
Florida State University Libraries

Electronic Theses, Treatises and Dissertations  The Graduate School

2014

Uncertainty Quantification of Groundwater
Reactive Transport and Coastal
Morphological Modeling
Heng Dai

Follow this and additional works at the FSU Digital Library. For more information, please contact lib-ir@fsu.edu

http://fsu.digital.flvc.org/
mailto:lib-ir@fsu.edu


FLORIDA STATE UNIVERSITY 

 

COLLEGE OF ARTS AND SCIENCES 

 

 

 

 

 

 

 

UNCERTAINTY QUANTIFICATION OF  

GROUNDWATER REACTIVE TRANSPORT AND COASTAL MORPHOLOGICAL  

MODELING 

 

 

 

 

 

 

 

By 

 

HENG DAI 

 

 

 

 

 

 

A Dissertation submitted to the 

Department of Scientific Computing 

in partial fulfillment of the 

requirements for the degree of  

Doctor of Philosophy 

 

 

 

 

 

 

Degree Awarded: 

Fall Semester, 2014 



ii 

 

Heng Dai defended this dissertation on November 5, 2014. 

The members of the supervisory committee were: 

 

 

 

   

 Ming Ye 

 Professor Directing Dissertation 

   

 Stephen Kish 

  University Representative  

 

 Anke Meyer-Baese 

 Committee Member 

 

 Tomasz Plewa 

 Committee Member 

   

 Dennis Slice 

 Committee Member 

 

 

 

 

The Graduate School has verified and approved the above-named committee members, and 

certifies that the dissertation has been approved in accordance with university requirements. 

 

 

 

 

 

 



iii 

 

ACKNOWLEDGEMENTS 

It is a good time for me to appreciate those who made this dissertation possible. First of all, I 

owe my deepest gratitude to my advisor Dr. Ming Ye. It was my pleasure to be his student. I 

received extraordinary guidance from him and was able to grow as an independent researcher 

due to his support.  

I express my profoundly thankfulness to Dr. Alan W. Niedoroda at URS for his guidance 

and insights. I would also like to thank my committee members for their helpful comments to my 

dissertation. Dr. Stephen Kish, Dr. Anke Meyer-Baese, Dr. Tomasz Plewa, and Dr. Dennis Slice 

asked thoughtful questions to help me think more about my dissertation and gave me great ideas 

to improve my dissertation.  

I own my debts to my colleagues.  

Last but not least, I am indebted to my parents who have always given me their trust and 

love.  

  



iv 

 

TABLE OF CONTENTS 

List of Tables .............................................................................................................................. v 

List of Figures ...........................................................................................................................vii 

Abstract ..................................................................................................................................... xi 

1. INTRODUCTION................................................................................................................... 1 

2. BARRIER ISLAND PROFILE MODELING ........................................................................ 18 

3. LARGE SCALE COMPLEX COASTAL MODELING ........................................................ 47 

4. UNCERTAINTY QUANTIFICATION FRAMEWORK ....................................................... 68 

5. UNCERTAINTY QUANTIFICATION FOR THE BIP MODEL ........................................ 120 

6. CONCLUSIONS AND FUTURE RESEARCH .................................................................. 137 

REFERENCES ....................................................................................................................... 140 

BIOGRAPHICAL SKETCH ................................................................................................... 152 

 

 

 

 

 

  



v 

 

LIST OF TABLES 

             

Table 2.1. Distances between three different barrier island profiles and three storm tracks. ....... 31 

 

Table 2.2. An example of a storm series for a 100-yr period of BIP simulation. ......................... 35 

 

Table 4.1. Total-effect sensitivity index of hydraulic conductivity (
KTS ) and groundwater 

recharge (
RTS ) calculated for hydraulic head at x=6,000m under two models and three scenarios. 

The indices for multiple models but individual scenarios are denoted as 
RT

S
M  and 

KT
S

M ; the indices 

for multiple models and multiple scenarios are denoted as 
RT

S
MS and 

KT
S

MS ................................. 106 

 

Table 4.2. Total-effect sensitivity index of hydraulic conductivity (
KTS ) and groundwater 

recharge (
RTS ) calculated for ethene concentration at x = 6,000m under two models and three 

scenarios. The indices for multiple models but individual scenarios are denoted as 
RT

S
M  and 

KT
S

M ; 

the indices for multiple models and multiple scenarios are denoted as 
RT

S
MS and 

KT
S

MS . .............. 108 

 

Table 4.3. Number of Monte Carlo samples (NMCS) and number of model executions (NME) of 

quasi-random sampling method used to calculate total-effect global sensitivity index for 

hydraulic head and ethene concentration. The number of sparse grid points (NSGP) for different 

levels of precision, and corresponding NME are also listed to show that NME is dramatically 

reduced in the sparse grid collocation method. ........................................................................ 114 

 

Table 5.1. Parametric uncertainty indices for backshore position at island Profile 1 under 5 sea-

level rise scenarios on the simulation time 25
th

 year and 100
th
 year.......................................... 123 

 

Table 5.2. Total-effect sensitivity index ( T
S ) and first order sensitivity index ( S ) of storm 

parameters (
STS and S

S ), dune growth rate (
GTS and G

S ), and dune erosion coefficient (
ETS and E

S ) 

calculated for backshore position at Profile 1 under five sea-level rise scenarios on the 100
th
 year. 

The indices for multiple scenarios are denoted as 
TS
S  and S

S . ................................................. 124 

 

Table 5.3. Parametric uncertainty indices for backshore position at island Profile 3 under 5 sea-

level rise scenarios on the simulation time 25
th

 year and 100
th
 year.......................................... 127 

 

Table 5.4. Total-effect sensitivity index of storm parameters (
STS ), dune growth rate (

GTS ), and 

dune erosion coefficient (
ETS ) calculated for backshore position at Profile 3 under five sea-level 

rise scenarios on the 100
th
 year. The indices for multiple scenarios are denoted as 

STS
S , 

GT
S

S        

and 
ET

S
S . .................................................................................................................................. 128 

 

Table 5.5. Parametric uncertainty indices for dune height at island Profile 1 under 5 sea-level rise 

scenarios on the simulation time 25
th
 year and 100

th
 year......................................................... 131 



vi 

 

Table 5.6. Total-effect sensitivity index of storm parameters (
STS ), dune growth rate (

GTS ) , and 

dune erosion coefficient (
ETS ) calculated for dune height at Profile 1 under five sea-level rise 

scenarios on the 100
th
 year. The indices for multiple scenarios are denoted as

STS
S , 

GT
S

S        and 

ET
S

S . ......................................................................................................................................... 132 

 

 

 

  



vii 

 

LIST OF FIGURES         

Figure 2.1. Generalized barrier island profile showing island features from the gulf to the 

backshore with a single dune. .................................................................................................... 21 

 

Figure 2.2. Illustration of annual growth of dune (upper) and dune field (lower) after dune height 

reaching the predetermined maximum height. ........................................................................... 22 

 

Figure 2.3. Three mechanisms of partitioning eroded dune sand. ............................................... 25 

 

Figure 2.4 Flowchart of the BIP model simulation of barrier island geomorphologic responses to 

future storm and sea-level rise impacts. ..................................................................................... 26 

 

Figure 2.5. Three semi-synthetic barrier island profiles: (a) no initial dune and long island length, 

(b) large initial dune field and relatively short island length, and (c) small initial dune with short 

island length. ............................................................................................................................. 28 

 

Figure 2.6. Regional (top left corner) and local maps of Santa Rosa Island (top), and 

characteristic topographic profiles of a dune field (bottom left) and a single dune (bottom right) 

across natural sections of the island. The bay is on the left and the Gulf of Mexico is on the right 

of the profiles. ........................................................................................................................... 29 

 

Figure 2.7. Relative locations of three island profiles (blue columns) to three storm tracks (red 

lines). ........................................................................................................................................ 31 

 

Figure 2.8. Cumulative probability of maximum storm surge heights (0.3 m, 0.64 m, 1.16 m, and 

2.1 m) and their discretization for four selected storm magnitude classes (1 – 4 from left to   

right) ......................................................................................................................................... 33 

 

Figure 2.9. Estimated five sea-level rise scenarios in 100 years used in the BIP model. At the end 

of 100 years, the sea-level rises are 0.15 m, 0.5 m, 1.0 m, 1.5 m, and 2.0 m for the five scenarios, 

respectively. .............................................................................................................................. 34 

 

Figure 2.10. Changes of dune height (a-c) and backshore position (d-f). Figures (a) and (d) are 

along Profile 1, (b) and (e) along Profile 2, and (c) and (f) along Profile 3. ................................ 36 

 

Figure 2.11. Comparison of responses of (a) dune height and (b) backshore position of Profile 3 

to five sea-level rise scenarios. .................................................................................................. 38 

 

Figure 2.12. Convergence of sample variance of dune height with number of Monte Carlo 

simulations at Profile 3 on the (a) 25th, (b) 50th, (c) 75th, (d) 100th year of the BIP model 

simulation. ................................................................................................................................ 39 

 

Figure 2.13. Temporal variation of (a) mean and (b) variance of backshore position of Profile 3 

under five sea-level rise scenarios. ............................................................................................ 39 

 



viii 

 

Figure 2.14. Probability density functions (PDFs) of backshore position at Profile 3 on the (a) 

25th, (b) 50th, (c) 75th, (d)100th year of the BIP model simulation. .......................................... 40 

 

Figure 2.15. The dune heights evolution in 352 months after hurricane Alicia from 3 island 

Profiles in the study of Morton, Paine and Gibeaut (1994). ........................................................ 43 

 

Figure 3.1. Schematic of the MoCCS Model Chronic Module. Actual grid spacing is much more 

detailed than shown here. .......................................................................................................... 49 

 

Figure 3.2. East Pass Inlet, at the eastern end of Santa Rosa Island, with the areas of the inlet 

mouth (yellow), flood tide shoal (red) and ebb tide shoal (blue) outlined. .................................. 57 

 

Figure 3.3. An illustration of MoCCS domain. The land is on the top and the ocean is at bottom, 

shoreline separates them in the middle. ..................................................................................... 58 

 

Figure 3.4. Simulation result of MoCCS for a simple synthetic straight shoreline on time 100
th

 

year with one inlet at location 20000 meters. ............................................................................. 61 

 

Figure 3.5. Simulation result of MoCCS plotted with analytical solution for a simple synthetic 

straight shoreline on the 100
th
 year without inlet implementation............................................... 62 

 

Figure 3.6. Shoreline simulation result plotted with field data for Santa Rosa Island.................. 64 

 

Figure 3.7. Comparison of measured (upper panel) and modeled (lower panel) shoreline change 

along Santa Rosa Island during the period of mild storm activity, with negative shoreline 

changes indicating beach deposition and growth. ...................................................................... 64 

 

Figure 3.8. MoCCS model predictions of relative shoreline changes over the central portion of 

Santa Rosa Island for a future 100-year scenario for different rates of sea level rise. ................. 65 

 

Figure 4.1. Bayesian network integrated groundwater reactive transport modeling. ................... 70 

 

Figure 4.2. Diagram of the modeling domain of the synthetic study. L = 1000m is the domain 

length. Precipitation is uniform for the entire domain. Constant head (h) boundary conditions are 

h1=180 m and h2=100 m. The continuous contaminant source is located in the middle of the 

domain. ..................................................................................................................................... 87 

 

Figure 4.3. Single chain reactions from PCE (perchloroethene), to TCE (trichloroethene), and 

DCE (cis-1,2-dichloroethylene), VC (Vinyl chloride), and ETH (Ethene).................................. 88 

 

Figure 4.4. Probability density functions (PDFs) of precipitation under three scenarios: Scenario 

1 (wet), Scenario 2 (baseline), and Scenario 3 (dry). .................................................................. 89 

 

Figure 4.5. Probability density functions (PDFs) of groundwater recharge given by two models 

under three precipitation scenarios. ........................................................................................... 90 

 



ix 

 

Figure 4.6. Means of predictions of hydraulic head under multiple models and scenarios. ......... 93 

 

Figure 4.7. Variances of predictions of hydraulic head under multiple models and scenarios. .... 93 

 

Figure 4.8. PDFs of hydraulic head predictions at location x = 6000 meters under multiple 

models and scenarios. ................................................................................................................ 94 

 

Figure 4.9. Model and scenario averaged results of PDFs of hydraulic head predictions at 

location x = 6000 meters. .......................................................................................................... 95 

 

Figure 4.10. Model and scenario averaged results of means of hydraulic head predictions. ........ 95 

 

Figure 4.11. Between-scenario and within-scenario variances contributions to the total variance 

of hydraulic head at location x = 6000 meters. .......................................................................... 97 

 

Figure 4.12. Contributions of between-scenario, within-model, and between-model variances to 

the total variance of hydraulic head at location x = 6000 meters. ............................................... 98 

 

Figure 4.13. Contributions of all uncertainty sources to the total uncertainty of hydraulic head 

predictions at x = 6,000 meters. ................................................................................................. 99 

 

Figure 4.14. Contributions of all uncertainty sources to the total uncertainty of ethene 

concentration predictions at x = 6,000 meters. ......................................................................... 101 

 

Figure 4.15. PDFs of etheth concentration predictions at location x = 6000 meters under multiple 

models and scenarios. .............................................................................................................. 101 

 

Figure 4.16. Model averaged results of PDFs of etheth concentration predictions at location x = 

6000 meters. ............................................................................................................................ 102 

 

Figure 4.17. Bayesian tree of variance decomposition of hydraulic head at location x = 6000 

meters. .................................................................................................................................... 102 

 

Figure 4.18. Bayesian tree of mean and variance calculations of hydraulic head at location x = 

6000 meters. ............................................................................................................................ 103 

 

Figure 4.19. Bayesian tree of variance decomposition of ethene concentration at location x = 

6000 meters. ............................................................................................................................ 103 

 

Figure 4.20. Bayesian tree of mean and variance calculations of ethene concentration at location 

x = 6000 meters. ..................................................................................................................... 104 

 

Figure 4.21. Total-effect sensitivity index ( TS
M

, after model averaging) of hydraulic conductivity 

for hydraulic head at x = 6,000 m under three scenarios. The probability of Model 1 varies 

between 5% and 95%. ............................................................................................................. 112 



x 

 

Figure 4.22. Total-effect sensitivity index (
TS
MS , after scenario averaging) of hydraulic 

conductivity for hydraulic head at x = 6,000 m evaluated using multiple sets of scenario 

probabilities. ........................................................................................................................... 112 

 

Figure 4.23. (a) Hydraulic head and (b) ethane concentration at x = 6,000 m in the parameter 

space of hydraulic conductivity and groundwater recharge. ..................................................... 115 

 

Figure 5.1. Scenario and parametric uncertainty indices for backshore position prediction at 

Profile 1. ................................................................................................................................. 121 

 

Figure 5.2. Probability density functions (PDF) of backshore position at Profile 1 on the (a) 25th, 

(b) 50th, (c) 75th, (d)100th year of BIP simulation. ................................................................. 122 

 

Figure 5.3. Scenario and parametric uncertainty indices for backshore position prediction at 

Profile 3. ................................................................................................................................. 125 

 

Figure 5.4. Probability density functions (PDF) of backshore position at Profile 3 on the (a) 25th, 

(b) 50th, (c) 75th, (d)100th year of BIP simulation. ................................................................. 126 

 

Figure 5.5. Scenario and parametric uncertainty indices for dune height prediction at           

Profile 1 .................................................................................................................................. 129 

 

Figure 5.6. Probability density functions (PDF) of dune height at Profile 1 on the (a) 25th, (b) 

50th, (c) 75th, (d)100th year of BIP simulation. ....................................................................... 130 

 

  



xi 

 

ABSTRACT 

Different sources of uncertainties have been inevitably induced into environmental 

modeling due to different reasons such as the variability in the future climate states, incomplete 

knowledge and complexity of the nature systems, and randomness in the system properties. 

These uncertainties make model predictions inherently uncertain, and uncertainty becomes an 

important obstacle in environmental modeling. This dissertation presents a general framework 

for the purpose of uncertainty quantification, and provides quantitative measures for relative 

importance of different uncertain sources to model outputs. The framework includes two parts: 

(1) uncertainty analysis which implements variance decomposition technique to decompose and 

quantify different types of input uncertainty sources (i.e., scenario, model, and parametric 

uncertainties), and (2) global sensitivity analysis which develops a new set of variance-based 

global sensitivity indices for measuring relative importance of model parameters with 

considering multiple future scenarios and plausible models.  

To evaluate and demonstrate the usage and compatibility of the uncertainty quantification 

framework with different types of models, it was applied into two distinct cases: a synthetic case 

of groundwater reactive transport modeling and a synthetic case of barrier island morphological 

modeling. In the groundwater case, a Bayesian network was used to formulate various 

groundwater reactive transport models with different scenarios, structures, and parameters. The 

different uncertainty sources are described as uncertain nodes in the Bayesian network. All the 

nodes are characterized by multiple states, representing their uncertainty, in the form of 

continuous or discrete probability distributions that are propagated to the model endpoint, which 

is the spatial distribution of contaminant concentrations. In the barrier island case, a new Barrier 

Island Profile (BIP) model was developed to simulate the barrier island cross-section 

morphological evolution. For a series of barrier island cross-sections derived from the 
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characteristics of Santa Rosa Island, Florida, BIP was used to evaluate their responses to random 

storm events and five potential accelerated rates of sea-level rise projected over a century. Monte 

Carlo (MC) simulation was used to decompose and quantify the predictive uncertainties for 

uncertainty analysis of the both cases. In the global sensitivity analysis, sparse grid collocation 

method was implemented to estimate the global sensitivity index to save the computational cost 

in the groundwater case.  

The study of BIP model demonstrates that BIP is capable of simulating realistic patterns 

of barrier island profile evolution over the span of a century using relatively simple 

representations of time- and space-averaged processes with consideration of uncertainty of future 

climate impacts. The results of uncertainty quantification for the both cases demonstrate that 

different types of model input uncertainty sources and the relative importance of model 

parameters can be quantified using the developed uncertainty quantification framework. The 

results also show that the global sensitivity indices may vary substantially between different 

models and scenarios. Not considering the model and scenario uncertainties may result in biased 

identification of important model parameters. The framework will be very useful for 

environmental modelers to identify important uncertainty source and to optimize expanse of 

limited resources for efficient reduction of predictive uncertainty. Although only two applications 

are demonstrated, this uncertainty quantification framework is mathematically general, and can 

be applied to a wider range of hydrologic and environmental problems.  
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CHAPTER ONE 

INTRODUCTION 

The research presented in this dissertation is diverse and covering different subjects. But 

the essential purpose is to develop an uncertainty quantification framework for complex 

environmental modeling systems which inevitably contain different uncertainties due to various 

reasons (e.g., variable future climate, complexity of the modeling system and randomness of the 

system properties). The framework is capable of analyzing and quantifying the impacts of 

different uncertainty sources on the model outputs. It is a very useful tool for environmental 

modelers and managers since it can provide relative importance of different input uncertainty 

sources and prioritize the usage of limited resources to decrease predictive uncertainty more 

efficiently. To evaluate and demonstrate this framework, it has been applied into two 

environmental modeling systems in this research: one groundwater reactive transport model 

system and one complex coastal model system. The dissertation can be separated into three 

parts: (1) development of a model for simulating morphological evolution of large-scale 

complex coastal systems, and this model includes one module of simulating barrier island 

morphological evolution and one module simulating coastal longshore sediment transport, (2) 

development of a framework for uncertainty quantification which includes uncertainty and 

global sensitivity analysis, (3) the applications of uncertainty framework to the coastal model 

system and groundwater reactive transport model system.  

1.1 Barrier Island Profile Model 

In response to the impacts of future storms and sea-level rises, coastal planners and 

engineers are making accommodations in their management plans for protection of coastal 

infrastructure and natural resources. Barrier islands are important for coastal protection and 
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restoration, and have been well studied. However, little attention has been given to the balance 

of processes and sand transport fluxes that combine to shape the composite morphology. The 

principal morphological elements include the beach prism, the frontal and secondary dunes, the 

overwash channels, the island platform, and the back-island shoreline. Understanding the 

balance of these time-averaged processes and representing them in a quantitative framework is 

of special value when this can be used to forecast decadal- and century-scale evolution of a 

barrier island system as a whole. The morphology of barrier islands will be dramatically 

impacted by the future climate including storms and sea-level rise. Accurately predicting the 

morphological evolution of barrier islands is necessary for coastal management, and 

mathematical modeling is a vital tool for such predictions. This dissertation presents a barrier 

island profile (BIP) model with consideration of future uncertainty for simulating barrier island 

morphological evolution with multi-features such as front beach, dunes, island platform and 

backshore under both long-term and short-term climate impacts including uncertain sea-level 

rise and storms.  

A number of recent studies of changes in barrier island morphology, as it has reacted to, 

and recovered from, the devastation wrought by major hurricanes, have provided insight into the 

major factors to consider in developing a conceptual model of the linkages between 

morphological features and the processes that shape them. Morton (2002) has identified the 

principal factors influencing storm impacts, and they are the characteristics of storm or storm 

sequence, the location of barrier island features relative to the storm track and point of landfall, 

the sequencing of storms over time, the height and duration of storm surge flooding, and the 

antecedent topography and framework geology. Several studies describe differences in storm 

impact and post-storm recovery along individual barrier island systems, providing insight into 
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the interaction between morphological features. It has long been accepted that storm overwash, 

which transports sand from the beach prism through the dunes to be deposited on the island 

platform and along the island backshore, is key to sustaining barrier islands, especially in the 

presence of sea-level rise (Godfrey and Godfrey, 1976). Houser and Hamilton (2008) and 

Timmons et al. (2010), among others, have noted a relation between the stability of the island 

backshore and the width of the island. Wider barrier islands limit or prevent overwash from 

being carried completely across the island to the backshore beach. If the barrier island is 

transgressive, this leads to erosion of the backshore and a tendency for the island width to 

decrease over time. Timmons et al. (2010) described the tendency for transgressive barrier 

islands to develop a certain stable width and to maintain it as the islands retreat.  

The development of individual morphological features on barrier islands is often 

controlled by a complex combination of processes and factors. The general shape of the island is 

controlled by some processes that act slowly and continuously. This is best exemplified by 

longshore sand transport along the beaches and adjacent surf zones. Subtle spatial gradients in 

the long-term time-averaged rates of longshore sand transport lead to chronic patterns of erosion 

and deposition. Major storms generally produce sudden and acute changes in the beach prism, 

dunes and island platform. It is challenging to consider all the processes of different time and 

space scales in coastal morphological modeling.  

An approach to address this challenge is to match the time- and length-scales of the 

processes being modeled, as recognized by Stive and De Vriend (1995). In this context, this 

study uses the long-term modeling approach. Its basic idea is that the interaction of a large 

number of processes and mechanisms acting over a variety of time and space scales determine 

coastal morphological behaviors, as described in several papers (e.g., De Vriend, 1991; De 
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Vriend et al., 1993; Stive, Nicholls and De Vriend, 1991). This avoids the need to include 

mathematical representations of too many detailed effects and processes. Instead, once the proper 

scales of the system to be represented are determined, the dominant processes can be identified. 

Processes and effects that occur at smaller time- or length-scales are generalized and usually 

represented by simplified parameterizations. A good example is the way how turbulence is 

treated in many hydrodynamic models. Rather than attempting to represent the rapidly 

fluctuating speeds and directions of the fine-scale flow, the overall effect of these eddies on the 

mean flow is represented by turbulent eddy coefficients. In addition, processes operating at time- 

and length-scales greater than those of interest are treated as external forcings. 

In order to produce a numerical model that represents the long-term response of barrier 

islands to accelerated sea-level rise and variations in the storm climate, it is necessary to first 

develop a conceptual model. In the present case, it is necessary to exploit the difference between 

the system processes that dominate longshore profile changes and those that control cross-shore 

profile changes. A complete model would include both, along with their interactions. However, 

the process for developing such a model can be facilitated by, and much can be learned from, the 

development of a model such as the BIP that only represents cross-shore processes, because it 

captures the acute storm-dominated morphological changes. 

The BIP model represents the morphological development of barrier island systems on 

time scales of years to centuries and length scales of tens to hundreds of kilometers. Five 

different century-long sea-level rise scenarios are defined as an external forcing. Each of the 

major elements of the island morphology is represented and linked to the adjacent elements and 

internal boundary conditions are defined by the time-average sediment volume flux. The barrier 

island morphologic evolution is driven by a series of hurricane simulations drawn from a 
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statistical characterization of the storm climatology that is representative of the northeastern Gulf 

of Mexico. The simulation of each hurricane includes determination of the maximum height and 

duration of the storm surge, and the corresponding wave conditions. The hurricane intensity and 

the distance between each profile and the point of landfall are determined in a random manner, 

while the annual of storm occurrence is defined by a Poisson distribution. Multiple realizations 

of one hundred year-long sequences of these synthetic hurricanes are then used to statistically 

define the resulting changes in barrier island profiles. This, in turn, provides the information 

needed to characterize the mean, variability, and uncertainty associated with each of the modeled 

scenarios. 

This research describes the mathematical representations of the time- and space-averaged 

sediment transport processes and how they are linked. The generalized representation of 

hurricanes and the hurricane storm surges is then defined. Results from simulations of individual 

100 years realizations are presented to demonstrate and diagnose the details of the changes in the 

morphological components resulting from the five different sea-level rise scenarios. Results from 

the simulations of multiple realizations (1,000) of century-long storm sequences are then given 

and the statistical characterizations of these results are described. The use of these results in 

characterizing uncertainty is then described. 

