𝑃  HD  NO 2.263 2.397 2.540 

𝐵𝑃  MD  NO 2.311 2.487 2.672 

𝐵𝑃  FILL  NO 2.312 2.485 2.670 
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3. Initial and Critical Geometry Interactions from Simulation Set A 

 
Figure B3.1. Initial and Critical Geometry Interactions (Simulation Set A)  
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4. All Results from Simulation Set C 

 

 
Figure B4.1. Distinctive Simulation Category Boxplots (Simulation Set C)  
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Table B4.1. Ninety Five Percent Confidence Intervals on Boxplot Medians  

for Parameters 𝑪𝒐 and 𝑩𝑷 (Simulation Set C) 

Parameter Category Non-Overlap p5 Mean p95 

𝛽 ALL   0.00237 0.00255 0.00273 

𝛽 NRM   NO  0.00239 0.00255 0.00274 

𝛽 WD   NO  0.00239 0.00245 0.00251 

𝛽 MD   NO  0.00237 0.00253 0.00274 

𝛽 FILL   NO  0.00242 0.00258 0.00276 

𝐷𝑇  ALL   9.285 9.958 10.690 

𝐷𝑇  NRM   NO  9.311 9.975 10.660 

𝐷𝑇  WD   YES  5.677 5.892 6.653 

𝐷𝑇  MD   NO  9.468 10.203 10.879 

𝐷𝑇  FILL   NO  9.430 10.130 10.834 

𝑊𝑐𝑟 ALL   327.3 350.8 374.3 

𝑊𝑐𝑟 NRM   NO  326.1 349.9 375.4 

𝑊𝑐𝑟 WD   YES  429.3 451.3 473.9 

𝑊𝑐𝑟 MD   NO  334.4 361.6 387.3 

𝑊𝑐𝑟 FILL   NO  328.2 354.6 377.2 

𝐻𝑐𝑟  ALL   2.088 2.249 2.403 

𝐻𝑐𝑟  NRM   NO  2.081 2.244 2.408 

𝐻𝑐𝑟  WD   YES  2.739 2.764 2.788 

𝐻𝑐𝑟  MD   NO  2.116 2.293 2.465 

𝐻𝑐𝑟  FILL   NO  2.094 2.252 2.409 

𝛼𝑒  ALL   0.0139 0.0150 0.0161 

𝛼𝑒  NRM   NO  0.0139 0.0150 0.0160 

𝛼𝑒  WD   YES  0.0089 0.0094 0.0099 

𝛼𝑒  MD   NO  0.0140 0.0150 0.0161 

𝛼𝑒  FILL   NO  0.0142 0.0153 0.0164 

𝐵𝑀1,𝑐𝑟 ALL   255.8 276.0 297.2 

𝐵𝑀1,𝑐𝑟 NRM   NO  256.1 276.3 296.7 

𝐵𝑀1,𝑐𝑟 WD   YES  361.4 380.6 399.5 

𝐵𝑀1,𝑐𝑟 MD   NO  260.3 278.4 300.7 

𝐵𝑀1,𝑐𝑟 FILL   NO  258.9 279.6 299.2 
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Table B4.2. Ninety Five Percent Confidence Intervals on Boxplot Medians  

for Parameters 𝑪𝒐 and 𝑩𝑷 (Simulation Set C) 