1.2 Large Scale Complex Coastal Model 

Large-scale of coastal morphological change is important for the coastal management and 

engineering since it may cause chronic problems in areas that require long-term planning and 

major engineering interventions. Mathematical modeling is an extremely useful tool in predicting 

such changes. The general approaches to mathematical modeling of large-scale complex coastal 

systems have been well described in the classic paper by De Vriend (1991). As mentioned in the 
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section 1.1, the basic idea is that a well-developed model represents the features and processes at 

time- and length-scales that are relevant to problems of interest. Processes operating at small 

scales should be represented by generalized parameters. This dissertation presents a numerical 

Model of Complex Coastal System (MoCCS) following this concept. It was developed for 

simulating the large-scale coastal area morphological evolution under climate impacts including 

sea-level rise and storms. 

A number of previous works have been done for modeling large-scale coastal 

morphological changes. Some of them are built on sediment mass or volume conservation and 

use mathematical equations to describe sediment transportation through wave and air (Leont’yev, 

2011; Zhang et al., 2012). Some models rely on simple conservation of feature geometry during 

spatial migration controlled by large-scale forcing. The Roy and Cowell model of shoreface and 

nearshore response to rising sea level based on the application of the Bruun-rule (Cowell et al., 

1995), and the GEOMBEST model (Stolper, et al., 2005)  is an example. Other models, such as 

the nearshore, shoreface and shelf model described in Niedoroda et al, (1995a) and Niedoroda et 

al. (2011), are based on time-averaged variables and equations representing physical processes at 

large scales. Some morphodynamic models represent individual components of coastal systems, 

such as shoreline evolution, while others represent several components as they respond together 

to changes in large-scale forcing (Cowell et al. 2003 a, b). These multi-components models 

follow the concept that coastal systems, including river sources, bays, salt marshes, inlets, barrier 

islands, beaches and dunes, form a linked dynamical system which responds with complex 

interactions to changes in the major forcing such as the storm and wave climate and sea level rise 

and sediment supply. It has been shown by several researchers that these components are 

dynamic on a time scale of years to decades, changing in response to changes in sediment 
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supply, fluid power (wave and current climate), and sea level (DeVriend, 1991; Stive & 

DeVreind,1995; Stive et al., 1990; Niedoroda et al., 1995). It is generally not appropriate to 

represent these components in isolation, because they are continually interacting in nonlinear 

ways as morphological changes in one component bring about changes in the sediment supply 

and dynamic forcing which affect other components in the overall complex coastal system 

(Cowell et al. 2003a; Cowell et al., 2003b).  

The MoCCS model follows this interaction concept and simulates interacting coastal 

system components combined together. These components include the mainland shore, beaches, 

barrier islands, coastal dunes, the surf zone, the shoreface tidal inlets and related features. Unlike 

most of previous models, MoCCS is able to predict a complex coastal system evolution under 

both sea-level rise and storms climate with considering the uncertainty of them. It also can 

address the barrier island evolution with dunes on it under future climate impacts. To our 

knowledge, these areas have not been well studied in previous large-scale models and need to be 

addressed properly. The BIP model described above is included in the MoCCS model to simulate 

the barrier island morphological evolution.  

The MoCCS model has two separated  modules: (1) the Chronic Module that focuses on 

shelf and coastal morphological behaviors which are controlled by sediment transportation and 

sea-level rise; (2) the Acute Module that is based on BIP model and concentrates on evolution of 

barrier island morphology under climate impacts including sea-level rise and storms. The two 

modules are connected through shoreline position . The MoCCS model first was tested using a 

synthetic case then applied to real world to predict future Santa Rosa Island coastal area 

morphological evolution. This island has been described in section 1.1, and it was chosen for this 

study because it hosts a number of military infrastructures of the Eglin Air Force Base (EAFB). 
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Two field datasets of different years were collected and used to calibrate the MoCCS model 

before using it to make predictions. Five possible future sea-level rise scenarios and potential 

storms are considered. The model results show that the MoCCS model is capable of predicting 

large-scale coastal area morphological evolution under sea-level rise and storm climates using 

calibrated parameters. It can provide useful information for coastal engineering and management 

purposes. The prediction of MoCCS indicate that the evolution of barrier island shoreline is 

largely related to its curvature due to the wave induced sediment transportation. It is also found 

in this study that different sea-level rise scenarios can lead to distinct accretion or erosion of 

island depending on the rate of sea level rise. 

1.3 Uncertainty Quantification Framework and Its Application to Groundwater Reactive 

Transport Modeling 

Numerical modeling is a vital tool for making predictions of future groundwater system 

behavior. The model prediction results are very useful in the environmental protection and 

management. Different uncertainty sources are inevitably induced in the prediction results due to 

multiple reasons such as lack of system knowledge, complexity of system properties and 

randomness in future events. The understanding and quantification of the uncertainty in 

environmental modeling has been moving forward in the last three decades (Matott et al., 2009). 

Initially the focuses of research have been on the uncertainty in model parameters. More 

recently, there have been growing tendency of considering uncertainties in both model and 

parameters (Ye et al., 2010a; Gupta et al., 2012). Model uncertainty arises when multiple models 

are all plausible given available data and knowledge. Model uncertainty is often inevitably 

induced into the hydrological modeling, because hydrologic systems are open and complex, 

making multiple interpretations and mathematical descriptions plausible (Beven, 2002, 2006; 

Bredehoeft, 2003, 2005; Neuman, 2003). Model averaging has been a popular method for 
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addressing and quantifying model uncertainty by evaluating the weighted average of the 

simulations of alternative models. (Foglia et al., 2013; Lu et al., 2013; Meyer et al., 2007; Poeter 

and Anderson, 2005; Tsai and Elshall, 2013; Tsai and Li, 2008; Winter and Nychka, 2010; 

Wohling and Vrugt, 2008; Ye et al., 2004, 2005, 2008a,b, 2010a,b). The model weights, generally 

speaking, are the measures of model plausibility. Multiple models are considered together is due 

to the growing recognition that the open and complex environmental systems are better to be 

described as multiple conceptualizations and mathematical descriptions, in despite of the 

sufficiency of available data and knowledge. Recent research also suggests that the model 

uncertainty which rises from alternative models can be dominant in the groundwater predictive 

uncertainty and it is unreasonable only considering parameter uncertainty.  

In addition to model uncertainty, scenario uncertainty, which is aleatory, is also an important 

source of predictive uncertainty. According to IPCC (2000, p.62), “scenarios are images of the 

future, or alternative futures. They are neither predictions nor forecasts. Rather, each scenario is 

one alternative image of how the future might unfold. A set of scenarios assists in the 

understanding of possible future developments of complex systems.” Following Meyer et al. 

(2014), a scenario of hydrologic modeling is defined in this research as a future state or condition 

assumed for a system, with the emphasis on those aspects of a scenario that affect the system 

hydrology. Scenario uncertainty here is similar to the input uncertainty used in surface hydrology 

(e.g., Kavetski et al., 2006; Vrugt et al., 2008; Renard et al., 2010), but with focus on future 

states and conditions. In this sense, scenario uncertainty does not affect model calibration. 

However, scenario uncertainty affects model formulation, because different models may be 

needed for different scenarios, and, for the same model, its plausibility may vary under different 

scenarios. Based on the concept that model uncertainty depends on scenario uncertainty, Draper 
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et al. (1999) developed a scenario- and model-averaging method to first quantify model 

uncertainty and then scenario uncertainty. Similarly, Meyer et al. (2007, 2014) developed a 

hierarchical Bayesian framework to quantify parametric, model, and scenario uncertainty. We 

developed a new uncertainty analysis framework for multiple models and scenarios based on 

their work. 

Bayesian network consists of a graphical structure and a probabilistic relationship among a 

set of variables (Heckerman, 1997). A cause-and-effect relationships is represented in the 

graphical structure explicitly, which allows a complex causal chain to be factored into a series of 

conditional relationships. Due to these characteristics, Bayesian networks can be particularly 

useful for uncertainty quantification of complex groundwater reactive transport models with 

multiple components related by different dependencies. Different uncertainty sources or 

variables are represented by nodes of the Bayesian network and characterized by multiple states, 

representing their uncertainties, in the form of continuous or discrete probability distributions 

that are propagated to the model endpoint which is the spatial distribution of certain chemical 

concentrations. A Bayesian network integrating groundwater reactive transport model is used to 

conduct the uncertainty analysis in this research. 

Sensitivity analysis is a vital tool in hydrological modeling to identify influential parameters 

included in inverse modeling and uncertainty analysis for model improvement. There has been a 

growing trend of using global sensitivity analysis, which, in comparison with local sensitivity 

analysis, considers the entire range of model parameters and takes into account of interactions 

between model parameters (van Griensven et al., 2006; Herman, et al., 2013; Mishra et al., 2009; 

Nossent et al., 2011; Pan et al., 2011; Saltelli et al., 2000, 2010; Saltelli and Sobol, 1995; Shi et 

al., 2014; Yang, 2011). Among various global sensitivity analysis methods, variance-based 
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methods (Sobol’, 1993; Saltelli et al., 1999) have gained popularity in hydrologic modeling 

(Massmann and Holzmann, 2012; van Werkhoven et al., 2008; Wagener et al., 2009; Yang, 

2011; Zhang et al., 2013). In comparison with screening methods (e.g., Morris methods), the 

variance-based methods provide not only ranking of parameter importance but also quantitative 

sensitivity measures such as global sensitivity index for different parameters. The quantitative 

measures have been used recently for model structure diagnosis such as model complexity and/or 

model structure inadequacy (Rosolem et al., 2012; Gupta et al., 2012). For example, van 

Werkhoven et al. (2008) used Sobol’s variance-based global sensitivity analysis to evaluate 

whether moderate model complexity is adequate for modeling a range of watersheds. Herman et 

al. (2013) further extended the global sensitivity analysis to three different models for 

understanding intermodal differences in dominant model parameters and/or components. These 

researches have shown promise in revealing contrasting controls across the individual models.  

This research presents a new method that uses the variance-based global sensitivity analysis 

beyond individual models and in the multimodel or model averaging framework. In addition to 

conducting sensitivity analysis for each individual model, new global sensitivity indices are 

derived for multiple models using model averaging methodology. Therefore, this new method 

can identify influential parameters for not only individual models but also the model set. This is 

necessary when model uncertainty exists, i.e., multiple models are all plausible given available 

data and knowledge. Because parameter sensitivity varies (sometimes substantially) between 

models, using the global sensitivity indices based on model averaging can reduce bias in 

parameter identification. For example, a parameter influential in a single model may not be 

important in another model and for a set of models, if the single model is not plausible relative to 

other models. In other words, model uncertainty is involved in our new method of sensitivity 
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evaluation and parameter identification. ). In addition to model uncertainty, the new method of 

variance-based global sensitivity analysis also considers scenario uncertainty by estimating the 

new global sensitivity indices for a single scenario and for a set of scenarios in a scenario 

averaging framework. With the separated uncertainty sources, one can better understand 

influence of the individual sources on model outputs. Similar to the uncertainty analysis, the 

hierarchical Bayesian framework of Meyer et al. (2007, 2014) which can quantify parametric, 

model, and scenario uncertainty is the basis of our new global uncertainty analysis for multiple 

models and scenarios. 

As discussed above, instead of considering only parametric under a single model and a single 

scenario, our new global sensitivity method, based on Sobol’ sensitivity indices, considers the 

joint effect of parametric, model, and scenario uncertainties on model outputs. This is in the 

same spirit of Baroni and Tarantola (2014), in which a general probabilistic framework was 

developed for considering all uncertainty sources in global sensitivity analysis. However, they 

did not consider relative plausibility of the models and scenario but treated alternative models 

and scenarios equally likely. This is not desirable, because it is often that available data and 

information can discriminate between alternative models and scenarios. In addition, their results 

showed that model outputs are insensitive to model structures, which is uncommon in hydrologic 

modeling. Since various frameworks of uncertainty quantification have been developed (Matott 

et al., 2009; Renard et al., 2010; Refsgaard et al., 2012; Tartakovsky, 2013), our method of 

global sensitivity analysis may be adapted to these frameworks.  

 The focus of this research is to develop computationally efficient methods for global 

sensitivity analysis, which is well known to be computationally expensive because it requires a 

large number of model executions. Various methods have been developed to reduce 
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computational cost. A common practice is to first conduct a Morris analysis to screen 

unimportant parameters and then conduct a global sensitivity analysis to important parameters 

(e.g., Chu-Agor et al. 2011, Zhao et al., 2011). More mathematically rigorous methods have been 

developed. Saltelli et al. (2010) developed a quasi-random sampling method that drastically 

reduces the number of samples needed for Sobol’ sensitivity analysis. Rakovec et al. (2014) 

developed a hybrid local-global sensitivity analysis method termed the Distributed Evaluation of 

Local Sensitivity Analysis (DELSA) to implement Sobol’ sensitivity analysis. DELSA is 

computationally efficient, because it does not count on Monte Carlo (MC) methods but uses the 

results of local sensitivity analysis (i.e., the Jacobin matrix) to approximate the Sobol’ variance 

terms. Another kind of widely used methods is meta-modeling to build cheap-to-compute 

surrogates or emulators of computationally expensive models so that performing a large number 

of MC simulations is computationally affordable for global sensitivity analysis. The meta-

modeling methods have a broad range of applications, not limited to global sensitivity analysis 

(Razavi et al., 2012). There are a variety of methods for developing the surrogates, including 

Taylor series approximation, response surface approximation, Fourier series, nonparametric 

regression, Kriging, Gauss process, polynomial chaos expansion, and sparse-grid collocation 

(Borgonovo et al., 2012; Buzzard, 2012; Buzzard and Xiu, 2011; Garcia-Cabrejo and Valocchi, 

2014; Helton, 1993; Storlie et al., 2009, O’Hagan, 2004). However, the meta-modeling methods 

may still need a relatively large number of model executions to develop accurate surrogates, and 

the surrogate development is not always straightforward due to model nonlinearity (Zhang et al., 

2013). Therefore, there are still urgent needs to develop new computationally efficient methods 

for performing global sensitivity analysis.        
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This research presents a new computationally efficient method based on sparse grid 

collocation (SGC) techniques for variance-based global sensitivity analysis. The SGC techniques 

were developed for computing multidimensional integration (Smolyak, 1963), and have been 

shown as an efficient and effective tool to overcome the curse of dimensionality for high 

dimensional numerical integration and interpolation (Barthelmann, 1999; Bungartz and Griebel, 

2004; Gerstner and Griebel, 1998). This makes the SGC techniques particularly suitable for 

variance-based global sensitivity analysis, because mean and variance are multivariate integrals. 

Without using MC methods, SGC evaluates the mean and variance at selected sparse grid points 

in parameter space. Since the number of sparse grid points is always small, the corresponding 

number of model executions is also small. This use of SGC is similar to SGC applications to 

moment equations for estimating mean and variance of the quantities of interest (Lin and 

Tartakovsky, 2009, 2010; Lin et al., 2010; Shi et al., 2009). Our SGC-based global sensitivity 

analysis is different from that of Buzzard (2012) and Buzzard and Xiu (2011), which requires 

first development of sparse grid interpolating polynomials (i.e., a surrogate) and then integration 

of the polynomials. Our method directly implements SGC quadrature rules (Gerstner and 

Griebel, 1998) for variance evaluation..  

1.4 Uncertainty Quantification and Global Sensitivity Analysis for Barrier Island Profile 

(BIP) Modeling 

In response to impacts of future storms and sea-level rises, coastal planners and engineers 

are making accommodations in their management plans for protection of coastal infrastructure 

and natural resources. Barrier islands are important for coastal protection and restoration, and its 

morphological evolution have been well studied (Carruthers et al., 2013; Houser, Hapke and 

Hamilton, 2008; Kish and Donoghue, 2013; Morton, 2002; Timmons et al., 2010;). Their 

evolution pattern is dominated by the complex hydrodynamic and sediment transport processes 
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which are induced by the climate-impacted natural forces (Plant and Stockdon, 2012). Among 

these forces, sea-level rise plays an important role on the barrier island morphological evolution, 

since it causes shoreline erosion and land inundation. However, the prediction of future sea-level 

rise is inevitably uncertain due to the errors in the historical data, unknown future climate change 

and site-specific impacts (Kettle, 2012). A range of sea-level rise predictions have been provided 

by different researches (IPCC, 2007; Vermeer and Rahmstorf, 2009; Grinsted, Moore, and 

Jevrejeva, 2010; Jevrejeva, Moore, and Grinsted, 2010) and the difference between these 

predictions is as large as 1.5 meters in the time scale of one century. Storms are another major 

force that rapidly changes the morphology of barrier islands (Morton, 2002; Plant and Stockdon, 

2012; Sallenger, 2000). The uncertainty also remains in the future storm prediction due to the 

unknown future storm frequency, intensity and distribution (Michener et al., 1997). To predict 

the barrier island morphological evolution, besides these future climate-related uncertainties, 

intrinsic uncertainties are also involved in the prediction of sediment transport processes. For 

example, the aeolian sediment transport due to wind is uncertain since the variable future wind 

angle, critical fetch and beach geometry (Bauer, Robin and Davidson-Arnott, 2002). These 

uncertainty sources cause the prediction of barrier island models unavoidably uncertain. 

Understanding and quantifying the input uncertainty sources and how they affect the model 

output is helpful to guarantee the reliability of model outputs and thus to build confidence for the 

model (Chu-Agor et al., 2011). Furthermore, the sensitivity study for model outputs to uncertain 

input parameters is capable of improving our understanding about the complex barrier island 

system and the important processes that affect the island morphological evolution. In addition, 

uncertainty and sensitivity analysis is able to identify the most influential input uncertain factors 
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to the model outputs for the purposes of prioritizing distribution of the limited resources and 

more efficiently decreasing the predictive uncertainty.  

Comparing with the large amount of effort spent on barrier island geomorphologic modeling 

(Jiménez and Arcilla, 2004; McNamara and Werner, 2008; Roelvink et al., 2009), only few 

attention has been paid to quantify the uncertainties involved in the barrier island modeling. 

Plant and Stockdon (2012) conducted a probabilistic prediction for barrier island response to 

hurricanes using a conceptual model and Bayesian network. Chu-Agor et al. (2011) did a more 

thorough research about barrier island habitat modeling using both uncertainty and global 

sensitivity analysis techniques to investigate the important model input factors. These researches 

have demonstrated an uncertainty and sensitivity analysis framework for coastal modeling but 

they mainly focused on the parametric uncertainty. But parametric uncertainty is only part of the 

total uncertainty involved in the coastal modeling work. Model uncertainty arises when multiple 

models are all plausible given available data and knowledge. In addition to model uncertainty, 

scenario uncertainty also plays an important role in coastal model. Following Meyer et al. 

(2014), a scenario of coastal modeling can be defined in this research as a future state or 

condition assumed for a system, with the emphasis on those aspects of a scenario that affect the 

coastal system. Although Chu-Agor et al. (2011) pointed out the impacts of different sea-level 

rise scenarios on coastal model output uncertainty, a more quantitative way is needed to measure 

the different uncertainty sources and to conduct global sensitivity analysis with the combined 

effects of scenarios, models and parameters.  

In this research, the developed uncertainty quantification framework introduced in section 

1.3 has been applied into the BIP model to study the key factors controlling fate of barrier island 

morphological evolution. As mentioned in section 1.1, the BIP model has built-in capability of 
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conducting Monte Carlo (MC) simulations which can be used to access the uncertainty 

quantification and global sensitivity analysis. In the example application, for a series of barrier 

island cross-sections derived from the characteristics of Santa Rosa Island, Florida, BIP was 

used to evaluate their responses to random storm events and five potential accelerated rates of 

sea-level rise projected over a century. The sea-level rise scenarios are the source of scenario 

uncertainty. The parametric uncertainty is induced by uncertain dune growth rate, dune erosion 

coefficient and storm parameters include storm number, storm track, and storm magnitude. The 

model uncertainty is omitted in this research because only one model exists.  

This research presents a mathematical modeling evaluation framework for uncertainty 

quantification and global sensitivity analysis of a barrier island model considering multiple 

scenarios. Although we used a simple implementation example with one single barrier island 

model BIP, this framework can be implemented into a wide range of coastal modeling systems 

with multiple models and scenarios. 

The dissertation first represents the BIP model and demonstrates its application. Then the 

MoCCS model with longshore sediment transport is introduced following by its application.  

The framework of uncertainty quantification and its application to the groundwater reactive 

transport model system is described in the following fourth chapter. The final chapter represents 

the application of the uncertainty quantification framework to the BIP model system. 
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CHAPTER TWO 

BARRIER ISLAND PROFILE MODELING 

This chapter presents the Barrier Island Profile (BIP) model, a new computer code 

developed to simulate barrier island morphological evolution over periods ranging between 

years and decades under the impacts of accelerated sea-level rise and long-term changes in the 

storm climate. The BIP model is a multi-line model that represents the time-averaged dynamics 

of major barrier island features from front beach to backshore. Unique contributions of BIP to 

coastal modeling include a dynamic linking of interacting barrier island features and 

consideration of both future sea-level rise and storm climate impacts. The BIP model has the 

built-in capability of conducting Monte Carlo (MC) simulations to quantify predictive 

uncertainty caused by uncertainty in sea-level rise scenarios and storm parameters. For a series 

of barrier island cross-sections derived from the characteristics of Santa Rosa Island, Florida, 

BIP was used to evaluate their responses to random storm events and five potential accelerated 

rates of sea-level rise projected over a century. The MC simulations using BIP provide multiple 

realizations of possible barrier island morphologic responses and their statistics such as mean 

and variance. The modeling results demonstrate that BIP is capable of simulating realistic 

patterns of barrier island profile evolution over the span of a century using relatively simple 

representations of time- and space-averaged processes with consideration of uncertainty of 

future climate impacts. 

2.1 Model Development 

This section first describes the conceptual-mathematical model on which BIP computer 

code was developed. An example BIP modeling outcome is then presented to simulate the 

geomorphologic response to future storms and different rates of sea-level rise over a 100-year 

period.  
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2.1.1 The BIP Model 

In the BIP model, barrier island morphology is represented as a set of width-averaged 

cross-sections or profiles, each of which include beach dune, front beach, island platform, and 

backshore. Sea-level rise affects the elevation of the entire profile except that of the front beach; 

it is assumed that the front beach elevation changes with sea-level rise, as will be discussed later. 

In addition to the shape of the beach prism and dunes, storms affect the island platform and 

backshore through dune erosion and redistribution of eroded sand volume to the island platform 

and backshore. The details of how barrier island components and processes are conceptualized 

and handled in the BIP model are described below.  

2.1.1.1 Island profiles.The barrier island morphological evolution in the BIP model is 

simulated along width-averaged shore-normal profiles. In other words, rather than using specific 

topographic profiles, the model depends on a generalized representation of the morphological 

features within wide bands that run across the island (the width of the profiles is an input 

parameter). The generalized topography within these bands is used to represent a composite of 

the features in a schematic format. Figure 2.1 provides a width-averaged, schematic barrier 

island profile with only one primary dune. For each profile, the beach has a sloped face 

intersecting the mean water level at location Yoff. The beach has a berm and back-beach 

platform ending at the dune base. The beach berm and back-beach platform intersect the dune-

face at DBoff. The height of the berm and platform is specified relative to mean sea-level at dune 

foot (Z0). The dune is represented as a ridge characterized by the dune base between DBoff and 

Backoff and by seaward face slope (AFace) and slip face angle (ARepose). The slopes are 

considered to remain constant as the dune volume varies through changes of Dht and Backoff 

caused by sand transport from the beach prism. To account for the ranges of dune heights that are 

characteristic of individual coastal reaches, the initial dune heights are defined from measured 
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values of the modeling areas. A maximum dune height, which can be determined from 

measurements of representative profiles of the modeling areas, is needed to model dune growth 

from a single dune to dune field. When a growing dune reaches this maximum height in the BIP 

model, a secondary dune is assumed to develop. Rather than using detailed representations of 

profiles with secondary or even more complex fields of dune ridges, a generalized storage 

volume is created as a dune field. The dune field geometry is characterized as a trapezoid, and its 

height is the same as the maximum dune height of the frontal dune ridge. After the height is 

reached, the storage volume is controlled by the horizontal length of the top of the trapezoid. The 

transition between a single dune and a dune field depends on the sediment transport, which is 

described in detail below. Dune passes are located along the dune ridge in the direction 

perpendicular to the cross-section as shown in Figure 2.1. The primary dune ridge is represented 

as a long ridge breached at intervals of dune passes. The dune passes work as sediment transport 

channels, and provide a mechanism for beach sand to be carried across the primary dune ridge to 

the backshore platform during surge events of major storms such as hurricanes. An island 

platform (barrier flat) extends from the dune slip face to the backshore at the bay. The platform 

elevation does not increase with sea-level rise. For example, the elevation is relative to mean sea 

level and decreases when sea level rises. In the generalized barrier island profile (Figure 2.1), the 

island platform freeboard ends at OWoff; a gentle slope beyond OWoff represents the backshore 

shoreline characterized by the mean water line (BSoff).  

2.1.1.2 Beach prism.The first morphological feature considered in the BIP model is the 

front beach prism. While in reality the beach prism changes on a time scale of days to weeks due 

to changes in wave and tide conditions, these variations are not resolved in BIP, and their 

locations are represented by their annual-average positions. The short-term sand volume 
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exchanges between the beach prism and offshore bars are assumed to be balanced on annual time 

scales. Because the short-term cycle of sand volume exchange between the beach prism and 

offshore sand bars is relatively rapid, it is assumed that the vertical elevations of beach face and 

berm height (Z0) track the slowly changing mean sea level. In other words, the beach prism rises 

at the same rate of sea-level rise. Heights of all other elements of the barrier island are dynamic 

and not tied to sea level rise. Their elevations and horizontal extents are controlled by deposition 

from the accumulation in the time-averaged sand volume fluxes. 

2.1.1.3 Barrier island dune ridge. The beach dune or foredune is another important 

barrier island feature that largely affects the impact of a storm on the barrier island morphology 

(Houser and Hamilton, 2008). Two dune evolution mechanisms are considered in the BIP 

modelling: dune recovery and storm induced dune erosion. The BIP model first needs to consider 

the foredune growth due to the aeolian sediment supply from the beach prism (Houser, Hobbs, 

and Saari, 2008; Stone et al., 2004; Morton, Paine, and Gibeaut, 1994). Although the aeolian 

sediment transport distribution is a function of wind angle, critical fetch and beach geometry 

(Bauer, Robin and Davidson-Arnott, 2002), the BIP model focuses on large scale island profile 

modelling and it doesn’t take into account the complicate wind driven microscale and mesoscale 

sediment transport processes. A generalized sediment transportation rate is used to represent the 

Figure 2.1. Generalized barrier island profile showing island features from the gulf to the 

backshore with a single dune. 
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aeolian sediment supply from the beach to the dunes and it is treated as a flexible model input 

parameter, which can be easily modified if necessary. As shown in Figure 2.2, the entire volume 

is added to the dune face by adjusting the dune height (Dht) and width (between DBoff and 

Backoff) but keeping AFace and ARepose as constants. In other words, the dune shape does not 

change with its increasing volume. 

 

 

 

 

 

Besides the dune growth, storm induced dune erosion is another important dune evolution 

mechanism considered in the BIP model. During storms, the wave may impact and erode the 

foredune when high water level occurs (Hanson, Larson, and Kraus, 2010). The research about 

dune morphologic responses to the storms has demonstrated the devastating effect of storms on 

foredunes (Houser, Hapke and Hamiltion, 2008). To simulate the dune erosion, a generalized 

storm wave impact dune erosion rate is used in BIP model to represent the dune erosion process 

and its value is estimated using the algorithms developed in Larson, Erikson and Hanson (2004) 

and Larson, Kraus, and Connell (2006): 
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Figure 2.2. Illustration of annual growth of dune (upper) and dune field (lower) after dune height 

reaching the predetermined maximum height. 
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where E
V  [L

2
] is the volume of dune eroded per unit profile width (i.e., beach length), Cs [L] is 

a coefficient with a range between 1 × 10
-3

 and 2.5 × 10
-3

, R [L] is the wave bore runup height, 

Δh [L] is the surge height, Z0 [L]is the elevation difference between the dune foot and the mean 

water line, t [T] is the surge duration in which R+Δh is above Z0 (a minimum elevation necessary 

to cause the wave run-up to reach the primary dune), and T [T] is the period of the deep water 

wave. Since the western panhandle coast at northwest Florida is microtidal and wave dominated 

(Kish and Donoghue, 2013), the astronomical tide is not considered in the dune erosion 

calculation due to its small magnitude. However, it can be easily added as an adjustment to the 

surge height and duration of the dune erosion. Although some research has pointed out that 

vegetation plays an important role in dune size (Duran and Moore, 2013), this research doesn’t 

consider vegetation as a factor. 

2.1.1.4 Wave parameters estimated using SLOSH.The NOAA SLOSH Model 

(Jelesnianski, Chen, and Shaffer, 1992) can be used to estimate the runup height (R), surge 

height (Δh), surge duration (t), and wave period (T) at the location of the profile relative to the 

orientation and landfall location of the storm track. SLOSH takes the user-determined inputs of a 

storm, including the central pressure drop ( p ), the storm moving velocity ( F
V ), a coefficient

which depends on the forward speed of the hurricane and the increase in effective fetch length 

because the hurricane is moving, and the storm track. The outputs of SLOSH include maximum 

wind radius (A), maximum wind speed (Umax), and maximum surge height that is taken as Δh. 

According to the Shore Protection Manual (USACOE, 1984), the SLOSH inputs and outputs can 

be used to evaluate the deep water period, 
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deep water wave height (H0),                             
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and deep water wave length (L0)  
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Variables H0 and L0 are used to estimate the wave bore runup height via (Larson, Kraus, and 

Connell, 2006), 

0 00.10R H L .              (2.5) 

Variable t in equation (2.1) is estimated as the period in which R+Δh is larger than Z0 in an 

assumed sine function of surge height, whose amplitude is R+Δh and whose period is the surge 

duration, t. 

2.1.1.5 Overwash sediment distribution to island platform and backshore.Behind the 

foredunes, back-barrier area includes the barrier flat (or island platform) and the back barrier bay 

(or backshore). Their morphology can be dramatically impacted by washover, which is defined 

as the sediment transported inland caused by overwash events (Donnelly, Kraus and Larson, 

2006). The overwash is the water and sediment flow going over the beach crest to the back-

barrier area driven by storm surge or wave run-up (Carruthers et al., 2013). In the BIP model, the 

washover sediment is from the storm eroded dune volume and the dune pass is the overwash 

channel as described above. Three mechanisms in BIP are considered to determine the location 

where the overwash of eroded dune volume ( E
V ) is deposited. These mechanisms determine 

the fate of overwash sediment based on the values of surge height, wave runup height, dune 

height, and dune pass elevation. In the first mechanism, as shown in Figure 2.3, if the sum 
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(Δh+R) of runup height and surge height is smaller than the sum (Z0+Dp) of dune foot and dune 

pass height, all of the eroded dune volume deposits on the beach prism. If Δh+R is larger than 

Z0+Dp but smaller than the sum (Dht+Z0) of dune height and dune foot, then the eroded volume 

is partitioned between the beach prism and the overwash. The portion of sand returning to the 

beach prism is determined by the empirical ratio between excessive runup height (relative to the 

dune pass) and the difference between dune height and dune pass height 

0( ) / ( )P R h Z Dp Dht Dp                 (2.6) 

If Δh+R exceeds Dht+Z0, then all of the eroded volume is carried beyond the dune by overwash 

and deposits on the island platform. The overwashed sand in the latter two mechanisms is 

assumed to be deposited uniformly across the island platform, leading to increased island  

 

 

 

platform freeboard. When the computed elevation of the island platform equals or exceeds the 

elevation of the dune foot (Z0), the excessive volume is not used to increase the island platform 

height. Instead it is transferred to the backslope of the island and is uniformly distributed there. 

This, in turn, displaces the backshore shoreline position outward into the bay.  

2.1.1.6 Multiple simulations capability.Since a single simulation of future conditions is 

of limited value when dealing with a natural coastal system that is strongly forced by a highly 

Figure 2.3. Three mechanisms of partitioning eroded dune sand. 
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variable set of storms, the BIP model is designed to have the built-in ability to generate multiple 

sequences of random storms and to conduct Monte Carlo (MC) simulations for quantifying the 

uncertainty of large-scale barrier island evolutions with the space scale of tens of kilometers and 

the time scale of decades or centuries. The model generates random numbers of storm-related 

variables (i.e., numbers, magnitudes, and tracks) and considers multiple sea-level rise scenarios. 

The model outputs not only include individual realizations of barrier island evolution but also the 

statistics (e.g., mean, variance, and probability density function) based on the realizations. These 

statistics can be used for science-based decision-making for coastal management and planning.  

 

 

 

2.1.1.7 Model flowchart.Figure 2.4 shows the flowchart of the BIP model single run. It 

starts with initializing the morphology of the profiles. The time step is normally set at one year. 

In each time step, random storm conditions (i.e., numbers, tracks, and magnitudes) are generated. 

For each storm, a random storm track and a storm magnitude are generated. Using these storm 

parameters, the volume of dune erosion is computed for each storm using Equation 2.1. 

Subsequently, the erosion volume is partitioned according to the three mechanisms discussed 

Figure 2.4 Flowchart of the BIP model simulation of barrier island geomorphologic responses to 

future storm and sea-level rise impacts. 
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above to adjust heights of dune, platform, and backshore. Regardless of the occurrence of storms, 

dune annual growth and sea-level rise are incremented each model year.  

2.1.2 Model Application 

2.1.2.1 Semi-synthetic profiles.An example BIP modeling (including a Monte Carlo 

simulation) was conducted to simulate geomorphologic response of three semi-synthetic barrier 

island profiles to future storms and five different rates of sea-level rise over a 100-year period. 

The dimensions of beach, sand dune, island platform, and island width of the schematic width-

averaged profiles represent three semi-synthetic profiles representative across Santa Rosa Island 

(Figure 2.5) located mainly in the Okaloosa County of West Florida Central Panhandle Coast. 

This island hosts the military infrastructure of the Eglin Air Force Base, and is largely 

undeveloped and with a well-studied geomorphology (Miller et al., 2014; Kish and Donoghue, 

2013; Claudino-Sales, Wang, and Horwitz, 2008; Wang et al., 2006). It protects the mainland 

from cyclonic storms. Figure 2.6 shows two topographic profiles across natural portions of the 

island, and they provide representative dimensions for the dune, dune field, and island profiles 

used in the BIP model application. Each profile has a constant width 250 meters (perpendicular 

to the profiles), and the initial elevation of island platform has been simplified to a constant of 

two meters above mean sea level. Profile 1 in Figure 2.5(a) has a cross-island length of 500 

meters with no dune on it initially. Profile 2 in Figure 2.5(b) is 400 m long with a dune field that 

is initially 6 m high and 32 m long across the island. The length of Profile 3 in Figure 2.5(c) 

started as 100 m, and the initial dune height and length are 1.5 m and 7 m.  

2.1.2.2 Model parameters.The annual rate of aeolian sand transport towards the dunes 

from the beach is one of the most important parameters in the BIP model. The beach 

nourishment feasibility study for Okaloosa County by Taylor Engineers (2007) studied the 
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sediment transported through winds at the Santa Rosa Island area. They applied the method 

outlined in the Coastal Engineering Manual (CEM) (USACE, 1998) for wind-blown sediment 

transport through the turbulent kinetic energy relationship which calculates the sediment 

transport mass rate using wind shear velocity and sand grain size. By using the wind speed data 

obtained from the study area to estimate the wind shear velocity, they calculated the sediment 

transport rate at the coastal zone at Santa Rosa Island area. The calculated onshore sediment 

transport rate of 1.3 m3/m/year presented in Taylor report can be used as a representation of 

aeolian sediment transport from beach to the dunes for the BIP model. The empirical coefficient 

Cs value needed to evaluate equation (2.1) of dune erosion was chosen using the mean value in 

research of Larson, Erikson and Hanson (2004) as 1.8 × 10
-3

.  

In the SLOSH modeling needed for evaluation of equation (2.1), only hurricanes are considered 

because lesser storms seldom cause dune erosion in the Florida Panhandle coast. 

Figure 2.5. Three semi-synthetic barrier island profiles: (a) no initial dune and long island length, 

(b) large initial dune field and relatively short island length, and (c) small initial dune with short 

island length. 
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In order to provide computational efficiency it was necessary to avoid making simulations with 

SLOSH for all possible hurricane conditions. Instead, a standard set of hurricanes, each 

representing an important intensity class, was developed based on FEMA coastal flood studies 

for Okaloosa County (FEMA, 2002). This set was used as a catalog of baseline storms, and each 

was modeled with SLOSH to determine the maximum wind radius, wind speed, and surge height 

needed to evaluate equations (2.2) – (2.5) for the SLOSH modeling domain. Based on these 

results, the variables needed to evaluate equation (2.1) were selected for the profiles according to 

the distance and locations (to right or left) of the storm track landfall relative to the location of 

the profile being modeled.  

Figure 2.6. Regional (top left corner) and local maps of Santa Rosa Island (top), and 

characteristic topographic profiles of a dune field (bottom left) and a single dune (bottom right) 

across natural sections of the island. The bay is on the left and the Gulf of Mexico is on the right 

of the profiles. 
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2.1.2.3 Uncertain storm parameters.In a model run, as shown in Figure 2.4, when the 

storm number is larger than zero, the storm magnitude and storm track (landfall location) are 

determined for each storm. To allow the storm landfall locations to be at varying distances from 

each profile, a straight shoreline segment is forged with a length of 45 km, similar to that of the 

Santa Rosa Island. Only hurricanes making landfall within this zone are considered in the 

SLOSH modeling. Instead of modeling all possible tracks, three storm tracks were considered. 

Figure 7 shows the locations of the three profiles relative to the storm tracks, and Table 2.1 lists 

the distances between these profiles and landfalls with the different tracks. For the three discrete 

storm tracks, assuming that the probability of storm occurrence on the tracks follows a uniform 

distribution, a discrete random number (1, 2, and 3) was generated as the storm track index. A 

random hurricane magnitude is determined using the exceedance probability of maximum storm 

surge height. Figure 2.8 shows the probability estimated from the data of the Okaloosa County 

FEMA Flood Study (FEMA 2002). Instead of considering all possible hurricane magnitudes, 

four magnitude classes were used in this study as a practical number, but more classes can be 

handled by the BIP model. Similar to the storm impact scales proposed by Sallenger (2000), 

these four different magnitudes of storms were developed to cover different surge and wave run-

up heights. In order to focus on sea-level rise impacts during a period of decades to centuries, it 

was preferred not to consider rare events, but representative storm classes that are relatively 

more frequent but with lesser magnitude. Therefore, the storms in this BIP application fall into 

impact level 2 and level 3 of Sallenger’s research (Sallenger, 2000). To demonstrate the three 

mechanisms of sediment transport described in the methodology section and shown Figure 3, 

storm surge elevations ranging from limited beach flooding to severe dune attack were 

determined using trials and errors. 
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Storm track 1 

(meter) 

Storm track 2 

(meter) 

Storm track 3 

(meter) 

Island Profile 1 0 15000 30000 

Island Profile 2 5000 10000 25000 

Island Profile 3 14000 1000 16000 

 

 

This resulted in selecting storm magnitudes that produce surge heights of 0.3 m, 0.64 m, 

1.16 m and 2.1 m. The exceedance probability (Figure 2.8) was divided into four intervals, each 

of which centers on the chosen surge heights. The corresponding cumulative exceedance 

Figure 2.7. Relative locations of three island profiles (blue columns) to three storm tracks (red 

lines). 

Table 2.1. Distances between three different barrier island profiles and three storm tracks. 
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probability ranges for each class were 0 to 0.5, 0.5 to 0.75, 0.75 to 0.95, and greater than 0.95 

(Figure 2.8). Based on the cumulative probabilities, a discrete random number (1 – 4) was used 

to assign one of these storm magnitude classes for each storm represented in the model. 

Four SLOSH model runs were conducted for the four storm magnitude using the Panama 

City (FL) grid which includes the Santa Rosa Island. A trial-and-error procedure was followed to 

set the values of the central pressure of the modeled hurricanes which resulted in matching the 

four desired maximum surge heights. Using the distances between storm landfall and the 

profiles, the maximum surge heights at each profile were determined. For each storm magnitude 

class and each track index, a look-up table was developed to contain the surge heights, maximum 

wind speed, and deep water wave height and period for each of the profiles, which are needed to 

evaluate equations (2.1) – (2.5). In each year of the BIP model, a random storm number, track 

index, and magnitude class for a period of 100 years were generated. Table 2.2 lists an example 

realization. The storm numbers for a given year were generated from the Poisson distribution, 

( ; )
!

k
e

P k
k




 ,                (2.7) 

where k is the storm number, and   is the expected occurrence for a period of time. Based on a 

FEMA study of the West Florida Central Panhandle coast (FEMA, 2002), the annual rate of 

hurricanes is estimated to be 0.001327 per kilometer of shoreline. This yields an annual storm 

rate of 0.06 for the shoreline length, meaning that the expected occurrence in the 100-year 

simulation period is 6  . 

2.1.2.4 Sea-level rise scenarios.Five scenarios of sea-level rise with different rates were 

considered in the BIP model. The annual sea-level rise increment in each scenario was calculated 

using the following quadratic equations (NRC, 1985): 
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where i is the year number, and SLR is the sea-level rise (m) at the i-th year. The first scenario is 

a continuation of the present rate of 1.5×10
-3

m/year, which results in sea-level rise of 0.15 m 

over the next 100 years; the sea-level rises of the other four rates are 0.50 m, 1.0 m, 1.5 m, and 

2.0 m, respectively. The five scenarios cover the full range of recent estimates of sea-level rise, 

which include: 0.18-0.59 m (IPCC, 2007), 0.75 – 1.90 m (Vermeer and Rahmstorf, 2009), 0.90 – 

1.30 m (Grinsted, Moore, and Jevrejeva, 2010), and 0.6 – 1.6 m (Jevrejeva, Moore, and Grinsted, 

2010). The five scenarios are denoted as SLR+0.15, SLR+0.5, SLR+1.0, SLR+1.5 and SLR+2.0, 

and their corresponding estimates of sea-level rises are illustrated in Figure 2.9. It should be 

Figure 2.8. Cumulative probability of maximum storm surge heights (0.3 m, 0.64 m, 1.16 

m, and 2.1 m) and their discretization for four selected storm magnitude classes (1 – 4 from 

left to right). 
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noted that the BIP model is general and can handle any rates of sea-level rise, not limited to the 

five rates above. 

 

 

2.2 BIP Model Results 

The BIP model can be run in two modes: (1) a deterministic run with a single set of storm 

parameters (i.e., storm number, track, and magnitude) under an individual sea-level rise scenario, 

and (2) a stochastic run with multiple realizations storm parameters and/or under the five sea-

level rise scenarios. The first mode is useful for simulating past barrier island evolution for 

purposes such as model calibration. The second mode is necessary to address uncertainty in the 

storm parameters and sea-level rise scenarios.  

2.2.1 Results from a Deterministic Simulation  

The results and discussions in this section are for the single simulation of the storm series 

listed in Table 2.2 and sea-level rise scenario SLR + 1.0. For this individual realization, the first 

storm occurs in the sixth year, and it is the only storm in that year. This storm is of magnitude 2 

and travels along the central storm track. 

Figure 2.9. Estimated five sea-level rise scenarios in 100 years used in the BIP model. At the end 

of 100 years, the sea-level rises are 0.15 m, 0.5 m, 1.0 m, 1.5 m, and 2.0 m for the five scenarios, 

respectively. 
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Note that, in the seventieth year, there are two storms, which are of magnitude 3 and magnitude 

2, respectively, both making landfall at storm track 2.  

Figure 2.10 plots the predicted time series of dune height (Dht) and backshore position 

(BSoff) for the three island profiles. The figure illustrates impacts of storms on dune erosion and 

recovery as well as backshore evolution. For example, Figure 2.10(a) of Profile 1 and Figure 

10(c) for Profile 3 show that the dunes on the two profiles are completely eroded in Year 6, 16, 

and 21 when storms of magnitudes 2, 4, and 3 occur (Table 2.2). The storms of magnitude 1 in 

Year 52 and 87 have smaller impacts. The changes are the largest in year 70 for all three dunes, 

since two large storms occur in this single year. The dunes keep growing during the years 

without hurricanes due to the annual average aeolian sand transport. In comparison with Figures 

2.10(a) and 2.10(c), Figure 2.10(b) of Profile 2 shows a slightly different pattern in the early 

time, because there is a dune field along the profile. Although the dune along this profile is 

eroded by the same sequence of storms, it is never fully erased due to its large volume. These 

results demonstrate that the BIP model is capable of simulating reasonable results of cycles of 

destruction and reconstruction. The different dune evolution patterns for the three island profiles 

indicate the importance of initial dune heights in the dune evolution processes at the first few 

decades. At this time period, larger dunes or dune fields are more likely to be maintained than 

Table 2.2. An example of a storm series for a 100-yr period of BIP simulation. 

Year 6 16 21 52 70 70 87 

Storm number 1 1 1 1 2 2 1 

Storm track index 2 1 3 3 2 2 2 

Storm magnitude class 2 4 3 1 3 2 1 
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smaller ones even with impacts of multiple relatively large storms. But after a certain time (40-

50 years), dunes at different profiles tend to converge to similar size. The initial dune height is 

not an important factor of dune evolution anymore.  

The patterns of backshore position evolution are also different along the three profiles. In 

Figure 2.10(d) of Profile 1, the long length of this profile traps all of the eroded dune sand on the 

island platform with none available to balance against the encroachment of the backshore due to 

the sea-level rise. This leads to a continuous shift of backshore position which represents 

backshore erosion. For the second profile, as shown in Figure 2.10(e), the dune field provides a 

sufficient amount of sand to maintain the backshore, which results in opposing the 

 

 

 

transgression due to the sea-level rise. However, this only occurs in Year 16 when the 

magnitude-4 storm happens; subsequent storm events do not provide sand to the backshore. This 

Figure 2.10. Changes of dune height (a-c) and backshore position (d-f). Figures (a) and (d) are 

along Profile 1, (b) and (e) along Profile 2, and (c) and (f) along Profile 3. 
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contrasts with the results shown in Figure 2.10(f) for the third profile with narrow length. 

Although the dune at Profile 3 is initially small and is erased three times during the first 25 years, 

its narrow profile length allows the backshore position to keep up with sea-level rise, since the 

island profile cannot hold much sand. The results show that the barrier island backshore 

evolution pattern depends on both beach dune and profile length. It suggests that the profiles 

with relatively large dunes and smaller length have a greater chance to grow in the backshore. 

On the contrary, when the small dunes are not capable of providing enough sand and the wide 

island traps the sand, backshore retreats as sea-level rises. 

2.2.2 Results from Multiple Stochastic Simulations 

Figure 2.11 illustrates impacts of the different rates of sea-level rise on the evolution of 

the dune height and backshore shoreline position for Profile 3. Figure 2.11(a) demonstrates slight 

sea-level rise effects on the dune height, since dune erosion and growth processes are not 

affected by the rate of sea-level rise. However, as shown in Figure 2.11(b), the backshore 

shoreline position is significantly affected by the rates of sea-level rise. The profile grows under 

the first four scenarios, but becomes narrower under the fifth scenario that has the largest sea-

level rise of 2 m. This indicates the importance of considering multiple sea-level rise scenarios to 

address scenario uncertainty. MC simulations were conducted for uncertainty quantification.  

Figure 2.12 shows that, to obtain stable estimates of sample statistics (e.g., mean and 

variance) that do not change with the number of MC simulations, 1,000 simulations are sufficient 

over the domain during the entire simulation period under all the five sea-level rise scenarios. 

The predictive uncertainty was quantified by examining the mean, variance, and probability 

density functions (PDFs) of the variables of interest, such as dune height and backshore position.  
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The predicted behaviors of the backshore position are presented as an example. Figure 

2.13 illustrates temporal variation of the mean and variance of backshore position at Profile 3 

under five sea-level rise scenarios. Temporal variations of the mean and variance are distinct 

under different scenarios. The mean of the backshore position increases with time under the first 

three scenarios, but decreases under Scenarios SLR+1.5 and SLR+2.0. The variance increases 

with time under all the five scenarios, which implies that the total predictive uncertainty 

increases with time, with the smallest increasing rate being that under Scenario SLR+0.15. This 

variability poses large predictive uncertainty, particularly under the scenarios of large sea-level 

rise and long simulation time.  

 

 

 

The PDFs of backshore position for the same profile is shown in Figure 2.14. The PDFs can be 

used for risk assessment, for example, the risk that backshore position is less than certain 

criterion of environmental protection and regulation. Figure 2.14 also shows that the patterns 

under different sea-level rise scenarios become more distinct with time increase, implying that 

scenario uncertainty increases with time. 

Figure 2.11. Comparison of responses of (a) dune height and (b) backshore position of Profile 3 

to five sea-level rise scenarios. 
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Figure 2.12. Convergence of sample variance of dune height with number of Monte Carlo 

simulations at Profile 3 on the (a) 25th, (b) 50th, (c) 75th, (d) 100th year of the BIP model 

simulation. 

Figure 2.13. Temporal variation of (a) mean and (b) variance of backshore position of Profile 3 

under five sea-level rise scenarios. 
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In addition, the PDFs of sea-level rise scenarios with larger rates have larger ranges. This 

explains the larger variance of the scenarios as shown in Figure 2.13. Decision-making or 

engineering design based on a single simulation or on the mean is risky, and the substantial 

variability should be addressed in coastal engineering design and long-term management. In 

comparison with the mean and variance, the PDFs are more comprehensive and quantitative for 

quantifying predictive uncertainty. 

2.3 Discussion and Conclusions 

The transfer of sand landward from the beach to the dunes and beyond to the island 

platform and backshore is essential to the maintenance of transgressive barrier islands. This has 

been well known for a long time. The BIP model quantifies the rates of sand transfer between the 

morphological elements of the barrier islands. The model demonstrates a first order relationship 

of barrier island maintenance between sea-level rise and the storm climate. Storms periodically 

Figure 2.14. Probability density functions (PDFs) of backshore position at Profile 3 on the (a) 

25th, (b) 50th, (c) 75th, (d)100th year of the BIP model simulation. 
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induce surge heights sufficient to cause dune erosion and overwash. Without these events, sand 

could not nourish the parts of the barrier islands inland of the coastal dunes. An adequate number 

of storms are needed to balance the inundation effect of sea-level rise and to provide the needed 

dune erosion volume to maintain the profiles of barrier islands.  

The BIP model results provide insights into the barrier island dune evolution patterns 

under storm impacts. All of the dunes go through cycles of destruction and construction. The 

initial dune height is not a factor in the long-term dune evolution. Areas of low dunes are more 

susceptible to destruction, especially during periods where storms occur in a close sequence. 