Parameter Category Non-Overlap p5 Mean p95 

𝐵𝑀1,0 ALL   490.8 529.3 565.9 

𝐵𝑀1,0 NRM   NO  490.5 527.7 565.5 

𝐵𝑀1,0 WD   YES  128.7 134.8 141.3 

𝐵𝑀1,0 MD   NO  489.6 527.7 568.1 

𝐵𝑀1,0 FILL   NO  481.9 523.0 564.9 

𝐵𝐹,0 ALL   5128.1 5505.6 5877.5 

𝐵𝐹,0 NRM   NO  5166.3 5573.0 5957.4 

𝐵𝐹,0 WD   YES  6992.0 8166.4 9088.5 

𝐵𝐹,0 MD   NO  4404.6 4735.4 5105.0 

𝐵𝐹,0 FILL   YES  3470.3 3833.0 4140.9 

𝐷𝐹,0 ALL   1.858 2.006 2.149 

𝐷𝐹,0 NRM   NO  1.834 1.984 2.125 

𝐷𝐹,0 WD   NO  1.980 2.135 2.308 

𝐷𝐹,0 MD   YES  2.203 2.382 2.514 

𝐷𝐹,0 FILL   NO  1.956 2.083 2.209 

𝑄𝑂𝑊,∗ ALL   47.06 50.55 54.28 

𝑄𝑂𝑊,∗ NRM   NO  47.14 50.75 54.52 

𝑄𝑂𝑊,∗ WD   NO  51.52 53.94 56.39 

𝑄𝑂𝑊,∗ MD   NO  46.85 50.16 53.66 

𝑄𝑂𝑊,∗ FILL   NO  46.57 50.06 54.11 

𝑧̇ ALL   0.0107 0.0115 0.0123 

𝑧̇ NRM   NO  0.0104 0.0112 0.0120 

𝑧̇ WD   YES  0.0156 0.0176 0.0193 

𝑧̇ MD   YES  0.0160 0.0169 0.0179 

𝑧̇ FILL   YES  0.0126 0.0136 0.0145 

𝐾 ALL   4747.9 5088.0 5432.9 

𝐾 NRM   NO  4698.3 5078.0 5421.9 

𝐾 WD   YES  5664.2 6037.2 6402.1 

𝐾 MD   NO  4693.9 5086.3 5448.0 

𝐾 FILL   NO  4829.5 5196.4 5545.8 
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Table B4.3. Ninety Five Percent Confidence Intervals on Boxplot Medians  

for Parameters 𝑪𝒐 and 𝑩𝑷 (Simulation Set C) 

Parameter Category Non-Overlap p5 Mean p95 

𝑈𝑟𝑒𝑓  ALL   6.980 7.512 8.014 

𝑈𝑟𝑒𝑓  NRM   NO  7.116 7.655 8.184 

𝑈𝑟𝑒𝑓  WD   YES  8.919 9.630 9.870 

𝑈𝑟𝑒𝑓  MD   NO  6.154 6.614 7.126 

𝑈𝑟𝑒𝑓  FILL   YES  5.294 5.556 5.857 

𝑟 ALL   1.617 1.747 1.876 

𝑟 NRM   NO  1.631 1.762 1.885 

𝑟 WD   YES  2.085 2.087 2.088 

𝑟 MD   YES  0.833 0.870 0.909 

𝑟 FILL   YES  2.103 2.244 2.362 

𝜔𝑠 ALL   8024.1 8686.0 9323.2 

𝜔𝑠 NRM   NO  8009.7 8676.9 9325.0 

𝜔𝑠 WD   YES  3547.1 4836.2 6055.2 

𝜔𝑠 MD   NO  8054.5 8684.6 9289.7 

𝜔𝑠 FILL   NO  8342.4 8991.0 9562.8 

𝜏𝑐𝑟  ALL   0.116 0.125 0.134 

𝜏𝑐𝑟  NRM   NO  0.112 0.121 0.129 

𝜏𝑐𝑟  WD   YES  0.063 0.064 0.065 

𝜏𝑐𝑟  MD   YES  0.135 0.145 0.156 

𝜏𝑐𝑟  FILL   YES  0.172 0.182 0.190 

𝐶𝑜  ALL   0.107 0.115 0.122 

𝐶𝑜  NRM   NO  0.107 0.115 0.124 

𝐶𝑜  WD   YES  0.039 0.045 0.052 

𝐶𝑜  MD   YES  0.048 0.051 0.053 

𝐶𝑜  FILL   YES  0.145 0.154 0.162 

𝐵𝑃 ALL   2.315 2.500 2.683 

𝐵𝑃 NRM   NO  2.310 2.497 2.686 

𝐵𝑃 WD   NO  2.517 2.526 2.543 

𝐵𝑃 MD   NO  2.279 2.451 2.630 

𝐵𝑃 FILL   NO  2.285 2.457 2.624 
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1. Morphodynamics model variables and initial conditions 

 

Table C.1.1 – LTM17 Model Variables and Initial Conditions 

Parameter Value [units] 

Maximum deficit volume per meter Wcr*Hcr [m2] 

Maximum backbarrier depth for vegetation growth 0.7167*(tidal range)-0.0483 [m] 

Marsh and mudflat densities 1000 [kg/m3] 

Initial barrier geometries (Height, Width, Shoreface Slope) *set to equilibrium values 

Tidal period 12.5 [hr] 

Sediment erodibility parameter 0.0001 

Shape coefficient for marsh erosion (dist) 10 [m] 

Marsh progradation coefficient 2.0 

Marsh erosion coefficient 0.16 

Organic matter porosity 0.377 

Fraction of refractory accumulated carbon 0.15 

Density of organic matter 1000 [kg/m3] 

Initial lagoon width 5500 [m] 

Initial backbarrier marsh width 525 [m] 

Initial interior marsh width 300 [m] 

Initial lagoon depth with respect to mean high water level 2 [m] 