However, such sequences are rare and eventually the dune growth allows the development of 

more stable larger dunes. Conversely, dunes can grow to a large size during rare episodes 

multiple years without storms but eventually these are eroded. The overall result is that there is a 

dominance of a particular dune size given the storm climate, the annual rate of aeolian sand 

transport from the beach and rate of sea-level rise. 

The model results confirm that the overwash sediment supply determines the erosion or 

accretion pattern of the back barrier which leads to narrower or wider barrier islands. Similar 

conclusions have been made in some recent studies. Carruthers et al. (2013) estimated the 

overwash flux and used it to explain the barrier island evolution tendency; Timmons et al. (2010) 

pointed out that the high elevation and width of a barrier island can lead to insufficient of 

overwash sediment and back barrier erosion. In the BIP model results, a wide island width tends 

to trap the overwash sediment supply and cause back barrier erosion. Houser and Hamilton 

(2009) found that the backshore accretion was indeed larger on the narrow island sections. 

The dune recovery phenomenon can also be observed in the BIP model results since there 

is constant aeolian sediment transport into the dune in the model mechanism. Variant dune 
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recovery patterns after hurricanes can be found in the research of Houser, Hapke and Hamilton 

(2008), Houser and Hamilton (2009), Morton, Paine and Gibeaut (1994) and Priestas and 

Fagherazzi (2010). The research of Morton, Paine and Gibeaut (1994), conducted at Galveston 

Island, Texas, provided a relatively detailed time-series of island profile evolution. The Profile 1 

to Profile 3 in Morton, Paine and Gibeaut (1994) contain obvious foredunes. The dune height 

growth values over a period of 352 months following Hurricane Alicia (1983) from three of 

these profiles are plotted in Figure 2.15. This shows that the dune growth patterns are similar in 

shape on all three island profiles: a relatively fast recovery of dune height is followed by 

progressively slower growth. This can also be found in the dune recovery patterns produced by 

the BIP model (Figure 2.10). This pattern is explained by the fact that more sediment is needed 

to build the same dune height increment when the dune base is wider (Figure 2.4). The dune 

growth rates in Figure 2.15 are from 1 m to 2.3 m for 10 years. The fact that the BIP shows 

generally similar dune growth rates indicates that the bulk onshore aeolian transport rate of 1.3 

m
3
/m/year is reasonably representative for a Gulf Coast environment. Another research project 

conducted on the Santa Rosa Island, FL after 2005 hurricane Ivan also demonstrated similar 

dune averaging recovery rate approximately 0.1 to 0.3 meter per year (Bambach, 2013). Some 

other profiles in the Morton, Paine and Gibeaut (1994) research show different dune recovery 

patterns. This spatial variation of dune recovery observed in reality is due to different sediment 

source, dune formation and geographic reasons that are not resolved in the BIP model. In the 

future the BIP model could be modified include more detailed representations of the Aeolian 

sand flux to coastal dunes.  

Although the model simulations of the semi-synthetic barrier island profiles did not 

explicitly include calibrations to actual time-histories of the Santa Rosa Island examples, the 
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simulated patterns of dune erosions under storms qualitatively agree with the patterns observed 

at Santa Rosa Island. For example, Claudino-Sales, Wang, and Horwitz (2010) showed that, after 

hurricane Ivan occurred in September 2004, the front beach dunes along two profiles located in 

the middle segment (FP2) of the Fort Pickens State Park on the Santa Rosa Island were 

completely eroded. The pattern of complete erosion is simulated on several profiles (Figure 2.10) 

in this study. Among the profiles, Profile 1 most resembles the two FP2 profiles in terms of the 

distance between storm tracks and profile locations, profile dune heights, and island width along 

the profiles. Figure 2.10(a) shows that the dune along Profile 1 is completely removed at Year 21 

when a magnitude 3 storm occurs along track 3. 

 

The similar match between observed and simulated patterns of barrier island 

geomorphological evolutions can also be found for hurricane Dennis which occurred in July 

2005 (Claudino-Sales, Wang, and Horwitz, 2008). These results suggest that the BIP model 

helps understand long-term responses of barrier island geomorphology to future storms. It is 

Figure 2.15. The dune heights evolution in 352 months after hurricane Alicia from 3 island 

Profiles in the study of Morton, Paine and Gibeaut (1994). 
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expected that, after calibrating the BIP model with field data, the BIP model design may be used 

as a vital tool for coastal management and protection with consideration of long-term climate 

impacts. 

The BIP model results clearly demonstrate the importance of storm sequence on the 

cross-shore morphology of barrier islands. The use of a Poisson distribution to define the annual 

rate of hurricane occurrence is well established (Niedoroda et al., 2010; Resio, 2007) and its use 

in the BIP model shows that sequences of two or more major storms within a few years is rare. 

The model demonstrates that island relief is suppressed during these periods but that the island 

profiles recover in the subsequent periods of less frequent storms. This is an important 

observation in the management of barrier islands as it can forestall any over-reaction by 

government and private interests. 

  This barrier island modeling study also demonstrates that scenario uncertainty becomes 

increasingly important with time (Figure 14). A similar trend was reported in the regional 

climate modeling of Hawkins and Sutton (2011, 2009), who simulated surface temperature 

simulation at the global scale with three different CO2 emission scenarios from 2000 to 2010. 

Their modeling results suggest that scenario uncertainty accounts for 80% of total predictive 

uncertainty after a 90-year simulation of certain areas such as Southeast Asia. A similar pattern 

was also reported in a research of global mean temperature prediction (Cox and Stephenson, 

2007), which suggests that scenario uncertainty dominates in the total uncertainty after 30-50 

years of prediction time. Therefore, to reduce predictive uncertainty, resources should be spent to 

screen and/or narrow plausible scenarios in long-term modeling of both barrier island evolution 

and future climates.  
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The current BIP model is subject to several limitations, and more model development is 

warranted in future study. Though the BIP model represents the major morphological features of 

barrier island profiles, several important processes and features have either been generalized or 

left out of the conceptual model completely. The most significant of these is the role of 

vegetation in stabilizing dunes and promoting their growth. All of the wind-blown sand that 

impinges on the dunes is assumed to remain there, and this assumption partially represents one of 

the effects of dune vegetation. However, subsequent versions of the model should include a more 

detailed representation of dune vegetation and its impact on dune stability. The beach prism in 

the BIP model is assumed to track the sea-level rise and its volume is maintained as a constant 

value. As it stands now, the BIP model represents the relative changes in the dimensions of 

barrier island morphological features without regard to the geographic coordinates. In reality the 

beach prism volume must be maintained by spatial gradients in the longshore transport of sand in 

the surf-zone or the whole profile must shift due to long-term accretion or erosion of the 

shoreline. These effects are absent from the present version of the model. This problem can be 

solved by incorporating the longshore sediment transport in the manner of Niedoroda et al. 

(1995), and this model development is currently underway. 

In its present form the BIP model is limited to representing natural portions of barrier 

islands that are not impacted by development or erosion defense structures. It is envisioned that 

the time-, and space-average effects of such developments could be developed and incorporated 

in a future model version in a manner similar to that provided by the Barrier-Resort model of 

McNamara and Werner (2008).  

The BIP model can only provide averaged (e.g., 250 m in space and annual in time) 

responses of barrier islands to storms. Other models such as those developed by Roelvink et al. 
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(2009) and Reed et al. (2011) can provide greater detail but are not well-suited to simulate the 

very large number of realizations of long-term storm sequences that can be resolved by the BIP 

model. 

The BIP modeling results reveal that the initial conditions of dune profiles control dune 

evolution for a period about four to five decades. After this period, different dunes tend to 

converge to a dominant size, and this tendency is controlled by a time-averaged sediment 

transport processes. In addition, the BIP model addresses uncertainty in future storm events and 

rates of sea-level rise. It is demonstrated in this study that the uncertainty in projecting barrier 

island evolution is significant. The predictive uncertainty substantially increases with time and 

sea-level rise rates; the contribution of uncertainty in sea-level rise to predictive uncertainty 

increases with time.  

The BIP model provides a pilot example of simplified modeling of barrier island 

evolution considering uncertainty of future climate impacts. Future study will be focused on 

expanding the BIP model algorithms to include time-averaged representations of longshore 

processes and response. This will allow a more complete simulation of the historic changes on 

Santa Rosa Island, comprehensive predictions of its future change under different sea-level rise 

scenarios, and a proper representation of the uncertainty associated with these predictions. 
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CHAPTER THREE 

LARGE SCALE COMPLEX COASTAL MODELING 

3.1 Conceptual and Mathematical Model 

The Model of Complex Coastal Systems (MoCCS) is a mathematical representation of 

the physical processes that control morphodynamic adjustments to ongoing and slowly varying 

changes in the major forcing parameters which include: 1) sediment supply, 2) general wave-

current climate, 3) the storm climate, and 4) relative sea level. Although parts of the MoCCS 

model were based on the previously developed CST-ASMITA model (Niedoroda et al., 2001 and 

Niedoroda et al., 2003) the model has been largely rewritten and expanded to include more 

coastal processes and morphological components. It is a multi-line model with several of the 

different morphodynamic components represented independently. In the MoCCS model this 

means that sediment fluxes and morphological changes are modeled independently for the beach 

and surf zone, the shoreface, the inner continental shelf, the inlet(s). Sediment discharge fluxes 

and morphological changes are matched along the internal boundaries at each time step.   

3.1.1 Overall Structure of the MoCCS Model   

The MoCCS model represents two forcing modules and eight morphological 

components. One forcing module is used to represent the processes that control large scale and 

slow changes in the morphology of the system components in response to slowly varying forcing 

parameters such as changing sea level, wave-current climatology, and sediment supply. Because 

these changes are slow but persistent leading to differences that become noticeable on time 

scales of years-to-decades, this forcing module is named the Chronic Module. However, in 

addition to these slowly changing aspects of coastal morphology there are other changes that 

occur rapidly in response to the extreme forcing conditions during major hurricanes. Over long 
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periods, the incremental morphological changes from individual storms combine sequentially 

into cumulative changes. These storm-driven processes and their cumulative morphological 

responses are represented by the other module of MoCCS called Acute Module. The Acute 

Module is basically the BIP model but with multiple connected barrier island profiles. In the 

natural world, the Chronic and Acute processes are continually interacting. It is more appropriate 

to consider the processes and controls of these two forcing modules separately in the MOCCS 

model, with the effect of these combined interactions taken into account once each model year. 

That is, processes that occur within a year are not resolved in detail but their average effects are 

included in the simulations.  

It is important to recognize that the MoCCS, like models in general, is designed to 

provide a quantitative representation of those natural processes that are relevant to a specific 

problem. In this case the goal is to represent processes that are important in reshaping the 

shoreline position and the morphology of the complex coastal system while avoiding details that 

are unimportant at long time scales. This is especially important because of the additional 

requirement that the model be relatively undemanding of computational resources so that it can 

be used to compute a large number of possible realizations of a century-long series of future 

system changes. The ensemble of future realizations is then used to statistically describe 

morphological changes over the next century.   

3.1.2 The MoCCS Chronic Module 

The morphological components that change slowly but persistently in response to 

changes in large-scale forcing from the wave-current climate, relative sea level and sediment 

supply include the open coast shoreline and surf-zone, the adjoining shoreface and inner 

continental shelf, and the tidal inlet. As shown in Figure 3.1, each of these components is 
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represented differently in the MoCCS model. For example, the processes resulting in changing 

the morphology of the inner continental shelf and the shoreface are defined according to a depth-

averaged model grid system. The processes controlling the shape and position of the open 

shoreline are represented as a one-line alongshore model component. The shoreline position 

within each grid is defined by a sub-grid element coordinate. The use of the sub-grid element 

coordinate to track the time-varying location of the shoreline has been adopted to allow very 

detailed specification of the shoreline location, down to the sub-meter scale, without burdening 

the model computations with a huge number of very small grid elements. The processes resulting 

in slow and persistent changes in the bar deposits at the tidal inlet are represented as individual 

panels for the ebb-, and flood-tide shoals. As is common in the natural world, the inlet is 

maintained by dredging and it is assumed that this maintenance dredging will persist over the 

next century. Each of these parts of the MoCCS model is discussed individually. 

Figure 3.1. Schematic of the MoCCS Model Chronic Module. Actual grid spacing is much 

more detailed than shown here. 
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The outer limit of the complex coastal system is taken to be the inner continental shelf.  

The sediment transport in this realm responsible for changes in the morphology is forced by 

complex and ever-changing patterns of waves and currents. For any given point on the sea bed at 

each instant in time there is a flow caused by the combined action of currents and waves. If this 

produces sufficient force on the sediment particles they will be in transport. However, seconds 

later the flow has changed as the pattern of interacting waves and currents has evolved. Clearly it 

is very difficult to represent the actual details of these processes in a large scale numerical 

model. It is also important to recognize that most of the sediment movement caused by the waves 

and currents is of an unsteady or oscillating nature. The spatial gradients in sediment transport 

that cause morphological change arise as very small net transport fluxes. Rather than accounting 

for these subtle effects arising from complex motions, the MoCCS model adopts large-scale 

time-averaged representations of the controlling physics. 

The slow evolution of water depths and sea bed morphology on the inner continental 

shelf is modeled according to the Exner Equation which represents the conservation of volume.  

This is given as 

1 1
( )

1 1

yx
QQ

Q
t e e x y

  
     

    
                                                                              (3.1) 

where   is the elevation of the sea bed, e is the porosity, Q is the time-averaged rate of sediment 

transport and x, y are the coordinate directions. In the MoCCS model, y is the cross-shore 

direction. If including sea-level rise in equation (3.1), we will get 

,h                                                                              (3.2) 
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where h is the water depth at the place with elevation   and   is the mean sea level, slr
t





 

is the sea-level rise rate.  

The sediment transport on the inner continental shelf is represented by the time-averaged 

equation first described in Niedoroda et al., (1995). Here the total depth-averaged sediment 

volume flux (Q) is given by: 

1 2

h ds
i

P
Q UC K D C K e e

gh




                                                   (3.4) 

where the first term on the right side of this equation represents the net advective transport flux 

taken as the product of the depth- and time-averaged entrained sediment concentration ( C ) and 

the time-averaged depth mean current (U ). Typically, this is zero in the cross-shore direction 

and very small in the alongshore direction. It is ignored in this research. 

The second term represents the time-averaged net sediment flux due to the combined 

action of the waves acting to entrain the bottom sediment into the flow and the overall action of 

tidal, wind-driven and other currents. When viewed from a time-average perspective where the 

averaging time is on the order of a year, these currents are largely oscillating in nature, forming 

complex patterns resembling the chaotic eddies of turbulences, but at a very large scale. This is 

represented by the large-scale turbulence coefficients ( x
D and yD ). Unlike normal shear-driven 

turbulence which is isotropic, the intensities of these chaotic flows are not independent of 

direction. The alongshore coefficient values are generally much larger than the cross-shore 

values.   

The depth- and time-averaged entrained sediment concentration is assumed to be 

controlled by the fluid stress in the wave boundary layer. Ordinarily, the exponential decay in the 

wave orbital flow speed makes this an inverse function of water depth in the domain of the 
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MoCCS model. When considered in a time-averaged sense, this dependence is much stronger 

because only rare periods of large storm waves produce fluid stress adequate to entrain the 

bottom sediment of the inner shelf. The frequency of episodes where bottom sediment is 

entrained increases as the water depth decreases. Overall, the magnitude of the time-averaged 

entrained sediment concentration is a strong inverse function of the water depth. The 

combination of chaotic flows and a strong entrained sediment concentration gradient represent 

the conditions of Fickian diffusion which maintains a time-averaged transport flux with the 

direction controlled by the concentration gradient. 

The third term on the right hand side of the above equation represents an empirical 

relationship between a net onshore sediment flux caused by a combination of wave boundary 

layer stress asymmetry and net wave-driven bottom current and the offshore transport bias 

caused by the slope of the sea floor acting on back and forth entrainment of the sediment by the 

wave motion. This is expressed in the third term which has exponents involving the local water 

depth (h), bottom slope (ds) and a scaling coefficient (β). 

Sediment transport along shoreline in the surf zone is represented in two components.  

The shoreline erosion or advance is computed through the use of the Exner equation based on the 

time-averaged longshore sediment volume flux computed as long-term net transport and a 

diffusive transport resulting from the sum of short-term up-and down-coast fluxes resulting in a 

gross transport. The net transport is computed from the equation 

5

2 sin 2bsurf bq MH                                                                     (3.5) 

where M is a coefficient, b
H  is the time-averaged breaking wave height and the time averaged 

b
 is wave breaking angle which is defined as the included angle between wave propagation 

direction and shoreline direction: 
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0b
                                                                                      (3.6) 

where   is the wave propagation angle in surf zone, 
0  is defined as the azimuth of an outward 

normal to the shoreline: 

1

0 tan
2

y

x

         
                                                             (3.7) 

where  is defined as the azimuth of the general alignment of the shoreline as defined by a 

baseline. The effect of the gross longshore sediment transport is to cause the shoreline to tend to 

straighten by slow erosion of convex curves and corresponding filling where the curvature is 

concave. This problem was addressed in a general way by a simplified form of the Pelnard-

Considere relationship described as 
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                                                                             (3.8) 

where y is the shoreline position, x represents the cross-shore direction, t is the time and G is a 

scale coefficient. This relationship scales the rate of change of the shoreline position due to the 

back-and-forth variations in the longshore sediment transport according to the local shoreline 

curvature. It is commonly used in engineering beach sand nourishment projects to evaluate the 

long-term dispersal of the added sediment to beaches adjacent to where the fill is placed. The 

coefficient G is called the ‘longshore diffusivity’ and it scales according to the time averaged 

wave conditions, bottom slope and sand size. In our application the length scale over which the 

curvature is represented is on the order of several kilometers and the scaling coefficient value is 

determined as a fitted parameter using a comparison of the model results to the measured 

shoreline change over a period of decades. 

The MoCCS model uses a relatively coarse model grid which favors computational 

efficiency. However, long-term shoreline changes over long stretches of beach can be quite 
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small.  That is, it is necessary to represent shoreline position changes on the order of a meter or 

less over distances of many tens of kilometers. This is accomplished within the relatively coarse 

grid of the MoCCS model by representing the shoreline position as a sub-grid element. The 

position of the shoreline within each grid cell is scaled according to a relative ‘fullness’. The grid 

cell containing the shoreline has a relative volume defined by its area and an upper and lower 

limit to its vertical dimension. The upper limit corresponds to the elevation of the adjacent land 

cell (nominally 2 m) and the lower limit represents the maximum normal depth within the surf 

zone (nominally –2 m). If the computed volume of this cell is half the maximum volume, the 

shoreline is placed at the cell center. If the volume within this cell increases during a portion of 

the simulation, the shoreline position advances accordingly until it reaches the outer face of the 

cell as the maximum volume is reached. If the sediment volume continues to increase the 

shoreline-containing cell is redefined (i.e., stepped seaward) and the shoreline position is 

redefined according to the relative ‘fullness’ of this new cell. If the trend is towards erosion this 

process works in reverse with the cell stepping landward as its volume becomes depleted. The 

advance or retreat of the shoreline is controlled by the relative convergence or divergence of the 

computed surf-zone sediment fluxes according to the net and diffusive relationship explained 

above. 

Another component of long-term shoreline change is included in the MoCCS model to 

account for the time-averaged effect of individual large storms. The Chronic Module normally 

represents processes averaged over time scales that are large compared to the characteristic 

duration of major storms. In general, storms tend to flatten the beach profile, although this is not 

always the case. It is also generally observed that beach profiles tend to re-establish their pre-

storm shape during the conditions of normal weather between events. The shoreline position 
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shifts over these cycles. For most storms, these variations in shoreline conditions can be taken as 

part of the overall short-term variability of the shoreline position that is ignored in this large-

scale model. 

However, major hurricanes and other storms can produce very significant changes in the 

shoreline. In many cases, the sand volume removed from the beach prism by the storm is 

redistributed between the offshore areas of the outer surf zone and shoreface and onshore 

through passes in the primary dune line to form overwash deposits. Even if all of the sand 

volume stored in the offshore deposits eventually works its way back to the rebuilding beach 

prism, there is net loss in the volume largely due to sediment sequestered in the overwash 

deposits. From the time-averaged perspective this net loss in the beach prism volume and its 

corresponding retreat in the shoreline need to be taken into account. In the MoCCS model, net-

loss volumes are assigned to the various intensity of storms and these are distributed along the 

shoreline according to distance from the point of landfall.   

As shown on Figure 3.1 the shoreface is the zone between the inner continental shelf and 

the surf zone. It has been shown by Bruun (1962, 1988) that the geometry of the sea bed profile 

in this depth range varies according to recent wave conditions becoming steeper in storms and 

less steep during prolonged conditions of smaller waves. However, over periods of time on the 

order of a year or longer there is a characteristic average depth profile within the shoreface zone. 

The well-known Bruun Rule asserts that this time-averaged characteristic depth profile persists 

on time scales relevant to sea level change. This causes the whole profile to shift landward and 

upward where the shoreline retreats due to sea level rise. In the MoCCS model, this relationship 

is used to provide a transition zone between the one-dimensional representation of the surf-zone 

process and the two-dimensional representation of the inner shelf module. Upper and lower 
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depth limits are given for the shoreface with the upper limit corresponding to the maximum 

depth of the surf zone. If there is a relative convergence of the time-averaged longshore sediment 

volume flux in the surf zone the shoreline advances. A typical difference in the height (i.e. water 

depth) of the sediment within the surf zone cell and the next seaward cell is set based on the 

characteristic depth profile of the shoreface. An advancing shoreline can cause this computed 

difference to exceed this depth limit. At this point a sediment volume adequate to correct this 

difference is taken from the surf zone cell and transferred to the adjacent shoreface cells in a 

cascade that tends to preserve the characteristic depth profile. The outer portion of the shoreface 

cells exchange sediment volume with the adjacent inner shelf cells according to the 

representation of the inner shelf sediment transport processes.  

Another feature considered in MoCCS is tidal inlet. A typical inlet in natural world and be used 

as a prototype in our research is the tidal inlet into Choctawhatchee Bay at Santa Rosa Island 

(Figure 3.2). As is common in the natural world, the inlet is maintained by dredging and it is 

assumed that this maintenance dredging will persist in the future. However, sand sediment will 

continue to move within the inlet in such a way that some sand transfers across the inlet mouth to 

the adjacent beaches and some becomes part of the permanent deposits in the ebb and flood tide 

inlet bars and within the inlet itself. That is, it is assumed that the area of the inlet mouth and the 

adjoining ebb and flood tide deltas remain the same (see Figure 3.2) as sea level rises. However, 

sand is deposited so as to maintain the overall depths of the inlet and over the inlet shoal. For 

each annual increment in sea level rise a volume of sand is removed from the longshore sand 

drift along the Gulf shoreline. This volume is computed by multiplying the whole rise by the 

inlet area summed with half of the rise increment multiplied by the combined shoal areas:

inlet
q slr A 

                          (3.9)
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where 
inlet

q is the sediment transported into the inlet, A is the shoal area. This assumes that the 

outer edges of the shoals do not change in depth as the deposits taper from a maximum thickness 

at their inner margins. 

 

 

3.1.3 The MoCCS Acute Module 

The BIP model is used as the Acute Module in the MoCCS. The model and its results 

have been described in details at the above chapter, so it will not be discussed in this chapter.  

3.2 Numerical Implementation 

To solve equation (3.1) or (3.2), finite difference method can be used. Forward Euler 

method is the first choice. The whole model domain of MoCCS includes two parts: land and 

Figure 3.2. East Pass Inlet, at the eastern end of Santa Rosa Island, with the areas of the inlet 

mouth (yellow), flood tide shoal (red) and ebb tide shoal (blue) outlined. 
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ocean, shoreline is the boundary between them. As Figure 3.3 shows, we build M N  uniform 

grids on the domain of length X and width Y, the mesh size in x and y directions are

,
X Y

x y
M N

    . In x direction, the grid nodes are denoted as , 1,2,..., ,
i

x i x i M    and in y 

direction the grid nodes are denoted as , 1,2,..., .jy j y j N    All the variables are defined on 

grid nodes. Using central difference scheme in space, forward difference scheme in time, and the 

equation can be rewritten (discretized) as: 

( 1/2, ) ( 1/2, ) ( , 1/2) ( , 1/2)1

, ,
1

n n n n

x i j x i j y i j y i jn n

i j i j

Q Q Q Qt
h h slr t

e x y

                 
                      (3.10)  

the accuracy of this scheme is 2( ) ( )O x O t   . Note that here flux 1/2i
q   or 1/2jq   are defined on 

the midpoint of certain nodes
 
to represent the sediment flux across the node boundary.  
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Figure 3.3. An illustration of MoCCS domain. The land is on the top and the ocean is at bottom, 

shoreline separates them in the middle. 
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The parameter values at these positions can be approximated by corresponding arithmetic means 

on two neighbor nodes. For example, the diffusion coefficient D in equation (3.4) at i+1/2 

position can be calculated through: 

, 1,

1/2,

( )

2

i j i j

i j

D D
D





                                                                      (3.11) 

Based on Taylor expansion, the accuracy of this approximation is also 2( )O x .             

In MoCCS, surf zone area is the intersection part of the land and ocean. It only consists 

of grids including the shoreline. For each cross-section of x direction, there is only one grid 

belongs to surf zone based on this definition. So with grid having index i in x direction, we 

defined the unique y direction’s index as jshore(i). This fact simplifies the finite difference 

equations for surf zone area to 1-D: 

( 1/2, ( )) ( 1/2, ( ))1
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                         (3.12) 

For the top and bottom two boundaries shown in Figure 3.3 of the ocean, Dirichlet 

boundary condition can be used, that means: 

,1 1

, ( ) 1 2

i

i jshore i

h C

h C




                                                                           (3.13) 

where 1C  is constant land elevation and 2C  is deep water ocean bed elevation. For the left and 

right boundaries, we can use boundary condition: 
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                                                                   (3.14) 

These boundary conditions are arbitrary and changeable for different applications. For the inlet 

problem, based on what described above, the governing equation of surf zone at the inlet location 

becomes: 
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                       (3.15) 

where the surfq and 
inlet

q  are defined as above section described. This different equation set can 

lead to dramatic impact on coastal area especially for shoreline positions. 

3.3 Evaluating the MoCCS Using Simple Synthetic Data 

The MoCCS first was applied into a very simple synthetic coastal domain. The domain is 

a rectangular area with both length and width of 30,000 meters. Define a coordinate system with 

the original point at the left bottom point of the domain, with x direction from left to right and y 

direction from bottom to top. Shoreline is set to be a straight line across the domain parallel with 

x direction at location y = 27125 meters. The ocean area is below the shoreline and land area is 

above it. Grid size for finite difference scheme is set to be 250 meters for both x and y . A 

synthetic inlet has been set at the shoreline position x= 20000 meters. This inlet is set to fit 

characteristics of one filed case: the inlet located at the east end of the Santa Rosa Island. In this 

process, Geographic Information System (GIS) was used to estimate the area of this inlet (Figure 

3.2). Five different sea-level rise rates mentioned above are used in the MoCCS and the running 

time is 100 years. The result of shoreline changes after 100 years for different sea-level rise rates 

is shown as Figure 3.4. The climate forces of MoCCS include the different scenarios of sea-level 

rise. They have been described in the section 2.1.2.3. 

The results show that general retreat of shoreline happens under the impact of sea-level 

rise. Higher sea-level rise causes larger erosion of shoreline which is also true in real world. The 

shoreline erosion is more serious close to inlet position due to the sediment loss. And this inlet 

induced erosion is larger with higher sea-level rise. This means substantial increases in the rate 

of beach erosion are largely due to increased sand transfer to inlet shoals with increased rates of 
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sea level rise. 

 

 

 

This result pattern fits with our model design. Inlet has dramatic impact on shoreline evolution. 

If remove the inlet, the analytical solution can be calculated using equation (3) with considering 

the sediment transport gradient is 0. We can plot the analytical solution with the model numerical 

result in Figure 3.5. It shows that without any disturbance, shoreline retreat uniformly with sea-

level rise. Higher sea-level rise causes larger retreat and our numerical solutions fit with 

analytical ones. Through comparing the analytical volume change induced by inlet with our 

numerical solution of additional shoreline retreat, we can find out that the numerical solution is 

also accurate with the model including the inlet component. 

The simple straight shoreline may not be so realistic but still can generally represent 

some coastal area in real world. The results show that our model design is successfully attained 

in this simple application. The numerical solution fits with analytical solution shows that our 

numerical implementation is successful. Some reasonable future predictions can be provided. 
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But for this simple synthetic case, the parameters used are not calibrated and the results are only 

meaningful in simulating change of patterns. 

 

 

3.4 Evaluating the MoCCS Using Real World Data 

The MoCCS model was used to project the changes in the shoreline position of Santa 

Rosa Island for the next 100 years with consideration of five future different sea-level rise 

scenarios which has been described in the sections 2.1.2.3. As mentioned above, our interested 

area is the Santa Rosa Island, a barrier island located on the Florida panhandle coast. Portion of 

Eglin AFB is built on this island. The historic shoreline position of this area can be determined 

from historic maps, aerial photographs and LiDAR surveys. GIS is used to process these useful 

data. Using these data, a model domain including Santa Rosa Island with 81 kilometers length, 

50 kilometers width can be built. Uniform grids are used and x , y both are both set to be 250 
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meters. So that the whole domain consists of 324 multiplies 200 grids. Like Figure 3.3, the ocean 

is in the bottom part of the domain and the land is in the top part. North direction is the same as 

y-axis direction. The elevation values for land part of the domain (not including the surf zone) 

are set to be 2 meters.  

Note that these data are generally smoothed using averaging method to avoid dramatic 

change causing discontinuity. After checking the history data of storms in this area, we found a 

relatively peaceful time between year 1934 and 1994. In this time period, there was no major 

storm directly hitting this area and causing significant impact on the island. This time interval 

can be used to test and calibrate the model. The wave parameters have been calibrated through a 

process of successive trials to produce this simulation which has the closest agreement between 

modeled and measured results. Sea-level rise rate for this time period can be got from the tide 

gauge data which is about 0.00178 meter per year. After implementing this sea-level rise rate and 

running the model using initial data from year 1934, Figure 3.6 shows the simulating result with 

calibrated parameters plotting with year 1934 and 1994’s shoreline data. The figure shows that 

the simulation result is close to field data. Due to the scale problem, this plot is not clear enough 

to show the difference between each line. Plotting a bar figure using simulation data and field 

data leads to Figure 3.7 below. Several scales of spatial variability are shown but the overall 

pattern of change is clear and readily associated with the varying orientation and curvature of the 

shoreline shape. The prediction error is relatively large at west side of the domain because of an 

inlet located at the area outside the left boundary and model cannot capture its effect to the 

domain. Using these calibrated parameters, we can make predictions of future shoreline position 

of Santa Rosa Island after 100 years. The future sea-level rise and storm climates used in this 

application have been described in above sections. Changing those five scenarios mentioned 
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above, SLR+0.15 is removed and another linear increased sea-level rise scenario is added to 

represent the present sea-level rise value at Santa Rosa Island area: 0.17 meter per century. 
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Figure 3.6. Shoreline simulation result plotted with field data for Santa Rosa Island.  

Figure 3.7. Comparison of measured (upper panel) and modeled (lower panel) shoreline change 

along Santa Rosa Island during the period of mild storm activity, with negative shoreline 

changes indicating beach deposition and growth. 
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Values of shoreline change for the five sea level rise scenarios are compared in Figure 3.8. For 

this illustration a single realization of the next 100-year time interval was use to avoid the 

complications that arise in representing results statistically as is necessary for multiple 

realizations. In fact, this particular 100-yr scenario simply represents a continuation of the mild 

storm interval used in calibrating the model. In future we will present results from the multiple 

realization predictions. 

 

 

The Figure 3.8 shows that the expected shoreline changes are different along the 

shoreline length. Much of the shore of Eglin AFB is located where the mapped shoreline has a 

concave curvature which favors long term deposition. Further westward a continuation of the 

present rate of sea level rise would result in some deposition alternating with shoreline intervals 

of little change or slight erosion. In the eastern portion of the island erosion associated with the 

natural withdrawal of sand by the stabilized inlet is indicated. The shoreline change pattern has 

 Figure 3.8. MoCCS model predictions of relative shoreline changes over the central portion of 

Santa Rosa Island for a future 100-year scenario for different rates of sea level rise. 
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somewhat of an undulation along the length of the island. A similar pattern can vaguely be 

recognized in the measured changes shown in Figure 3.8. It is thought that these spatial 

variations result from subtle differences in longshore sand transport that may be related to the 

system of shoreface-connected sand ridges in the proto-type that are not represented in the 

MoCCS model. Even for this mild-storm 100-yr scenario quite significant shoreline retreats are 

predicted for the higher potential rates of sea level rise. 

3.5 Discussions and Conclusions 

Large scale of coastal morphological change is one of the essential concerns to the 

coastal planners and managers. A number of modeling works have been done and try to capture 

such change but few of them can produce adequate results for a generalized coastal system 

evolution under storms and sea-level rise impacts. This research presented a new developed 

numerical model called MoCCS which can simulate the large scale (kilometers) morphological 

evolution of a linked multi-components coastal system under sea-level rise and storm climate 

impacts. The MoCCS represents both the slow and continuous time-averaged changes and the 

net effect of the sudden morphological changes produced by major storms as two linked and 

interacting modules. It is a model with the morphodynamical algorithms formulated to represent 

the appropriate large temporal and spatial scales.   

The MoCCS first was tested using a simple synthetic case with straight shoreline profile. 

The results showed that the model worked properly and fitted with our algorithm design. Then it 

was applied into the real world using data from Santa Rosa Island area located at west Florida. 

The model has been shown to produce realistic results when compared to changes documented 

with measurements from long past time intervals. This lends credibility to projection of future 

long-term shoreline and morphological changes that are predicted by the model for scenarios 
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representing the required range of possible sea level rise rates over the next hundred years. The 

results clearly show the usefulness of the MoCCS model in extending capabilities of evaluating 

the impacts of future accelerated rates of sea level rise to include real coastal morphological 

dynamics, not just “bathtub inundation”. This makes MoCCS a very useful tool for coastal 

management and planning. Uncertainty is inevitably involved in MoCCS since future sea-level 

rise and storms are nondeterministic. Different sea-level rise scenarios are used in this model. 

This design makes Monte Carlo simulations and uncertainty analysis can be assessed for 

MoCCS.  
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CHAPTER FOUR 

UNCERTAINTY QUTIFICATION FRAMEWORK 

4.1 Methodology of Uncertainty Analysis 

4.1.1 Bayesian Network Integrated Modeling 

Bayesian networks (BNs), also known as belief networks, belong to the family of 

probabilistic graphical models (GMs). BN consist of a qualitative part, an acyclic directed graph 

(ADG) and a quantitative part, a set of conditional probability functions (CPFs) (Langseth et al., 

2009). The graph, G = (V, E), with nodes V and directed edges or arcs E. Nodes mirror the 

stochastic variables and the edges represent conditional dependence and independence 

relationships between certain nodes. Usually the nodes with outgoing edges pointing into a 

specific node are called the parents of that node, and a node vi is a descendent of node vj if and 

only if there exists a directed path from vj to vi in the graph. For the quantitative part, each 

variable in the BN can be described by the CPF of that variable given its parents in the graph. 

Through Bayesian network, the joint probability function of variables can be represented in 

terms of local conditional probability distributions (CPDs), by taking into account the 

conditional independences represented by the ADG as follows: 

( )( ) ( | )V v par v

v V

P X P X X


                     (4.1) 

Where ( )( | )  v par vP X X is a family of CPDs, where each value of the set of variables ( )par vX

corresponding to the parents of the node v, par(v), yields a CPD (Velikova et al., 2014).  

In this research, the whole groundwater reactive transport modeling system is built through 

one Bayesian network. Uncertain scenarios, models and parameters are treated as nodes of the 

BN, their natural dependencies and independencies work as edges. The connections between 

these factors hold them together as one ADG. Different types of uncertainties can be combined 



69 

 

and accessed together inside this network. Figure 4.1 shows the basic structure of the Bayesian 

network for the groundwater reactive transport model. Different types of uncertainties are 

expressed in different colors and shapes in the figure. The first layer is uncertain scenarios which 

represent possible future hydrologic states of the system, for example, the future climate and 

anthropogenic pressure. The nodes in light green color squares represent the uncertain 

groundwater reactive transport models such as different groundwater flow models. The third type 

of nodes represents uncertain parameters in the models, e.g. hydraulic conductivity and diffusion 

coefficient. Unlike most common Bayesian networks with discrete variables, uncertain scenarios 

and models in our system have discrete sets of states but the parameters follow continuous 

probability distributions. Due to this particular reason, instead of simply implementing equation 

(4.1) in our case, Monte Carlo sampling method is used to estimate the joint probability 

distribution and asses the uncertainty quantification. Like the standard Monte Carlo method, the 

algorithm samples each variable based on the conditional probability functions of their parent 

nodes ( )( | )v par vP X X . Because the after obtaining the joint probability distribution function

1( ,..., )
n

P X X , the probability distribution function of certain interested variable Xi can be 

estimated by marginalizing out every variable except Xi via 

1

\

( ) ( ,..., ) \

i

i n i

X X

P X P X X dX X              (4.2) 

4.1.2 Predictive Uncertainty Quantification 

Different uncertainty sources including scenario uncertainty, model uncertainty and 

parameter uncertainty are evaluated together in this research. The first primary factor that 

contributes to hydrogeologic uncertainty is the parameter uncertainty which is expressed as the 

uncertain parameters in the model. 
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If  is the predicted quantity of interest, its probability distribution and mean can be estimated 

through 

( ) ( | ) ( | ) ( )P E P P P d    θ
θ

θ θ θ θ                      (4.3) 

and 

( ) ( )E P d                     (4.4) 

where θ  is the vector of uncertain parameters. Obviously the parameters are not the only 

uncertainty source of the system. It is generally recognized that it may be possible to postulate 

more than one conceptual model for a site that is consistent with site characterization data and 

observed system behavior, as evaluated in the history-matching period. When alternative, 
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Figure 4.1. Bayesian network integrated groundwater reactive transport modeling. 
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plausible models exist for a site, one approach to address the model uncertainty is Bayesian 

Model Averaging (BMA) (Draper et al., 1999; Hoeting et al., 1999). If probability distribution of 

predicted quantity of interest is 

     
1

|
K

k k

k

P P M P M


                                                                 (4.5) 

where M =  1,..., KM M   is the set of all models considered,  kP M is the posterior 

distribution of   for model Mk, and  kP M  is the posterior model probability for model Mk, a 

measure of the degree of plausibility of the model relative to the alternatives. Parameter 

uncertainty enters equation (4.5) as the random contribution to  

   , ( )k k k k k kP M p M p M d   θ θ θ                                               (4.6) 

where kθ  is the vector of parameters associated with model kM  and  k kp Mθ  is the joint 

posterior probability density of kθ  given k
M .  

Formally, scenario uncertainty can be quantitatively assessed jointly with model and 

parameter uncertainties following the methodology described by Draper (1999). Consider an 

uncertain scenario in which the uncertainty is modeled discretely as a set of alternative scenarios,

 1= ,..., IS SS . For a given scenario, iS , the posterior distribution of a predicted quantity   can 

thus be interpreted as conditional on that scenario and equation (4.1) becomes

     
1

,
K

i k i k i

k

P S P M S P M S


                                                   (4.7) 

The prior model probabilities under a given scenario must sum to one, i.e.,  
1

| 1
K

k i

k

p M S


 . 

Posterior mean and variance of Δ become (Meyer et al., 2007)
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1

K

i k i k i

k

E S E M S p M S


                                                  (4.8) 

Averaging equation (4.7) over all scenarios using scenario probabilities  ip S  as weights gives

     

     

1

1 1

,

I

i i

i

I K

k i k i i

i k

P P S P S

P M S P M S P S



 

  

 




                                  (4.9) 

where  P   is implicitly conditional on all scenarios and model structures. For the averaging in 

(4.9) we require that  
1

1
I

i

i

P S


 , indicating that the scenarios given in  1,..., IS SS  are 

mutually exclusive and collectively exhaustive.  

The posterior mean of Δ, including the effects of scenario uncertainty, are  

 
     

     

1

1 1

,

I

i i

i

I K

k i k i i

i k

E E S p S

E M S p M S p S



 

  

 




                                (4.10) 

4.1.3 Posterior Variance Decomposition 

With the method described above, we are able to consider different types of uncertainties 

together in one system. One important question arises in the uncertainty quantification: how 

much portion of the overall prediction uncertainties is contributed by different uncertainty 

sources? If we can give an answer to this question, it is possible to maximally decrease the 

prediction uncertainties with limited resources. The question can be answered using variance 

decomposition method. Notice that the variance decomposition shown in this section only 

contains scenario and parametric uncertainties. The complete variance decomposition system is 

demonstrated in Appendix A. Variance can be considered as a measurement of uncertainty, 
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following Drapper (1999), using the law of total variance and considering alternative scenarios in 

a set, S, variance of quantity of interest   can be decomposed as  

( ) ( | ) ( | )Var EVar Var E    s sS S                                      (4.11)  

The first and the second term at the right hand side of the equation are termed by Draper et al. 

(1999) as within-scenario variance and between-scenario variance, respectively. Considering a 

set, M, of multiple models, M, decompose ( | )Var  S  as 

( | )= ( | , ) ( | , )Var E Var Var E   M|S M|SS M S M S           (4.12) 

The first and second term at the right hand side of the equations are termed as within-model 

variance and between-model variance, respectively (Draper, 1995; Hoeting et al., 1999). 

Substituting (4.12) into (4.11) leads to: 

 ( ) ( | , ) ( | , ) ( | )

            = ( | , ) ( | , ) ( | )

Var E E Var Var E Var E E

E E Var E Var E Var E E

      

    
s M|S M|S s M|S

s M|S s M|S s M|S

M S M S S

M S M S S
         (4.13) 

Considering uncertainty in model parameters θ, decompose ( | , )Var  M S  as 

( | , ) ( | , , ) ( | , , )Var E Var Var E    θ|M,S θ|M,SM S M S M S              (4.14) 

Substituting (4.14) into (4.13) and applying the law of total expectation to the latter two terms at 

the right hand side of (4.13) gives

 ( ) ( | , , ) ( | , , )

           ( | , )+ ( | )                          

            = ( | , , ) ( | , , )

            + 

Var E E E Var Var E

E Var E Var E E

E E E Var E E Var E

E Va

    

  

  

s M|S θ|M,S θ|M,S

s M|S s M|S

s M|S θ|M,S s M|S θ|M,S

s

M S M S

M S S

M S M S

 

 

( | , , ) ( | , , ) 

            = ( ) ( ) ( ) ( )

r E E Var E E E

Var Var Var Var

  

  
M|S θ|M,S s M|S θ|M,SM S M S

e θ M S

 

            (4.15) 

where the total variance of prediction has been decomposed into four different terms data 

variance, ( )V e , parametric variance, ( )V θ , model variance, ( )V M , and scenario variance, 

( )V S . These four terms can be used as measurements of different uncertainty sources’ 
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contributions to total predictive uncertainty. The data variance here is a measure of measurement 

error, and independent of model parameters, structures, and scenarios, i.e., 

| | , ( | , , ) ( | , , )E E E V V  s M S θ M S θ M S θ M S . It is treated as a constant in this study. In this setting, 

the ( | , , )E  θ M S  term is direct model output of ∆ given by a model under its associated scenario 

with its parameters, i.e., ( | , , )E   θ M S . However, we still use the general expression of Eq. 

(4.15) in this research, because it is applicable to stochastic models (e.g., kriging) whose mean 

and variance of ∆ are evaluated in a different manner (Neuman et al., 2012; Lu et al., 2011, 

2012). The second term ( )Var θ represents the parameter uncertainty considering multiple 

scenarios and models. If following the system described in the above chapter with discrete 

scenarios, models and continuous parameters, the second term ( )Var θ can be rewritten as

| ,( ) ( | , , ) ( | ) ( )
M S

S M

Var Var E M S P M S P S  θθ θ                                        (4.16) 

where the mean of multiple models, | ( )SE M , is replaced by the weighted average, i.e., 

| ( ) ( | )( )S

M

E P M S  M , where P(M|S) is the probability of model M under scenario S and 

satisfies ( | ) 1
M

P M S  . And the mean of multiple scenarios ( )E S , is replaced by the weighted 

average, i.e., ( ) ( )( )
S

E P S  S , where P(S) is scenario probability and satisfies ( ) 1
S

P S  .The 

variances of quantity under individual scenario and model are averaged over all the different 

scenarios and models. So the parametric uncertainty under one specific scenario and model can 

be represented as 

,( , ) ( | , , ) ( | ) ( )M SVar M S Var E M S P M S P S θ|θ | θ                    (4.17) 

Implementing the definition of variance, equation (4.16) can be rewritten as 
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| ,

2 2

| , | ,

2

2

( | , , ) P( | ) P( )

( ( | , , ) ( | , , )) ( | ) ( )

( ( | , , ) ( | , )

  ( ( | , , ) ( | , ) ) ) ( | ) ( )

M S

S M

M S M S

S M

S M

Var E M S M S S

E E M S E E M S P M S P S

E M S P M S d

E M S P M S d P M S P S





   

 

 





 



θ

θ θ

θ

θ

θ

θ θ

θ θ

θ θ θ

                (4.18) 

Assuming quantity of interest   is calculated through certain mathematical functions f in the 

model, using Monte Carlo simulations, we can estimate the ( )Var θ via 

2 2

1 1

1 1
( ) ( ( | , ) ( ( | , )) ) ( | ) ( )

n n

j j

S M j j

Var f M S f M S P M S P S
n n 

   θ θ θ                     (4.19) 

where f  is the mathematical function embedded in the model M , jθ is one parameter vector 

sample in the Monte Carlo simulations. Following the same procedure, the other two uncertainty 

sources can be estimated through   

 

2

2

2 2

1 1

( ) ( ( ( | , , ) ( | , ) ) ( | )

             ( ( ( | , , ) ( | , ) ( | )) ) ( )

1 1
             = ( ( ( | , )) ( | ) ( ( ( | , ) ( | )) ) ( )

S M

M

n n

j j

S M j M j

Var E M S p M S d P M S

E M S p M S d P M S P S

f M S P M S f M S p M S p S
n n 

 

 



  

 

    

θ

θ

M θ θ θ

θ θ θ

θ θ

      (4.20) 

2

2

2

1

2

1

( ) ( ( ( | , , ) ( | , ) ( | )) ( )

             ( ( ( | , , ) ( | , ) ( | ) ( ))

1
             = ( ( ( | , )) ( | )) ( )

1
            ( ( | , ) ( | ) ( ))

S M

S M

n

j

S M j

n

j

S M j

Var E M S p M S d p M S p S

E M S p M S d p M S p S

f M S p M S p S
n

f M S p M S p S
n





 

 



  

 

  



θ

θ

S θ θ θ

θ θ θ

θ

θ

                                 (4.21) 

The model uncertainty under each scenario can be estimated as 
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( | ) ( | , , ) ( )S SVar S Var E E S P S M| θ|M,M M                                            (4.22) 

Based on equations (4.18) to (4.22), we can estimate the variances induced by different 

uncertainty sources. Then a sensitivity index system can be defined following Global Sensitivity 

Index’s idea (Sobol’, 1993) and Drapper et al. (1999), to represent the relative contributions of 

different types of uncertainties as 

( ) ( ) ( ) ( )
, , ,

( ) ( ) ( ) ( )

and

1

e

e

Var Var Var Var
S S S S

Var Var Var Var

S S S S

   
   

   

M S

M S

e θ M S




                                      (4.23) 

where these four indices directly illustrate how much portion of the total uncertainty is 

contributed from different uncertainty sources. , , ,
e

S S S Sθ M S  are named as the data uncertainty 

index, parametric uncertainty index, model uncertainty index and scenario uncertainty index 

respectively. If considering parametric uncertainty under certain specific model and scenario and 

model uncertainty under certain scenario, the parametric uncertainty index under single model 

and scenario and model uncertainty index under single scenario can be defined as

,

( , )

( )
M S

Var M S
S

Var


θ|

θ |
                (4.24) 

and 

( )

( )
S

Var S
S

Var


M|

M |                                                                      (4.25) 

4.2 Methodology of Sensitivity Analysis 

This section starts from the global sensitivity indices defined in the literature for a single 

model and a single scenario. The definition is then extended for multiple models and multiple 

scenarios. Subsequently, the SGC algorithm of evaluating the indices is presented together with 
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the quasi-random sampling method of Saltelli et al. (2010); the latter is used to evaluate accuracy 

of the SGC algorithm. 

4.2.1 Conventional Definition of Global Sensitivity Indices  

In the conventional variance-based global sensitivity analysis that considers a single 

model and a single scenario, global sensitivity indices are evaluated as a quantitative measure of 

parameter influence on model outputs (Saltelli et al., 1999; Saltelli et al., 1998; Sobol’, 1993). 

The indices evaluation is based on variance decomposition technique. For a model with the form 

of 1( ) ( ,..., )
k

f f    θ , where ∆ is a scalar model output and 1{ ,..., }
k

 θ  denotes the 

vector of model parameters, the total output variance, V, of ∆ can be decomposed as (Sobol’, 

1993)  

, 1,...,1 1
( ) ...

k k k

i i j ki i j i
V V V V

  
       ,                            (4.26) 

where Vi represents the partial variances contributed by parameter 
i

 , and Vi,j to V1,…,k represent 

the partial variances caused by interactions among the parameters. The first-order sensitivity 

index of parameter i
  is defined as the percentage of total output variance caused by the partial 

variance of parameter i
 , i.e., (Sobol’, 1993) 

( )

i
i

V
S

V



,                                                                 (4.27) 

where Si measures the main or first-order effect of the parameter i
  on the model output. Based 

on variance decomposition technique or the law of total variance, the total variance can be 

expressed as 

~ ~
( ) ( ( | )) ( ( | ))

i i i ii iV V E E V      θ θ ,                                 (4.28) 
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The first term at the right hand side is the partial variance or the main effect caused by the single 

parameter 
i

 . The inner expectation is the mean of the output calculated using all the changing 

values of parameter vector, 
~i

θ , i.e., all the parameters except fixed 
i

 . Eq. (4.28) leads to the 

first-order sensitivity index 

~
( ( | ))

( )

i i i

i

V E
S

V

 



θ

.                                                  (4.29) 

Homma and Saltelli (1996) introduced another important and widely used global sensitivity 

index, the total-effect sensitivity index, 

, , ,...,
=

( )i

i i j i j k

T

V V V
S

V

 


.                                                (4.30) 

It considers both the first-order effect of 
i

  and the interactions of 
i

  with other parameters. In 

order to calculate the total-effect sensitivity index, the total variance can be decomposed in 

another manner as 

~ ~~ ~( ) ( ( | )) ( ( | ))
i i i ii iV V E E V     θ θθ θ ,                                  (4.31) 

where the first term measures the variance induced by ~i
θ , all parameters other than i

 . With Eq. 