Simulation time step 0.1 [yrs] 

Total simulation time 100 [yrs] 
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2. Convergence of model output for uncertainty analysis 

 
Figure C.2.1 – Convergence of Mean of Model Output for Uncertainty Analysis 
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Figure C.2.2 – Convergence of 5th Percentile of Model Output for Uncertainty Analysis 
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Figure C.2.3 – Convergence of 95th Percentile of Model Output for Uncertainty Analysis 
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3. Ratio of factor sensitivity (RFS) and parameter ranking plots for all result variables 

 

 

 

 
 

Figure C.3.1 – RFS and Parameter Ranking Results for Barrier Width 
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Figure C.3.2 – RFS and Parameter Ranking Results for Barrier Height 
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Figure C.3.3 – RFS and Parameter Ranking Results for Change in Shoreline Position 
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Figure C.3.4 – RFS and Parameter Ranking Results for Backbarrier Marsh Width 
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Figure C.3.5 – RFS and Parameter Ranking Results for Interior Marsh Width 
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Figure C.3.6 – RFS and Parameter Ranking Results for Marsh Depth 
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Figure C.3.7 – RFS and Parameter Ranking Results for Lagoon Width 
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Figure C.3.8 – RFS and Parameter Ranking Results for Lagoon Depth  
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4. Spearman convergence results for all result variables 

 
Figure C.4.1 – Spearman Correlation Convergence for Barrier Width 
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Figure C.4.2 – Spearman Correlation Convergence for Barrier Height 
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Figure C.4.3 – Spearman Correlation Convergence for Change in Shoreline Position 
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Figure C.4.4 – Spearman Correlation Convergence for Backbarrier Marsh Width 
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Figure C.4.5 – Spearman Correlation Convergence for Interior Marsh Width 
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Figure C.4.6 – Spearman Correlation Convergence for Marsh Depth 
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Figure C.4.7 – Spearman Correlation Convergence for Lagoon Width 
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Figure C.4.8 – Spearman Correlation Convergence for Lagoon Depth 

 

 

294



5. Morris convergence results for all result variables 

 

 
Figure C.5.1 – Morris Convergence for Barrier Width 
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Figure C.5.2 – Morris Convergence for Barrier Height 
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Figure C.5.3 – Morris Convergence for Change in Shoreline Position 
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Figure C.5.4 – Morris Convergence for Backbarrier Marsh Width 
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Figure C.5.5 – Morris Convergence for Interior Marsh Width 
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Figure C.5.6 – Morris Convergence for Marsh Depth 
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Figure C.5.7 – Morris Convergence for Lagoon Width 
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Figure C.5.8 – Morris Convergence for Lagoon Depth 
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6. Sobol convergence results for all result variables 

 

 
Figure C.6.1 – Sobol Convergence for Barrier Width 
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Figure C.6.2 – Sobol Convergence for Barrier Height 
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Figure C.6.3 – Sobol Convergence for Change in Shoreline Position 
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Figure C.6.4 – Sobol Convergence for Backbarrier Marsh Width 
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Figure C.6.5 – Sobol Convergence for Interior Marsh Width 

  

307



 

 
Figure C.6.6 – Sobol Convergence for Marsh Depth 
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Figure C.6.7 – Sobol Convergence for Lagoon Width 
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Figure C.6.8 – Sobol Convergence for Lagoon Depth 
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7. VARS i50 convergence results for all result variables 

 

 
Figure C.7.1 – VARS i50 Convergence for Barrier Width 
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Figure C.7.2 – VARS i50 Convergence for Barrier Height 
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Figure C.7.3 – VARS i50 Convergence for Change in Shoreline Position 
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Figure C.7.4 – VARS i50 Convergence for Backbarrier Marsh Width 
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Figure C.7.5 – VARS i50 Convergence for Interior Marsh Width 
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Figure C.7.6– VARS i50 Convergence for Marsh Depth 
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Figure C.7.7 – VARS i50 Convergence for Lagoon Width 
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Figure C.7.8 – VARS i50 Convergence for Lagoon Depth 
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8. Results for 100 independent trials with 1,000-2,000 simulations for remaining result 

variables 

 
Figure C.8.1 –  Probability of Parameter Ranking for 100 Independent Trials with 1-2k 

Simulations. Results shown for (top) Barrier Height, (middle) Interior Marsh Width, and 

(bottom) Marsh Depth. 
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Figure C.8.2 –  Probability of Parameter Ranking for 100 Independent Trials with 1-2k 

Simulations. Results shown for (top) Lagoon Width and (bottom) Lagoon Depth. 
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Figure C.8.3 –  Probability of Parameter Ranking by Spearman Correlation for 100 

Independent Trials with 1-2k Simulations. 
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Figure C.8.4 –  Probability of Parameter Ranking by Morris Method for 100 Independent 

Trials with 1-2k Simulations. 
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Figure C.8.5 –  Probability of Parameter Ranking by Sobol Method for 100 Independent 

Trials with 1-2k Simulations. 
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Figure C.8.6 –  Probability of Parameter Ranking by VARS Method for 100 Independent 

Trials with 1-2k Simulations. 
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9. Results for 100 independent trials with 10,000-20,000 simulations for remaining result 

variables 

 
Figure C.9.1 –  Probability of Parameter Ranking for 100 Independent Trials with 10-20k 

Simulations. Results shown for (top) Barrier Height, (middle) Interior Marsh Width, and 

(bottom) Marsh Depth. 
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Figure C.9.2 –  Probability of Parameter Ranking for 100 Independent Trials with 10-20k 

Simulations. Results shown for (top) Lagoon Width and (bottom) Lagoon Depth. 
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Figure C.9.3 –  Probability of Parameter Ranking by Spearman Correlation for 100 

Independent Trials with 10-20k Simulations. 
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Figure C.9.4 –  Probability of Parameter Ranking by Morris Method for 100 Independent 

Trials with 10-20k Simulations. 
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Figure C.9.5 –  Probability of Parameter Ranking by Sobol Method for 100 Independent 

Trials with 10-20k Simulations. 
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Figure C.9.6 –  Probability of Parameter Ranking by VARS Method for 100 Independent 

Trials with 10-20k Simulations. 

330



Appendix D

Supplementary Material for Chapter 5
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Supplementary Material 

 

Manuscript Title: Modeling Decadal Evolution of a Mid-Atlantic Barrier Island Under Sea 

Level Rise and Management Scenarios 

 

Authors: Steven W.H. Hoagland, Jennifer L. Irish, Robert Weiss, and Sean Vitousek 

 

Outline of Supplementary Material: 

1. Transect parameterization 
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1. Transect Parameterization 

Table D.1 provides a list of LTM17 model parameters, their values, and justifications for all 

parameters that are the same across all transects. 

Table D.1. Spatially Invariant LTM17 Model Parameters 

Parameter Value [units] Notes 

Critical backbarrier marsh 

width 
50 [m] 

Used reasonable estimate based on calibrated critical 

barrier width of 400 m and definition; this parameter 

also determined to be insensitive from previous 

sensitivity study – see Hoagland et al. 2024 

Density of organic matter 1000 [kg/m3] Value taken from Mariotti and Carr 2014 

Equilibrium/critical height Ho (Initial Height) [m] 

Value determined from model calibration; setting Hcr 

equal to initial height provided best fit for shoreline 

change data. 

Equilibrium/critical width 400 [m] Value determined from model calibration 

Equilibrium shoreface slope 0.018 [m/m] 
Approximate average value from looking at CIRES, 

2014 elevations extracted by transect 

Mainland slope 0.0023 [m/m] 

Approximate average value from looking at CIRES, 

2014 elevations extracted by transect; parameter 

insensitive for all results but change in interior marsh 

width as determined by Hoagland et al. 2024 

Marsh and mudflat sediment 

densities 
1000 [kg/m3] Value taken from Mariotti and Carr 2014 

Maximum backbarrier depth 

for vegetation growth 

0.7167*(tidal range)-

0.0483 [m] 
Value taken from Mariotti and Carr 2014 

Maximum deficit volume per 

meter 
Wcr*Hcr [m2] Value taken from Lorenzo-Trueba and Mariotti 2017 

Organic matter porosity 0.377 Value taken from Mariotti and Carr 2014 

Peak Biomass 2.5 [kg/m2] Value taken from Mariotti and Carr 2014 

Sediment settling velocity 0.5 mm/s Value taken from Mariotti and Carr 2014 

Sediment erodibility 

parameter 
0.0001 Value taken from Mariotti and Carr 2014 

Shape coefficient for marsh 

erosion (dist) 
10 [m] Value taken from Mariotti and Carr 2014 

Shoreface flux constant 2000 [m3/m/yr] Value taken from Lorenzo-Trueba and Mariotti 2017 

Tidal period 12.5 [hr] 

Value selected based on tidal observations from 

NOAA’s Tides and Currents data at Ocean City Inlet, 

MD – Station ID 8570283 

Toe depth 6 [m] Value from Schupp 2007 

Reference wind speed 6 [m/s] Value from Carruthers et al. 2011 
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