(4.31), 
iTS  can be defined by ruling out the partial variance as 

~ ~~ ~( ) ( ( | )) ( ( | ))

( ) ( )

i i i i

i

i i

T

V V E E V
S

V V

    
 

 
θ θθ θ

.                          (4.32) 

4.2.2 Global Sensitivity Index Under Multiple Scenarios and Models 

The definitions above are based on the assumption that the total output variance is only 

induced by parametric uncertainty. When considering model and scenario uncertainty, new 

definitions of the global sensitivity indices are needed. As described in the above section, the 

total variance of model output   can be decomposed into data variance, ( )V e , parametric 
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variance, ( )V θ , model variance, ( )V M , and scenario variance, ( )V S . In sensitivity analysis 

study, the global sensitivity analysis is focused only on parametric variance

| | , ( | , , )E E V E s M S θ M S θ M S , because the other three variance terms do not influence output 

uncertainty through parametric uncertainty. With the introduced hierarchical structure and 

notations of models and scenario, the first-order sensitivity index and total-effect sensitivity 

index are redefined. When considering a single model, M, and a single scenario, S, 

| | , ( | , , )E E V E s M S θ M S θ M S  becomes | , ( | , , )M SV E M Sθ θ . Similar to Eq. (4.28), the variance 

induced by parametric uncertainty under a single model and a single scenario is decomposed as 

~

~

| , | , | ,

| , | ,

( | , , ) ( ( | , , ) | )

                               ( ( | , , ) | )

i i

i i

M S M S M S i

M S M S i

V E M S V E E M S

E V E M S









  

 
θ θ

θ

θ θ

θ
,                     (4.33) 

and the first-order sensitivity index is defined as 

~| , | ,

| ,

( ( | , , ) | )

( | , , )

i iM S M S i

i

M S

V E E M S
S

V E M S

 



θ

θ

θ
θ

.                                    (4.34) 

Similarly, Eq. (4.31) can be rewritten as 

~

~

| , | , | , ~

| , | , ~

( | , , ) ( ( | , , ) | )

                                  ( ( | , , ) | )

i i

i i

M S M S M S i

M S M S i

V E M S E V E M S

V E E M S





  

 
θ θ

θ

θ θ θ

θ θ
,                   (4.35) 

and the total-effect sensitivity index is defined as 

~

~

| , | , ~

| ,

| , | , ~

| ,

( ( | , , ) | )
1

( | , , )

( ( | , , ) | )
     

( | , , )

i i

i

i i

M S M S i

T

M S

M S M S i

M S

V E E M S
S

V E M S

E V E M S

V E M S






 








θ

θ

θ

θ

θ θ
θ

θ θ
θ

.                                              (4.36) 

When considering multiple models, M, but a single scenario, S, | | , ( | , , )E E V E s M S θ M S θ M S  

becomes | | , ( | , , )S SE V E SM θ M θ M . It can be decomposed as 
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and 

~

~

| | , | | , | , ~

| | , | , ~

( | , , ) ( ( | , , ) | )
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                     (4.38) 

Accordingly, the first-order and total-effect sensitivity indices for multiple models are defined as 

~

~

| | , | ,

| | ,

| , | ,

| ,

( ( | , , ) | ) 

( | , , )

( | ) ( ( | , , ) | )
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and 

~

~

| | , | , ~

| | ,

| , | , ~
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( ( | , , ) | )

( | , , )

( | ) ( ( | , , ) | )

=
( | ) ( | , , )
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S
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                                        (4.40) 

Eqs. (4.39) and (4.40) take into account of parameter influence under the individual models, and 

provide a quantitative assessment of global sensitivity analysis with combined effects of 

uncertain parameters and models. 

When considering multiple models, M, and multiple scenarios, S, | | , ( | , , )E E V E s M S θ M S θ M S  

is decomposed as 

~

~

| | , | | , | ,

| | , | ,

( | , , ) ( ( | , , ) | )

                                        ( ( | , , ) | )

i i

i i

i

i

E E V E E E E V E

E E V E E









  

 
s M S θ M S s M S M S θ M S

s M S M S θ M S

θ M S θ M S

θ M S
                (4.41) 

and 
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Accordingly, the first-order and total-effect sensitivity indices for multiple models and multiple 

scenarios are defined as 
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Eqs. (4.43) and (4.44) take into account of parameter influence under the individual models and 

individual scenarios, and provide a quantitative assessment of global sensitivity analysis with 

combined effects of uncertain parameters, models, and scenarios. 

4.2.3 Monte Carlo and SGC-based Evaluations of Global Sensitivity Indices 

Evaluation of the global sensitivity indices requires calculating the mean and variance 

with respect to model parameters as well as the probabilities of models and scenarios. Since 

various methods of estimating model and scenario probabilities have been developed, they are 

not discussed in this research, although many of them are computationally expensive. This 

research is focused on evaluating the mean and variance with respect to model parameters using 

the SGC methods. Since the SGC methods are general and model/scenario independent, for the 
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convenience of mathematical expression, we drop the notations of conditioning on models and 

scenarios, and use again the notations of 
~

( ( | ))
i i iV E θ and 

~ ~( ( | ))
i i iE V θ θ .  

Among the MC methods commonly used to evaluate the mean and variance (Sobol’, 

1993; Jansen, 1999; Sobol’ et al., 2007; Saltelli et al., 2010), the quasi-random sampling 

methods developed by Jansen (1999) and Saltelli et al. (2010) are the most computationally 

efficient methods so far for total effect and first order sensitivity index respectively. Following 

Jansen (1999) and Saltelli et al. (2010), the mean and variance are evaluated via 
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  θ Bθ A A                              (4.46) 

The calculation requires two independent parameter sampling matrices, A and B, with the same 

dimension of n d , where n is the number of samples and d is the number of parameters. Matrix 

i

BA  is the same as matrix A except that the i-th column is from matrix B. Subscript j denotes the 

j-th row of the corresponding matrix, i.e., the j-th sample of the d parameters. A MC 

implementation of Eqs. (4.45) and (4.46) requires (2+d)n model executions, i.e., 2n executions 

corresponding to matrices A and B and dn executions using matrix 
i

BA . While the total number 

of model executions only increases linearly with the number of model parameters, it is still 

computationally expensive, because the number of samples must be sufficiently large to attain 

convergence of the MC simulation.  
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 Our computationally efficient SGC algorithm is rooted from the quadrature rules of 

numerical integration. Starting from an integral of a one-dimensional function g(x), the general 

quadrature formula is (Gerstner and Griebel, 1998): 

1

: ( )
N

i i

i

Qg g x


                                                      (4.47) 

where 
i

x  is the parameter values (i.e., quadrature points) chosen following a quadrature rule, 
i



is corresponding weight, and N is the number of quadrature points. For a d-dimensional function 

g, the tensor product of d quadrature formulas  
1 dk kQ Q   is: 
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where 
1

, ,
k kd

i i
x x are quadrature points chosen following a quadrature rule, 

1

, ,
k kd
i i

  are 

corresponding weights, 
1
, ,

dk k
N N are the number of quadrature points for each dimension. The 

tensor product is still computationally expensive, because it suffers from the curse of 

dimensionality, i.e., the number of model execution increases exponentially with the number of 

model parameters. This problem can be resolved by using the sparse grid collocation. Define a 

multi-index  1, , d

d
k k k  and its norm 1 d

k k k   . Instead of using the full tensor 

product quadrature rule, following the Smolyak or sparse grid cubature rule, a d-dimensional 

function integral with precision level l can be approximated by (Gerstner and Griebel, 1998): 
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where I(l,d)[g] is the SGC approximation of the integral of d-dimensional function g using the 

quadrature rule of precision level l. The number of model executions reduced from N
d 
of the full 
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tensor product to 
(2 )

!

l
d

l
 (Gerstner and Griebel, 1998; Novak and Ritter, 1999) of the sparse grid 

tensor product. The SGC algorithm is flexible for global sensitivity analysis in that it allows 

using different quadrature rules for different parameter distributions. In this research, the 

Clenshaw-Curtis rule is chosen for uniform parameter distribution. The quadrature points and 

weights of this rule for integral 
1

1

( )g x dx

  are given as (Davis and Rabinowitz, 1975): 

0 2

/2 1

2 2
1

cos ,        0,1, ,

1

1

2 1 2 2
1 cos cos ,         s=1, , .

1 1 4 2

i

N

N

s N s

j

i
x i N

N

N

j s N
s

N N j N



 

  





   
 

 

 

      


         (4.50) 

where N is an even number here. The Gauss-Hermite rule is chosen for the normal distribution. 

For integral 
2

( )x
e g x dx





 , the quadrature points are the solution of the Hermite polynomial, 

( )
N

H x , and weights are (Davis and Rabinowitz, 1967): 
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The quadrature points and corresponding weights of other parameter distributions can be also 

found in Davis and Rabinowitz (1967, 1975). 

 To evaluate 
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three sparse grid integrations are needed. The first one is  

~ 1 1 ~( | ) ( , 1)[ ( )]
i i iE l d  θ θfI                                              (4.53) 

to approximate 
~

( | )
i iE θ , where l1 is the level of precision of I1. Note that the dimension is d-1 

for 
i

θ . The second sparse grid is  
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2 2
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i i i iE E l l d      θ θfI I                     (4.54) 

to approximate   ~

2

( | )
i i iE E θ , where l2 is the level of precision of I2. Since the integral has 

only one random variable, 
i

 , the dimension of I2 is 1. The third sparse grid is  
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to approximate  
~
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 To evaluate (V ( | ))
i i iE  θ θ  for the total-effect sensitivity index, based on the definition 

of mean, sparse grid I3 is developed as:  
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where l3 is the level of prevision. Further developing another sparse grid for ~( | )
i iV  θ , Eq. 

(4.56) becomes  
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So the total simulation number needed in the calculation of global sensitivity index is 1 2m m , 

where m1, m2 are the number of points chosen following sparse grid cubature rule for i and ~i . 

This number typically is much smaller than the (2+m)n used in the Monte Carlo simulations.  
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4.3 Groundwater Reactive Transport Case Description 

4.3.1 Modeling of Synthetic Groundwater Reactive Transport Case 

In the synthetic model of groundwater flow, as shown in Figure 4.2, the unconfined 

groundwater aquifer of length L is under a steady-state and has a uniform precipitation, P, over 

the entire domain. The governing equation of the flow system is  

2 2

2
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2

( ) 2
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d h w

dx K

h x h

h x L h

 

 
 

                                                               (4.59) 

where h [L] is hydraulic head, x [L] is distance from the left end of the domain, K [L/T] as 

hydraulic conductivity constant over the domain (meter/day), w [L/T] is groundwater recharge 

rate, and h1 [L] and h2 [L] are hydraulic head at the left and right sides of the domain, 

respectively. The analytical solution of Equation (4.59) is (Fetter, 2001):     

2 2
2 1 2
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h h x w
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                                 (4.60) 

Using Darcy’s law, the analytical solution of specific discharge, q [L/T], is: 

2 2

1 2( )1
( ( ))

2 2

K h h L
q w x

h L


                                    (4.61) 

A continuous contaminant source is placed at the center of the domain (x=5,000 m). A 

total of five chemical species are involved in the reactive transport modeling, and they are PCE 

(perchloroethene), TCE (trichloroethene), DCE (dichloroethene), VC (vinyl chloride), and ETH 

(ethene). The single chain reactions (Figure  4.3) described the user’s manual of BIOCHLOR 

(Aziz et al., 2000) is used in this study. The governing equations of the reactive transport 

modeling are: 
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where 1c - 5c  [M/L3] are concentrations of PCE, TCE, DCE, VC, and ETH, respectively; D  

[L2/T] is hydrodynamic dispersion coefficient in the x direction (meter2/day); v  [L/T] is seepage 

velocity; k1-k5 [1/L] are first-order degradation coefficients of the five species; y1-y4 are yield 

Figure 4.2. Diagram of the modeling domain of the synthetic study. L = 1000m is the domain 

length. Precipitation is uniform for the entire domain. Constant head (h) boundary conditions are 

h1=180 m and h2=100 m. The continuous contaminant source is located in the middle of the 

domain. 
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coefficients of PCE, TCE, DCE, and VC, respectively. Since the groundwater divide  

2 2

1 2( )

2 2

h hL K
d

w L


                                         (4.63) 

is located left to the contaminant source, the seepage velocity involved in the transport modeling 

is from left to right. Since the velocity varies in space but constant velocity of is needed to derive 

analytical solutions of Equation (4.62), the averaged velocity is estimated from the specific 

discharge as: 

q
v


                                              (4.64) 

where   [-] is porosity, and q  [L/T] is harmonic mean of the specific discharge in the right half 

part of the domain (the half domain with pollution, x>L/2). The analytical solutions and their 

numerical implementation developed by Sun et al. (1999) are used in this study.  

 

 

4.3.2 Uncertain Scenarios, Models and Parameters 

The synthetic case considers three alternative scenarios of future precipitations to address 

possible impacts of climate change on hydrology. The three scenarios are wet, baseline, and dry 

scenarios, and they are referred to as Scenario 1, Scenario 2, and Scenario 3, respectively, for the 

convenience of discussion below. Precipitation of the baseline scenario (Scenario 2) is assumed 

to follow normal distribution with the mean value of 1524 mm/year and standard deviation of 

Figure 4.3. Single chain reactions from PCE (perchloroethene), to TCE (trichloroethene), and 

DCE (cis-1,2-dichloroethylene), VC (Vinyl chloride), and ETH (Ethene). 
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254 mm/year. In the wet and dry scenarios (Scenarios 1 and 3, respectively), the amount of 

precipitation is assigned to be 180% and 80% of the precipitation of the baseline scenario, 

respectively. The three distributions are truncated at zero to ensure positive precipitation. The 

probability density functions (PDFs) of precipitation in the three scenarios are shown in Figure 

4.4. The figure shows that both the mean and the variance increase from the dry to the wet 

scenario. 

 

 

 

 

Two alternative models are considered in this study to convert precipitation to 

groundwater recharge. Considering recharge model uncertainty is necessary in groundwater 

modeling, because various techniques of recharge estimation have been developed and their 

recharge estimates can be substantially different (Scanlon et al., 2002). The uncertainty can be 

quantified using model averaging approached, as shown in Ye et al. (2010b). The first recharge 

model is  

Figure 4.4. Probability density functions (PDFs) of precipitation under three scenarios: 

Scenario 1 (wet), Scenario 2 (baseline), and Scenario 3 (dry). 
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This model is based on the research of Thomas et al. (2009), whose mass-balance study showed 

an exponential relation between precipitation and recharge. The other recharge model is adapted 

from Krishna (1987), 
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,                      (4.66) 

which relies on a linear relationship between precipitation and recharge. The coefficients of the 

two models are chosen to give sufficiently different recharge estimates by the two models. Figure 

4.5 plots the PDFs of the recharge estimates of the two models under the three precipitation 

scenarios. The figure shows that the recharge estimate of Model 1 is larger than that of Model 2. 

For Model 2 with linear relation between precipitation and recharge, the uncertainty in the 

recharge estimate is proportional to that in precipitation.  

 

Figure 4.5. Probability density functions (PDFs) of groundwater recharge given by two models 

under three precipitation scenarios. 
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 Three parameters of the groundwater flow and transport model are considered to be 

random. The first one is hydraulic conductivity (m/d), which is assumed to follow the normal 

distribution N(15,1) truncated at the lower bound of zero. The second random parameter is 

hydrodynamic dispersion coefficient (m2/d), and the uniform distribution U(10,10.1) is assumed. 

The last random parameter is first-order degradation coefficient for PCE (1/d), which is assumed 

to follow the normal distribution N(0.05,0.01) truncated at the lower bound of zero. It should be 

note that the definitions of the extended global sensitivity indices are independent of the 

parameter distributions; the arbitrarily selected parameter distributions are used for the 

demonstration purpose only. 

4.4 Uncertainty Quantification Results for Groundwater Reactive Transport Case 

The uncertainty analysis was assessed by conducting Monte Carlo simulations for the 

Bayesian Network integrated groundwater reactive transport model system. 100,000 simulations 

were conducted for each scenario and model. The extended global sensitivity indices are also 

evaluated for this synthetic case. The synthetic case is designed to be relatively simple so that 

physical and statistical meanings of the global sensitivity indices are straightforward for 

evaluating their effectiveness. In addition, analytical solutions of the synthetic case are available, 

which makes it possible to have millions of model executions for evaluating the indices using the 

MC method of Saltelli et al (2010) to evaluate accuracy of the SGC algorithm. 

4.4.1 Predictive Uncertainty Analysis (Scenario and Model Averaging) 

As presented in the above chapters, the uncertainty system in this research is built with 

three layers: parameter, model, and scenario. The simulation results under single model and 

scenario is the simplest case and it is analyzed first. The mean and variance of hydraulic head 

under single model and scenario is shown in Figure 4.6 and 4.7. The mean values of hydraulic 
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head under multiple models and scenarios demonstrate the similar pattern as the recharge (Figure 

4.5). It is reasonable that larger groundwater recharge leads to higher hydraulic head mean values 

except the constant head boundaries. The variances under different models and scenarios also 

show the similar pattern as mean but only one difference: the value calculated using model 1 

under scenario 3 is smaller than model 2 under scenario 1. This can be explained by Figure 4.5 

which shows that the expansion or variance of recharge calculated by model 2 under scenario 1 

is larger than that calculated by model 1 under scenario 3; larger uncertainty induced by recharge 

can cause larger uncertainty in hydraulic head results. All the variance results show another 

characteristic that there is a peak value around the center of the domain and decreases to 0 at two 

boundaries which coincide with the constant head boundary conditions applied at two sides of 

the domain. 

The probability density function (PDF) of hydraulic head values at location X = 6000 

meters under multiple models and scenarios were also obtained (Figure 4.8). It can be compared 

with the recharge PDFs (Figure 4.5) and we can tell that they have almost the same patterns. This 

is reasonable since the differences between different PDFs are only because of the different 

recharges which changes with variant models and scenarios. The another parameter hydraulic 

conductivity is not important here because: (1)it is not changing with the models nor scenarios; 

(2)just considering the contributions to the total variance of hydraulic head, it is not as important 

as the scenarios and models which will be demonstrated and explained in the next chapter using 

variance decomposition results. 

Based on the single model and scenario results, we can see the predictions under different 

plausible models and scenarios can be dramatically different especially for the variance and PDF 

results. Model and scenario uncertainty obviously play an important role in the total uncertainty 
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and only considering parameter uncertainty would lead to an incorrect results. So equation (4.5) 

can be used to give model-averaged results under each scenario incorporating model and 

parameter uncertainties. 
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Figure 4.6. Means of predictions of hydraulic head under multiple models and scenarios. 

Figure 4.7. Variances of predictions of hydraulic head under multiple models and scenarios. 
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In a further step, equation (4.9) is able to provide a scenario-averaged result considering 

scenario, model, and parameter uncertainties together. Figure 4.9 shows the model-averaged 

PDFs under individual scenario and the scenario-averaged PDF of the hydraulic head location X 

= 6000 meters. The model-averaged mean values under individual scenario and the scenario-

averaged mean value of the hydraulic head for the whole domain are shown in the Figure 4.10. 

Equal probabilities are assigned to the alternative models and scenarios during the calculations. It 

is not surprised the averaged mean results locate in the middle of mean values under different 

scenarios and models. The averaged PDF reflects and combines predictions under multiple 

scenarios and models together. Each alternative scenario and model has contributions to the 

averaged predictions and thus the results can provide a useful tool for the management 

collaborating different types of uncertainties especially when the model or scenario uncertainty is 

inevitable.  
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Figure 4.8. PDFs of hydraulic head predictions at location x = 6000 meters under multiple 

models and scenarios. 
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Figure 4.9. Model and scenario averaged results of PDFs of hydraulic head predictions at 

location x = 6000 meters. 

Figure 4.10. Model and scenario averaged results of means of hydraulic head predictions. 
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4.4.2 Decomposition of Predictive Uncertainty        

Although the scenario and model averaging method is able to access combined scenario, 

model and parameter uncertainties simultaneously, it cannot provide an answer of relative 

importance of different uncertainty sources to the predictive uncertainty and this information can 

be very helpful for uncertainty quantification and reduction. Using the variance decomposition 

technique described in the above chapter, we can decompose the total predictive uncertainty into 

different parts and offer an estimation of the relative contributions of different uncertainty 

sources. The predictive uncertainties of two important model outputs: hydraulic head and 

concentration of ethene are assessed in this chapter. The data uncertainties of hydraulic head and 

ethene concentration are assumed to be 0.01 meter2 for the whole domain and 0.09% of the mean 

concentration value respectively. 100,000 Monte Carlo simulations were run for the Bayesian 

network integrated groundwater reactive transport model. Due to the analytical solutions using in 

the model, the computational time was only a few hours. Equal probabilities were assigned to 

alternative scenarios and models during the calculations. 

Choosing the hydraulic head at the location X = 6000 meters as an example, the total 

variance of hydraulic head at this location can be decomposed into between-scenario and within-

scenario variances as demonstrated in equation (4.11). These two uncertainties are calculated 

using equation (4.20). The results are shown in Figure 4.11. Between-scenario variance which 

represents the uncertainty arises due to the multiple possible future scenarios accounts for 

22.63% of the total variance. The other 77.37% of the total variance is contributed by within-

scenario variance. This result indicates that the scenario uncertainty is an important part of the 

total uncertainty but is not the dominant one. Comparing the PDF functions of hydraulic head at 

this location under different scenarios (Figure 4.8), it clearly shows that the differences between 

predictions under three scenarios is relatively small considering total range of the prediction. 
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Then the within-scenario variance of hydraulic head can be decomposed into between-model 

variance and within-model variance as shown in equation (4.12). 

 

The two variances are calculated using equation (4.19). As shown in Figure 4.12, they account 

for 69.98% and 7.39% of the total variance respectively. Obviously the model uncertainty which 

is represented by the between-model variance is dominant in the total uncertainty. This 

conclusion can be supported by the Figure 4.8, hydraulic head predictions under different models 

are dramatically different comparing with predictions under different scenarios and single model 

prediction range. This can be explained by the fact that the hydraulic head is largely influenced 

by the groundwater recharge which is determined by different recharge models. At last the 

within-model variance can be decomposed into between-parameter and within-parameter 

variances as shown in equation (4.14). These last two variances represent parameter uncertainty 

Between-

scenario 

22.63% 

Within-

scenario 

77.37% 

Scenario uncertainty 

Figure 4.11. Between-scenario and within-scenario variances contributions to the total variance 

of hydraulic head at location x = 6000 meters. 
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and data uncertainty. 

 

 

They contribute to the total uncertainty only by 7.32% and 0.07% as shown in Figure 4.13. So 

the four sensitivity indices are 0.07%, 7.32%, 69.98%, 22.63%
e

S S S S   M S . The data 

uncertainty is just a relatively small constant value so it only contributes a very little part of the 

total uncertainty. The small contribution of parameter uncertainty can be explained by the fact 

that the hydraulic head prediction range under individual model and scenario is much smaller 

than the differences caused by variant plausible models and scenarios. The Figure 4.13 also 

demonstrates the model uncertainties under different scenarios which are obtained by calculat ing 

the between-model variances under the alternative scenarios. The results shows that the model 

uncertainties decrease from scenario 1 (wet scenario) to scenario 3 (dry scenario) which makes 

physical sense because of the recharge difference arises from different rainfall-recharge models 

Between

-scenario 

22.63% 

Between

-model 

69.98% 

Within-

model 

7.39% 

Model Uncertainty 

Figure 4.12. Contributions of between-scenario, within-model, and between-model variances to 

the total variance of hydraulic head at location x = 6000 meters. 
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is amplified by larger rainfall values and this difference certainly causes larger model 

uncertainty.  

 

Then the second output of interest concentration of etheth is assessed. To make the two 

sets of results comparable, the same location X = 6000 meters is chosen. The four sensitivity 

indices for different uncertainty sources are

0.90%, 63.37%, 27.64%, 8.09%
e

S S S S   θ M S .The results are shown in the Figure 4.14. 

The figure demonstrates a totally different uncertainty distribution pattern comparing with the 

hydraulic head. Besides the small portion of the data uncertainty (0.9%), the scenario uncertainty 

becomes the least important uncertainty source which only accounts for 8.09% of the total 

uncertainty. The parameter uncertainty rises to be the dominant uncertainty which contributes 

63.37% of the total uncertainty. The left 27.64% of the total uncertainty arises from the different 

plausible models. Comparing the PDFs of the hydraulic head and etheth concentration (Figure 
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Figure 4.13. Contributions of all uncertainty sources to the total uncertainty of hydraulic head 

predictions at x = 6,000 meters. 



100 

 

4.8 and 4.15), we can find the differences between etheth concentration predictions under 

different models and scenarios are dramatically smaller than those differences of hydraulic head. 

The span of single model and scenario predictions is larger than the differences between the 

predictions under alternative models and scenarios which can explain why the parameter 

uncertainty dominant in the total uncertainty. The model-averaged PDFs results (Figure 4.16) for 

ethene concentration demonstrate that the differences of predictions under alternative scenarios 

are very small which supports the conclusion that scenario uncertainty is the most insignificant 

one. The different results from the hydraulic head and the concentration also demonstrate that 

uncertainty sources have dramatically different impacts on different output variables even in the 

same system. This is due to the scenario, model, and parameter have different effects on variant 

outputs. Different rainfall scenarios and recharge models have direct impacts on the hydraulic 

head predictions but they are not so influential on the ethene concentration. 

The variance decomposition results for hydraulic head and ethene concentration at x = 

6,000 meters can also be shown as Bayesian uncertainty tree in the Figure 4.17 and 4.19. The 

values of different types of uncertainties are clearly shown in this figure. But these values have 

been processed using the model and scenario probabilities. The original variance and mean 

values of the predictions under different situations are demonstrated in the Figure 4.18 and 4.20. 

Notice that the data uncertainty is not included in these two figures. The variances and means of 

predictions under individual scenario and model are shown in the bottom layer of these figures. 

The second layer presents the values under each scenario considering multiple plausible models. 

The results combining all scenarios and models are shown in the top layer. The whole variance 

decomposition results can be recalled from bottom to top using the values in these figures. They 

clearly demonstrate the whole uncertainty quantification results. 
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Figure 4.14. Contributions of all uncertainty sources to the total uncertainty of ethene 

concentration predictions at x = 6,000 meters. 

Figure 4.15. PDFs of etheth concentration predictions at location x = 6000 meters under multiple 

models and scenarios. 
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Figure 4.16. Model averaged results of PDFs of etheth concentration predictions at location x = 

6000 meters. 

Figure 4.17. Bayesian tree of variance decomposition of hydraulic head at location x = 6000 

meters. 



103 

 

 

 

 

 

145.05

11.17

3.27

14.44

Scenario 1

1/3

147.55

1.66

12.47

14.13

Mean of H(S,M,θ)

Mean of H(M,θ)

Variance of H(S,M,θ)

Scenario probability

Variance of H(M,θ)

Scenario 2

1/3

144.29

0.84

9.71

10.55

Scenario 3

1/3

143.32

0.67

8.16

8.83

Model 1

1/2

151.08

2.06

Model probability

Mean of H(θ)

Variance of H(θ)

Model 2

1/2

144.02

1.26

Model 1

1/2

147.40

1.29

Model 2

1/2

141.18

0.40

Model 1

1/2

146.18

1.09

Model 2

1/2

140.46

0.25

Within-scenario variance

Between-scenario variance

Within-model variance

Between-model variance

100%

4.45

91.91%

4.09

8.09%

0.36

64.27%

2.86

27.64%

1.23

4.94%

0.22

11.24%

0.50

%(Uncertainty)

%(Between-scenario uncertainty)%(Within-scenario uncertainty)

%(Within-model uncertainty) %(Between-model uncertainty)

%(Parametric uncertainties 

under three different 

scenarios and two models)
7.64%

0.34

14.83%

0.66

8.76%

0.39

15.96%

0.71

Var(C)

( | )SE Var c S ( | )
S

Var E C S

( | , )
M SS

E Var C ME S|
( | , )SS ME EV r C Ma S|

| | , ( | , , )S M S M SE E SCVar E M 

0.90%

0.04

%(Data uncertainty under)

| | , ( | , , )S M S M SE E E V Car M S 

Figure 4.18. Bayesian tree of mean and variance calculations of hydraulic head at location x = 

6000 meters. 

Figure 4.19. Bayesian tree of variance decomposition of ethene concentration at location x = 

6000 meters. 
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4.4.3 Global Sensitivity Analysis 

Section 4.4.3.1 – 4.4.3.4 presents and discusses the total-effect sensitivity index evaluated 

for hydraulic head and ethene concentration for individual models and individual scenarios, for 

multiple models (after model averaging) but individual scenarios, and for multiple models and 

multiple scenarios (after scenario averaging). Although both first-order and total-effect 

sensitivity index are used in global sensitivity analysis, only the total-effective sensitivity index 

is discussed for the reason explained in Sections 4.4.3.1 and 4.4.3.4. The results of Sections 

4.4.3.1 – 4.4.3.4 are based on equal model and scenario probabilities. Impacts of model and 

scenario probabilities on the global sensitivity indices are investigated in Section 4.4.3.5 by 

evaluating the indices for different sets of the model and scenario probabilities. All the results in 
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Figure 4.20. Bayesian tree of mean and variance calculations of ethene concentration at location 

x = 6000 meters. 
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Section 4.4.3.1 – 4.4.3.5 are based on 1,000,000 MC simulations. Accuracy of the sparse grid 

collocation method is discussed in Section 4.4.3.6 by comparing the results of the SGC method 

with those obtained from millions of MC simulations.  

4.4.3.1 Total-effect sensitivity index of head for individual scenarios and individual 

models.Table 4.1 lists the values of total-effect sensitivity index ( T
S

) of groundwater recharge (

RTS
) and hydraulic conductivity ( KTS

) calculated for hydraulic head at location x = 6000 m for 

the two models under the three scenarios. The table shows that the index values may vary 

substantially for different models and scenarios. For example, KTS
 ranges from 7.15% for Model 

2 and Scenario 3 to 32.31% for Mode1 1 and Scenario 1, suggesting that importance of hydraulic 

conductivity change dramatically from important to important. If identification of important 

parameters is based on a single model and scenario (without considering model and scenario 

uncertainty), biased identification may be resulted.  

The variation of the total-effect sensitivity index among different models and scenarios is 

physically meaningful. For a given model, the index of recharge increases from Scenario 1 (wet 

scenario) to Scenario 3 (dry scenario), which is attributed to the decrease of recharge from 

Scenario 1 to Scenario 3 (Figure 4.5). In other words, impacts of recharge on hydraulic head are 

larger when the amount of recharge is smaller. Similarly, for each scenario, the index of recharge 

is larger for Model 2, because Model 2 gives less recharge than Model 1 (Figure 4.5). The 

variation pattern of the index of hydraulic conductivity is opposite, which is not surprising 

because hydraulic conductivity is related to groundwater discharge through the boundaries 

(Figure 4.2). For a given model, the index of hydraulic conductivity decreases from Scenario 1 

(wet scenario) to Scenario 3 (dry scenario). This is reasonable because hydraulic conductivity 
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becomes more important when recharge increases so that excessive water from recharge can be 

discharged. In line with this, for a given scenario, the index of hydraulic conductivity is larger for 

Model 1 than for Model 2, because the former gives more recharge than the latter.  

 
Scenario 1 Scenario 2 Scenario 3 

Model 1 Model 2 Model 1 Model 2 Model 1 Model 2 

RTS (%) 67.86 89.17 73.48 91.63 76.39 93.93 

KTS (%) 32.31 11.00 26.81 8.50 23.79 7.15 

 
After model averaging: Total-effect sensitivity index for multiple 

models but individual scenarios 

RT
S

M (%) 75.71 77.64 79.66 

KT
S

M (%) 24.32 22.53 20.68 

 
After scenario averaging: Total-effect sensitivity index for multiple 

models and multiple scenarios 

RT
S

MS

(%) 
77.06 

KT
S

MS

(%) 
23.08 

 

Table 4.1 also shows that, for each model and scenario, the sum of 
RTS  and 

KTS  is close 

to 100%, indicating that the interaction between the two parameters has a negligible contribution 

to head uncertainty. It suggests that the first-order sensitivity index is almost the same as the 

total-effect sensitivity index. Therefore, only the results of the total-effect sensitivity index are 

Table 4.1. Total-effect sensitivity index of hydraulic conductivity (
KTS ) and groundwater 

recharge (
RTS ) calculated for hydraulic head at x=6,000m under two models and three scenarios. 

The indices for multiple models but individual scenarios are denoted as 
RT

S
M  and 

KT
S

M ; the indices 

for multiple models and multiple scenarios are denoted as 
RT

S
MS and 

KT
S

MS . 
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presented and discussed in this study.   

4.4.3.2 Total-effect sensitivity index of head for multiple models but individual 

scenarios.To evaluate the total-effect sensitivity index ( TS
M  in Equation 4.40) listed in Table 2 

for the two models but three individual scenarios, equal model probability (50%) is assigned to 

the two models for model averaging. Table 4.2 shows that the variation of TS
M

 between the three 

scenarios is the same as that of 
T

S  in that the index of recharge increases but the index of 

hydraulic conductivity decreases from Scenario 1 to Scenario 3. It should be noted that TS
M

 of 

multiple models is not a weighted average of 
T

S  of the individual models, because model 

averaging is conducted for the variance of individual models not for the index of individual 

models (Equation 4.40). This is reflected by the observation that the TS
M

 values are closer to the 

T
S  values of Model 1 than to that of Model 2 for all the three scenarios, although the equal 

model probability is used for the two models. This can be explained by Fig. 5a that plots the 

PDFs of the simulated hydraulic head by the two models under the three scenarios. The figure 

shows that the head uncertainty of Model 1 is larger than that of Model 2, especially under 

Scenarios 2 and 3. This is attributed to the larger recharge uncertainty of Model 1 (Figure 4.5), 

because Equation 4.59 shows that recharge head variance is proportional to recharge variance. 

As a summary, the total-effective sensitivity index should be evaluated after model averaging of 

the variance of individual models, not by averaging the sensitivity index of individual models. In 

other words, an influential parameter of one model may not be influential for multiple models, 

depending on uncertainty magnitude of the parameter for the individual models.  
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Scenario 1 Scenario 2 Scenario 3 

Model 1 Model 2 Model 1 Model 2 Model 1 Model 2 

RTS (%) 94.68 94.12 95.23 97.19 95.45 97.92 

KTS (%) 5.19 5.73 4.18 2.25 4.01 1.54 

DTS (%) 0.00 0.00 0.00 0.00 0.00 0.00 

1kTS (%) 0.90 0.85 0.90 0.74 0.90 0.71 

 
After model averaging: Total-effect sensitivity index for multiple models but 

individual scenarios 

RT
S

M (%) 94.29 96.57 97.11 

KT
S

M (%) 5.57 2.86 2.34 

DT
S

M (%) 0.00 0.00 0.00 

1kT
S

M (%) 0.87 0.79 0.77 

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

and multiple scenarios 

RT
S

MS
(%) 96.22 

KT
S

MS
(%) 3.32 

DT
S

MS
(%) 0.00 

1kT
S

MS
(%) 0.80 

Table 4.2. Total-effect sensitivity index of hydraulic conductivity (
KTS ) and groundwater 

recharge (
RTS ) calculated for ethene concentration at x = 6,000m under two models and three 

scenarios. The indices for multiple models but individual scenarios are denoted as 
RT

S
M  and 

KT
S

M ; 

the indices for multiple models and multiple scenarios are denoted as 
RT

S
MS and 

KT
S

MS . 
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4.4.3.3 Total-effect sensitivity index of head for multiple models and multiple 

scenarios.For conducting scenario averaging, equal scenario probability (1/3) is assigned to the 

three scenarios. Table 4.2 lists the total-effect sensitivity index, 
TS
MS , of recharge and hydraulic 

conductivity for multiple models and multiple scenarios. The sensitivity indices are the final 

measure of global parameter sensitivity with consideration of the combining effects of scenario, 

model and parameter uncertainties. The 
TS
MS  values are similar to the 

T
S  values of Model 1 

under Scenario 2 and Model 1 under Scenario 3, but different from the 
T

S  values of most 

models and scenarios. In particular, the T
S  values of Model 2 under the three scenarios do not 

suggest that hydraulic conductivity is an important parameter, while the TS
MS

 (and TS
M

) values 

indicate that hydraulic conductivity is an important parameter. It suggests that, without 

considering model and scenario uncertainty, it is likely that a biased identification of important 

parameter may be resulted. The TS
MS

 values are similar to the TS
M

 values, suggesting that, after 

the modeling averaging, uncertainty of hydraulic head is similar under the three scenarios. This 

is shown in Figure 4.9. It suggests that, in this study, scenario uncertainty plays a less important 

role in the global sensitivity analysis relative to model uncertainty in terms of identifying 

important parameters. This manifesting effectiveness of the framework developed in this study 

for global sensitivity analysis.  

4.4.3.4 Total-effect sensitivity index of ethene concentration.The three sets ( T
S , TS

M
, 

and TS
MS

) of total-effect global sensitivity index results are evaluated for ethene concentration at 

the x = 6,000 m on 1,000 days, and their values are listed in Table 4.2. The table shows again 

that the sum of the four total-effect sensitivity indices is close to 1, suggesting that the first-order 

and total-effect sensitivity indices have similar values. Therefore, only the 4 values of total-effect 
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sensitivity index are shown and discussed. For all the models and scenarios, the most important 

parameter is hydraulic conductivity with 
T

S  values larger than 94%, indicating that uncertainty 

of hydraulic conductivity contributes over 94% of total uncertainty. The second most important 

parameter is recharge, but its uncertainty only contributes 1.54% ~5.19% to the total uncertainty. 

The 
T

S  values of dispersion coefficient are zero. This is reasonable, considering the narrow 

range (10.0~10.1 m
2
/d) of the parameter. Another reason for the zero sensitivity is that, in the 

synthetic case of one-dimensional groundwater reactive transport, the dispersion in the x 

direction is unimportant in comparison with the groundwater flow. The 
T

S  values of degradation 

coefficient are negligible, suggests that uncertainty of ethene concentration at x = 6,000 m this 

location depends on flow uncertainty, i.e., whether ethene reaches this location. It should be 

noted that the sensitivity index changes in space. If the total-effect sensitivity index is evaluated 

at x = 5,200 m where ethene reaches this location, the 
T

S  value of degradation coefficient can be 

as high as 19.83% for Model 1 under Scenario 2. Since recharge has overwhelming large values 

of total-effect sensitivity index (ST > 94%) for all the models and scenarios, the 
RT

S
M  values are 

similar to each other and to the T
S  values. This is also true for 

RT
S

MS  values. This leads to a 

conclusion that, for this analysis, the model and scenario uncertainties are not important in 

comparison with parameter uncertainty. In this sense, identification of important parameters 

based on a single model and a single scenario is not biased. 

4.4.3.5 Impacts of model and scenario probabilities on total-effect sensitivity 

index.All the results above are based on equal model probability and one assumption: the 

multiple models P(M|S) = 1/2 and equal scenario probability P(S) = 1/3. This section 

investigates impacts of model and scenario probabilities on the global sensitivity indices by 
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evaluating the indices using multiple sets of model and scenario probabilities. Following Ye et 

al. (2005), the minimum and maximum probability of a single model is set as 5% and 95%, 

respectively, and the probability increment is 5%. This leads to 19 sets of model probability, 

considering that only two models are considered in this study. In the same procedure, 172 sets of 

scenario probabilities are obtained for the three scenarios. Since Section 4.4 shows that model 

and scenario uncertainties have negligible impacts on the indices for ethene concentration at x = 

6,000 m, the impact analysis is only conducted for the sensitivity index calculated for the 

hydraulic head at x = 6,000m.  

Figure 4.21 plots 
KT

S
M  of hydraulic head at x = 6,000m for multiple models under the three 

scenarios evaluated using the 19 sets of model probabilities. For all the three scenarios, the 
KT

S
M  

values are dramatically affected by the model probabilities. When the probability of Model 1 

increases from 5% to 95%, the 
KT

S
M  value increases monotonically from 12.79% to 31.25% under 

Scenario 1 and from 10.36% to 23.62% under Scenario 3. This is not surprising based on the 

analysis in Section 4.1, considering that the sensitivity index, T
S , increases when recharge 

increases and that Model 1 gives larger recharge than Model 2. As a result, when the probability 

of Model 1 increases, 
KT

S
M  increases. In line with this, the largest variability of 

KT
S

M  occurs for 

scenario 1, which gives larger recharge than the other two scenarios. 

Figure 4.22 plots the 
RT

S
MS  values with the 172 probability sets of Scenarios 1 and 2. With 

the focus on the impacts of scenario uncertainty, equal model probability is used in the 

evaluation of 
RT

S
MS . The upper part of the figure is blank, where the requirement of ( ) 1

S
P S   

is not satisfied for the probabilities of the three scenarios. Figure 4.22 shows that, in comparison 

with the large impacts of model probabilities on 
KT

S
M , the impact of scenario probabilities on 

RT
S

MS  
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is small, as reflected by the small variation of 
RT

S
MS  with the scenario probabilities. This may be 

explained by the small difference of 
KT

S
M  between the three scenarios (Fig 4.21 and Table 4.2). 

These results show that impacts of model probabilities on 
KT

S
M  is large only when 

T
S  varies 

sufficiently between different models. Similarly, impacts of scenario probabilities on 
RT

S
MS  only 

when 
KT

S
M  varies between scenario.  

 

 

 

Figure 4.21. Total-effect sensitivity index ( TS
M

, after model averaging) of hydraulic conductivity 

for hydraulic head at x = 6,000 m under three scenarios. The probability of Model 1 varies 

between 5% and 95%. 

Figure 4.22. Total-effect sensitivity index ( TS
MS

, after scenario averaging) of hydraulic 

conductivity for hydraulic head at x = 6,000 m evaluated using multiple sets of scenario 

probabilities. 
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4.4.3.6 Accuracy of sparse grid collocation.All the results above are based on 1,000,000 

MC simulations using the method of Saltelli et al. (2010). They are the basis of evaluate 

accuracy of the SGC algorithm described in section 4.2.3. The Gauss-Hermite and Clenshaw-

Curtis rules are used for the normal and uniform distributions, respectively. Table 4.3 lists the 

values of total-scale sensitivity indices, 
RTS  and 

KTS , for hydraulic head and ethene concentration 

at location x = 6000 m after 1,000 days with different number of MC simulations (NMC) and 

with different number of SG points (NSGP) under model 1 and scenario 2. The columns of NMC 

in four tables list the size of sampling n used in the Monte Carlo method. Notice that the total 

simulation number is much larger than n since the total simulation number is (2k+n) as discussed 

in the section 4.2.3. Although the transport modeling involves four parameters, only the results 

of hydraulic conductivity and recharge are included, because the results of the other two 

parameters are negligible. The number of SG points is significantly larger for the transport 

modeling than for the flow modeling, because the transport modeling involves four parameters 

but the flow modeling only involves two parameters.  

Table 4.3 shows that the SGC algorithm can dramatically save the computational cost in 

comparison with the MC method. Table 4.3 indicates that only 25 model executions are needed 

to achieve the same results obtained from four million model executions. Table 4.3 also shows 

more dramatic saving of computational cost for ethene concentration, because six million of 

model executions are needed for the transport modeling. The saving of SGC method is attributed 

the small number of model parameters and the smoothness of hydraulic head and ethane 

concentration in the parameter space. When the number of model parameter increase, the number 

of SG points increases accordingly to yield accurate SG integration. 
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NMCS NME
 KTS   

RTS  NSGP
 

Level NME
 KTS   

RTS  

For hydraulic head at x = 6,000 m 

50 200 0.160 0.640 9 1 18 0.325 0.791 

100 400 0.240 0.878 25 2 50 0.268 0.735 

1,000 4,000 0.265 0.767 49 3 98 0.268 0.735 

10,000 40,000 0.251 0.732      

100,000 400,000 0.269 0.735      

1,000,000 4,000,000 0.268 0.735      

For ethene concentration at x = 6,000 m and on 1,000 days
 

50 300 0.700 0.052 21 1 84 0.900 -0.047 

100 600 1.105 0.043 145 2 590 0.947 0.035 

1,000 6,000 0.849 0.039 651 3 2,898 0.951 0.040 

10,000 60,000 0.959 0.043 2,277 4 11,880 0.953 0.042 

100,000 600,000 0.960 0.043      

1,000,000 6,000,000 0.952 0.042      

 

This however should not be a barrier to the SGC algorithm, because it has been shown 

computationally efficient to resolve the problem of the curse of dimensionality. As shown in 

Figure 4.23, both the head and the concentration surfaces are smooth in the parameter space. 

When smoothness of a function deteriorates, more SG points are need to yield accurate SG 

integration. The concentration surface in Figure 4.23b is less smooth than the head surface in 

Figure 4.23a, and the number of SG points is more for the transport modeling than that for the 

head modeling. It should be noted that function smoothness and nonlinearity are two different 

Table 4.3. Number of Monte Carlo samples (NMCS) and number of model executions (NME) of 

quasi-random sampling method used to calculate total-effect global sensitivity index for 

hydraulic head and ethene concentration. The number of sparse grid points (NSGP) for different 

levels of precision, and corresponding NME are also listed to show that NME is dramatically 

reduced in the sparse grid collocation method. 
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concepts. In other words, the SGC algorithm can be sufficiently efficient for a nonlinear model if 

its output is smooth. 

 

4.5 Discussions and Conclusions 

4.5.1 Uncertainty Analysis for Groundwater Reactive Transport 

A new methodology was presented in this research for predictive uncertainty 

quantification in the groundwater reactive transport modeling. A Bayesian network structure 

integrated groundwater reactive transport modeling was built to assess different uncertainties 

include scenario which model is applied to, model, and model parameter in one system. The 

Figure 4.23. (a) Hydraulic head and (b) ethane concentration at x = 6,000 m in the parameter 

space of hydraulic conductivity and groundwater recharge. 
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system then was tested using a synthetic groundwater reactive transport case with three 

alternative scenarios, two plausible models, and four uncertain parameters.  

A model and scenario averaging method was used to quantify the predictive uncertainties 

considering the different uncertainty sources. The results clearly demonstrated that the model and 

scenario averaging method can provide a useful tool for decision makers and it can illustrate the 

model uncertainty and scenario uncertainty impacts on the predictions and avoid the risks of 

using one single overly conservative or aggressive model or scenario.  

For investigating the relative importance of the different uncertainties, the total variance 

of predictions was separated into four different terms through variance decomposition technique. 

The four terms arose from different sources and represented data uncertainty, parameter 

uncertainty, model uncertainty, and scenario uncertainty respectively. Four sensitivity indices 

which sum to one were defined to measure the relative contributions of these four uncertainty 

sources to the predictive uncertainty. The results of hydraulic head showed that the model 

uncertainty was dominant in the total uncertainty and the scenario uncertainty was the second 

important one. The parameter uncertainty and data uncertainty only accounted for less than 10% 

of the total uncertainty. These results can be validated by the PDFs figures of hydraulic head. It 

suggested that a majority of the uncertainty of hydraulic head was caused by multiple plausible 

models and we should spend more resources to diminish this uncertainty source in order to 

maximize the uncertainty reduction. It also implied the parameter uncertainty was much less 

important than the model and scenario uncertainty in this case and should spend less effort for 

reducing it. Different from the hydraulic head, the results of etheth concentration provided 

another pattern of uncertainty contributions. The parameter uncertainty became the most 

important uncertainty source and the scenario uncertainty developed into the least important one. 
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The reason was the alternative rainfall scenarios and recharge models had small effects or 

impacts on the etheth concentration comparing with the uncertain parameters. It suggested that in 

order to reduce the uncertainty of etheth concentration prediction, the parameters should be the 

focused point. Comparing with these two sets of results, we can say the uncertainty contributions 

are not unique and the importance of different factors can be changed in one system.  

While the structure of this system was built for groundwater reactive transport modeling, 

our methods are capable of being applied into a wide range of environmental models. The results 

of uncertainty quantification combine different types of uncertainties and are able to provide the 

information of relative importance of the variant types of uncertainties. These characteristics 

make this work very useful for environmental management and decision-makers to formulate 

science-informed policies and strategies.  

4.5.2 Global Sensitivity Analysis for Groundwater Reactive Transport 

Global sensitivity analysis which aims to determine the importance of model parameters 

considering their contributions to the model output uncertainty is an important tool for model 

calibration and uncertainty quantification. Traditional global sensitivity analysis only takes 

account of parameter uncertainty which is only part of the overall input uncertainty in many 

hydrological studies. In these practices, multiple plausible models and alternative future 

scenarios are inevitable due to the limited knowledge of the environmental system and the 

unpredictable future nature variability. Some studies have done the global sensitivity analysis for 

multiple models (Herman et al. (2013), Van Werkhoven et al. (2008)), but their work focuses on 

the sensitivity index performance under different individual model conditions and fails to 

consider the joint effect of model and parameter uncertainty.  

In this research, we extend the global sensitivity index definition into a larger model and 
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scenario-averaging system with considering parameter, model and scenario uncertainties 

combined together. The synthetic groundwater reactive transport study case with two plausible 

models and three alternative scenarios demonstrated the usage of this new global sensitivity 

index. The results showed the new sensitivity index provides a variance based averaging 

sensitivity estimation which falls into the large range of different model and scenario sensitivity 

indices. The averaging sensitivity index is not based on simple index but variances, models 

which cause more output uncertainty dominate in the final index results. The model and scenario 

uncertainties which are also important factors for the averaging index results are reflected as 

model and scenario probabilities in the averaging processes. When facing a multiple models and 

scenarios system, this method can be used to provide a single estimation of certain parameter 

global sensitivity index considering model and scenario uncertainties instead of a set of diverse 

multiple results. This can be very helpful in decision making.  

Another contribution of this work is the sparse grid collocation calculated sensitivity 

index. Instead of using computational expensive Monte Carlo method, we directly implement 

sparse grid integration method into the calculation of variances in the sensitivity index. The 

comparison of two sets of results demonstrates the great advantages in computational cost of 

sparse grid collocation method especially for smooth and nearly linear function such as hydraulic 

head in this study. This research is aimed to provide a pilot work for global sensitivity analysis 

under multiple models and scenarios, the methods can be helpful for environmental management 

and protection. 

This method is not only computational efficient but also easy to understand and 

implement. Although our test case in this research is low dimension (<5), the sparse grid method 

has been proven to be an effective tool to overcome the curse of dimensionality. But the sparse 
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grid methods may not perform well and require much more points for unsmooth and 

discontinuous functions (Ganapathysubramanian and Zabaras, 2007; Ma and Zabaras, 2009). 

Although this work is tested using groundwater modelling, the expanded global sensitivity 

analysis and sparse grid collocation based calculation method can be applied into any modelling 

works. It will be helpful in the decision making for the environmental protection and 

management.  
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CHAPTER FIVE 

UNCERTAINTY QUANTIFICATION FOR THE BIP MODEL 

Two different BIP model outputs related to important barrier island features are studied in 

this research: height of the dune and backshore position. They are the most important measures 

of dune size and barrier island width respectively. The model input and uncertainty sources have 

been well described in the Chapter Two. Monte Carlo simulations are used to quantify the output 

uncertainties. Through checking the variance and mean values of these two outputs using 

different Monte Carlo simulation numbers at variant time points; it can be concluded that MC 

simulation number of 200,000 is large enough to get stable results and reach the convergence. 

All the results demonstrated in this section used 200,000 Monte Carlo simulations based on the 

convergence test. The same scenario probability value 0.2 was assigned to the five different sea-

level rise scenarios. Since the data uncertainty is not considered in this example, the uncertainty 

sources only include the scenario and parametric uncertainties. 

5.1 Backshore Position Results 

The total predictive uncertainty of backshore position can be decomposed into within-scenario 

and between-scenario uncertainties respectively. They represent parameter and scenario 

uncertainties. Equation (4.23) can be applied to calculate the uncertainty indices or percentages 

they account for total uncertainty.  Figure 4.24 shows the percentages of scenario and parametric 

uncertainties account for the total predictive uncertainty of backshore position at Profile 1 on 

four different times. The scenario uncertainty index starts with 100% then decreases in the first 

decade to 44.68% and then increases till the end of the simulation time to 95.11%. The 

parametric uncertainty index has the opposite pattern since the sum of these two uncertainty 

indices is 1. The results demonstrate the balance between overwash and sea-level rise inundation 

effects. At first few years, the parametric uncertainty cannot affect the backshore position since 
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the longest island width at this profile (500 meters) prevents the limited number of storm caused 

overwash events transporting sediment to the backshore which leads to the sea-level rise 

uncertainty dominating the total uncertainty (100%). Then the storm events increase with time 

and the accumulated overwash starts to affect the backshore. In the meantime, the sea-level rise 

uncertainty increases slowly at the first couple years. These facts lead to the relative importance 

of parametric uncertainty increases at the first decade of simulation time. However, the sea-level 

rise uncertainty increases dramatically and then dominates the total predictive uncertainty after 

the first 10 years of simulation time. In general speaking, the scenario uncertainty is the most 

important uncertainty source for backshore prediction on most times.  
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Figure 5.1. Scenario and parametric uncertainty indices for backshore position prediction at 

Profile 1. 
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This result can be supported by the PDFs of the backshore position predictions as shown 

in Figure 4.25. This figure clearly demonstrates the large differences between backshore position 

predictions under different sea-level rise scenarios. The physical story behind this fact is that sea-

level rise is no doubt having much larger impact on the backshore position comparing with the 

dune height since the inundation directly affects the backshore position. Another conclusion 

reached from Figure 4.24 is that the importance of scenario uncertainty increases dramatically 

after the first decade of simulation time. This can also be supported by Figure 4.25 which shows 

the differences between PDFs of backshore position prediction dramatically increase with time. 

It is reasonable since the differences between five sea-level rise scenarios increase nonlinearly 

(Figure 2.9) with time and they have direct impact on the backshore position. 

 

The parametric uncertainty indices under each different sea-level rise scenario for 

backshore position at Profile 1 on 25
th
 year and 100

th
 year are shown in Table 4.4. It can be 

concluded that the parameter uncertainties for backshore position predictions are totally different 
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Figure 5.2. Probability density functions (PDF) of backshore position at Profile 1 on the (a) 25th, 

(b) 50th, (c) 75th, (d)100th year of BIP simulation. 
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under each scenario. They are distinct from the parameter uncertainties of dune height 

predictions. And the parameter uncertainties decrease with the increasing sea-level rise rates. 

This can be explained by the fact that the other factors are less important when the sea-level rise 

is large and the inundation effect dominates the backshore position evolution.  

To investigate the parametric uncertainty further, the global sensitivity analysis for 

backshore position at Profile 1 on the 100
th
 year is conducted and the results are shown in the 

Table 4.5. 

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

SSθ| at 25
th

 

year (%) 
24.12 8.03 2.17 0.48 0.17 

SSθ| at 100
th
 

year (%) 
4.45 0.38 0.05 0.01 0.00 

 

The sums of total effect sensitivity indices are over 1 indicate that the dune growth rate and 

storm parameter have impacts on the backshore position predictions caused by their interactions. 

This is reasonable considering the storm and overwash are closely linked and the sediment 

volume in the overwash is determined largely by the dune growth rate. Another important pattern 

revealed is the increasing trend of total effect sensitivity index of dune growth rate with sea-level 

rise rate. If we investigate the first order sensitivity indices as also shown in the same table, it can 

be seen that the first order sensitivity indices of storm parameter and dune growth rate drop 

dramatically with increasing sea-level rise. This coincides with the pattern of total-effect  

Table 5.1. Parametric uncertainty indices for backshore position at island Profile 1 under 5 sea-

level rise scenarios on the simulation time 25
th

 year and 100
th
 year. 
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 SLR+0.15 SLR+0.5 SLR+1.0 SLR+1.5 SLR+2.0 

STS (%) 97.73 98.18 97.75 97.30 97.64 

GTS (%) 7.72 7.83 7.95 14.35 22.55 

ETS (%) 0.58 0.19 0.00 0.00 0.00 

 
After scenario averaging: Total-effect sensitivity index for 

multiple scenarios 

STS
S  (%) 97.74 

GT
S

S  (%) 7.76 

ET
S

S  (%) 0.00 

S
S (%) 92.53 91.68 91.02 83.95 75.32 

G
S (%) 2.71 1.34 1.22 1.00 0.23 

E
S (%) 0.39 0.18 0.00 0.00 0.00 

 
After scenario averaging: First order sensitivity index for 

multiple scenarios 

SS
S  (%) 92.42 

GS
S  (%) 2.56 

ES
S  (%) 0.37 

 

sensitivity indices and indicates that the interaction between storm parameter and dune growth 

rate increases dramatically with sea-level rise rate. It is reasonable since the sufficient overwash 

sediment supply which is closely related to the interaction of storms and dune volume is more 

Table 5.2. Total-effect sensitivity index (
T

S ) and first order sensitivity index ( S ) of storm 

parameters (
STS and

S
S ), dune growth rate (

GTS and
G

S ), and dune erosion coefficient (
ETS and

E
S ) 

calculated for backshore position at Profile 1 under five sea-level rise scenarios on the 100
th
 year. 

The indices for multiple scenarios are denoted as 
TS
S  and S

S . 
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important when the sea-level rise inundation effect is large. The scenario averaging results of 

both total effect and first order sensitivity index are not simple averaging of the index values but 

more close to the results of scenario SLR+0.15. It is reasonable because the uncertainty induced 

by parameters is relatively large when the sea-level rise is small. It demonstrates the scenario 

averaging method can help to prevent biased identification of important parameters considering 

multiple scenarios. The above results are all for the Profile 1 of the BIP model. This profile has a 

relatively long island width which may cause the sea-level rise effects dominating the backshore 

position evolution since the overwash sediment can be trapped on the long island platform and 

thus cannot reach the backshore. It is necessary to check another island profile with a narrower 

width to see if the uncertainty distribution patterns sustain since the parameter uncertainties 

which are related to overwash events may play a more important role at these locations. Figure 

4.26 shows the percentages of parameter and scenario uncertainties account for the total 

predictive uncertainty of backshore position at Profile 3.  
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Figure 5.3. Scenario and parametric uncertainty indices for backshore position prediction at 

Profile 3. 
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The trend of scenario uncertainty index is increasing monotonically with time at this 

profile which is different as Profile 1. This is due to the fact that this narrow island profile cannot 

prevent the storm overwash reaching the backshore from the initial time. The parametric 

uncertainty plays an important role (uncertainty index is almost 100%) at the starting years since 

the sea-level rise uncertainty is small at first. The scenario uncertainty is also generally much less 

important in the total predictive uncertainty at this Profile. The largest percentage of scenario 

uncertainties at different prediction times is only 43.46%. This can be supported by the PDFs of 

backshore position predictions at Profile 3 (Figure 4.27). This figure demonstrates the relatively 

similar prediction distributions for backshore position at Profile 3. These results are not 

surprising because of the 100 meter narrow island width at this profile. As mentioned above, the 

narrow island width means more storm caused overwash sediment can be transferred over the 

island back flat area and reaches the backshore. The parametric uncertainty which relates to 

storms and dune characteristics thus become more important since they determine the overwash 

sediment supply. But the scenario uncertainty still becomes more and more important with time 

increases. It may dominate the predictive uncertainty if the simulation time is much longer than 

100 years.  
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Figure 5.4. Probability density functions (PDF) of backshore position at Profile 3 on the (a) 25th, 

(b) 50th, (c) 75th, (d)100th year of BIP simulation. 
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Going further to the parametric uncertainty under individual scenarios, Table 4.6 shows 

the parametric uncertainty indices under single scenarios for backshore position at Profile 3 on 

the simulation time 25
th
 and 100

th
 years. The results demonstrate a pattern that the different sea-

level rise scenarios have small impact on the parametric uncertainty performance. It can be 

supported by the very similar PDF distribution patterns of backshore position under different 

sea-level rise scenarios shown in Figure 4.27. This is different with the results of Profile 1 and 

implying that the sea-level rise inundation effect is much less influential when the overwash 

sediment is sufficient enough on the narrow island profile. 

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

SSθ| at 25
th

 

year (%) 
19.82 19.49 19.04 18.58 18.29 

SSθ| at 100
th
  

year (%) 
12.15 11.88 11.01 10.93 10. 58 

 

The parameter sensitivity indices of backshore position at Profile 3 on 100th year can be 

obtained using the global sensitivity analysis method and shown in the Table 4.7. The results are 

similar to the dune height results but with small interactions between storms and dune growth 

rate (the sums of these two total-effect sensitivity indices are about 105%) which is true 

considering the backshore position is indeed affected by the interaction between storms and dune 

sediment. Unlike the results of backshore at Profile 1, the sea-level rise scenarios have very 

small effects on the parameter performances for Profile 3. All the sensitivity indices under five  

Table 5.3. Parametric uncertainty indices for backshore position at island Profile 3 under 5 sea-

level rise scenarios on the simulation time 25
th

 year and 100
th
 year. 
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 SLR+0.15 SLR+0.5 SLR+1.0 SLR+1.5 SLR+2.0 

STS (%) 99.59 99.64 99.99 99.65 99.68 

GTS (%) 5.88 5.57 5.37 5.39 5.76 

ETS (%) 0.32 0.27 0.18 0.24 0.27 

 
After scenario averaging: Total-effect sensitivity index for 

multiple scenarios 

STS
S  (%) 99.71 

GT
S

S  (%) 5.59 

GT
S

S  (%) 0.26 

 

 

scenarios and scenario averaging are very close. This implies the overwash on the narrow barrier 

island profile is sufficient enough and not affected by the increasing sea-level rise inundation 

effect. 

5.2 Dune Height Results 

The total predictive uncertainty of dune height can be decomposed in the same manner as 

the backshore position into within-scenario and between-scenario uncertainties respectively. 

They represent parameter and scenario uncertainties. Figure 4.28 demonstrates scenario and 

parametric uncertainty indices for dune height prediction at Profile 1. The first general 

conclusion is that the scenario uncertainty is relatively small comparing with parametric 

Table 5.4. Total-effect sensitivity index of storm parameters (
STS ), dune growth rate (

GTS ), 

and dune erosion coefficient (
ETS ) calculated for backshore position at Profile 3 under five 

sea-level rise scenarios on the 100
th
 year. The indices for multiple scenarios are denoted as 

STS
S , 

GT
S

S and 
ET

S
S . 
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uncertainty for dune height prediction at all the simulation times. Even the largest percentage 

scenario uncertainty can takes at the 100
th
 year is only 0.870%. The parametric uncertainty 

always takes over 99% of the total predictive uncertainty of dune height. This pattern coincides 

with the PDFs (probability density function) of dune height predictions at different time for 

Profile 1 as shown in Figure 4.29. This figure clearly shows that distributions of dune height 

predictions are dramatically similar under the five sea-level rise scenarios. It implies the future 

sea-level rise prediction has very small effect on the barrier island dune evolution comparing 

with storms, aoelian sediment transport and characteristics of dunes. This is reasonable since the 

sea-level rise cannot affect the dunes directly as the storms and aoelian sediment transport. But 

the results also tell that the sea-level rise effect on dune height increases slowly with time. It may 

become significant important after certain time point and this time point is obviously much larger 

than our simulation time 100 years. 
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Figure 5.5. Scenario and parametric uncertainty indices for dune height prediction at Profile 1. 
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Moving a further step, the parameter uncertainties under each different sea-level rise 

scenario can be calculated. Table 4.8 shows the percentages parametric uncertainty accounts for 

predictive uncertainty of dune height under five sea-level rise scenarios ( SSθ| ) at 25
th
 and 100

th
 

years. It can be concluded that different sea-level rise scenarios have very small effects on the 

parametric uncertainty and this only changes slightly during the simulation time period. This 

conclusion is supported by the PDFs of the dune height (Figure 4.29) which demonstrates the 

similarity between distribution patterns of the dune height predictions under five sea-level rise 

scenarios. This suggests that the sea-level rise affect the impacts of other factors to the dunes 

very small at least in the future one century. But this may not be true for the time period much 

longer than 100 years since the differences between parameter uncertainties under different sea-
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level rise scenarios have become much larger at the 100
th
 year comparing with the 25

th
 year. 

Another conclusion is that the parametric uncertainty is smaller under larger sea-level rise. This 

is reasonable since the other factors controlling the dune are less important under a large sea-

level rise. 

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

SSθ| at 25
th
 

year (%) 
20.55 20.36 20.01 19.64 19.35 

SSθ| at 100
th
 

year (%) 
23.24 21.87 19.90 18.01 16.10 

 

The above results demonstrate that the parametric uncertainty is the most important 

uncertainty source for dune evolution. But the BIP model includes three different uncertain 

parameters and it is still not clear which individual parameter is more important to dune height 

than the others. Global sensitivity analysis can be used to solve this problem. The total effect 

global sensitivity indices of three uncertain parameters at the 100th year can be calculated for 

each sea-level rise scenario and scenario averaging and the results are shown in Table 4.9. The 

table shows that, under each scenario, the sum of three different parameters is close to 100%, 

indicating that the interaction between the two parameters has a negligible contribution to dune 

height uncertainty. As a result, the first-order sensitivity index is almost identical to the total-

effect sensitivity index. Therefore, only the results of total-effect sensitivity index are presented 

and discussed.  

Table 5.5. Parametric uncertainty indices for dune height at island Profile 1 under 5 sea-level rise 

scenarios on the simulation time 25
th
 year and 100

th
 year. 
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 SLR+0.15 SLR+0.5 SLR+1.0 SLR+1.5 SLR+2.0 

STS (%) 99.00 98.99 98.98 98.96 98.95 

GTS (%) 0.99 1.00 1.02 1.04 1.05 

ETS (%) 0.00 0.00 0.00 0.00 0.00 

 
After scenario averaging: Total-effect sensitivity index for 

multiple scenarios 

STS
S  (%) 98.98 

GT
S

S  (%) 1.02 

ET
S

S  (%) 0.00 

 

The table clearly shows that the storm parameter is obviously the most important 

parameter (total effect sensitivity index is about 99%) for the dune height prediction comparing 

with the dune growth rate and dune erosion coefficient under all five sea-level rise scenarios. The 

variations of total effect sensitivity indices under different scenarios are negligible and thus the 

scenario averaging total effect sensitivity index is similar to individual scenario sensitivity 

indices. This result coincides with the similar total parameter uncertainties under different 

scenarios and further proving the sea-level rise scenarios have small influence on the parameter 

performances for dune height prediction. The table also shows the second important parameter 

for the dune prediction is the dune growth rate but its sensitivity index is surprisingly small (only 

about 1%). This implies the aeolian sediment transport impact on the dune evolution is negligible 

Table 5.6. Total-effect sensitivity index of storm parameters (
STS ), dune growth rate (

GTS ) , and 

dune erosion coefficient (
ETS ) calculated for dune height at Profile 1 under five sea-level rise 

scenarios on the 100
th
 year. The indices for multiple scenarios are denoted as

STS
S , 

GT
S

S and 
ET

S
S . 
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comparing with the strong storm effects. The last parameter dune erosion coefficient is not 

important at all (sensitivity index is less than 0.01%) which suggests the dune stability is not 

important for the dune evolution comparing with the devastated storms and aeolian sediment 

transport.   

5.3 Discussions and Conclusions 

The first pattern revealed by the BIP uncertainty quantification results is that the scenario 

uncertainty generally becomes more and more important for both dune height and backshore 

position predictions. This pattern is demonstrated by the backshore position predictions at 

different island profiles. It is reasonable since the sea-level rise rates increase dramatically with 

time and it directly impacts the backshore position with inundation effect. This implies that the 

sea-level rise rates determines the long term erosion or accretion patterns of the barrier island 

regardless of hurricanes or other overwash related island morphological factors. But this pattern 

is not important or notable for the dune height prediction since the parametric uncertainty always 

dominates in its total predictive uncertainty. The sea-level rise is only trivial for the dune 

morphological evolution comparing with storms and other sediment transport factors. Similar 

scenario uncertainty pattern can be found in other climate researches. A similar trend was 

reported in the regional climate modeling of Hawkins and Sutton (2011, 2009), who simulated 

surface temperature simulation at the global scale with three different CO2 emission scenarios 

from 2000 to 2010. Their modeling results suggest that scenario uncertainty takes account for 

80% of total predictive uncertainty after 90-year simulation at certain areas such as the Southeast 

Asia. A similar pattern was also reported in a research of global mean temperature prediction 

(Cox and Stephenson, 2007), which suggests that scenario uncertainty dominates in the total 

uncertainty after 30-50 years of prediction time. Therefore, to reduce predictive uncertainty of 
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long-term island morphological evolution pattern, resources should be spent to screen and/or 

narrow plausible scenarios of future climates. But this is not necessary for the dune predictions. 

Another important fact demonstrated in the results is that predictions of different island 

features have totally different patterns of uncertainty components. In another word, the island 

features have different responses to the same input uncertainty sources. For the dune height 

prediction, model parametric uncertainty always dominates the output predictive uncertainty 

even with the increasing sea-level rise rates. The backshore position prediction, on the other 

hand, is more influenced by the sea-level rise caused scenario uncertainty. This is reasonable 

considering the sea-level rise caused inundation effect impact the backshore position directly, 

and due to the small slope of backshore, the value of sea-level rise changed backshore position is 

much larger than sea-level rise rate itself. However, despite the total parametric uncertainty takes 

different apportion of the total uncertainty of different island features, the storm parameter is 

always the most influential parameter for both dune height and backshore position. This is 

reasonable since the storms directly impact the dunes and provide sediment for the backshore 

through overwash. The stability of the dunes (represented through the dune erosion coefficient) 

and the sediment supply to the dunes are not important comparing with devastated storms. 

The uncertainty analysis results of backshore position at different island profiles have 

provided hints for us about the barrier island evolution pattern. The sea-level rise caused scenario 

uncertainty is smaller and the overwash related parametric uncertainty is larger on the narrow 

barrier island profile comparing with the wide one. This implies the sea-level rise caused 

inundation effect is smaller but the overwash effect is larger at the narrow barrier island profile. 

This can be explained by the fact that wide island width tends to trap the overwash sediment 

supply and cause back barrier erosion. Similar conclusions have been made in some recent 
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studies. Carruthers et al. (2013) estimated the overwash flux and used it to explain the barrier 

island evolution tendency; Timmons et al. (2010) pointed out the high elevation and width of a 

barrier island can lead to insufficient of overwash sediment and back barrier erosion. Houser and 

Hamilton (2009) found that the backshore accretion was indeed larger on the narrow island 

sections. 

In this study, one weakness is about the storm related parameters. The BIP model 

determines storms by three parameters: storm number, storm magnitude and storm track. These 

three parameters thus cannot be separated in BIP modeling since they define one storm together. 

So the sensitivity analysis can only study on the combined effects of storm parameters but not 

the separate factors of storms such as track or magnitude. But this BIP modeling example is just 

a demonstration for the developed uncertainty and sensitivity analysis framework, this 

framework is not model dependent and can be implemented into any coastal modeling system 

with multiple models and scenarios. 

The research results demonstrate the developed model framework for uncertainty and 

sensitivity analysis is capable of apportioning the total model output predictive uncertainty into 

different uncertainty sources and further identifying the important model parameters and 

processes considering multiple scenarios. It is a very useful tool for coastal modelers when they 

facing a complex coastal model system with multiple uncertainty sources and a large number of 

model input parameters. Through using this framework, the limited resources can be allocated 

and focusing on the most important uncertainty sources or parameters.  

Through implementing the framework into the BIP model, some insights of barrier island 

morphological evolution patterns have been revealed. First, the different important barrier island 

features such as dune and backshore have dramatically different responses to the same input 
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uncertainty sources. In our case, on the one hand, the sea-level rise caused scenario uncertainty 

has much larger impact on the backshore position prediction comparing with the dune height. On 

the other hand, the storm and overwash related parametric uncertainty is much more important to 

dune height than the backshore position prediction. Second, the importance of different 

uncertainty sources for different island features change with time dramatically. Generally 

speaking, the importance of sea-level rise caused scenario uncertainty increases with time, 

especially for the backshore position predictions. This suggests the sea-level rise is a more and 

more important process for island morphological evolution. Third, the storms are the most 

important parameter for the dune and backshore predictions. Both the parameters related to 

sediment supply and dune stability are not comparable to it. This implies the devastating effects 

of storms to the barrier island evolution. At last, different island profiles responses to input 

uncertainty differently. For the backshore position predictions, the importance of scenario 

uncertainty for Profile 1 is much larger than Profile 3. It implies the narrower island profile 

promotes the overwash and impairs the inundation effect of the sea-level rise. 

This research provides a pilot example of uncertainty and sensitivity analysis for coastal 

model under multiple scenarios. Although the example only contains one model BIP, this work 

can be expanded easily into a system of multiple models and scenarios. The developed 

uncertainty and sensitivity analysis framework is not model and scenario dependent, it can be 

applied into a wide range of coastal modeling systems. 
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CHAPTER SIX 

CONCLUSIONS AND FUTURE RESEARCH 

This dissertation presents multiple studies in different areas. First, a large scale complex 

coastal model which simulates both barrier island morphological evolution and longshore 

sediment transport has been developed. Second, a framework of uncertainty and sensitivity 

analysis for environmental model system containing multiple plausible models and alternative 

scenarios has been presented. At last, this framework has been implemented into a synthetic case 

of groundwater reactive transport modeling and a synthetic case of barrier island morphological 

modeling.  The major conclusions drawn from this research are summarized below: 

(1) The BIP model presented in this dissertation provides a useful tool for predicting barrier 

island evolution under the impacts of multiple possible future climate scenarios. The 

modeling results demonstrate that the BIP model, using relatively simple representations of 

time- and space-averaged processes, is capable of simulating realistic patterns of barrier 

island profile evolution over time spans of a century. The BIP model also allows the rate of 

backshore retreat as a function of island width in light of accelerated sea-level rise to be 

quantified and also related to the frequency and intensity of hurricanes as well as proximity 

of hurricane landfalls to island profiles. In the BIP model, the time-averaged rate of sand 

transfer from the beach prisms and dunes to the backshore is balanced against the inundation 

effects of sea-level rise.  

(2) The MoCCS model in this dissertation has been shown to produce realistic results in 

comparison with the changes documented with measurements from past time intervals. This 

lends credibility to projection of future long-term shoreline and morphological changes that 

are predicted by the model for scenarios representing the required range of possible sea-level 

rise rates over the next hundred years. The results show the usefulness of the MoCCS model 
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in extending capabilities of evaluating the impacts of future accelerated rates of sea-level rise 

to include realistic coastal morphological dynamics, not just “bathtub inundation”. This 

makes MoCCS a very useful tool for coastal management and planning.  

(3) The research results demonstrate the developed uncertainty quantification framework for 

uncertainty and sensitivity analysis is capable of apportioning the total model output 

predictive uncertainty into different uncertainty sources and further identifying the important 

model parameters and processes considering multiple plausible models and alternative 

scenarios. It is a very useful tool for both groundwater and coastal modelers when they facea 

complex model system with multiple uncertainty sources and a large number of model input 

parameters. Through using this framework, the limited resources can be allocated and 

focusing on the most important uncertainty sources or parameters.  

(4) The developed uncertainty quantification framework has been tested for both groundwater 

and coastal models. This framework is designed mathematically general and can be used for 

most environmental model systems with multiple uncertainty sources. 

The research presented in this dissertation can be expanded and the future studies will be focused 

on the following directions: 

(1) The BIP model now is still based on semi-synthetic barrier island profiles. The 

morphological data of Santa Rosa Island can be obtained and used to construct the real 

barrier island profiles. The MoCCS then can be used to predict the whole island 

morphological evolution of Santa Rosa Island. 

(2) The uncertainty quantification framework now only can consider a system of different 

models with same input parameters. A new methodology will be developed to estimate the 
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scenario and model averaging global sensitivity indices considering models with totally 

different input parameters. 

(3) Right now, the groundwater reactive transport case is synthetic and simple. One more 

complicate case will be developed and used to evaluate and demonstrate the uncertainty 

quantification framework. 
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